
 Eindhoven University of Technology

MASTER

How to evaluate the performance of process discovery algorithms
a benchmark experiment to assess the performance of Flexible Heuristics Miner

Ma, L.

Award date:
2012

Link to publication

Disclaimer
This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain

https://research.tue.nl/en/studentTheses/64b3d129-a8ff-41b7-8eb9-cf0cc6b895ba


 
 

 

 
Department of Industrial Engineering & Innovation Sciences 

Information Systems Group 
 
 
 

Master Thesis 

How to Evaluate the Performance of  
Process Discovery Algorithms 

A benchmark experiment to assess the performance of  
Flexible Heuristics Miner  

   
by Lulu Ma 

 
 

In partial fulfillment of the requirements for the degree of  
Master of Science in 

Business Information Systems 
 
 
 
 

Supervisor: 
dr. A.J.M.M. (Ton) Weijters 

 
Tutor: 

MSc. J.T.S. (Joel)  Ribeiro 
 

Assessment Committee: 
dr. M. (Marco) Comuzzi 

 
 
 

Final Version, 17th August 2012 
  



1 
 

Abstract  
As more process discovery algorithms are developed, it becomes very important to establish 
an acknowledged method to evaluate the performance of these algorithms. This is valuable 
to both theoretical and practical researchers. This report proposes an evaluation framework 
to assess the quality of process discovery algorithms. It can be applied to any modeling 
representation if customized implementation is ready. The framework includes artificial 
negative example generation method to enable the assessment of algorithms on negative 
cases. What is unique in this project is the parameter optimization step, through which the 
optimal parameter setting is discovered and used later for the mining of the process model. 
In this project, the designed evaluation framework is applied on the assessment of Flexible 
Heuristics Miner (FHM). This is done through a benchmark experiment on a large number of 
artificial event logs. The result shows that under the artificial material, FHM can practically 
detect most predominant structural behaviors and can deal with the imbalance between split 
branches really well. The percentage of noise existing in the log does impact on FHM but it 
can still yield a good model that can catch the major behaviors. Through the comparison of 
FHM and Heuristics Miner, a previous version of FHM, FHM is proved to be a more robust 
process discovery algorithm. 

Key words: process discovery, evaluation framework, Flexible Heuristics Miner, parameter 
optimization. 
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1. Introduction  
This master thesis aims to solve the problem of how to evaluate the performance of process 
discovery algorithms. This report describes a framework for assessing process models and 
its employment in a benchmark experiment. This chapter provides an introduction to the 
research of this project as well as an overview of this report. First, the motivation of this 
project is explained in section 1.1, followed by section 1.2 describing the research problem. 
Then the objective and scope of the project is further elaborated in section 1.3, and in the 
end an outline of this master thesis can be found in section 1.4.  

1.1 Context and Motivation 
As more and more Information Technology is permeated into the operation and 
management of business processes, process mining becomes increasingly important to 
enterprises as it provides insights into the behavior that is actually executed within 
organizations. Process mining refers to the methods that extract important, decisional, 
process-related information from historical records of business operational processes. These 
historical records are generated by Information Systems that support business processes; 
information related to execution of activities, e.g. time of execution, originator of activity, etc. 
are stored in event logs.  Having event logs, which capture activities that are performed in 
each individual process execution, process mining algorithms are able to draw an overall 
portrait of the business process being investigated, i.e. a business process model. The 
extraction of business models out of event logs is also known as process discovery, a 
branch of process mining.  

During the last decades, a large amount of effort has been devoted to exploring effective 
process discovery algorithms. There are approaches such as the ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚  [23] which 
establishes the foundation of extracting dependency relations between pairs of events, as 
well as approaches like Heuristics Miner [28] and Genetic Miner [2], developed to yield better 
performance in process mining. Also, different modeling languages are defined to enable the 
representation of business processes, such as Petri Net [18], Causal Net [20], BPMN, and 
EPC. Meanwhile, the discovery of business process models is also facing challenges. A 
widely encountered difficulty is to tackle complex processes, i.e.  event logs that are low-
structured, incomplete, noisy, and/or mixed with multiple sub-processes. Early algorithms 
like ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚  [23] are discovered less useful in the mining of these event logs, 
therefore effort is devoted to extracting useful yet understandable workflow information from 
complex event logs. Flexible Heuristics Miner (FHM) [27] is an advanced improved version 
of Heuristics Miner [28] algorithm; it is designed to facilitate process mining with complex 
event logs, which is very common in real-life situations. It is claimed in [27] that FHM can 
provide flexible applications to processes of different property especially when the event log 
is low-structured and/or mingled with noise. 

While both the engineers and researchers are busy with finding optimal methods of modeling 
business processes, the attention paid to the field of evaluating process discovery algorithms 
is very limited. Evaluation of process mining algorithms is meaningful for two reasons. First, 
due to the large varieties of process discovery algorithms, process mining from one same 
event log can result in different models. Within these discovered process models, it is 
possible that they may vary in structure or even modeling language but portray similar 
behaviors. They may not be directly comparable, especially when they are complex, but 
could be equivalent in the sense of behavior. So it is essential that they can be measured in 
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a common way through which their performance can be quantified. Second, in order to 
assess the performance of an algorithm, one technique is to perform tests of it on various 
event logs and evaluate the quality of the mined process models. To achieve this goal, many 
current research tend to determine a process model’s quality by its recall value. But this is 
not enough. It is true that recall, i.e. the percentage of behaviors in a process that can be 
replayed by a process model, is the most interesting aspect of evaluating a process model; it 
tells how good a model is at capturing activities occurring in a workflow. However, using 
recall as the only measurement will lead to an inevitable consequence of favoring general 
models over precise ones. The worst case is that an over-general model like flower model 
(see section1.2) always has the highest score of recall and is regarded as the best model, 
while actually its contribution to interpreting a business process is minimal. Hence, as a 
prerequisite of assessing process discovery algorithms, research in process models 
evaluation is undoubtedly needed. 

It has been acknowledged that approaches of evaluating process discovery algorithms are of 
vital value to both theoretical and practical research: researchers will be able to estimate the 
performance of their algorithms, and comparisons can be made between process discovery 
algorithms on different event logs to identify their strengths and weaknesses; process 
stakeholders can be assisted in making decisions on which algorithm suits their 
requirements best [26]. However, only in the last years that researchers start to bring 
attention to assessing process mining algorithms. Rozinat and van der Aalst develop 
methods to check a model’s conformance with reality from both behavioral and structural 
aspect [15]; Dijkman et al. choose to compare and evaluate process models by computing 
their similarity on three levels: node, structural, and behavioral [7]; Weijters propose an 
optimization framework to evaluate process discovery algorithms in their best parameter 
settings [26]; there are several other methodologies and metrics to evaluate process models 
as well. In 2007, Rozinat et al. [13] stated that an evaluation framework in the process 
mining domain is in need; this idea is later supported by De Weerdt et al. [3] in 2011. In each 
of their research, they propose four dimensions from which a discovered process model 
should be evaluated: fitness, precision, generalization, structure; and recall, precision, 
generality, specificity; respectively. Available metrics are hereby categorized according to 
these proposed dimensions and discussions about their strengths and weaknesses are can 
be found in Appendix A - Available Measuring Metrics. 

Considering the importance of evaluating process discovery algorithms and the absence of a 
generally accepted technique to do so, this thesis project focuses on establishing a 
framework to access the performance of process discovery algorithms. In this framework, an 
extra step called parameter optimization is included to find the best performance of an 
individual algorithm. Furthermore, the framework is customizable and applicable to every 
business model representation. By applying this framework, a set of benchmark experiments 
is conducted to verify the quality of FHM.  

1.2 Problem Description  
Since process mining is widely used in different organizations and industries to help them 
obtain insights about workflows, check the conformance between process design and actual 
workflow, detect potential violation of regulations, and provide input of process analysis and 
optimization, etc., it brings process mining to the attention of them. However, as various 
techniques and algorithms trying to provide information that underlies processes, it occurs to 
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them, namely owners of processes, that it is difficult or impossible to know which technique 
to choose. However, process discovery algorithms are not comparable themselves. It is not 
possible to go into details of algorithms, compare their logic and conclude whether one is 
better than another. Even if it is possible, there are always situations in which one 
outperforms another and the other way around. Therefore, one way to evaluate a process 
discovery algorithm is to measure its results on a large base of event logs, and then assess 
the algorithm’s performance by summarizing these results.  

So the problem is narrowed down to evaluating the result of a process discovery algorithm, 
the learned process model. It can cause confusion and even lead to mistakes if a model 
which does not provide correct or precise information about processes is used. Take Figure 
1 for instance, four models are generated from the same event log described in the center; 
each of them are very different from others. First, process model M2 is a so-called flower 
model which allows any traces that is consisted of the given events. Then, process model 
M3 is called sequential model which adds up all the possible traces in the event log but not 
any that were not present. Thirdly, process model M5 contains only one trace which 
captures the major behavior, i.e. <A, B, D, E, A>. Last, process model M4 is a relatively 
“better” model than M5 because all the present traces are allowed by it. This is just an 
extreme example in process mining; however, in real-life situations, problems are more 
sophisticated that it is not possible to tell the difference between various models at a glance, 
not to mention all the contexts, rules, and priorities that may impact on the decision.  
Therefore, the importance and meaningfulness of establishing a method of evaluating the 
results of process discovery algorithms, i.e. the discovered models, is definitely significant.  

 

Figure 1 Example models learned from one event log - from [12] 
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In addition, it is not easier for experts to distinguish the performance of different process 
discovery algorithms, either. Several research has stepped into the field of establishing a 
framework or developing a comprehensive technique to assess the performance of process 
discovery algorithms, but no common agreement is yet reached within the process mining 
community. One reason is the difficulty of combining metrics that measure different 
dimensions of the discovered process model, i.e. choosing between several metrics [5]; also 
the combined measure tends to raise a problem of understandability [3]. The other cause for 
the lack of a standard evaluation framework is that very rarely the existing metric is widely 
applicable to all representations of process models. For example, the commonly known 
metric fitness [16] is exclusively available to Petri net. Therefore, the first goal of this 
research is to seek for a commonly feasible evaluation framework of process discovery 
algorithms, and then use this framework to evaluate the performance of the Flexible 
Heuristics Miner. Instinctively the research questions are: 

Question 1: How to evaluate the performance of process discovery algorithms? 

Starting from this research question, there are several sub-questionsto be addressed. 
• What data should be included in the evaluation? 
• How to decide on the parameters (if any) to conduct the mining activity in 

evaluation? 
• How to quantify the performance of a process discovery algorithm? 

To answer the last sub-question of question 1, a second research question needs to be 
answered first: 

Question 2: How to evaluate the quality of process models? 

And its sub-questions are: 
• Which aspects are of concern to a business process model?  
• Which properties of a process model are important to stakeholders/owners of a 

process?  
• Which of the negative example generation methods is better? 
• What metrics should be chosen to measure process models?   

On the other hand, the initiative goal of this project is to verify that FHM is a good process 
discovery algorithm that is noise-resistent. So the third research question is quite 
straightforward: 

Question 3: Is Flexible Heuristics Miner better than Heuristics Miner? 

There are also a number of sub-questions derived from this question.  
• Is FHM able to detect every structural patterns that often occur in a process?  
• What is the influence of noise in event log on the performance of FHM?  
• What is the influence of imbalance in event log on the performance of FHM? 
• Is FHM superior to HM? 
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1.3 Research Objective and Methodology  
There are two objectives of this project: to develop a framework of measuring the 
performance of process discovery algorithms, and to investigate the performance of Flexible 
Heuristics Miner.  

As discussed in section 1.2, assessing the performance of process discovery algorithms 
needs to be done on the basis of measuring quality of process models. Therefore, this thesis 
project first dives into the research of process model evaluating methods. Previous research 
has shown interests in this topic, and several metrics have been defined and applied in 
multiple studies. These metrics vary from one to another in required input, output value type, 
examining aspect, etc. The research of measuring methods takes four steps. Firstly, they are 
studied in order to understand in which aspect(s) and properties a model should be 
measured. Then, the strengths and weaknesses of each metric are evaluated and compared 
with each other. Thirdly, considering various assumptions of each metric, their safety of 
usage as well as their suitability for our purpose are carefully inspected. Finally, together 
with the summary of existent measuring metrics and our requirement for process model 
evaluation, the metrics for this project are defined or composited, followed by an 
comprehensive definition of evaluation framework of process discovery algorithms. 

After the evaluation framework is ready, the assessment of FHM is made as a set of 
benchmark experiment. Within this experiment, the performance of FHM and its previouse 
version, HM, are measured using the pre-defined metrics, approaching the goal of proving 
whether FHM is indeed an improved algorithm as it is declared.  

1.4 Master Thesis Outline 
This thesis report elaborates on the detailed proceedings of the project. The remainder of 
the contents are structured as follows: 

Following this chapter, preliminaries are explained in Chapter 2 to give basic background 
information which is essential to understanding the project. Then in Chapter 3 measuring 
methodologies proposed by previous research are summarized and the metrics applied in 
this project is defined and explained. In Chapter 4 and 5 the evaluation framework settings 
and the benchmark experiment are elucidated. Next, the results of experiments are stated 
and analyzed in Chapter 6. Finally, conclusions and future work towards the direction of 
evaluating business process models are discussed in Chapter 7.  
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2. Preliminaries  
This chapter presents an introduction of the background information about business 
processes, process modeling, process mining as well as relevant Machine Learning 
approaches and measures. They are fundamental to understanding the rest of this project 
and this report. First in section 2.1 basic knowledge about process and event logs, and 
different process modeling representations are presented, together with a summary of 
representation bias of process models. Following all these explanations about process 
modeling and mining, there is a subsidiary brief about several approaches and measures 
used in Machine Learning field (section 2.2). These methods are brought to the domain of 
process mining. 

2.1 Process Modeling and Mining 

As information systems permeate through every facet of industries, their relationship with 
business and organization extends from a supporter to an enabler. Particular to business 
processes, information systems not only play an important role in recording process-related 
information, i.e. event logs, but also facilitate the entire life cycle of business process 
management [22]. Process mining is a new field which aims to elicit useful information from 
historical records so as to “discover, monitor and improve real processes”;  it combines 
knowledge of machine learning and data mining, and process modeling and analysis [19]. 
Figure 2 displays an outline of process mining; marked by red arrows in the center bottom of 
this graph, there are three types of tasks contained in the field of process mining: discovery, 
conformance, and enhancement. In this section, basic knowledge of business process 
modeling and discovery are presented. 

 
Figure 2 Process mining: discovery, conformance and enhancement - from [19] 
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2.1.1 Business processes and event logs 
Before reaching the core topic of process mining, several terms should be familiarized in 
order to prevent confusion with understanding this report.  

Information systems are designed to record what has happened within and/or between 
organization(s). These records register basic information associated with activities occurred, 
such as activity name, execution time, executor, and other related properties. A set of these 
records are often referred as an event log. In one event log, usually only records of one 
business process are registered, i.e. records of different business processes are kept 
separately; for example, an event log about airplane ticket purchasing process will contain a 
set of cases, a.k.a. process instances, that describe purchasing behaviors occurred during a 
specific period of time. Each case contains information about one purchasing transaction; 
within each case, a sequence of events are stored describing activities occurred in this 
particular instance. An activity is a clearly defined working unit in a business process; while 
an event represents an instance of activity in one case. A distinct sequence of events is also 
known as a trace of process. An exemplary trace could be <search for available tickets, 
choose travel date, input traveler(s) details, confirm ticket information, pay, end>. Normally, 
there are more than one case which follow the same trace; also multiple traces are normal in 
an event log. 

2.1.2 Process modeling 
As business processes grow more and more complex, event logs also become lengthier and 
lengthier, containing a significant amount of information. Process modeling refers to 
techniques used to depict business processes in a graphical manner, facilitating process 
stakeholders to understand the structure of processes, analyze process behaviors, detect 
critical decisive points, as well as other functions. Not only process modeling can be a useful 
method to post-process activities, such as process analysis and management, but also it 
serves as a powerful method for process design, process simulation and other pre-process 
activities. There has been a variety of process modeling notions in academic field and 
industry market. They sometimes share similar principles but each has its own specialty. In 
the remainder of this section, several popular process modeling languages are briefly 
introduced. 

Petri Net 
Petri net is a modeling formalism named after Carl Adam Petri, who devised this language to 
support business process design and analysis. Petri net is widely used in academic world for 
its expressiveness, conciseness, and unambiguity. Not only Petri net is an descriptive 
language which can portray business processes in a clear, graphical way, but also it can be 
applied to conduct process simulation and analysis, what is also referred as an executable 
model. Here are the basic elements of the Petri net formalism in Figure 3.  

 
 

 

place transition arc token 
Figure 3 Petri net elements 
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A place is a round circle representing status of a process. It is a passive element that cannot 
change the state of the entire model. A place is often used to express condition, phase, 
geographical location and other similar concepts; for example, the application form is 
received is a status that can be modeled as a place in Petri net. A transition is a square 
representing actions in a process. Just like the name, it is an active element that symbolizes 
a model’s transition from one state to another. It is usually used to model working unit, 
operational step, and activity in a process. An arc is a directed connection between a place 
and a transition in a Petri net. It indicates the relations between places and transitions as 
well as the workflow of the process. Furthermore, the black dot in a Petri net is known as a 
token; it can exist in places but not transitions. Most of the time tokens represent objects 
throughout the process, such as an insurance claim, a purchase order, or a change request. 
If there is a token existing in one place, it marks that the case the token representsis in the 
status indicated by the place. 

Figure 4 is an editted version of a process model from [20]. It shows an example Petri net 
that describes a “Request For Compensation (RFC)” process. By going through this example, 
more features of Petri net will be explained. First, there are eight transitions in this Petri net 
representing eight different activities that might happen in the RFC process: register request, 
examine thoroughly, examine casually, check ticket, decide, pay compensation, reject 
request, and reinitiate request. Accordingly, seven places in the Petri net model seven 
different status of the process; however, only two of them are named with meaningful labels, 
i.e. start and end of the process, the rest five are anonymous to the readers. Colored 
rounded rectangles in Figure 4 mark four basic behavioral patterns of Petri net. First, inside 
the purple blocks on the left, transition register request, together with place c1 and c2 
consists of an AND-split construct, which means after the occurrence of activity register 
request, both c1 and c2 will be “activated”; similarly, place c3, c4 and transition decide build 
an AND-join construct to synchronize both branches (the upper one from c1 to c3, and the 
lower one from c2 to c4). Then in the two green blocks on the right side, place c5 with 
transition pay compensation and reject request, and these two transitions with place end 
build a construct of XOR-split and XOR-join respectively; these two blocks means a choice 
has to be made when the process reaches c5 that which one of the activities is going to be 
executed, and one of them is enough to change the process into state end. 

Due to the fact that Petri net is also an executable model, its regulations is broader than 
what is introduced here, e.g. firing rules. However, as executing a Petri net is beyond the 
scope of this thesis project, detailed instructions can be referred to [19]. 
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Figure 4 Petri net model for "Request For Compensation" process 

Causal Net (C-net) 
Causal net is devised by van der Aalst et al. [20] as a “modeling language tailored towards 
process discovery”. Figure 5 displays a causal net describing the “Request For 
Compensation” process mentioned before. Therefore, this causal net models exactly the 
same behaviors as the Petri net in Figure 4.   

There are mainly two graphical elements in a causal net: node and arc. The meanings of 
these two elements are also straightforward; each node represents an activity in a process, 
e.g. register request, and an arc directing from one node to another represents the causal 
dependency between two activities. In addition, causal dependency between activities is 
further indicated by input and output bindings of each activity. Bindings are modeled as black 
dots on input and output arcs of each activity, and by linking multiple black dots together it 
expresses a relation of parallelism between associated activities. Bindings describe which 
activity(-ies) is mandatory to enable the happening of the next activity (input binding), and 
also which activity(-ies) will be triggered after the previous one finishes (output binding). For 
instance, in process RFC shown in Figure 5, one of the three activities pay compensation, 
reject request, and reinitiate request is possible to occur after activity decide; but in order to 
travel through the branch pay compensation, only activity decide is required.  

Different combinations of bindings can construct the typical connection patterns in process 
models. In Figure 6, an illustration of these patterns can be found. Besides AND/XOR 
split/join patterns, OR split and join are also supported by causal net. As causal net does not 
have subsidiary elements such as place in Petri net, i.e. every elements are directly derived 
from actual actions in a process, it allows users to focus on the semantics of models rather 
than their syntaxes. This feature especially benefits process discovery, a discipline that is 
elucidated in the next section.  
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Figure 5 Causal net model for "Request For Compensation" process - from [20] 

 

 
Figure 6 Semantics of causal net - from [20] 

Augmented Causal Net (Augmented C-net) 
Intuitively, augmented Causal-net (augmented C-net) is Causal net with extra information 
augmented in the graphical representation. It is an advanced version of Causal net (C-net) 
which provides important information more than just a mined process model. Figure 7 is an 
example of augmented C-net; within each node (rectangle), there is a number indicating the 
total frequency of the activity it represents; and on the arc, the number shows the reliability 
of this dependency relation, with zero meaning completely unreliable and one being 100% 
sure.  

Apart from the graphical representation, augmented C-net is formally defined in [27]. The 
formal definition describes all the dependency relations as either input or output frequency 
functions of an activity, this additional frequency information helps to optimize the mining of 
process models. A simple example can be found in Table 2 of next section, and further 
explanations refer to [27]. 
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Figure 7 An example of augmented C-net - from [27] 

2.1.3 Process discovery 
As is discussed in the beginning of section 2.1, there are three types of tasks contained in 
the concept of process mining. Among all these tasks, it is undoubted that process discovery 
is the most complex one. Process discovery is the activity that constructs a process model 
through learning a given event log. As organizations become larger and larger, together the 
process goes more and more complicated, process discovery has been of significant value 
to industry to help stakeholders to understand, investigate, and discern what is proceeding in 
a process. For the great attention that has been put in this field, many process discovery 
algorithms are developed. In this section, three of them are introduced. 

Alpha-Algorithm 
Alpha-algorithm ( ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 ) is a widely-known, fundamental process discovery 
algorithm. It is proposed by van der Aalst et al. in 2004 and continuously improved and 
extended since then. Since it is not the intention of this report to explain how it works, 
readers who are not familiar with ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 are advised to refer to [18].  

The core of ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 starts from learning binary relationships of pairs of events in a 
process. By learning all the occurrence of event pairs, an ordering relation for each pair can 
be deduced. These ordering relations include directly preceding, parallel, and no direct 
connection. After these ordering relations are ready, the entire flow can be constructed as 
well as a process model in Petri net.  

As a pioneer of process discovery algorithms, ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 has several limitations. First, 
the ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 assumes that the event log is complete and noise-free, for all the binary 
relationships are counted during the construction of a model. This is a strict condition for 
process discovery, and hardly true in real-life situations. Besides this, the original ∝
−𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 is unable to detect patterns of short loops and non-local dependencies [19]. 
Furthermore, the ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚  leaves out frequency information so every binary 
relationships are treated equally.  

Based on the ∝ −𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚  several new algorithms are developed. For example, ∝+−
𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 by Alves de Medeiros et al. [1] tackles the detection of short loops, and ∝++−
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𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 by Wen et al. [29] solves the problem of non-free choice patterns. Following a 
similar theory, Weijters et al. devise Heuristics Miner and overcome the limitation of losing 
frequency information. 

Heuristics Miner 
Heuristics Miner is developed in 2006 by Weijters et al. [28]; it aims to discover the major 
behaviors in a process without being bothered by trivial details and exceptions. In [28], 
Weijters et al. claim that Heuristics Miner is robust to noise and good at dealing with less-
structured process; this characteristic is indeed testified by their experiments. Later in the 
research of De Weerdt et al. [4], Heuristics Miner is also proved to be the most applicable 
algorithm for mining complex processes, especially real-life cases. Similar to the ∝
−𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚, Heuristics Miner starts with learning binary relationships between event pairs; 
however, the dependency relation of activities is not determined merely by existing 
sequences in the event log, but calculated by its reliability. This reliability decides the 
certainty of a dependency relation, and only those “reliable dependency relations” are 
considered true and included into the resulted process model. For this reason, noise in an 
event log, as low-frequency activities, can easily be filtered out.  

On the basis of discovered dependency relations, advanced connection patterns such as 
AND-split/join, XOR-split/join and short loops are further analyzed, then a dependency graph 
is constructed. In Table 1, there is an example dependency graph, where each row 
represents an activity; the left column marks the input relations of each activity, and the right 
most column records its output relations. For instance, in the third row, activity C has activity 
A and L as its input activities and activity I as its output activity. After the dependency graph 
is ready, as well as information about connection patterns, the learned process model is built 
in the form of causal net. More details about Heuristics Miner can be accessed in [28]. 

Table 1 Dependency graph example [27] 

 

Flexible Heuristics Miner 
Flexible Heuristics Miner (FHM) is an advanced version of Heuristics Miner, it is developed 
in 2011 by Weijters and Ribeiro [27]. In this newer algorithm, what is additional is 
frequencies of dependency relations are further included in the mining so that splits/joins 
connection patterns between activities can be more accurately captured. Table 2 shows the 
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frequency table from the same example with Table 1, with extra splits/joins information being 
added. In this table, each set of input/output relations is replaced by a bag with a number 
indicating its frequency. Take the first row for example, task A has no input relations, 
indicating it is the start activity of the process; while in the output relation cell, there is a bag 
containing activity B and C with frequency of 1000. This relation indicates that both activity B 
and C always occur after activity A, i.e. they possess an AND-split pattern from A (this 
dependency graph is built based on an event log of 1000 cases). 

With this frequency table, the result of FHM is built in the form of an augmented causal net. 
More information about FHM can be obtained in [27]. 

Table 2 Augumented causal net represented in the form of frequency table [27] 

 

2.1.4 Structural patterns and Language representational bias 
During process modeling and mining, there are often some behaviors or business 
requirements that are expected to occur frequently; these behaviors/requirements 
sometimes reveal the key business rule of processes (e.g. milestone pattern), sometimes 
are critical to processes’ overall service time (e.g. cancel region). In order to “describe them 
in an imperative way”, van der Aalst et al. [21] establish a set of workflow patterns and 
discuss their functionality, potential problem and implementation. Furthermore, Russell et al. 
[17] revise its partition of control-flow patterns and formally explain them in Colored Petri Net 
(CPN).  

In this project, since the major effort is not dedicated to mining and analysis of workflow 
patterns, only a small fraction of them, the ones that widely exist in business processes and 
are mainly concerned by process owners and institutional researchers, are briefly discussed. 
Under this situation, these patterns are referred as structural patterns in this report and 
described in the following. After all the structural patterns are introduced, representational 
bias of algorithms mentioned in the previous section is also discussed. In this section, 
patterns are illustrated with Petri net models. 

Sequence 
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The sequence pattern is quite straightforward; it means one activity happens after another. 
In Figure 2 there is a simple process model showing the sequence pattern: activity b can 
only happen after the completion of activity a, so their relation is the sequence pattern.  

 
Figure 8 Example sequence pattern 

Choice 
The choice pattern discussed here is also referred as exclusive choice pattern in other 
publications, such as [17]. When the process goes to the decisive point, only one of the 
branches continues. For example, in the Petri net in Figure 9, when a process instance goes 
to place p2, it can choose either the stream on the top, i.e. <begin advanced, give 
certificate>, or the stream at the bottom, namely <begin primary, evaluation>.  

 
Figure 9 Example choice pattern 

Parallelism 
The parallelism pattern describes concurrency in business processes; there are at least two 
branches in the model, but both/all of the branches proceed simultaneously. Branches are 
triggered at the same time and don’t have preference over each other. Therefore, in an 
event log, events that possess the parallelism pattern are probably recorded in arbitrary 
order. Figure 10 is an example of the parallelism pattern. After activity register finishes, both 
of the two branches are enabled. 

 
Figure 10 Example parallelism pattern 

Length-one loop 
The Length-one loop pattern describes the behavior when one activity repeats several times 
without being interfered by others. An example can be found in  Figure 11, where activity b is 
the iterative unit. Possible traces for this model can be <a, b, c>, <a, b, b, b, c> and so on. 
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Figure 11 Example length-one loop 

Length-two loop 
The length-two loop pattern is similar to length-one loop but only the iterative unit contains 
two activities. Figure 12 displays an example of this pattern. In this Petri net, activity b and c 
are allowed to occur repeatedly. Possible traces for this model could be <a, b, c>, <a, b, c, b, 
c> and so on. 

Loops with different lengths are certainly possible in a process, however, length-one loop 
and length-two loop patterns are especially challenging for process discovery algorithms to 
find. Therefore, other loops are not further introduced in this report. More information can be 
found in [21] and [17]. 

 
Figure 12 Example length-two pattern 

Long-distance dependency (Non-local non-free choice) 
Just as explained in [19], the long-distance dependency pattern is a combination of choice 
and parallelism. This is also known as non-local non-free choice pattern for Petri net. As 
indicated in the name, long-distance dependency refers to the situation that a decision of 
which branch to go is actually determined in an earlier step. A typical example of this pattern 
is the model in Figure 13. In this model, only two traces are allowable, i.e. <A, C, D> and <B, 
C, E>. Other options like <A, C, E> and <B, C, D> are not possible at all.  

 
Figure 13 Example long distance dependency 

Invisible task 
Due to the syntax of process modeling languages, some behaviors/tasks are not easy to 
represent. In order to solve this problem, sometimes invisible task are introduced into 
process models. Invisible tasks are tasks which exist in the process model but not in the 
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event log; they are just generated to ensure the syntactical correctness of the model. Here is 
an example in Figure 14, which is a Petri net learnt from an event log containing two traces 
<A, B, C> and <A, C>. The black-filled square is the invisible task, because it is not possible 
to connect directly from place p2 and p3. 

 
Figure 14 Example invisible task 

Duplicate task 
Duplicate tasks are tasks that occur more than once in a process model but share the same 
label, i.e. they are undistinguishable in event log. However, these occurrences of the same 
activity happen in different context that it is confusing to represent the activity with one single 
task. For example, in Figure 15, the highlighted tasks B are duplicate tasks. As is shown, the 
one in the top branch happens in the beginning of the process and is followed by activity D, 
while the second one happens after activity A and C. Therefore, they are in different contexts 
that it can cause problem to simply fuse them. 

 
Figure 15 Example duplicate task 

2.2 Machine Learning Approaches 

Process mining is in essence a Machine Learning (ML) task: it analyses the historical 
records of process, learns the dependency relations of activities, and builds the model. The 
model can act as a classifier to make judgment on behaviors that happen later. Evaluating a 
process model acts like classifying whether or not a trace or an event could be allowed by 
the model, just like a true-or-false classification problem in ML. Given these similarities 
between process mining and machine learning, learning techniques as well as measuring 
methods in ML can be applied in process mining. Inspired by this situation,  this section 
introduces some evaluation techniques defined in ML field but could also be useful to 
process mining tasks. 
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2.2.1 Confusion matrix  
The first metric introduced here is the confusion matrix; it registers the statistics on actual 
classes and predicted classes in the material. The confusion matrix is popular as well as 
fundamental in Machine Learning for a number of common metrics are constructed based on 
it. In the table below, it shows the confusion matrix of a two-class classification problem.  

Table 3 Confusion matrix for two-class classification 

 Actual Class 

Predicted Class 

 Positive Negative 

Positive True Positive (TP) False Positive (FP) 

Negative False Negative (FN) True Negative (TN) 

 

2.2.2 Recall, precision, and F-measure 
Recall, precision and F-measure are originally defined in the fields of Information Retrieval 
(IR), where they are used to measure the performance of IR systems. As in IR, documents 
are classified into two categories, relevant and irrelevant; this fits as a two-class 
classification problem in ML. Therefore, to apply them in Machine Learning, these three 
metrics are defined as follows: 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝐹 −𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =
(1 + 𝛽)2

𝛽
×
𝑅𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

 

Recall provides an evaluation on how much of the positive data is correctly classified while 
precision reflects how  much of the positive classification is correct. An IR system with a high 
recall value (such as 1.0) but low precision value (say lower than 0.5) indicates that it is an 
overly generic system, a.k.a. under-fitting; whereas an IR system yielding a high precision 
value (say 1.0) but a much lower value of recall infers that it is overly specific, i.e. over-fitting. 
F-measure provides a comprehensive evaluation on the overall performance of the classifier 
by combining these two metrics. In F-measure, factor β places an leverage between recall 
and precision; a common choice of it is 1. 

2.2.3 Sensitivity, specificity, and geometric mean (G-mean) 
Similarly there are three other metrics that depend on the confusion metrics: sensitivity, 
specificity, and geometric mean (G-mean). Sensitivity measures the same aspect as recall, 
i.e. the percentage of correctly predicted positive examples; specificity, on the other hand, 
functions as the counterpart of sensitivity on negative examples; G-mean, defined based on 
both of them, provides a view on how balanced a classifier performs on positive and 
negative examples. The definition of them are as follows: 
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𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 1 −  
𝐹𝑃

𝐴𝐿𝐿 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
= 1 −

𝐹𝑃
𝑇𝑁 + 𝐹𝑃

=  
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

𝐺𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑚𝑒𝑎𝑛 =  �𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 × 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 

2.2.4 K-fold cross validation 
Cross validation is devised to provide reliable evaluation of prediction, since it is not 
convincing to draw a conclusion based on one test over one data set. However, with only 
one available dataset as input, it is a question how to conduct multiple tests. The basic idea 
is to split data set into training data (used to learn the classifier) and testing data (which is 
used to evaluate the classifier).  

K-fold cross validation is one popular method used in data mining to provide evaluation on 
classifiers over both known data sets, i.e. those used to learn the classifier, and unknown 
data, data that are not familiar to the classifier. K-fold cross validation contains a set of k 
runs of learning and testing on a classifier, i.e. k-folds. In the beginning, the data set is split 
into k equal partitions; these k partitions must have no overlap and they add up to the 
original data set. Then, in each of the k folds, one data partition is appointed as testing data, 
say the kth partition, while the rest are used to train the classifier. The principle is each of the 
partition should be used as testing data once. In each fold, an evaluation of the performance 
of the classifier on the testing partition is obtained. After all the k folds are finished, the 
overall evaluation is calculated as an average of all the score from k folds. Detailed 
explanation can be found in [10].  

K-fold cross validation can be introduced to process mining as it requires nothing specific but 
a well-defined measure metric (more metrics are also possible). Its application in the domain 
of process discovery and its evaluation is discussed in the next chapters. 
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3. Overview of Measuring Methods and Metrics 
In order to establish an evaluation framework, first the measuring metrics which quantify the 
quality of process models should be defined. This chapter first reviews the available 
evaluation methodologies and metrics in section 3.1, as a probe of their suitability to this 
project. Then different approaches of generating negative examples are briefly analyzed in 
section 3.3. After all the summarization of previous research is presented, in section 3.4 
metrics that are used in this thesis project are defined. 

3.1 Evaluation Methodologies 
So far, many evaluation metrics have been proposed to reflect the quality of a discovered 
process model. These metrics include the popular ones such as soundness [9] and fitness 
[12], as well as more specific ones like Duplicates Precision and Duplicates Recall [2]. As 
these metrics focus on various perspectives of assessing a process model, researchers start 
to search for a common knowledge of aspects that are vital in describing how good a model 
is.  

Among all the different opinions about how to evaluate a process model, Rozinat et al [14]. 
and De Weerdt et al. [3] both propose a set of dimensions to comprehensively describe the 
quality of a process model and categorize the established measuring metrics into these 
proposed dimensions. In their proposals, they both suggest to examine a process model 
from four different dimensions. The two proposals agree on some aspects like the necessity 
of measuring the proportion of traces that can be correctly replayed by the model;  however, 
there are some differences in their opinions about including the structure or the 
comprehensibility of a model. More details of these two set of dimensions are explained in 
the remainder of this section. 

Rozinat et al. [14] present an overview of existing evaluation metrics in four dimensions: 
fitness, precision, generalization, and structure.  

• Fitness - “Fitness refers to how much behavior in a log is correctly captured (or can 
be reproduced) by a model.” [14] In other words, fitness measures how good the 
mined model can represent the event log. It is the most important dimension of 
assessing a process model, and different metrics have been proposed to measure 
fitness, such as parsing measure (PM) [28], fitness(f) [16], and completeness [9].  

• Precision and Generalization - Precision and generalization are two aspects that are 
used to leverage between over-fitting and under-fitting of a discovered model. 
Precision describes how much of the possible behaviors portrayed in the process 
model has been recorded in the event log; generalization measures to what extent 
the model is open to behaviors that are possible in reality but have not been 
observed in the event log. Several metrics work on measuring the precision of a 
process model, for example, soundness [9] and Behavioral Precision ( 𝑝𝐵 ) [6]; 
Behavioral Recall (𝐵𝑅) [2], Behavioral Appropriateness (𝛼𝐵′ ) [12] and Causal footprint 
[25] are classified into measures of generalization. 

• Structure - This dimension quantifies the structure of a process model in terms of its 
tasks, connections, and semantics of split/join joints. Belonging to this dimension, 
Advanced Structural Appropriateness (αS′ ) [12] quantifies the degree of compact of 
the model by encoding its tasks. Other metrics like precision and recall [11], and 
Duplicates Precision ( 𝐷𝑃 ) and Duplicates Recall ( 𝐷𝑅 ), evaluate the structure 
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dimension by measuring the similarity between the discovered model and the 
predefined reference model. 

In [3], De Weerdt et al. also propose four dimensions from which a mined model should be 
examined; besides this, they also suggest that the existing process model measuring metrics 
can be accommodated with two main methods. One method is model-log method, which 
compares the discovered model with the event log itself; the other method is model-model 
method, which evaluates the match between the mined model and an available reference 
model of the process.  In their categorization only metrics that belong to model-log method 
are discussed. Among these four dimensions, three of them coincidently match with the idea 
of Rozinat et al., only with different expressions: they are recall, precision, and generality, 
meaning the same with the aforementioned dimensions fitness, precision and generalization. 
Nevertheless, the last dimension in the selection of De Weerdt et al. is specificity, capturing 
“the percentage of correctly classified negative cases.” Therefore, specificity is the 
equivalent of recall on the negative examples, telling how much of the behaviors which are 
absent from business process itself are allowed by the model. However, it can only be 
measured with the existence of negative events, which are seldom available in process 
mining. The current available metric to measure specificity is Behavioral Specificity (𝑠𝐵𝑛 ) 
proposed by Geodertier et al. [8], in which a technique of generating artificial negative events 
was applied.          

Apart from the two methods suggested by De Weerdt et al. [3], there is another evaluating 
method which measures the model itself only, i.e. without the inclusion of event logs. In this 
project, it is named Model-Only Method. Metrics belong to this category are Structural 
Appropriateness (𝛼𝑆) and Advanced Structural Appropriateness (𝛼𝑆′ ). These measures are 
calculated merely based on analysis of elements in a process model. For instance, the input 
of Advanced Structural Appropriateness (𝛼𝑆′ ) is the number of transitions in a Petri-net. 
Likewise, other metrics which assess the structure dimension or the complexity of a model 
may probably fit in this method. 

There have been a number of measuring metrics proposed in previous research, however, 
they have to be examined carefully before applied to this project. These metrics are 
reviewed in aspects of their assumption, dimension and other conditions that may influence 
their applicability. Since the main target of this project is not to study different metrics, a 
summary of available metrics is enclosed in Appendix A - Available Measuring Metrics.  

3.2 Evaluating Granularity 
As is expressed in the last section, measuring metrics can be divided into three categories in 
the light of required input: Model-Log Method, Model-Model Method, and Model-Only 
Method. Model-Log metrics evaluate a discovered process model by replaying event logs on 
it. In general, there are three different levels of granularity on which scores are kept. One is 
the level of traces, i.e. the metric only records whether a trace can be completely reproduced 
by the model or not. It is a binary choice and it is intolerant to any deviation from the model. 
The other granularity is the level of events, i.e. even a trace cannot be entirely parsed by the 
discovered model, the metric will evaluate the model by how many of the events in the trace 
can be correctly reflected. Besides these two, there is a less employed, finer level which 
records also information about the missing/left activities of the event logs from the 
discovered model. 
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The first granularity is easy to understand: when replaying an event log on a process model, 
if one trace can be replayed without any mistake, it gets 1, and if in any of the events the 
model does not conform with the log, it gets 0. A metric which measures models at this level 
is Parsing Measure(PM) [28]. The second level is also straightforward: when an event log 
cannot be parsed by the discovered model, instead of marking it unsuccessful and 
terminates the parsing, event-level metric registers this fact and continues until the log is 
finished. It keeps a record of the total number of events which do not fit in the model, and the 
evaluation is drawn from this statistic. Many metrics are built on this level, such as 
Continuous Parsing Measure(CPM) [28]. The last level is similar to event level but with extra 
information recording the missing and left activities that cause the interruption of parsing. A 
typical example is the metric fitness(𝑓) [12]. If there is a problem in parsing an event, fitness 
traces the input of it and registers the number of missing token(s); and after one trace is 
completed, the number of left token(s) is also kept. With these two figures, the fitness value 
is constructed. 

The choice of evaluating granularity is dependent on other conditions like the size and 
complexity of the input event log. Apart from the actual metric, this is also an important issue. 
Granularity of this project is determined on the analysis of target of this project and their 
applicability, and the decision is explained in section 3.4.3. 

3.3 Negative Example Generation Approaches 
As explained in section 3.1, the absence of negative examples has been a major cause for 
the difficulty of process discovery algorithms to balance between over-fitting and under-fitting. 
Meanwhile the benefit of the availability of negative examples is promising. First, it enables 
the estimation of the precision dimension, which requires statistics from replaying both 
positive and negative event logs; second, it avoids the exhaustive enumeration of all the 
possible event combinations during analysis, thus solves the space explosion crisis which 
encountered by some metrics; for the same reason, the usage of negative examples 
accelerates the evaluation process as well. Therefore, researchers explore the possibility of 
introducing negative examples into the discovery and evaluation of process models. Several 
approaches have been proposed to derive logical negative examples based on information 
extracted from the original event log.  

Goedertier et al. develop a technique to generate artificial negative examples called AGNEs. 
The general idea is to create negative examples by analyzing traces and find events that are 
not existent in each position, i.e. negative events for each position in each trace. First, 
background information of the process is obtained through the analysis of frequent 
constraints or prior knowledge from users. Background information includes dependency 
between activities, parallelism relationships, etc. Second, process instances in the event log 
are grouped by different traces. Together with the domain knowledge obtained from the first 
step, possible parallel variants are calculated. These variants are used as input of derivation 
of negative events: if an event class is never discovered in a position, it is marked as 
negative. After analyzing all the positions for all grouped traces, negative events are injected 
into original process instances at a chance of a pre-set parameter, thus generating a 
negative event log. Take Figure 16 for example, part (a) is a simple event log which contains 
two traces, 𝜏1  and 𝜏2 ; together with prior knowledge that event e and f have a parallel 
relation. Therefore, these two traces can be derived into four parallel variants shown in part 
(b). Using these parallel variants, negative events for each position are induced, shown in 
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part (c). This approach is established on the fundamental assumption of the completeness of 
event log, i.e. if it is not present in the positive event log then the behavior is not allowed by 
the process. This assumption can be tricky for real-life situations, where almost never it is 
certain that an event log is complete. 

 

 
In [26], Weijters develop two approaches to generate negative examples. One selected 
strategy is to generate random traces using event classes from the positive example. The 
length of each trace is set as equal to the total number of event classes and the number of 
negative examples is decided by how much traces exist in positive example. However, this 
technique has a drawback that these randomly generated negative event logs are not 
ensured to be ‘negative’. It may be that a correct trace is generated by chance but used as 
negative example, especially when the number of event classes is small and/or the positive 
example contains many different traces, i.e. combinations of these activities. The other 
method to generate negative examples is to add noise to each trace. Taking one trace from 
the original event log, one random event is removed or two events are swapped randomly. 
This technique generates a set of noise-containing process instances, but it is still possible 
that after these actions, the resulted trace is a positive one. In addition, there is a mixed 
noise injection method in [28], which is similar to the last approach.  

3.4 Defining Metrics of This Project 

3.4.1 Dimensions to be measured 
Among the existing evaluation approaches of discovered process models, five dimensions 
are identified, i.e. recall/fitness, precision, generalization, specificity, and structure. They are 
introduced in section 3.1. Among previous projects and research it is very common that only 
recall is used as the evaluating dimension. While recently, it is pointed out that merely recall 
is not adequate to evaluate a process model [12]. Even it is true that more dimensions 
should be involved in the evaluation of process models, not necessarily all five of the them 
must be present. Here is the selection of this project’s evaluation dimensions: 

Figure 16 Example Artificial Negative Events Generation [8] 
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• Recall - As a measure describing the proportion of behaviors that can be correctly 
captured by a model, recall is of the most interest to process stakeholders as well as 
researchers.  

• Generalization - Generalization is an important dimension of process discovery 
algorithms, it infers the ability of algorithms to logically extend from given event logs 
to fundamental rules.  

• Precision - An overly general model like flower model (M2 in Figure 1) is not useful at 
all to users of process discovery techniques, so precision is very necessary in order 
to detect the generality of a discovered model. 

• Specificity – Specificity gives an evaluation on algorithms’ performance within one 
class, e.g. positive or negative; this is especially important when the material in 
different classes are not of equal size. 

3.4.2 Basic assumption 
Process discovery algorithms usually implicitly include the assumption that the event log 
contains all the behaviors in the process being examined. This assumption is explicitly 
depended upon by the process discovery algorithm AGNEs [8] and metrics rely on its 
negative event generation approach, like Behavioral Specificity 𝑠𝐵𝑛 . Nonetheless, this 
completeness assumption of event logs is not introduced into this thesis project as a basic 
assumption. The first reason is that this assumption leaves no space for process discovery 
algorithms in terms of generalization; it contradicts the essence of Machine Learning -- to 
learn the facts and rules, and predict and classify the have-not-occurred. Next argument 
against the completeness assumption is that this is hardly true in real-life situations, 
especially when a process is complex and/or has a large number of concurrent activities. A 
group of six parallel activities can derive totally 720 different possible event sequences, not 
to mention other variances in the process that may produce more combinations. In addition, 
the time span within which a process is being analyzed could also be a cause of event log’s 
incompleteness. Thus there is slight possibility that an event log will record the entire set of 
behaviors of a process. Regarding that evaluating FHM on real-life processes is one of the 
targets of this project, therefore event logs are not complete portraits of business processes 
is taken as the basic assumption of this project. 

The next assumption of this project is related to duplicate tasks. Duplicate task refers to an 
activity which occurs more than once in a process, but each of these occurrences happens 
in a different context. This phenomenon can be resulted from multiple activities sharing the 
same label during event registration [12]. Since duplicate tasks actually represent different 
activities of a business process it is not sensible to merge them into one entity in a model. 
However, Flexible Heuristics Miner does not consider analyzing duplicate tasks in their 
algorithm of process discovery, namely events with the same name/label are always treated 
as the same activity. Thus, duplicate task is excluded from process discovery algorithm FHM. 
To some point this is a drawback of these algorithms but is also fixable: since the multiple 
occurrences of one activity happen in different context, then essentially they are 
distinguishable by a preprocessing of event logs and re-labeling of activities (i.e. event 
classes). For this reason, it is also set as a basic assumption that no duplicate tasks exist in 
the event log. 
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3.4.3 Requirement of metrics 

Measuring method 
When process mining is applied in real-life projects, usually there is no pre-defined reference 
model available, nor any domain knowledge about constraints or variances of the process to 
be discovered. Therefore the method that is used in this project is Model-Log Method, 
namely the evaluation is completed by parsing event logs on the discovered model. 

Parsing granularity 
Two different granularities are selected for this project, the trace level and the event level. 
They are chosen for the following reasons: 

First, the finest level of missing/left activities is not an appropriate choice of this project. 
What is necessary through evaluation is to tell how much of the events are representable by 
the model and how much are mistaken; reporting what is missing or extra in the event log is 
valuable to process analysis but does not bring much information to model evaluation. Then, 
the event level is most commonly used in other research and it provides a good 
interpretation of the quality of a mined process model. For processes that are very complex 
or process models that are highly abstract, it may provide more precise evaluation using 
metrics on the event level than the trace level. Last, the trace level is also included as a 
comparison to the event level. In (7), it is stated that with a combination of noise-containing 
test event log, metrics from these three different granularities (PM, CPM, MLPM, see 
Appendix A - Available Measuring Metrics) perform equally to each other. This result infers 
that in the setting of [26] any of these three levels should be enough to evaluate process 
discovery algorithms. Through the comparison of evaluation on the event level and trace 
level, their applicability can be examined. 

Hence, evaluation are conducted on both event level and trace level. However, the actual 
building of event level metric is particularly tailored for FHM in this project. Details are 
explained in section 5.1.3. 

Model representation 
The initial intention is to establish an evaluation framework that is independent on the 
representation of process models. However, given the limited time scheduled for this thesis 
project, it is not likely to design and implement an entire system of globally suitable 
measuring metrics. The focus is narrowed down to enable the measure of Causal Net and 
Augmented C-net, languages used in describing the results of HM and FHM. So the metrics 
for this project should be Causal Net applicable.  

Even the metrics are not universal, this evaluation framework can be regarded to be 
applicable to every modeling language. As long as the implementation of the measures is 
available, one can replace the metrics in this project with the equivalent measures for other 
models. For instance, many available metrics take Petri net as input; hereby another version 
of Petri net applicable evaluation framework should be possible to build. 

3.4.4 Metrics of this project 
This project aims at evaluating the quality of process discovery algorithms. During the 
evaluation, auxiliary approaches are included to introduce artificial negative examples. 
However, due to the algorithms realized by these approaches, the total number of events is 
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always modified after deriving negative events. This condition is considered during the 
selection of measuring metrics.  

F-measure 
The F-measure proposed by De Weerdt et al. [5] is applied in this project. For one thing, it is 
desirable to assess process models on both positive and negative testing material; in this 
sense, F-measure provides a comprehensive evaluation of a model’s performance on both 
classes. For another, F-measure blends recall and precision, the two most interesting 
aspects of the quality of a process model. In addition, it is claimed that F-measure is a robust 
metric to evaluate process models. Hence, it is selected as a metric for this project.  

However, F-measure is not appropriate for all the occasions. As is observed in machine 
learning, so-called simple measures such as accuracy and F-measure can only provide an 
unbiased evaluation when the sizes of positive and negative examples are equal [10]. If 
there are much more cases in the positive class than the negative one, the overall F-
measure evaluation could be dominated by its performance on the majority class, (i.e. 
positive), whereas its deficiency of performance on the negative class is likely to be 
neglected. This condition limits the application of F-measure to problems that have balanced 
data sets in each class. This is not always the case in this project. Hence, another two 
metrics are selected to provide a second view of models’ qualities as well as a comparison 
to F-measure. 

Geometric-mean and balanced accuracy  
Geometric-mean and balanced accuracy are specially selected for this project, in order to 
deal with the imbalanced data sets of positive and negative classes. Geometric-mean is 
calculated on the basis of sensitivity and specificity, both of which estimates a model’s 
performance within each data class. Balanced accuracy is built in a similar vein: it is the 
arithmetic mean of specificity and sensitivity. Therefore, their definitions are as follows: 

𝑮𝒆𝒐𝒎𝒆𝒕𝒓𝒊𝒄 𝑴𝒆𝒂𝒏 =  �𝒔𝒆𝒏𝒔𝒊𝒕𝒊𝒗𝒊𝒕𝒚× 𝒔𝒑𝒆𝒄𝒊𝒇𝒊𝒄𝒂𝒕𝒊𝒐𝒏 

𝑩𝒂𝒍𝒂𝒏𝒄𝒆𝒅 𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝟏
𝟐
∗ (𝒔𝒆𝒏𝒔𝒊𝒕𝒊𝒗𝒊𝒕𝒚+ 𝒔𝒑𝒆𝒄𝒊𝒇𝒊𝒄𝒊𝒕𝒚) 

With both geometric-mean and balanced accuracy as secondary measures of process 
models. Models will be examined and evaluation results will be inspected to detect useful 
information about evaluating process algorithms with imbalanced data sets. 
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4. Evaluation Framework 
In this chapter, the basic idea of the evaluation framework is explained. In order to provide a 
generally applicable evaluation framework, specifics like methods of negative example 
generation, process discovery algorithm, and evaluation metrics are not indicated. Whoever 
is going to employ this framework in future research should be able to customize their own 
set of framework with ready components, i.e. negative example generation method, etc.  

The primary purpose of this evaluation framework is to offer a quantitative and reliable 
assessment on discovered process models to both process stakeholders and academics. If 
a certain number of evaluation experiments are conducted on one process discovery 
algorithm, with a combination of various process event logs, this framework can be used to 
evaluate the performance of the process discovery algorithm in question. Furthermore, if 
multiple algorithms are involved and benchmarking experiments are performed with same 
conditions, this framework shall be used to compare different process discovery algorithms 
as well.  

Figure 17 shows an overview of the evaluation framework. In this framework, it takes four 
steps to evaluate a process discovery algorithm: 

• Step 1 - Negative example generation. This step constructs an event log with cases 
which in principle are not allowable by the process model. These negative examples 
serve as an important input of later steps, i.e. parameter optimization and evaluation. 
The availability of negative examples is vital for the evaluation procedure because it 
helps to investigate the degree of over-fitting and under-fitting of a mined model. 
Approaches that fulfill this function are discussed in Section 3.3. 

• Step 2 - Parameter Optimization. What differs this framework from its previous 
counterparts is the application of parameter optimization. Many process discovery 
algorithms have parameters that can influence the result. Therefore, tuning the 
parameter setting before the actual evaluation starts is necessary. For one reason, 
different parameter settings can yield largely different process models that a random 
choice should not be representative; for another, when comparing different process 
discovery algorithms, only best performance of each individual algorithm should be 
unbiased to draw a conclusion. In this project, the parameter optimization is designed 
based on the adapted k-fold cross validation proposed in [26]: similar to the Machine 
Learning approach k-fold cross validation introduced in section 2.2.4, for each 
individual choice of parameter values, a total of k fold tests are conducted; for testing 
material, one-kth of the original event log as well as one-kth of the negative event log 
is used. After running adapted k-fold cross validation on each candidate parameter 
setting, the one with best evaluation result is considered as the optimal. 

• Step 3 – Process Discovery. The third step of this framework is to learn the process 
model. In this step, process discovery algorithm should be applied on the original 
event log, and only the optimal parameters setting learned from step 2 is utilized. 
Several popular process discovery algorithms are introduced in section 2.1.3.  

• Step 4 – Process Model Evaluation. The last step is the essence of this framework, it 
measures the quality of the mined model. There are three inputs required in this step: 
firstly, the process model from step 3 is constructed with the optimal parameter 
setting, hence representing the best performance of the algorithm; secondly, 
negative event log generated in step 1 is also used to assess its performance; last 
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but not least, the positive testing event log used to evaluate the model is different 
from the learning material in the last three steps. By keeping testing data different 
from learning material, this framework measures the performance of discovered 
model on unseen behaviors, both positive and negative ones. Moreover, separate 
testing data is also desired if one wants to evaluate the model’s level of 
generalization. In real-life processes, a different positive event log may not be 
straightly available, then it is acceptable to use the original event log from the 
beginning. An alternative is to use a fraction of event log which records the same 
process in a different time span. If possible, the size of test event log should be the 
same as the original one. 
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Figure 17 Overview of the evaluation framework 
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5. Benchmark Experiment 

5.1 Experiment Setup 
By customizing the aforementioned evaluation framework, a benchmarking experiment is 
performed on both Heuristics Miner and its updated version - Flexible Heuristics Miner. This 
section describes in detail which components are plugged in the evaluation framework to suit 
the specific requirement of this project, as well as the underlying experimental setup. 

5.1.1 Negative Example Generation Methods 
In section 3.3, three different negative example generation approaches are introduced, i.e. 
the AGNEs developed by Goedertier et al., the Random-Generation approach, and the 
Noise -Injection approach proposed by Weijters et al. These three approaches have been 
employed in previous research, such as [6] and [26]. However, it is claimed in [26] that the 
Random-Generation approach is not as informative as others when it comes with a 
measuring metric on the trace level; also due to the limitation of space and time engaged to 
this project, only the remaining two approaches are selected.  

In fact, one negative example generation approach is adequate for the evaluation work. The 
reason that two approaches are included in this benchmark experiment is to examine their 
quality and compare their performance in this evaluation work; in other words, which 
approach is more reliable in terms of generating negative examples, and is there any 
difference in evaluation accuracy/certainty between them? To answer these questions, 
experiments are operated separately with each of these approaches and a comparison is 
drawn to tell whether or not one approach outperforms the other.  

In this project, the AGNEs approach is employed with it default parameter settings, while the 
Noise-Injection method is slightly different. Based on the noise adding algorithm used in [28], 
the customized Noise-Injection method work as follows: 
For each process instance in an original event log, one of the five actions is performed on it:  

(i) delete the head of a sequence1

(ii) delete the tail of a sequence 
 

(iii) delete a part of the body  
(iv) remove one randomly chosen event  
(v) inter-change two randomly chosen events.  

After executing it on all the instances, the event log becomes negative from each of its cases. 

5.1.2 Parameter Optimization 
Parameter Optimization is important for the evaluation because a slight variance in 
parameter setting may produce significantly different results. Process discovery algorithms 
like HM and FHM have more than three parameters, resulting in an enormous enumeration 
of parameter combinations. Hence, it is not advisable to ignore parameter settings during the 
experiment. It is true that parameter optimization is calculation intensive and time consuming, 
considering the vast collection of candidate values. It is not realistic to test all the possible 
parameter settings; therefore, a strategy is chosen in this project that all the numeric 
parameters are decided on the basis of one extra variable with a predefined range of values. 
Thus, the best performance that comes from this set of optimization tests is recognized as 
the optimal parameter setting.  
                                                
1 For the first three actions, at most one third of the events are deleted. 
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For the algorithm FHM, there are five parameters:  

Table 4 Parameters of Flexible Heuristics Miner 
Parameter Name Type Explanation Value 
All tasks connected Boolean Decides whether all the 

tasks must be connected 
in a model. 

True 

Pattern threshold Float  Thresholds used to 
decide whether a 
dependency/loop relation 
is included in the model. 

1.0-level2
Dependency threshold 

 
Float Level 

Length-1-loop threshold Float Level 
Length-2-loop threshold Float Level 
Relative to best threshold Float  1.0-level 

 
In Table 4, there are six parameters of FHM; five of them are numerical while the remaining 
one is Boolean. We take the extra variable level to decide the value of these five parameters, 
e.g. if level is 0.9, then all of dependency threshold, length-1-loop threshold, and length-2-
loop threshold are equal to 0.9, while pattern threshold and relative to best threshold should 
be (1.0-0.9). Originally, the experiment should be conducted with the Boolean parameter all 
tasks connected being both true and false. However, given the limit of time to complete this 
project, this parameter is not varied in the experiment, it is chosen as always true. Apart from 
this, it is also desired in this project to have nodes in process models all linked together, 
especially with artificial material, structure of which are known.  

The parameter optimization runs the same strategy with HM, all its parameters are: 

Table 5 Parameters of Heuristics Miner 
Parameter Name Type Explanation Value 
All tasks connected Boolean The same with Table 4 True  
And threshold Float 

Thresholds used to 
decide whether a 
dependency relation is 
included in the model. 

1.0-level*3

Dependency threshold 
 

Float Level 
Length-1-loop threshold Float Level 
Length-2-loop threshold Float Level 
Positive observation 
threshold 

int Default as 10 

Relative to best threshold Float  1.0-level 

Table 5 shows the seven parameters of HM: five of them are the same to FHM, while it has 
two different parameters, namely and threshold and positive observation threshold. And 
threshold is similar to pattern threshold in FHM; it filters dependency relations that are less 
reliable. Positive observation threshold is an integer which decides the lowest frequency a 
dependency relation should reach in order to be accepted by the model. Parameters settings 
are indicated in the right most column, which uses the same strategy with FHM. Only the 
one integer parameter positive observation threshold is fixed at a default value 10, when a 
certain relation does not reach the other five threshold but its occurrence excesses this value, 
it can regarded as a reliable relation of activities. Details of thresholds can be found in [28]. 

The auxiliary variable level has 10 different candidates, spanning from 0.5 to 0.99. They are 
used to decide the actual value of each double-type parameters. During the optimization 
phase, experiments are executed with a total of 100 combinations of different parameters. 
                                                
2 The value of level in this parameter can be different from the rest.  
3 The same with note 2. 
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Parameters are chosen in two loops: first, the pattern threshold in FHM or the and threshold 
in HM is assigned with one of the 10 predefined value of level; second, for one value fixed in 
the first step, the rest parameters are decided by varying the level from 0.5 to 0.99 again. 
For instance, if in the first loop level is 0.5 and in the second loop level is 0.9, then 
parameters in Table 4 and Table 5 should be the following: 

• 𝑝𝑎𝑡𝑡𝑒𝑟𝑛 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝑎𝑛𝑑 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.5 
• 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝑙𝑒𝑛𝑔𝑡ℎ − 1 − 𝑙𝑜𝑜𝑝 = 𝑙𝑒𝑛𝑔𝑡ℎ − 2 − 𝑙𝑜𝑜𝑝 = 0.9 
• 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑡𝑜 𝑏𝑒𝑠𝑡 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.1 

As defined in the evaluation framework in chapter 4, the optimal parameter setting is 
determined by executing adapted k-fold cross validation on each of the candidate 
combinations. For one candidate, say <0.9, 0.5> 4

5.1.3 Parsing and Evaluation 

 of FHM,  an adapted 10-fold cross 
validation is executed with parameters decided by <0.9, 0.5>, then the average value of 
metrics of all the 10 runs is calculated and kept as the performance of this setting. After 
operating 10-fold cross validation on all the candidates, the best one is output as the optimal 
parameter setting for the event log in question. 

In order to evaluate the quality of a process model, two event logs are required in this project: 
a positive testing event log and a negative testing event log. In principle, the total number of 
negative cases are required to equate that of positive cases; this is because performance 
measures such as F-measure can only accurately reflect the performance of an algorithm 
when there are equal number of examples in both classes [10]. According to the granularity 
of measuring metrics, testing event logs should contain an equal number of events or traces. 
However, due to the negative generation approaches applied, it is naturally not possible to 
create negative examples without changing the overall event number, so it can only be 
guaranteed that the total number of process instances remains the same in both positive and 
negative event logs.  

The evaluation of a process model is operated by parsing the testing logs on it. The parsing 
in this project is unique for evaluation of FHM. Because in FHM models are built through the 
analysis of dependency relations of event pairs, and the relations are decided by utilizing a 
frequency table of splits and join patterns. Therefore, evaluation on the event level is 
substituted by a FHM-customized split/join pattern level, i.e. statistics about whether an 
event can be parsed by the model is now whether an observed pattern of the model exist in 
the log. First of all, process instances of testing logs are replayed on the discovered model 
one by one. During, the replay, split/join patterns from process instances are registered and 
compared with patterns presented in the process model; patterns that match between an 
event log and the model are considered correctly parsed, i.e. positive, while those that are 
discrepant are recorded as negative predictions. Secondly, given the statistics of positive 
(correctly parsed) and negative (missing or left) activities/cases, and considering the 
attribute of their input, prediction metrics TP, FP, TN, FN are computed accordingly. Last, 
using metrics selected for this project (see section 3.4.4), scores are calculated, and they 
are received as the evaluation of the algorithm on this specific problem. Detailed information 
about parsing event logs on process models and split/join patterns can be found in [27]. 
                                                
4 The first item in the tuple <Float, Float> indicates the value of pattern threshold/and threshold, while 
the second item is the value of variant level on the second loop. 
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It is far from enough to evaluate a process discovery algorithm on one event log, because it 
could be highly biased and not convincing at all. Hence, in order to reach a fairly reliable 
conclusion, it is vital to have a considerable number of different event logs on which the 
evaluation execute. Next section gives the basic information about the experiment material 
that is used in this project. 

5.2 Experiment Material 
The benchmarking experiment is conducted on a large number of artificial event logs. In 
order to prevent arriving at a conclusion on the basis of incidental results, the total number of 
artificial event logs should be more than 10,000. This section describes properties like 
complexity of event logs. 

The artificial event logs are borrowed from material that was used in [28]. These artificial 
event logs are generated by five original Petri Net models, labeled as B1, B2, B3, B4, and 
B5, details of which are provided in Appendix B - Models Used to Generate Artificial Event 
Logs. The five models vary in the number of event classes, complexity, and structural 
patterns contained. This provides a relatively wide range of problems that could exist in 
process mining.  

Table 6 Structural Patterns Overview 

M
odel 

Low
-

structured? 

Sequence 

C
hoice 

Parallelism
 

Length-one 
loop 

Length-tw
o 

loop 

Long-
distance 
dependency 

Invisible task 

D
uplicate 

task 

B1 N Y Y Y N N N N N 
B2 N Y Y Y Y Y N Y-REG N 
B3 N Y Y Y Y Y N Y-REG N 
B4 N Y Y Y Y Y N Y-NON N 
B5 N Y Y Y Y Y Y Y-REG N 

 
Table 6 shows a summary of structural patterns of the five models. In the cells, Y represents 
that one pattern is existent in a corresponding model; likewise, N means the pattern is 
missing. The acronym Y-REG expresses that the pattern exists and is also explicitly 
registered in the model, contrasting to Y-NON which says the pattern exists but is not known 
by the event logs. As is obvious, there are three patterns that exist in every models: 
sequence, choice, and parallelism; these are also the most common and most fundamental 
patterns that construct a process model. Then, each by each, new patterns are added in 
process models. None of the models has duplicate tasks, which conforms with the basic 
assumption of this project (see section 3.4.2). Moreover, none of the five models is low-
structured. This is a drawback of experimenting on these materials, but can be 
complimented by the event log generation strategy introduced in the following.  

Originated from each of the five process models, event logs are produced. During the 
generation of event logs, two parameters are included to decide the actual contents of logs. 
The first one is the percentage of noise in an event log; this parameter determines the 
percentage of noise that is injected into the original event log accordingly. The second one is 
the degree of imbalance; this number describes the occurring frequency of branches in a 
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split joint. There are seven candidates for the percentage of noise, 00, 01, 02, 05, 10, 20, 50, 
which indicates how much of the traces in one event log contains noise. Meanwhile, the 
degree of imbalance has six value, 01, 02, 05, 10, 20, 50, which decides how often one 
branch should occur in each split in the model. Thus there are in total 42(7*6) parameter 
combinations. With each generation parameter, a total of 100 separate event logs are 
generated. These parameters of event logs are denoted in their file names. For instance, an 
event log with name B1P50_03_02_M_10.mxml is generated by model B1 with an 
imbalance degree 50 (P50), and with 10% of noise fused in it (M_10). The two numbers in 
the middle (03_02) function as an identification label of each event log. Detailed explanation 
of artificial event log generation can be referred in [28]. In total, there are 4200 event logs for 
each of the five original process models. 

In each of the generated event log, there is always 1000 process instances inside. Table 7 
lists a few statistics of the noise-free, balanced event logs generated by each of the model. 
These statistics are not representative for all the experiment material, but are enough to 
provide a brief image about the complexity of each process.  

Table 7 Overview of event logs 

Event Log #process 
instances #events #event 

classes 

#events 
per case 
(min.) 

#events 
per case 
(avg. 

#events 
per case 
(max.) 

B1 1000 13513 16 13 13 14 
B2 1000 24577 18 13 24 85 
B3 1000 26346 27 13 26 113 
B4 1000 24045 24 13 24 99 
B5 1000 24540 26 14 24 85 
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6. Experiment Results 

6.1 Negative Example Generation Methods Comparison 
In this project, two negative example generation methods are employed to facilitate the 
evaluation of process discovery algorithms: one is AGNEs defined by Goedertier et al. [8] 
and the other is Noise Injection method applied in [28] by Weijters et al.. AGNEs analyzes 
the occurrence of events in a trace and deduces negative events from learning dependency 
relationships between activities; Noise Injection method introduces noise into every trace in 
an event log by deleting or swapping events. These two methods were both applied in 
previous research and have been valuable to process mining, process analysis and process 
model evaluation. By operating benchmark experiments on event logs produced by them, 
these two negative example generation approaches are compared to examine their 
performance in assisting process model evaluation. 

The comparison is executed based on the event logs of process model B1. After performing 
evaluation on each of the 4200 event logs, the results are grouped by their level of 
imbalance and existence of noise; e.g. B1P01_??_??_M_01.mxml is a group of 100 event 
logs which have an imbalance of 0.01 and contains 1% of noise (supra section 5.2). 
Moreover, the overall evaluation of the grouped event logs is summarized as the average of 
each individual’s score. In the following, Figure 18 and Figure 19 display the result of both 
experiments in the form of line chart. 

First of all, Figure 18 shows the result of B1 with AGNEs as negative generation approach. 
There are six metrics displayed in this chart: three of them are calculated on the event level, 
marked as E at the end, and the rest three are constructed on the instance level, marked as 
I at the end. On the top of the chart, it is noticeable that the three curves representing F-
measure_I, G-mean_I and balanced accuracy_I overlap with each other. It is not easy to tell 
them apart. This is because that when all the precision, recall/sensitivity, and specificity 
value are close to 1, their results are supposed to be very close. Look at the other rest lines, 
i.e. F-measure_E, G-mean_E and balanced accuracy_E, they are isolate from the previous 
three, with lower value, and separate. One reason is that it is easier for a process model to 
say whether an instance can be successfully parsed than to predict whether the input/output 
of an event is conformed with the log. Therefore on the event level it will get a lower 
estimation in precision and so on. Even though the lines denoting the results of these three 
metrics are different in the absolute value, height, and shape, their tendency through the 
chart is all the same. In this sense, it did not manifest that F-measure_E is not suitable for 
imbalanced data set, in this case, on the event level.  

The situation of instance level evaluation is similar in B1 evaluation with Noise Injection as 
negative generation method, shown in Figure 19. In this figure, lines of measures on the 
trace level look alike, too. F-measure_E again presents a shape that contrasts the three on 
the trace level. As is explained in section 3.4.4, F-measure is not ideal for imbalanced data 
sets, which is the case if evaluation is conducted on the event level. When it is on the trace 
level, as the positive and negative class always have the same size, F-measure performs 
equally good as G-mean and balanced accuracy. Considering this imperfection, f-measure is 
not a wise choice when models are evaluated on the event level. 
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Apart from F-measure, G-mean and balanced accuracy are missing from Figure 19. They  
failed to offer any useful information  on the event level because of technical reason. It is 
because the evaluator was not able to distinguish negative dependency patterns from 
positive ones. It is a technical problem which can be solved by adjusting parsing strategy on 
Noise negative examples. However, in this project G-mean/balanced accuracy and Noise 
Injection is not a good combination for evaluating process models on the event level. 

To conclude the above ideas, 1) F-measure is proved to be infeasible for this project with 
either AGNEs or Noise Injection as negative generation method; 2) using dependency 
patterns as evaluation unit and Noise Injection as negative generation method is not 
functioning well in this project but may be improved in later efforts.  

Figure 20 displays a comparison between the evaluation of B1 with AGNEs and Noise 
Injection method on the trace level. It can be seen that even the absolute value differs, the 
general tendency AGNEs gives is similar to what Noise Injection offers. This implies that if it 
is used to compare different models of the same process, these two evaluation combinations 
should be equivalent. It appears as the evaluation value of AGNEs is always higher than that 
of Noise Injection, however, it is inadequate to conclude that models constructed with 
AGNEs are better than models learned with Noise Injection method. In order to compare 
them in a fair setting, two more rounds of evaluation are performed. 

The new experiments operate as the following: the first to the third step remain the same as 
before, i.e. negative example generation, parameter optimization, and process discovery. 
However, in the fourth step, the negative example is exchanged. If the model is mined with 
negative examples generated by AGNEs, then in the fourth step, it is tested on negative 
example from Noise Injection, and vice versa. In this way, evaluation results are compared 
when the testing material are the same. 

Figure 21 provides an overview of the evaluation results from applying different negative 
generation methods. The metric presented G-mean on the trace level. In the graph, the blue 
line indicates evaluation results that use AGNEs in the first two steps and Noise Injection in 
the last one (AGNEs+Noise), and the purple line represents results of the opposite version, 
i.e. Noise Injection for the first two steps and AGNEs in the final assessment 
(Noise+AGNEs). The other two lines, Gmean_I.2Noise and Gmean_I.2AGNEs are the 
evaluation with only one negative generation method, AGNEs and Noise respectively.  

Figure 22 and Figure 23 are two subsets of Figure 21. Figure 22 contains only the two 
experiments that use Noise Injection negative examples as testing material, and Figure 23 
have the other two. Their legends follow the same explanation with Figure 21, which is 
presented in the last paragraph. Interestingly, it can be observed that in Figure 22 numbers 
on the line of Noise (Gmean_I.2Noise) are equal or higher than numbers of AGNEs+Noise 
(Gmean_I.1AGNEs2Noise). In addition, in Figure 23, numbers of AGNEs 
(Gmean_I.2AGNEs) are never smaller than those of Noise+AGNEs 
(Gmean_I.1Noise2AGENs). This situation is actually foreseeable: since the negative event 
log is used in the mining of process model, its prediction on the same material is probable 
better than others. No conclusion should be drawn from this.  

Figure 24 and Figure 25 extract the evaluation results from another perspective. First in 
Figure 24, both lines mark evaluations on models learned with AGNEs but tested on two 



42 
 

different material, and Figure 25 shows the opposite, learned with Noise but evaluated on 
both. AGNEs still perform better when it is evaluated by itself than the Noise Injection as the 
line Gmean_I.2AGNEs is above Gmean_I.1AGNEs2Noise, whereas surprisingly Noise 
yields an even better performance on testing material generated by AGNEs 
(Gmean_I.1Noise2AGNEs) than that of Noise itself (Gmean_I.2Noise). This reflects that 
models mined with Noise Injection is better than the ones mined with AGNEs in terms of 
generalization. 

If numbers in Figure 24 and Figure 25 are averaged separately on each event log group. An 
average performance of both negative generation methods can be analyzed. The two lines 
in Figure 26 denote this information of them. On some points, the two lines do not distinguish 
very much, but on others, Noise clearly has higher figures than AGNEs. This can be 
supportive to the opinion that Noise Injection is a better method in facilitating process 
discovery  than AGNEs, but is not enough to reach this conclusion. New benchmark 
experiments are needed to test both approaches on separate negative event logs, none of 
which should have participated the process discovery phase. But due to the limited time, this 
is not finished in the current project, but can be continued in future research. 

Detailed results of each event log group can be found in Appendix C - Evaluation Results.   
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Figure 18 Line Chart Grouped FHM Evaluation on B1 with AGNEs Negative Generation 
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Figure 19 Line Chart Grouped FHM Evaluation on B1 with Noise Injection Negative Generation 
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Figure 20 G-mean Evaluation of Instance Level with Noise Injection vs. AGNEs 

 
Figure 21 Evaluation Results of Four Combinations 

 
Figure 22 Evaluation Results of AGNEs+Noise and Noise 
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Figure 23 Evaluation Results of AGNEs and Noise+AGNEs 

 

 
Figure 24 Evaluation Results of AGNEs+Noise and AGNEs 

 
Figure 25 Evaluation Results of Noise and Noise+AGNEs 
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Figure 26 Average Evaluations of AGNEs and Noise Injection 

 

6.2 Performance of FHM on Artificial Event Logs 
Besides B1, the other four event log groups are also used to evaluate FHM’s performance. 
In consequence of the findings in last section, i.e. G-mean can be as powerful and reliable 
as F-measure in terms of evaluating process discovery algorithm on the instance level, the 
evaluation framework is amended for B2, B3, B4, and B5. First, the negative generation 
method is set as the Noise Injection: It functions good enough to provide reliable negative 
examples, and it is more applicable than AGNEs in the aspect of pre-condition and 
computing complexity. Second, the evaluation granularity is focused on the instance level, 
because it does not make much sense to use event level when almost all the result shows 
zero. Last, the measuring metric is mainly G-mean. As has been established in the first 
experiment, G-mean almost equates F-measure in the instance level evaluation and 
performs even better on imbalanced data. Hence, the evaluation framework employed on 
the rest of the event logs is denoted as a combination of Noise Injection, Instance, and G-
mean, but other combinations are also kept for possible future investigation. 

Results of the remaining event logs are averaged and analyzed by a unit of 100 event logs, 
as done on B1. It is not surprising to see patterns of B1 reappear in all of the others: almost 
the same picture for three metrics on the instance level, invalid value of G-mean and 
balanced accuracy on the event level, and a distinctive line representing F-measure on 
event level. The actual line charts are enclosed in Appendix C - Evaluation Results of this 
report, as well as detailed evaluation value of them.  

Taking the results of the evaluation framework from experiments of all five groups, a 
comparison between them is presented in Figure 27. Generally speaking, FHM performs 
quite well on these event logs, as its G-mean evaluation ranges from close to 0.7 (70%) to 
1.0 (100%). When looking from each of the groups, the first eye-catching fact is the obvious 
gap between the line of B1 and the others’. This is because B1 is much simpler than other 
logs. One fact is that B1 is consisted of event logs with basic structures such as sequence 
and choice. The other is that it has no loops so the size of each event log is relatively 
consistent, resulting in a lower overall complexity of the entire group. This line remarking 
FHM’s performance on B1 waves in a circular manner. It peaks and dips every seven 
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numbers in the graph. The evaluation reaches the highest score of 1 when there is no noise 
in the log, and even with 50% of traces containing noise, it still achieves a result higher than 
0.9. This can been seen as an evidence of FHM’s good capability of handling noise blended 
in event logs.  

The four lines underneath B1 reveal FHM’s performance on the other four groups, i.e. B2, 
B3, B4, and B5. It is apparent that these lines follow a similar path through the graph and 
meanwhile are intertwined with each other. Even the structure gets more and more complex 
in these materials, the performance of FHM does not vary much from one to another; 
however, their difference between B1 is relatively considerable. This phenomenon infers that 
length-1-loop and length-2-loop is a major issue of process discovery of FHM (perhaps also 
for other algorithms) while long-distance dependency and invisible tasks can be correctly 
extracted.  

Similar to B1, the other four lines also follow a recurrent pattern. From the eighth value on, 
the evaluation value resembles the one that is seven value preceding. Figure 29 zooms into 
the first seven-number group of Figure 27, where all the event logs have the same 
imbalance degree of 0.01. As is clear in this graph, when the percentage of noise in the 
event log increases, the curves descend gradually. The other seven-number groups, 
separate perspective of which are located in Appendix C - Evaluation Results, follow the 
same pattern. This pattern reflects that the performance of FHM is proportional to the 
amount of noise contained in event logs. If taking an inspection from another facet, namely 
event logs with the same amount of noise, the situation is completely different. Figure 28 
displays a line chart of evaluation on event logs that contain 50% of noise. It is hard to 
extract any common pattern from these lines. However, it is obvious that for event logs 
containing different amount of noise FHM performs relatively stable. Especially for B1, its 
evaluation scores are so close that it seems like a straight line in the graph. The same 
situation repeats on event logs with other percentage of noise. This finding could account for 
that the imbalance of event logs have little impact on the performance of FHM. A line chart 
for event logs of each of the other noise levels are included in Appendix C - Evaluation 
Results. 
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Figure 27 G-Mean Evaluation on All Event Logs on Instance Level with Noise Injection Negative Generation 
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Figure 28 Grouped FHM Evaluation of Event Logs with 50% Noise 

 
Figure 29 Grouped FHM Evaluation of Event Logs of Imbalance Degree as 0.01 

6.3 Comparison of FHM and HM on Artificial Event Logs 
Flexible Heuristics Miner is an improved version of Heuristics Miner. In order to verify 
whether FHM is indeed better than HM, benchmark experiments are conducted on artificial 
event logs. The settings are all the same except details of parameter optimization, see 
section 5.1.2. Moreover, only negative examples generated by Noise Injection approach is 
used.  

Ideally, benchmark experiments should be done on all of the five event log groups. In this 
way, the comparison can be analyzed on processes of different properties. However, due to 
the technical difficulty, experiments are not finished in time. Only B1 are used as the input 
material in this part.  

Figure 30 is a line chart which displays the performance of HM on B1, only on the event level. 
In this graph, the three metrics are not accordance with each other. This seems to reflect to 
F-measure’s problem on imbalanced data. However, since FHM didn’t obtain valid results of 
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G-mean and balanced accuracy on the event level, and F-measure is not released from its 
imbalance-theory, the metrics used to compare FHM and HM will be on the instance level 
only.  Figure 31 shows a fraction of HM evaluation on B1. It is easy to see that F-measure 
has several invalid values. If looking at the line chart of these three metrics, shown in Figure 
32, the green line which represent F-measure have several nodes missing. This is due to 
that for some cases HM was not able to provide any model that can parse any trace, so 
everything is categorized as negative and the precision is invalid. Therefore, FHM and HM 
are going to be compared on the instance level but not with F-measure. 

There is no overlapping or winding of them and all the numbers are valid, i.e. non-zero or 
constantly the same value. The results of three metrics are not similar any more, but this is 
just normal. When the individual factor in each metric are very high as well as very similar to 
each other, e.g. specificity and sensitivity, it is very likely that after some calculation 
(geometric mean and others) the result are still close. However, this is not the case 
according to the evaluation of HM. Figure 31 demonstrates a segment of the evaluation 
result of HM on B1 material. As can be seen, whenever both sensitivity and specificity are 
valid, the difference in their value is great. So even though G-mean and balanced accuracy 
are built on the same two factors, their final results are different. Meanwhile, precision is also 
different from sensitivity/recall and specificity, resulting in another value for F-measure. 
Moreover, in Figure 31 some instances do not have valid result of F-measure. The reason 
for this is that the model cannot parse any log, leading to invalid precision number. 

 
Figure 30 HM evaluation on B1 on the event level 
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Figure 31 Fraction of HM evaluation on instance level 

 

 
Figure 32 HM evaluation on B1 on the instance level 

 
Figure 33 Evaluation results of FHM and HM on B1 on instance level 

Row Labels Sum of Fmeasure_I.HM Sum of Gmean_I.HM Sum of BalancedAcc_I.HM
B1P01_??_??_M_01.mxml 0.966526756 0.57155635 0.777895001
B1P01_??_??_M_02.mxml 0.964422306 0.415630816 0.70154
B1P01_??_??_M_05.mxml 0.939476937 0.084880096 0.54019
B1P01_??_??_M_10.mxml 0.94411127 0.018910726 0.50893
B1P01_??_??_M_20.mxml #DIV/0! 0 0.5
B1P01_??_??_M_50.mxml 0.65106946 0.006947064 0.50239
B1P01_??_??_X_00.mxml 0.974046298 0.975835314 0.977734997
B1P02_??_??_M_01.mxml 0.970359469 0.650943026 0.816715
B1P02_??_??_M_02.mxml 0.954541828 0.468971157 0.725144997
B1P02_??_??_M_05.mxml 0.953740714 0.133758607 0.563940001
B1P02_??_??_M_10.mxml 0.94129843 0.018857567 0.50888
B1P02_??_??_M_20.mxml #DIV/0! 0 0.5
B1P02_??_??_M_50.mxml #DIV/0! 0 0.5



53 
 

Figure 33 displays the line chart of evaluation results of both FHM and HM. The two lines 
which overlap each other on the top half represent FHM, and the lower two are from HM. 
Every seven nodes, the four lines converge on the top of the graph, while as lines move on, 
HM is going lower and steeper. This repeats with a cycle of seven numbers. Hence, it is safe 
to say that only when there is no noise in event log (where the convergence of lines happen) 
the performance of both FHM and HM are similar; but for cases that there is noise, FHM is 
performing better than HM. 
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7. Discussion and Future Work  

7.1 Conclusions 
This report presents a unique evaluation framework which can potentially be applied to any 
process representation. This framework is constituted of four steps: negative example 
generation, parameter optimization, process discovery and process model evaluation. 
Especially the parameter optimization phase is what makes this framework distinct from 
others. In the mean time, this evaluation framework is widely applicable and customizable. 
Both negative generation methods and measuring metrics can be plugged according to the 
characteristics and requirements of the process modeling language. With this framework, a 
set of benchmarking experiments are conducted to evaluate the process discovery algorithm 
Flexible Heuristics Miner on a total 21000 event logs. Two negative generation approaches 
(AGNEs and Noise Injection) and three measuring metrics (F-measure, G-mean, Balanced 
Accuracy) are employed. By this experiment, negative generation approaches are compared 
as well as the metrics. Furthermore, the performance of FHM on all five different event log 
groups is assessed.  

Firstly, statistics show that Noise Injection perform as well as AGNEs when the evaluation is 
done on the trace level. Experiment results also confirm the judgment that F-measure is not 
proper for evaluating algorithms with imbalanced data sets. Furthermore, it is found out that 
when used in comparing models of the same process, G-mean evaluation with AGNEs on 
the instance level functions equivalently to that with Noise Injection. However, there is not 
enough evidence to show that Noise Injection is better than AGNEs. 

Secondly, evaluation results convey that FHM performs quite well in processes with different 
structural patterns. In the experiments, loops appear to be the most difficult pattern for FHM 
to predict. As for the imbalance between split branches and the existence of noise, the 
amount of noise has an obvious impact on FHM’s performance while the degree of 
imbalance make little difference. 

Last, for process B1, generally FHM is better than HM when there is noise presenting in 
event logs, and they perform almost equally well  when the logs are pure and clean. 

7.2 Limitation and Future Work 
The project has been designed to provide an evaluation framework that is independent on 
modeling languages, and with the framework experiments are conducted to assess the 
performance of FHM in different situations. However, due to technology issue, experiments 
are not fully completed as planned. One issue is that the AGNEs generation is applied using 
the unlimited window size, which requires the strictest of the completeness assumption and 
takes too long to finish when the original event log is complex. Due to this reason, AGNEs 
and Noise Injection are only compared on event log group B1. Structural patterns like loops 
are absent from this group so the comparison in these situations is missing. The second 
issue is that with the implementation of the framework there is a limit of total number of 
events per log, above which the evaluation program could not possibly continue. To solve 
this problem, an alternative approach is to abandon traces when the total number of events 
excesses the limit. In this way it ensures that every event log is included in the evaluation but 
still some traces are lost and perhaps dependency patterns, too. In addition, there is one 
more bug with AGNEs: as it accepts event logs with one event type, pre-processing is 
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needed in order to successfully generate negative examples. However, this pre-processing 
loses the true structure inside the process. On one hand, self-loops of activities could be 
introduced in the event log; on the other hand, the complexity of event logs could be reduced 
in a large degree. Hence, the AGNEs somehow limits the application of the framework in this 
project and influences the reliability of the results. 

As is one of the original targets of this project, comparison of FHM and HM on other 
processes could be a direction of future research. What is also expected is to improve the 
implementation so that it can correctly parse split/joint patterns in the negative event log 
generated by Noise Injection method, because AGNEs is less practical when the event log 
becomes complex. Apart from these, a further comparison between models generated with 
AGNEs and Noise Injection should be performed on the new testing data. Moreover, a 
comparison of FHM with other process discovery algorithms could be an interesting topic for 
future work, especially on real-life event logs which are low-structured. 
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Appendix A - Available Measuring Metrics 
In this section, existing metrics for measuring process models are reviewed in order to obtain 
an insight into their assumption, dimension and other conditions that may influence the 
selection of them. An explanation is provided, aiming to provide a brief image about each 
metric; then they are summarized in a tabular form and commented. 

𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 and 𝒓𝒆𝒄𝒂𝒍𝒍 
Precision and recall used in measuring quality of process models was proposed by Pinter 
and Golani in [11]. As employed on process models represented in the form of workflow 
graph, a modeling language in which nodes model activities and edges between them model 
their dependency relations. Precision and recall are calculated by comparing the structure of 
the discovered model with the reference workflow graph. Detailed definitions are as follows: 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
#𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑 𝑒𝑑𝑔𝑒𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑒𝑑𝑔𝑒𝑠 𝑖𝑛 𝑚𝑖𝑛𝑒𝑑 𝑚𝑜𝑑𝑒𝑙
 

and 

𝑟𝑒𝑐𝑎𝑙𝑙 =  
#𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑 𝑒𝑑𝑔𝑒𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑒𝑑𝑔𝑒𝑠 𝑖𝑛 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑤𝑜𝑟𝑘𝑓𝑙𝑜𝑤 𝑔𝑟𝑎𝑝ℎ
 

𝒄𝒐𝒎𝒑𝒍𝒆𝒕𝒆𝒏𝒆𝒔𝒔 and 𝒔𝒐𝒖𝒏𝒅𝒏𝒆𝒔𝒔 
Completeness and soundness are defined by Greco et al. in [9] in order to evaluate the 
quality of mined model of workflow schema. Completeness and soundness assess a model 
from two aspects, regarding how complete and how accurate a model is. Taking a 
discovered workflow schema model and the original log as input, completeness calculates 
the percentage of traces in the log that can be parsed by the model, while soundness 
estimates the proportion of traces depicted in the model which are truly registered in the 
event log. In other words, completeness tells that among all the recorded traces in event log, 
how much of them are correctly captured by the process model; whereas soundness 
describes that in all the traces portrayed in a model, how much of them are correct records 
from the event log. 

As completeness and soundness only consider distinct traces, the frequency information of 
traces is neglected. This omission actually infers an assumption that every trace is equal 
important to a process and their chance of occurrence is the same.  However, this is barely 
true in real-life situation. Furthermore, the calculating of soundness requires the exhaustive 
enumeration of all possible traces in a model. This calculation becomes particularly 
problematic when there is a high degree of concurrency (parallel) and recurrence (loop) in 
the model.  

 

𝑷𝑴, 𝑪𝑷𝑴 and 𝑴𝑳𝑷𝑴 
PM stands for Parsing Measure, which measures the percentage of the total process 
instances that are compliant with a mined model. PM, as well as CPM is proposed by 
Weijters et al. in [28] and used as an evaluating metric for Heuristics net. PM shares similar 
idea with completeness by Greco et al. [9]; however, PM is calculated based on the total 
number of process instances instead of distinct traces in an event log. This preserves the 
occurrence frequency of each trace and can therefore better represent a model’s quality 
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than completeness. CPM is also defined in [28] but it records the correctly predicted events 
through the parsing of all process instances. The detailed definition is in the following 
equation, where the deviation of the model from event logs is categorized into two ways, 
missing activated input (m) and remaining activated output (r). The letter e represents the 
total number of events contained in an event log. 

𝐶𝑃𝑀 =  
1
2

(𝑒 − 𝑚)
𝑒

+  
1
2

(𝑒 − 𝑟)
𝑒

 

Missing Left Parsing Measure (MLPM) is a more fine-grained metric than CPM, as it not only 
takes into account events that are not aligned with the model but also missing/left events 
that cause the deviation of the behavior. For example, if one event is not activated, it is 
possible that some of its required input events are not finished, like the idea how fitness 
calculates missing tokens for enabling a transition. In this way, MLPM evaluates a process 
model in a finer degree. 

Causal Footprint 
Causal footprint as defined by van Dongen et al. in [25] evaluates a model by comparing it 
with a reference model. These models are first converted into causal closure graphs, then 
these graphs are translated to vectors, and the similarity between discovered model and 
reference model is quantified by the cosine distance between these two vectors. [14] 

Fitness 𝒇, (advanced) behavioral appropriateness 𝜶𝑩′  and (advanced) structural 
appropriateness 𝜶𝑺′  
Fitness is designed explicitly for Petri Net, so as the other two metrics (advanced) behavioral 
appropriateness 𝜶𝑩′  and (advanced) structural appropriateness 𝜶𝑺′  from Rozinat et al. The 
calculation of fitness is done through registering tokens that are produced and consumed 
during replay of process instances. The replay continues even when an activity cannot be 
correctly parsed, but tokens missing for activities and tokens remaining after the replay are 
counted and punished in the fitness value. Hereby fitness provides a general score on how 
conformed a model is to its event log.  

Advanced behavioral appropriateness 𝜶𝑩′  is obtained by comparing a defined sometimes 
follows and sometimes precedes relations of each pair of activities in event log and in the 
process model. These relations are derived from an traversing of all distinct traces in event 
log and an analysis of state space for process model. The 𝜶𝑩′  score describes the degree of 
precision of a model. 

Advanced structural appropriateness 𝜶𝑺′  describes the conciseness and comprehensiveness 
of a Petri net. Given that alternative duplicate tasks (“duplicate tasks that never occur in the 
same execution sequence” [12]) and redundant invisible tasks (“invisible tasks that can be 
removed from the model without changing the behavior” [12]) are not essential for modeling 
a process and increase the difficulty of understanding a model, they are punished in 𝜶𝑺′ . 

Partial fitness 𝑷𝑭𝒄𝒐𝒎𝒑𝒍𝒆𝒕𝒆 , partial fitness 𝑷𝑭𝒑𝒓𝒆𝒄𝒊𝒔𝒆 ,  and Fitness 𝑭 
These metrics are defined by De Medeiros in [2]. Partial fitness PFcomplete has a similar idea 
of the fitness metric of Rozinat et al., both punishing missing and remaining activities during 
the log replay; moreover, PFcomplete  estimates the influence of these non-fitting activities 
over the total number of correctly parsed activities, thus favoring models that have captured 
the most frequent activities. Another metric partial fitness PF𝒑𝒓𝒆𝒄𝒊𝒔𝒆  measures how much 
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extra behaviors a process model allows, other than the ones that exist in event log. Unlike 
PFcomplete  , which indicating how complete a model is in describing a process, PFprecise 
suggests the degree of a model’s generality. Therefore, the smaller the score of PFprecise is, 
the fewer surplus behaviors there are, indicating the better a model is. With the definition of 
the two partial fitness on completeness and preciseness, De Medeiros define a metric that 
integrates these two values to provide a comprehensive evaluation of process models, 
namely fitness 𝑭 . It is defined as follows, where 𝑘  is a real number between 0 and 1, 
functioning as a weighing indicator between the severity of incomplete model and over-
general model. 

𝐹 = 𝑃𝐹𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒 −  𝑘 × 𝑃𝐹𝑝𝑟𝑒𝑐𝑖𝑠𝑒 

Behavioral precision 𝑩𝑷 and recall 𝑩𝑹, structural precision 𝑺𝑷 and recall 𝑺𝑹, duplicates 
precision 𝑫𝑷 and recall 𝑫𝑹 
All of these six metrics are proposed in [2] by De Medeiros. They commonly measure the 
differences between a learned model and the original model which is used to generate event 
logs of the problem. The precision metrics, i.e. BP, SP, and DP, measure the extra elements 
shown in the learned model than the original one; while the recall metrics, i.e. BR, SR, and DR, 
estimate elements in the original model that are missing from the learned one. Therefore, SP 
and SR evaluate the difference between two models from the aspect of causality relations, 
and DP and DR evaluate their difference in terms of duplicates. Even these six metrics share 
similar initiatives, behavioral precision BP  and behavioral recall BR   have a different 
implementation. Apart from the two process models in question, they also take the event log 
as input, quantifying the difference on the number of enabled activities during log replay. 

Behavioral recall 𝒓𝑩
𝒑  and specificity 𝒔𝑩𝒏  

Behavioral recall 𝒓𝑩
𝒑  and specificity 𝒔𝑩𝒏  are proposed by Goedertier et al. in [8]. As indicated 

by their names, they measure the degree of recall and specificity of a process model. By 
calculating these two metrics, artificial negative examples are derived from analyzing the 
target event log. Then by replaying both original event log and generated negative examples 
on the discovered model, statistics of true positive TP (correctly parsed events),  true 
negative TN (correctly rejected negative events), false positive FP (incorrectly parsed 
negative events), and false negative FN (incorrectly rejected events) is obtained, and 𝒓𝑩

𝒑  and 
𝒔𝑩𝒏  are defined as follows: 

𝒓𝑩
𝒑 =  

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

 

and  

𝒔𝑩𝒏 =  
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

. 

Here the four statistics are collected from all the individual process instances in event log. 

Behavioral precision 𝒑𝑩 and F-measure 𝑭𝑩 
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Similar to 𝒓𝑩
𝒑  and 𝒔𝑩𝒏 , in [6] De Weerdt et al. also introduce artificial negative examples 

generation into evaluating process models.  There are two new metrics defined, i.e. 
behavioral precision 𝒑𝑩 and F-measure 𝑭𝑩.  

𝒑𝑩  =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

while  

𝑭𝑩 = 2 × 
𝑝𝐵 × 𝑟𝐵

𝑝

𝑝𝐵 + 𝑟𝐵
𝑝 

The same as [8], here 𝒓𝑩
𝒑  is the behavioral recall value and all the statistics are obtained 

through parsing all process instances. 

Rozinat et al. [14] and De Weerdt et al. [3] both have composed an overview of some 
process model evaluation metrics in their research; based on their work as well as other 
recent studies, popular process model evaluation metrics are revised. Table 8 shows a 
summary of existing evaluation metrics of process models. These metrics are divided into 
three categories, model-log method and model-model method as proposed in [3], plus an 
extra model-only category. Metrics are investigated from their measuring dimension(s), 
representation requirement, assumption(s), and other constraints.  

Table 8 Summary of existing evaluation metrics of process model 
 

Name  
Sym

bol 

R
ecall/Fitness 

Precision 

G
eneralization 

Specificity 

Structure 

R
epresentation 

N
egative 

Exam
ple 

M
easuring 

G
ranularity 

A
ssum

ption 

A
uthors 

             

M
odel-Log M

etrics 

Parsing 
Measure 𝑃𝑀 √     All   Trace No 

duplicate 
tasks 
share 
input or 
output 
tasks 

[28] 

Continuous 
Parsing 
Measure 

𝐶𝑃𝑀 √   

 

 Heuristic 
net  Event [28] 

Missing/Left 
Passing 
Measure 

𝑀𝐿𝑃𝑀 √   
 

 Heuristic 
net  Finer Same 

with PM [26] 

completenes
s  √     All  Trace Same 

with PM [9] 

soundness   √    Workflow 
Schema  Trace No loops [9] 

Fitness 𝑓 √     

Petri net 

 Finer 

Sound 
WF-net 

[12] 
Behavioral 
appropriaten
ess 

𝛼𝐵   √  
 

  Event [12] 

Advanced 
behavioral 
appropriaten
ess 

𝛼𝐵′   √  
 

  Event [12] 

Behavioral 
Recall 𝑟𝐵

𝑝  √     
Petri net 

√ Event Complete
ness of 
event log 

[8] 

Behavioral 
Specificity 𝑠𝐵𝑛    √  √ Event [8] 



60 
 

Behavioral 
Precision 𝑝𝐵   √    √ Event [6] 

F-measure 𝐹𝐵  √ √    Petri net5 √  Event [6] 

Partial 
Fitness 𝑃𝐹𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒 √     

Heuristic 
net 

 Finer 

See 𝐵𝑃 [2] Partial 
Fitness 𝑃𝐹𝑝𝑟𝑒𝑐𝑖𝑠𝑒   √     Event 

Fitness 𝐹 √ √     Event 

M
odel-M

odel 
M

etrics 

Behavioral 
Precision6 𝐵𝑃    √  

 

 Heuristic 
net  N/A 

No 
duplicate 
tasks 
share 
input or 
output 
tasks 

[2] 

 M
odel-O

nly M
etrics 

Behavioral 
Recall 𝐵𝑅    √   

 
Petri net / 
EPC 

 N/A  
none 

[2] 

Structural 
Precision 𝑆𝑃     √  N/A [2] 

Structural 
Recall 𝑆𝑅      √  N/A none 

Same 
task 
labels in 
both 
models 

[2] 

Duplicates 
Precision 𝐷𝑃    

 
√  N/A [2] 

Duplicates 
Recall 𝐷𝑅      √  N/A Same 

task 
labels in 
both 
models 
No 
duplicate 
tasks 

[2] 

Causal 
Footprint   √ √ 

 

  N/A [25] 

precision 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛     √ Workflow 
graph  N/A none [11] 

recall 𝑟𝑒𝑐𝑎𝑙𝑙     √ Workflow 
graph  N/A 

none 
none 

[11] 

Structural 
appropriaten
ess 

𝛼𝑆   √ 
[3] 

 √ 
[1
4] 

Petri net  N/A [12] 

Advanced 
structural 
appropriaten
ess 

𝛼𝑆′    √ 
[3] 

 
√ 
[1
4] 

Petri net  N/A none [12] 

 

As can be seen from Table 8, most of the model-log metrics focus on the measure of recall 
and precision dimension. There are only three exceptional metrics -- Behavioral Specificity [8] 
measures the specificity dimension of discovered log, and Structural Appropriateness and 
Advanced Structural Appropriateness, upon which [14] and [3] have different opinions about 
the dimension they are measuring. It is also noticeable that most of these metrics are 
restricted to one or two specific representations, for instance, the metric fitness is merely 

                                                
5 F-measure can be applied to other process model representations if metrics measuring recall and 
precision for the target representation are available. 
6 Require event log, reference model and discovered model as input. So as the metric 𝐵𝑅 . 
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suitable for process models in the form of Petri net; only the metric Parsing Measure (PM) 
defined by Weijters et al. [28] is applicable for all representations, but it asks for a 
corresponding parser for the model language as requisite. For all the Model-Log metrics, 
their measuring granularity are reported, too. It shows that only Parsing Measure, 
completeness and soundness evaluate a process model on the trace level, i.e. considers 
whether a trace can be completely parsed; other traces all choose to evaluate process 
models in the level of event or finer. Additionally, four of these metrics require negative 
examples to conduct evaluation of the discovered model. Last but not least, different metrics 
have different assumptions on the models they are assessing. Even though this is not the 
most important factor on deciding which metric to choose, assumptions should be carefully 
considered to prevent inaccurate measurement. One such example could be to use Causal 
Footprint to assess a Petri net model which contains duplicate tasks; this action violates the 
assumption of the employed metric, i.e., no duplicate tasks in the model, and hence will 
probably result in an misleading score.      

What is also interesting from Table 8 is that four of the metrics require negative examples as 
mandatory input, namely, Behavioral Recall (𝑟𝐵

𝑝 ), Behavioral Specificity (𝑠𝐵𝑛 ), Behavioral 
Precision (𝑝𝐵), and F-measure (𝐹𝐵). Well-known that it is a challenge to balance between 
over-fitting and under-fitting in process discovery domain; this is especially difficult for the 
fact that no negative examples are available during process mining procedure. Under this 
circumstance, researchers explore for approaches to alleviate this shortage. These four 
metrics mentioned in the beginning of this paragraph are defined for this purpose. First, 
Geodertier et al. defined an algorithm called Artificially Generated Negative Events (AGNEs) 
to implement inducing negative examples from the given event logs [8]. Behavioral Recall 
(𝑟𝐵
𝑝) and Behavioral Specificity (𝑠𝐵𝑛) are then constructed on top of AGNEs. Behavioral Recall 

(𝑟𝐵
𝑝), like other metrics belonging to the recall dimension, captures how much positive events 

in the event log are depicted in the discovered model. Behavioral Specificity (𝑠𝐵𝑛), the “recall 
of negative examples”, calculates the percentage of correctly classified negative events 
during the evaluation. The calculation of 𝑟𝐵

𝑝  does not fundamentally require negative 
examples as input, but it is built based on an intermediate product of producing negative 
events – grouped event sequence, and often interpreted together with its “negative 
counterpart” 𝑠𝐵𝑛 to give a relatively complete evaluation. Therefore, Behavioral Recall 𝑟𝐵

𝑝 is 
regarded as requiring negative examples as input. In the same vein, De Weerdt et al. define 
another metric Behavioral Precision (𝑝𝐵) [6], calculating how much of the classified positive 
events are truly existent in the event log, along with a comprehensive metric F-measure (𝐹𝐵) 
which provides an overall evaluation on both precision and recall dimension. Even though 
the recall and precision value can be obtained by other metrics like Advanced Behavioral 
Appropriateness (𝛼𝑆′ ), these metrics with supplemented artificial negative events claim to 
yield a more efficient evaluation, in terms of calculation; they also avoid the risk of running 
into state space explosion, which occurs to metrics like 𝛼𝑆′  when the model reaches a certain 
degree of complexity. 
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Appendix B - Models Used to Generate Artificial Event Logs 
 

 

Figure 34 Petri net model B1 
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Figure 35 Petri net model B2 – with length-1-loop and length-2-loop and recursion 
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Figure 36 Petri net model B3 – with extra branches. B4 has the same structure but invisible tasks, i.e. 

DUM1, DUM2, and DUM3, are not registered in the event log. 
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Figure 37 Petri net model B5 – with long distance dependency 
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Appendix C - Evaluation Results 
 

Table 9 Grouped Evaluation Result of FHM on B1 with AGNEs Negative Generation 

Event log 

Fm
easure_E 

G
m

ean_E 

BalancedAcc_E
 

Fm
easure_I 

G
m

ean_I 

BalancedAcc_I 

B1P01_??_??_M_01.mxml 0.8357 0.6091 0.6740 0.9948 0.9948 0.9948 
B1P01_??_??_M_02.mxml 0.8380 0.6144 0.6768 0.9902 0.9902 0.9903 
B1P01_??_??_M_05.mxml 0.8432 0.6307 0.6850 0.9756 0.9759 0.9762 
B1P01_??_??_M_10.mxml 0.8490 0.6449 0.6927 0.9631 0.9638 0.9645 
B1P01_??_??_M_20.mxml 0.8520 0.6570 0.6980 0.9654 0.9658 0.9659 
B1P01_??_??_M_50.mxml 0.8464 0.6495 0.6872 0.9318 0.9321 0.9324 
B1P01_??_??_X_00.mxml 0.8322 0.5986 0.6687 0.9999 0.9999 0.9999 
B1P02_??_??_M_01.mxml 0.8354 0.6063 0.6724 0.9950 0.9950 0.9950 
B1P02_??_??_M_02.mxml 0.8374 0.6104 0.6743 0.9898 0.9898 0.9899 
B1P02_??_??_M_05.mxml 0.8420 0.6300 0.6843 0.9754 0.9757 0.9760 
B1P02_??_??_M_10.mxml 0.8452 0.6379 0.6877 0.9629 0.9636 0.9642 
B1P02_??_??_M_20.mxml 0.8475 0.6457 0.6902 0.9642 0.9646 0.9648 
B1P02_??_??_M_50.mxml 0.8419 0.6305 0.6753 0.9327 0.9331 0.9334 
B1P02_??_??_X_00.mxml 0.8325 0.5979 0.6683 1.0000 1.0000 1.0000 
B1P05_??_??_M_01.mxml 0.8363 0.6115 0.6752 0.9943 0.9943 0.9943 
B1P05_??_??_M_02.mxml 0.8390 0.6184 0.6789 0.9896 0.9896 0.9897 
B1P05_??_??_M_05.mxml 0.8437 0.6384 0.6893 0.9750 0.9753 0.9756 
B1P05_??_??_M_10.mxml 0.8468 0.6405 0.6895 0.9629 0.9636 0.9643 
B1P05_??_??_M_20.mxml 0.8479 0.6486 0.6918 0.9653 0.9657 0.9660 
B1P05_??_??_M_50.mxml 0.8420 0.6299 0.6744 0.9339 0.9342 0.9344 
B1P05_??_??_X_00.mxml 0.8336 0.6042 0.6717 0.9998 0.9998 0.9998 
B1P10_??_??_M_01.mxml 0.8364 0.6169 0.6782 0.9952 0.9952 0.9952 
B1P10_??_??_M_02.mxml 0.8388 0.6246 0.6821 0.9899 0.9899 0.9900 
B1P10_??_??_M_05.mxml 0.8429 0.6342 0.6869 0.9755 0.9758 0.9761 
B1P10_??_??_M_10.mxml 0.8479 0.6515 0.6961 0.9631 0.9638 0.9645 
B1P10_??_??_M_20.mxml 0.8491 0.6622 0.7003 0.9639 0.9643 0.9646 
B1P10_??_??_M_50.mxml 0.8426 0.6497 0.6861 0.9334 0.9339 0.9341 
B1P10_??_??_X_00.mxml 0.8328 0.6044 0.6715 0.9999 0.9999 0.9999 
B1P20_??_??_M_01.mxml 0.8360 0.6111 0.6750 0.9950 0.9950 0.9950 
B1P20_??_??_M_02.mxml 0.8381 0.6205 0.6798 0.9901 0.9901 0.9902 
B1P20_??_??_M_05.mxml 0.8424 0.6317 0.6854 0.9754 0.9757 0.9760 
B1P20_??_??_M_10.mxml 0.8475 0.6511 0.6957 0.9627 0.9634 0.9641 
B1P20_??_??_M_20.mxml 0.8498 0.6591 0.6983 0.9623 0.9628 0.9631 
B1P20_??_??_M_50.mxml 0.8425 0.6459 0.6837 0.9322 0.9326 0.9330 
B1P20_??_??_X_00.mxml 0.8326 0.6022 0.6704 1.0000 1.0000 1.0000 
B1P50_??_??_M_01.mxml 0.8362 0.6142 0.6763 0.9952 0.9952 0.9952 
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B1P50_??_??_M_02.mxml 0.8380 0.6283 0.6837 0.9902 0.9902 0.9903 
B1P50_??_??_M_05.mxml 0.8429 0.6388 0.6892 0.9751 0.9754 0.9757 
B1P50_??_??_M_10.mxml 0.8466 0.6511 0.6952 0.9625 0.9632 0.9639 
B1P50_??_??_M_20.mxml 0.8483 0.6503 0.6928 0.9632 0.9637 0.9639 
B1P50_??_??_M_50.mxml 0.8411 0.6370 0.6778 0.9319 0.9323 0.9326 
B1P50_??_??_X_00.mxml 0.8321 0.5983 0.6681 1.0000 1.0000 1.0000 
 
 

Table 10 Grouped Evaluation Result of FHM on B1 with Noise Injection Negative Generation 

Event log 

Fm
easure_E 

G
m

ean_E 

BalancedAcc_E
 

Fm
easure_I 

G
m

ean_I 

BalancedAcc_I 

B1P01_??_??_M_01.mxml 0.9789 #DIV/0! #DIV/0! 0.9880 0.9880 0.9880 
B1P01_??_??_M_02.mxml 0.9779 #DIV/0! #DIV/0! 0.9833 0.9834 0.9834 
B1P01_??_??_M_05.mxml 0.9771 #DIV/0! #DIV/0! 0.9683 0.9687 0.9689 
B1P01_??_??_M_10.mxml 0.9831 #DIV/0! #DIV/0! 0.9427 0.9441 0.9451 
B1P01_??_??_M_20.mxml 0.9939 #DIV/0! #DIV/0! 0.8879 0.8932 0.8971 
B1P01_??_??_M_50.mxml 0.9988 #DIV/0! #DIV/0! 0.7488 0.7596 0.7657 
B1P01_??_??_X_00.mxml 0.9800 #DIV/0! #DIV/0! 0.9929 0.9928 0.9928 
B1P02_??_??_M_01.mxml 0.9778 #DIV/0! #DIV/0! 0.9874 0.9873 0.9873 
B1P02_??_??_M_02.mxml 0.9771 #DIV/0! #DIV/0! 0.9823 0.9824 0.9824 
B1P02_??_??_M_05.mxml 0.9769 #DIV/0! #DIV/0! 0.9670 0.9674 0.9676 
B1P02_??_??_M_10.mxml 0.9837 #DIV/0! #DIV/0! 0.9406 0.9422 0.9431 
B1P02_??_??_M_20.mxml 0.9939 #DIV/0! #DIV/0! 0.8843 0.8899 0.8941 
B1P02_??_??_M_50.mxml 0.9988 #DIV/0! #DIV/0! 0.7490 0.7624 0.7695 
B1P02_??_??_X_00.mxml 0.9791 #DIV/0! #DIV/0! 0.9919 0.9918 0.9918 
B1P05_??_??_M_01.mxml 0.9783 #DIV/0! #DIV/0! 0.9866 0.9866 0.9866 
B1P05_??_??_M_02.mxml 0.9776 #DIV/0! #DIV/0! 0.9817 0.9818 0.9818 
B1P05_??_??_M_05.mxml 0.9769 #DIV/0! #DIV/0! 0.9667 0.9671 0.9672 
B1P05_??_??_M_10.mxml 0.9835 #DIV/0! #DIV/0! 0.9405 0.9420 0.9430 
B1P05_??_??_M_20.mxml 0.9936 #DIV/0! #DIV/0! 0.8848 0.8900 0.8936 
B1P05_??_??_M_50.mxml 0.9987 #DIV/0! #DIV/0! 0.7494 0.7594 0.7679 
B1P05_??_??_X_00.mxml 0.9795 #DIV/0! #DIV/0! 0.9918 0.9917 0.9918 
B1P10_??_??_M_01.mxml 0.9764 #DIV/0! #DIV/0! 0.9873 0.9872 0.9872 
B1P10_??_??_M_02.mxml 0.9754 #DIV/0! #DIV/0! 0.9820 0.9820 0.9820 
B1P10_??_??_M_05.mxml 0.9756 #DIV/0! #DIV/0! 0.9670 0.9674 0.9675 
B1P10_??_??_M_10.mxml 0.9834 #DIV/0! #DIV/0! 0.9407 0.9422 0.9431 
B1P10_??_??_M_20.mxml 0.9938 #DIV/0! #DIV/0! 0.8858 0.8912 0.8948 
B1P10_??_??_M_50.mxml 0.9989 #DIV/0! #DIV/0! 0.7511 0.7627 0.7686 
B1P10_??_??_X_00.mxml 0.9779 #DIV/0! #DIV/0! 0.9916 0.9915 0.9915 
B1P20_??_??_M_01.mxml 0.9771 #DIV/0! #DIV/0! 0.9867 0.9867 0.9867 
B1P20_??_??_M_02.mxml 0.9757 #DIV/0! #DIV/0! 0.9823 0.9823 0.9823 
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B1P20_??_??_M_05.mxml 0.9753 #DIV/0! #DIV/0! 0.9672 0.9676 0.9677 
B1P20_??_??_M_10.mxml 0.9833 #DIV/0! #DIV/0! 0.9413 0.9429 0.9438 
B1P20_??_??_M_20.mxml 0.9938 #DIV/0! #DIV/0! 0.8841 0.8897 0.8936 
B1P20_??_??_M_50.mxml 0.9989 #DIV/0! #DIV/0! 0.7514 0.7616 0.7675 
B1P20_??_??_X_00.mxml 0.9788 #DIV/0! #DIV/0! 0.9921 0.9920 0.9921 
B1P50_??_??_M_01.mxml 0.9748 #DIV/0! #DIV/0! 0.9863 0.9862 0.9862 
B1P50_??_??_M_02.mxml 0.9738 #DIV/0! #DIV/0! 0.9814 0.9814 0.9814 
B1P50_??_??_M_05.mxml 0.9741 #DIV/0! #DIV/0! 0.9661 0.9665 0.9666 
B1P50_??_??_M_10.mxml 0.9831 #DIV/0! #DIV/0! 0.9403 0.9419 0.9427 
B1P50_??_??_M_20.mxml 0.9938 #DIV/0! #DIV/0! 0.8851 0.8905 0.8942 
B1P50_??_??_M_50.mxml 0.9989 #DIV/0! #DIV/0! 0.7526 0.7600 0.7650 
B1P50_??_??_X_00.mxml 0.9762 #DIV/0! #DIV/0! 0.9913 0.9912 0.9912 
 
 

Table 11 Grouped Evaluation Result of FHM on B2 with Noise Injection Negative Generation 

Event Log 
Fm

easure_E 

G
m

ean_E 

BalancedAcc_E
 

Fm
easure_I 

G
m

ean_I 

BalancedAcc_I 

B2P01_??_??_M_01.mxml 0.9920 #DIV/0! #DIV/0! 0.9218 0.9173 0.9192 
B2P01_??_??_M_02.mxml 0.9917 #DIV/0! #DIV/0! 0.9186 0.9146 0.9163 
B2P01_??_??_M_05.mxml 0.9911 #DIV/0! #DIV/0! 0.9046 0.9022 0.9032 
B2P01_??_??_M_10.mxml 0.9910 #DIV/0! #DIV/0! 0.8813 0.8815 0.8821 
B2P01_??_??_M_20.mxml 0.9925 #DIV/0! #DIV/0! 0.8313 0.8391 0.8415 
B2P01_??_??_M_50.mxml 0.9964 #DIV/0! #DIV/0! 0.7028 0.7133 0.7225 
B2P01_??_??_X_00.mxml 0.9925 #DIV/0! #DIV/0! 0.9246 0.9194 0.9217 
B2P02_??_??_M_01.mxml 0.9901 #DIV/0! #DIV/0! 0.9432 0.9392 0.9406 
B2P02_??_??_M_02.mxml 0.9898 #DIV/0! #DIV/0! 0.9388 0.9351 0.9363 
B2P02_??_??_M_05.mxml 0.9892 #DIV/0! #DIV/0! 0.9261 0.9237 0.9243 
B2P02_??_??_M_10.mxml 0.9892 #DIV/0! #DIV/0! 0.9034 0.9032 0.9034 
B2P02_??_??_M_20.mxml 0.9917 #DIV/0! #DIV/0! 0.8533 0.8590 0.8605 
B2P02_??_??_M_50.mxml 0.9974 #DIV/0! #DIV/0! 0.7210 0.7084 0.7161 
B2P02_??_??_X_00.mxml 0.9904 #DIV/0! #DIV/0! 0.9468 0.9422 0.9440 
B2P05_??_??_M_01.mxml 0.9907 #DIV/0! #DIV/0! 0.9363 0.9307 0.9326 
B2P05_??_??_M_02.mxml 0.9904 #DIV/0! #DIV/0! 0.9332 0.9284 0.9298 
B2P05_??_??_M_05.mxml 0.9896 #DIV/0! #DIV/0! 0.9184 0.9146 0.9154 
B2P05_??_??_M_10.mxml 0.9891 #DIV/0! #DIV/0! 0.8979 0.8968 0.8970 
B2P05_??_??_M_20.mxml 0.9909 #DIV/0! #DIV/0! 0.8485 0.8538 0.8551 
B2P05_??_??_M_50.mxml 0.9972 #DIV/0! #DIV/0! 0.7269 0.7242 0.7279 
B2P05_??_??_X_00.mxml 0.9912 #DIV/0! #DIV/0! 0.9404 0.9345 0.9366 
B2P10_??_??_M_01.mxml 0.9919 #DIV/0! #DIV/0! 0.9342 0.9284 0.9305 
B2P10_??_??_M_02.mxml 0.9916 #DIV/0! #DIV/0! 0.9293 0.9238 0.9256 
B2P10_??_??_M_05.mxml 0.9912 #DIV/0! #DIV/0! 0.9178 0.9140 0.9149 
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B2P10_??_??_M_10.mxml 0.9908 #DIV/0! #DIV/0! 0.8946 0.8935 0.8938 
B2P10_??_??_M_20.mxml 0.9918 #DIV/0! #DIV/0! 0.8490 0.8543 0.8556 
B2P10_??_??_M_50.mxml 0.9967 #DIV/0! #DIV/0! 0.7271 0.7318 0.7367 
B2P10_??_??_X_00.mxml 0.9923 #DIV/0! #DIV/0! 0.9375 0.9311 0.9336 
B2P20_??_??_M_01.mxml 0.9887 #DIV/0! #DIV/0! 0.9482 0.9447 0.9458 
B2P20_??_??_M_02.mxml 0.9882 #DIV/0! #DIV/0! 0.9452 0.9421 0.9430 
B2P20_??_??_M_05.mxml 0.9871 #DIV/0! #DIV/0! 0.9303 0.9282 0.9286 
B2P20_??_??_M_10.mxml 0.9866 #DIV/0! #DIV/0! 0.9085 0.9087 0.9088 
B2P20_??_??_M_20.mxml 0.9906 #DIV/0! #DIV/0! 0.8566 0.8626 0.8646 
B2P20_??_??_M_50.mxml 0.9980 #DIV/0! #DIV/0! 0.7322 0.7230 0.7270 
B2P20_??_??_X_00.mxml 0.9894 #DIV/0! #DIV/0! 0.9535 0.9498 0.9511 
B2P50_??_??_M_01.mxml 0.9885 #DIV/0! #DIV/0! 0.9468 0.9432 0.9443 
B2P50_??_??_M_02.mxml 0.9882 #DIV/0! #DIV/0! 0.9424 0.9394 0.9402 
B2P50_??_??_M_05.mxml 0.9870 #DIV/0! #DIV/0! 0.9310 0.9292 0.9295 
B2P50_??_??_M_10.mxml 0.9865 #DIV/0! #DIV/0! 0.9105 0.9111 0.9112 
B2P50_??_??_M_20.mxml 0.9897 #DIV/0! #DIV/0! 0.8609 0.8668 0.8687 
B2P50_??_??_M_50.mxml 0.9981 #DIV/0! #DIV/0! 0.7387 0.7363 0.7387 
B2P50_??_??_X_00.mxml 0.9892 #DIV/0! #DIV/0! 0.9503 0.9461 0.9476 
 
 
 

Table 12 Grouped Evaluation Result of FHM on B3 with Noise Injection Negative Generation 

Event log 

Fm
easure_E 

G
m

ean_E 

BalancedAcc_E
 

Fm
easure_I 

G
m

ean_I 

BalancedAcc_I 

B3P01_??_??_M_01.mxml 0.9900 #DIV/0! #DIV/0! 0.9333 0.9290 0.9304 
B3P01_??_??_M_02.mxml 0.9897 #DIV/0! #DIV/0! 0.9281 0.9242 0.9254 
B3P01_??_??_M_05.mxml 0.9892 #DIV/0! #DIV/0! 0.9151 0.9127 0.9134 
B3P01_??_??_M_10.mxml 0.9898 #DIV/0! #DIV/0! 0.8914 0.8913 0.8917 
B3P01_??_??_M_20.mxml 0.9923 #DIV/0! #DIV/0! 0.8392 0.8457 0.8480 
B3P01_??_??_M_50.mxml 0.9971 #DIV/0! #DIV/0! 0.7009 0.7089 0.7168 
B3P01_??_??_X_00.mxml 0.9904 #DIV/0! #DIV/0! 0.9365 0.9317 0.9333 
B3P02_??_??_M_01.mxml 0.9879 #DIV/0! #DIV/0! 0.9551 0.9525 0.9533 
B3P02_??_??_M_02.mxml 0.9876 #DIV/0! #DIV/0! 0.9506 0.9484 0.9489 
B3P02_??_??_M_05.mxml 0.9871 #DIV/0! #DIV/0! 0.9375 0.9363 0.9365 
B3P02_??_??_M_10.mxml 0.9877 #DIV/0! #DIV/0! 0.9129 0.9136 0.9138 
B3P02_??_??_M_20.mxml 0.9909 #DIV/0! #DIV/0! 0.8618 0.8680 0.8702 
B3P02_??_??_M_50.mxml 0.9976 #DIV/0! #DIV/0! 0.7288 0.7209 0.7251 
B3P02_??_??_X_00.mxml 0.9883 #DIV/0! #DIV/0! 0.9597 0.9569 0.9579 
B3P05_??_??_M_01.mxml 0.9922 #DIV/0! #DIV/0! 0.9312 0.9239 0.9263 
B3P05_??_??_M_02.mxml 0.9920 #DIV/0! #DIV/0! 0.9267 0.9198 0.9219 
B3P05_??_??_M_05.mxml 0.9917 #DIV/0! #DIV/0! 0.9136 0.9085 0.9098 
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B3P05_??_??_M_10.mxml 0.9918 #DIV/0! #DIV/0! 0.8895 0.8868 0.8875 
B3P05_??_??_M_20.mxml 0.9930 #DIV/0! #DIV/0! 0.8395 0.8439 0.8455 
B3P05_??_??_M_50.mxml 0.9963 #DIV/0! #DIV/0! 0.6987 0.7061 0.7148 
B3P05_??_??_X_00.mxml 0.9923 #DIV/0! #DIV/0! 0.9355 0.9278 0.9306 
B3P10_??_??_M_01.mxml 0.9885 #DIV/0! #DIV/0! 0.9560 0.9537 0.9544 
B3P10_??_??_M_02.mxml 0.9883 #DIV/0! #DIV/0! 0.9517 0.9496 0.9501 
B3P10_??_??_M_05.mxml 0.9877 #DIV/0! #DIV/0! 0.9375 0.9363 0.9365 
B3P10_??_??_M_10.mxml 0.9879 #DIV/0! #DIV/0! 0.9139 0.9146 0.9148 
B3P10_??_??_M_20.mxml 0.9907 #DIV/0! #DIV/0! 0.8583 0.8649 0.8673 
B3P10_??_??_M_50.mxml 0.9975 #DIV/0! #DIV/0! 0.7213 0.7075 0.7138 
B3P10_??_??_X_00.mxml 0.9889 #DIV/0! #DIV/0! 0.9611 0.9585 0.9594 
B3P20_??_??_M_01.mxml 0.9887 #DIV/0! #DIV/0! 0.9498 0.9462 0.9474 
B3P20_??_??_M_02.mxml 0.9884 #DIV/0! #DIV/0! 0.9460 0.9428 0.9437 
B3P20_??_??_M_05.mxml 0.9878 #DIV/0! #DIV/0! 0.9330 0.9311 0.9315 
B3P20_??_??_M_10.mxml 0.9879 #DIV/0! #DIV/0! 0.9091 0.9094 0.9096 
B3P20_??_??_M_20.mxml 0.9912 #DIV/0! #DIV/0! 0.8585 0.8647 0.8669 
B3P20_??_??_M_50.mxml 0.9970 #DIV/0! #DIV/0! 0.7229 0.7259 0.7295 
B3P20_??_??_X_00.mxml 0.9891 #DIV/0! #DIV/0! 0.9546 0.9507 0.9521 
B3P50_??_??_M_01.mxml 0.9886 #DIV/0! #DIV/0! 0.9509 0.9478 0.9487 
B3P50_??_??_M_02.mxml 0.9883 #DIV/0! #DIV/0! 0.9470 0.9443 0.9450 
B3P50_??_??_M_05.mxml 0.9877 #DIV/0! #DIV/0! 0.9341 0.9327 0.9329 
B3P50_??_??_M_10.mxml 0.9877 #DIV/0! #DIV/0! 0.9119 0.9127 0.9129 
B3P50_??_??_M_20.mxml 0.9904 #DIV/0! #DIV/0! 0.8599 0.8664 0.8688 
B3P50_??_??_M_50.mxml 0.9973 #DIV/0! #DIV/0! 0.7278 0.7292 0.7321 
B3P50_??_??_X_00.mxml 0.9890 #DIV/0! #DIV/0! 0.9557 0.9522 0.9535 
 

Table 13 Grouped Evaluation Result of FHM on B4 with Noise Injection Negative Generation 

Event Log 

Fm
easure_E 

G
m

ean_E 

BalancedAcc_E
 

Fm
easure_I 

G
m

ean_I 

BalancedAcc_I 

B4P01_??_??_M_01.mxml 0.9909 #DIV/0! #DIV/0! 0.9016 0.9004 0.9038 
B4P01_??_??_M_02.mxml 0.9907 #DIV/0! #DIV/0! 0.8976 0.8971 0.9002 
B4P01_??_??_M_05.mxml 0.9903 #DIV/0! #DIV/0! 0.8830 0.8839 0.8871 
B4P01_??_??_M_10.mxml 0.9902 #DIV/0! #DIV/0! 0.8540 0.8593 0.8639 
B4P01_??_??_M_20.mxml 0.9921 #DIV/0! #DIV/0! 0.8078 0.8187 0.8245 
B4P01_??_??_M_50.mxml 0.9964 #DIV/0! #DIV/0! 0.6820 0.6907 0.7041 
B4P01_??_??_X_00.mxml 0.9912 #DIV/0! #DIV/0! 0.9057 0.9042 0.9075 
B4P02_??_??_M_01.mxml 0.9906 #DIV/0! #DIV/0! 0.9331 0.9294 0.9307 
B4P02_??_??_M_02.mxml 0.9903 #DIV/0! #DIV/0! 0.9282 0.9248 0.9259 
B4P02_??_??_M_05.mxml 0.9899 #DIV/0! #DIV/0! 0.9151 0.9130 0.9136 
B4P02_??_??_M_10.mxml 0.9899 #DIV/0! #DIV/0! 0.8882 0.8888 0.8891 
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B4P02_??_??_M_20.mxml 0.9917 #DIV/0! #DIV/0! 0.8352 0.8416 0.8435 
B4P02_??_??_M_50.mxml 0.9965 #DIV/0! #DIV/0! 0.7032 0.7001 0.7082 
B4P02_??_??_X_00.mxml 0.9908 #DIV/0! #DIV/0! 0.9380 0.9340 0.9355 
B4P05_??_??_M_01.mxml 0.9911 #DIV/0! #DIV/0! 0.9315 0.9256 0.9274 
B4P05_??_??_M_02.mxml 0.9910 #DIV/0! #DIV/0! 0.9272 0.9217 0.9233 
B4P05_??_??_M_05.mxml 0.9905 #DIV/0! #DIV/0! 0.9135 0.9091 0.9101 
B4P05_??_??_M_10.mxml 0.9903 #DIV/0! #DIV/0! 0.8883 0.8868 0.8872 
B4P05_??_??_M_20.mxml 0.9916 #DIV/0! #DIV/0! 0.8378 0.8426 0.8440 
B4P05_??_??_M_50.mxml 0.9962 #DIV/0! #DIV/0! 0.7044 0.6989 0.7055 
B4P05_??_??_X_00.mxml 0.9913 #DIV/0! #DIV/0! 0.9352 0.9288 0.9310 
B4P10_??_??_M_01.mxml 0.9906 #DIV/0! #DIV/0! 0.9271 0.9229 0.9241 
B4P10_??_??_M_02.mxml 0.9904 #DIV/0! #DIV/0! 0.9219 0.9180 0.9190 
B4P10_??_??_M_05.mxml 0.9899 #DIV/0! #DIV/0! 0.9088 0.9062 0.9067 
B4P10_??_??_M_10.mxml 0.9898 #DIV/0! #DIV/0! 0.8851 0.8852 0.8855 
B4P10_??_??_M_20.mxml 0.9917 #DIV/0! #DIV/0! 0.8316 0.8385 0.8404 
B4P10_??_??_M_50.mxml 0.9964 #DIV/0! #DIV/0! 0.7007 0.7010 0.7099 
B4P10_??_??_X_00.mxml 0.9909 #DIV/0! #DIV/0! 0.9305 0.9257 0.9273 
B4P20_??_??_M_01.mxml 0.9887 #DIV/0! #DIV/0! 0.9447 0.9411 0.9422 
B4P20_??_??_M_02.mxml 0.9885 #DIV/0! #DIV/0! 0.9399 0.9366 0.9375 
B4P20_??_??_M_05.mxml 0.9879 #DIV/0! #DIV/0! 0.9249 0.9228 0.9232 
B4P20_??_??_M_10.mxml 0.9876 #DIV/0! #DIV/0! 0.9013 0.9012 0.9013 
B4P20_??_??_M_20.mxml 0.9903 #DIV/0! #DIV/0! 0.8495 0.8553 0.8571 
B4P20_??_??_M_50.mxml 0.9971 #DIV/0! #DIV/0! 0.7173 0.7010 0.7062 
B4P20_??_??_X_00.mxml 0.9891 #DIV/0! #DIV/0! 0.9500 0.9461 0.9474 
B4P50_??_??_M_01.mxml 0.9879 #DIV/0! #DIV/0! 0.9492 0.9460 0.9470 
B4P50_??_??_M_02.mxml 0.9875 #DIV/0! #DIV/0! 0.9459 0.9432 0.9439 
B4P50_??_??_M_05.mxml 0.9869 #DIV/0! #DIV/0! 0.9309 0.9292 0.9294 
B4P50_??_??_M_10.mxml 0.9869 #DIV/0! #DIV/0! 0.9074 0.9076 0.9077 
B4P50_??_??_M_20.mxml 0.9898 #DIV/0! #DIV/0! 0.8557 0.8619 0.8638 
B4P50_??_??_M_50.mxml 0.9977 #DIV/0! #DIV/0! 0.7246 0.7152 0.7187 
B4P50_??_??_X_00.mxml 0.9881 #DIV/0! #DIV/0! 0.9549 0.9516 0.9527 
 

Table 14 Grouped Evaluation Result of FHM on B5 with Noise Injection Negative Generation 

Event Log 

Fm
easure_E 

G
m

ean_E 

BalancedAcc_E
 

Fm
easure_I 

G
m

ean_I 

BalancedAcc_I 

B5P01_??_??_M_01.mxml 0.9897 #DIV/0! #DIV/0! 0.9347 0.9311 0.9322 
B5P01_??_??_M_02.mxml 0.9895 #DIV/0! #DIV/0! 0.9293 0.9259 0.9269 
B5P01_??_??_M_05.mxml 0.9892 #DIV/0! #DIV/0! 0.9156 0.9137 0.9141 
B5P01_??_??_M_10.mxml 0.9897 #DIV/0! #DIV/0! 0.8897 0.8903 0.8908 
B5P01_??_??_M_20.mxml 0.9922 #DIV/0! #DIV/0! 0.8406 0.8462 0.8480 
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B5P01_??_??_M_50.mxml 0.9964 #DIV/0! #DIV/0! 0.7053 0.6990 0.7056 
B5P01_??_??_X_00.mxml 0.9899 #DIV/0! #DIV/0! 0.9389 0.9350 0.9363 
B5P02_??_??_M_01.mxml 0.9890 #DIV/0! #DIV/0! 0.9442 0.9406 0.9417 
B5P02_??_??_M_02.mxml 0.9888 #DIV/0! #DIV/0! 0.9394 0.9362 0.9370 
B5P02_??_??_M_05.mxml 0.9884 #DIV/0! #DIV/0! 0.9272 0.9252 0.9255 
B5P02_??_??_M_10.mxml 0.9885 #DIV/0! #DIV/0! 0.8997 0.8999 0.9000 
B5P02_??_??_M_20.mxml 0.9908 #DIV/0! #DIV/0! 0.8431 0.8487 0.8505 
B5P02_??_??_M_50.mxml 0.9971 #DIV/0! #DIV/0! 0.7124 0.6923 0.7008 
B5P02_??_??_X_00.mxml 0.9894 #DIV/0! #DIV/0! 0.9485 0.9447 0.9460 
B5P05_??_??_M_01.mxml 0.9906 #DIV/0! #DIV/0! 0.9335 0.9289 0.9302 
B5P05_??_??_M_02.mxml 0.9904 #DIV/0! #DIV/0! 0.9299 0.9257 0.9268 
B5P05_??_??_M_05.mxml 0.9900 #DIV/0! #DIV/0! 0.9153 0.9124 0.9130 
B5P05_??_??_M_10.mxml 0.9901 #DIV/0! #DIV/0! 0.8908 0.8901 0.8903 
B5P05_??_??_M_20.mxml 0.9914 #DIV/0! #DIV/0! 0.8385 0.8444 0.8460 
B5P05_??_??_M_50.mxml 0.9965 #DIV/0! #DIV/0! 0.7096 0.6931 0.7007 
B5P05_??_??_X_00.mxml 0.9909 #DIV/0! #DIV/0! 0.9374 0.9325 0.9341 
B5P10_??_??_M_01.mxml 0.9884 #DIV/0! #DIV/0! 0.9425 0.9391 0.9401 
B5P10_??_??_M_02.mxml 0.9882 #DIV/0! #DIV/0! 0.9375 0.9343 0.9351 
B5P10_??_??_M_05.mxml 0.9877 #DIV/0! #DIV/0! 0.9233 0.9213 0.9216 
B5P10_??_??_M_10.mxml 0.9880 #DIV/0! #DIV/0! 0.8978 0.8981 0.8982 
B5P10_??_??_M_20.mxml 0.9910 #DIV/0! #DIV/0! 0.8462 0.8520 0.8536 
B5P10_??_??_M_50.mxml 0.9968 #DIV/0! #DIV/0! 0.7117 0.7079 0.7115 
B5P10_??_??_X_00.mxml 0.9887 #DIV/0! #DIV/0! 0.9459 0.9421 0.9433 
B5P20_??_??_M_01.mxml 0.9893 #DIV/0! #DIV/0! 0.9439 0.9407 0.9416 
B5P20_??_??_M_02.mxml 0.9890 #DIV/0! #DIV/0! 0.9393 0.9362 0.9370 
B5P20_??_??_M_05.mxml 0.9884 #DIV/0! #DIV/0! 0.9248 0.9228 0.9231 
B5P20_??_??_M_10.mxml 0.9884 #DIV/0! #DIV/0! 0.8995 0.8996 0.8997 
B5P20_??_??_M_20.mxml 0.9904 #DIV/0! #DIV/0! 0.8437 0.8507 0.8529 
B5P20_??_??_M_50.mxml 0.9972 #DIV/0! #DIV/0! 0.7097 0.6750 0.6899 
B5P20_??_??_X_00.mxml 0.9895 #DIV/0! #DIV/0! 0.9477 0.9440 0.9452 
B5P50_??_??_M_01.mxml 0.9900 #DIV/0! #DIV/0! 0.9426 0.9386 0.9398 
B5P50_??_??_M_02.mxml 0.9897 #DIV/0! #DIV/0! 0.9381 0.9346 0.9355 
B5P50_??_??_M_05.mxml 0.9892 #DIV/0! #DIV/0! 0.9242 0.9217 0.9221 
B5P50_??_??_M_10.mxml 0.9891 #DIV/0! #DIV/0! 0.8994 0.8988 0.8989 
B5P50_??_??_M_20.mxml 0.9901 #DIV/0! #DIV/0! 0.8462 0.8523 0.8540 
B5P50_??_??_M_50.mxml 0.9973 #DIV/0! #DIV/0! 0.7140 0.6935 0.7013 
B5P50_??_??_X_00.mxml 0.9902 #DIV/0! #DIV/0! 0.9466 0.9422 0.9437 
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Figure 38 Line Chart Grouped FHM Evaluation on B2 with Noise Injection Negative Generation 

 

 
Figure 39 Line Chart Grouped FHM Evaluation on B3 with Noise Injection Negative Generation 

 

 
Figure 40 Line Chart Grouped FHM Evaluation on B4 with Noise Injection Negative Generation 
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Figure 41 Line Chart Grouped FHM Evaluation on B5 with Noise Injection Negative Generation 

 
Figure 42 Grouped FHM Evaluation of Event Logs without Noise 

 
Figure 43 Grouped FHM Evaluation of Event Logs with 1% Noise 
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Figure 44 Grouped FHM Evaluation of Event Logs with 2% Noise 

 
Figure 45 Grouped FHM Evaluation of Event Logs with 5% Noise 

 
Figure 46 Grouped FHM Evaluation of Event Logs with 10% Noise 
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Figure 47 Grouped FHM Evaluation of Event Logs with 20% Noise 

 
Figure 48 Grouped FHM Evaluation of Event Logs of Imbalance Degree 0.02 

 
Figure 49 Grouped Evaluation of Event Logs of Imbalance Degree 0.05 
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Figure 50 Grouped Evaluation of Event Logs of Imbalance Degree 0.10 

 
Figure 51 Grouped Evaluation of Event Logs of Imbalance Degree 0.20 

 
Figure 52 Grouped Evaluation of Event Logs of Imbalance Degree 0.50 
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