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Abstract:

Process mining is a discipline, part of Business Process Management (BPM) that involves
analyzing business processes on the basis of event logs. Due to its potential benefits, process
mining has gained significant academic interest and hundreds of papers have been published
on the topic. In the scope of this paper, a Systematic Literature Review (SLR) was conducted
to ease the burden on business analysts by providing a clear, value-driven framework for
process mining use cases and providing an overview of papers that contribute to the value of
transparency, more specifically business process discovery. A total of 839 papers were
scanned and filtered throughout the SLR. 267 of these papers were identified to be about
process mining methods that contribute to the value of transparency and 183 of them were
about business process discovery. These 183 papers are analyzed in greater detail throughout
the thesis.
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1 Introduction

Business processes are what companies do whenever they deliver a service or a product to
customers (Dumas et al, 2013). Any combination of activities such as modeling, automation,
execution, optimization of business processes done in order to support enterprise goals is
known as Business Process Management (BPM) (Palmer, n.d.).

In the modern age of computers and software, business processes are controlled and
supported by online systems. These systems log each of the individual activities executed as a
part of business processes. The end result of such logging is an event log. Event logs consist
of traces, which capture a single instance of a business process implementation, also known
as a case. Each trace, in turn, contains individual, timestamped events or activities from the
business process.

Process mining is a discipline, part of Business Process Management (BPM) that involves
analyzing business processes on the basis of such event logs. Using process mining
techniques, it is possible for organizations to capture and analyze the actual execution and
performance of their processes. Due to its potential benefits, process mining has gained
significant academic interest. Hundreds of papers have been published on the topic, making it
harder for business analysts to identify (1) the prominent use cases of process mining
methods and (2) what business-oriented questions such methods can address.

This paper aims to answer the following research questions:
RQ1: “What are the main use cases for existing process mining methods?”

RQ2: “What business-oriented questions do existing process mining methods
address?”

By answering these questions, the final goal is to ease the burden on business analysts by
providing more information about what questions each of the process mining methods
addresses and helping them find the most suitable process mining method for their use cases.

In order to reach the thesis goals, a systematic literature review was conducted according to
the guidelines presented by Kitchenham (2004). Academic publications related to process
mining methods and techniques were gathered from electronic databases using search strings.
The initial total of 2293 papers was filtered out to a final of 839 papers. A Value-Driven
framework for process mining use cases was developed that maps out the business values that
BPM can help organizations achieve. This paper mainly focuses on analyzing 183 out of 267
papers that focus on the value of transparency in terms of business process model discovery.

The remainder of this paper is organized as follows: section 2 will present the Systematic
Literature Review protocol; section 3 will introduce the Value-Driven BPM framework for
process mining use cases, while section 4 will describe SLR results in better detail, focusing
on the value of transparency. Finally, Section 5 concludes the thesis.



2 Systematic Literature Review Protocol

This section provides an overview of the SLR protocol used and iterates on the main research
questions that the SLR answers.

This paper aims to bring more clarity to the process mining methods, what enterprise values
they help to achieve and what business-oriented questions do they address. To that end, two
research questions (RQ) were defined. The first research question (RQ1) aims to identify and
categorize possible use cases of process mining methods and it is defined as: “What are the
main use cases for existing process mining methods?”. The second research question (RQ2)
aims to elicit specific business-oriented questions that the identified process mining methods
address. RQ2 is defined as follows: “What business-oriented questions do existing process
mining techniques address?”

In order to answer these research questions, an SLR was conducted. SLR follows the
guidelines for a literature review defined by Kitchenham (2004) and Webster and Watson
(2002). With the SLR, existing research work was collected and analyzed. The SLR consists
of planning, execution, and reporting (Kirchenham, 2004). This section will include the
planning and execution phases of the conducted SLR.

In order to find relevant papers, SLR was divided into two parts. The first part involves
searching for similar, SLR-type papers on specific process mining methods. Such papers
include, for example, SLR on Process Discovery conducted by Augusto, Conforti et al.
(2018). Similarly, SLRs on Conformance Checking (Dunzer, Stierle, et al., 2019) and
Predictive Monitoring (Di Francescomarino, Ghidini, et al., 2018). Each of these SLRs
contains a list of final papers, which have been extracted for the current SLR. The second part
of the SLR involves the papers that have applied process mining methods to real-life event
logs.

The papers from two parts of the SLR were merged together and content screening was
applied to them. Both parts of the SLR follow the same guidelines as proposed by
Kitchenham (2004) and Webster and Watson (2002). The steps include developing search
strings, identifying search sources, filtering the results according to predefined criteria,
identifying additional relevant papers through backward referencing, and extracting data
according to a predefined form.

2.1 Planning

This section provides a more detailed description of the planning and execution steps
conducted during the SLR.

The planning phase of the SLR mainly includes search string development, search sources
identification, selection criteria, and data extraction criteria definition. The search strings
were derived based on the research questions and the scope of the study, as directed by
Kitchenham (2004) and Kitchenham, Mendes, et al. (2007).

2.1.1 Search Strings

Since the first part (SLR review) of the SLR aims to gather SLR-type work on process
mining, the search string applied was (“process mining” AND “systematic literature
review”). However, several known process mining use cases, such as concept drift, have not
been systematically reviewed. Furthermore, SLR may not cover all publications. Therefore,
the search strings for the second part (PM review) were derived from the research questions.
The term “process mining” was derived from the scope of the SLR. In addition, “workflow



mining” was also included in the search string as this term is often used interchangeably for
“process mining”. “real-life”, “real-world” and “case study” were also included in the search
string based on the scope of this SLR, since the goal is to find process mining techniques that
are applicable to real-life event logs. Based on the above terms, the following search strings

were formulated.

e STI: (“process mining” AND “real-life”)

e ST2: (“process mining” AND “real-world”)

o ST3: (“process mining” AND “case study”)

e ST4: (“workflow mining” AND “real-life”)

e ST5: (“workflow mining” AND “real-world”)
e ST6: (“workflow mining” AND “case study”)

2.1.2 Search Sources — Electronic Databases

The next step for the SLR planning is to define where the papers will be searched for. That is
to say, defining specific search sources and electronic databases where the papers will be
extracted from. As per Levy and Ellis (2006) and Bereton, Kitchenham et al. (2007), search
sources were restricted to electronic databases in the field of computer science. As a result,
Scopus and Web of Science were the chosen databases as they include information on where
the most research on process mining is published.

2.1.3 Selection Criteria

This section defines the selection criteria for the SLR. By defining exclusion criteria (EC)
and Inclusion Criteria (IC), it is possible to make paper selection reproducible. These criteria
allow for filtering all the search result papers in order to end up with a more relevant and
fruitful list. The following subsections define inclusion and exclusion criteria according to the
guidelines suggested by Fink (2019).

2.1.3.1 Exclusion and Inclusion Criteria for SLR Review

In order to filter out the initial list of discovered papers, exclusion and inclusion criteria were
defined. The first exclusion criterion (EC1) aims to remove duplicates. As suggested by
Kofod-Petersen (2012), both exact duplicates - papers with the same title from the same
authors appearing in different digital libraries - and version duplicates - papers from the same
authors with approximately the same title - were removed. From the version duplicates, the
most recent work was kept.

The next exclusion criteria aim to filter out the papers that are not understandable or
accessible. To that end, the second exclusion criterion (EC2) aims to remove papers that are
not in English and the third exclusion criterion (EC3) aims to eliminate papers that are not
available in digital libraries or have extra restricted access (cannot be accessed by the
University subscription).

As for the inclusion criteria, the first inclusion criterion makes sure that the found work is
actually focused on process mining. For example, one of the search hits was a paper by



Badakhshan et al., (2019), which is an SLR about Business Process Management. While the
paper mentions the concept of process mining, it is not the primary focus.

The last inclusion criterion (IC2) is about keeping only the papers that conducted an SLR on
a specific process mining use case. For example, papers such as the ones about the evaluation
of process mining algorithms by Naderifar et al., (2019) were excluded.

To summarize, the defined criteria for the first part, the SLR review, are as follows.

e ECI: Is the SLR study a duplicate?

e EC2: Is the SLR study in English?

e EC3: Is the SLR study digitally accessible?
e [Cl1: Is the SLR study on process mining?

e IC2: Does the SLR study specify process mining use case?

2.1.3.2 Exclusion and Inclusion Criteria for PM review

The exclusion criteria that apply for the first part (SLR review) are the same for the second
part (PM review). In addition, the papers that are less than 5 pages were excluded, since they
do not contain enough information for analysis. This is the last exclusion criterion (EC4).

As a result, the defined exclusion criteria for the second part, the PM review, are as follows.

e ECI: Is the paper a duplicate?

e EC2: Is the paper in English?

e EC3: Is the paper digitally accessible?
e EC4: Is the study less than 5 pages?

Next, the inclusion criteria were defined in order to only keep relevant work. The papers that

are not within the scope of process mining, such as papers about the mining of minerals were
excluded (IC1).

The second inclusion criterion (IC2) aims to only keep the papers that apply process mining
to real-life event logs. In addition to being applied to real-life logs, it is important that the
discussed process mining methods are valuable and applicable to industry (business) needs
(IC3). This criterion excludes papers that discuss process mining applications that are not
related to business, such as comparing the capabilities of discovery algorithms to manage
noisy event logs (Nuritha, Mahendrawathi, 2019). The last inclusion criterion (IC4) aims to
only keep the papers that describe business case setting in enough detail so as to elicit the
business questions being addressed.

The resulting list of the inclusion criteria for the PM review is as follows.

o [Cl: Is the study within the domain of process mining?
e [C2: Does the study apply the process mining technique to a real-life event log?

e [C3: Does the study use the process mining technique to address a business need?
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e [C4: Does the study sufficiently describe the case setting so as to elicit the questions

being addressed?

2.1.4 Data Extraction

The last step in planning the SLR is data extraction. This step aims to define an objective
form of data extraction in order to reduce the bias opportunity (Kitchenham, 2004).

The data extraction form was developed according to the suggestions by Fink (2019) and
Okoli (2015). The data extraction step consists of two parts - extracting paper metadata and
extracting data about process mining use case and the questions being addressed by a process
mining technique. The first, metadata extraction part involves extracting paper ID, title,
authors, and publication year.

2.2 Execution

This section describes the execution of the planning steps described in section 4.1. Searches
were conducted in February 2020.

Application of the search string for the first part (SLR review) resulted in 132 hits from the
Scopus database and 61 hits from Web of Science. Hence, the total number of candidate
papers for the SLR review is 193. With the exclusion criteria, only 60 papers were kept. The
first inclusion criterion (IC1) resulted in removing another 15 papers, while IC2 removed an
additional 26 papers. This process finally resulted in 19 remaining papers. By applying
backward and forward referencing, 2 additional papers were discovered, taking a total list of
SLR works to 21.

Data extraction for the SLR review involved extracting all the studies included in the final list
of these 21 SLR publications. These results were later merged with the PM review papers. A
total of 702 papers were extracted from the 21 SLR publications.

For the PM review (second part), applying the search strings resulted in 1021 hits from the
Scopus database and 570 hits from Web of Science. This total of 1591 hits was combined
with the 702 papers from the SLR review, bringing the full list to 2293 papers. the initial
phase of cleaning filtered 91 papers out. With EC1, 889 duplicates were found and removed
and another 109 papers were removed for EC4 (study less than 5 pages). This resulted in a
total of 1204 papers. IC1 filtered out another 80 publications, while IC2, IC3, and IC4
removed a total of 316 papers. This process ended up in a total of 808 papers. Applying
forward and backward referencing identified an additional 21 papers, bringing the total
number of papers to 839. Out of these 839, 267 papers fell under transparency, out of which
183 papers about process model discovery were summarized in this work.

Figure 1 shows the number of papers included in each category relevant to the scope of this
work.
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Figure 1. Paper Selection Process

Figure 2 shows the distribution of resulting papers included in SLR by the year of their
publishing.
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Figure 2. Publications Distribution Over Years

The complete list of selected papers is provided as supplemental material and can be accessed
from a public link'. This section has provided an overview of the SLR protocol. The results
of the SLR will be discussed in the following sections.

! https://drive.google.com/file/d/12lm47aE03QLtz-10BOOY4yyfQR_p8MAT/view?usp=sharing
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3 Value-Driven Framework

This section will introduce a value-driven framework for process mining use cases. The
overall structure and description of the framework, as well as its threats to validity, are
presented. In addition, the main use cases of process mining methods and the questions such
methods address are discussed.

Value-Driven BPM (VBPM) maps out six main corporate values that organizations engaged
in BPM try to achieve. These six values are efficiency, quality, compliance, agility,
integration, or networking. At the core of all of these values lies transparency. Transparency
here relates to the clarity of process executions inside organizations. “Only an organization
that has a shared understanding of its processes can start reflecting on better ways to design
and operate them” (Franz and Kirchmer, 2013). Hence, transparency is essential for VBPM.

As already mentioned, organizations engage in BPM in order to achieve one or many values
out of efficiency, quality, compliance, agility, integration, or networking. Organizations
concerned with increasing efficiency focus on their business processes and optimizing them
in order to achieve efficiency gains. One of the specific examples for this could be finding
and eliminating waste in the process. On the other hand, some organizations might choose
quality over efficiency. Such companies utilize BPM techniques to link process executions to
the final output (quality) of the product or service.

Similarly, organizations that are subject to strict regulatory requirements have prioritized the
value of compliance. Such organizations aim to standardize their processes so that there are
fewer drifts from the main process flow and hence, fewer compliance problems. One of the
examples of such organizations could be a pharmaceutical company. Such companies have
very strict regulatory rules on the processes, as well as the end product of their processes.
They can gain a lot of value from process standardizations. On the other hand, some
companies value agility more. They gain more value by being flexible and changing the
process flow as the business requirements change. One example of such an organization
could be a seaside hotel that has a boom in demand during summer but experiences a
decrease during winter months. Agility is the core value that keeps such businesses
profitable.

The remaining two values are networking and integration. Integration involves integrating
internal resources such as employees into the planning and design of business processes,
while networking focuses on the external partners and resources for the same goal (Franz and
Kirchmer, 2013).

Since VBPM is based on interviews and surveys with actual organizations, it best captures
the values that such companies aim to achieve via BPM. Since the goal of this paper is to
categorize process mining use cases in order to help business analysts and organizations in
achieving their enterprise goals, VBPM is a fair starting point for the proposed framework.
Also, VBPM allows keeping the focus on actual enterprise values that BPM helps to achieve
rather than the specific phases of BPM lifecycle or process mining methodologies.

The following subsection will describe in detail the proposed framework and how it builds
upon the VBPM framework described above.
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3.1 Structure of the Framework

The proposed value-driven framework for process mining use cases builds upon the
aforementioned VBPM framework in order to best categorize process mining use cases. The
proposed framework consists of two parts to clearly align with the research questions. Hence,
the first part of the framework is concerned with eliciting and categorizing the main use cases
of process mining, while the second part includes specific questions that the existing process
mining methods address. The first part (categorization of main use cases) is based on the
value-driven management of business processes introduced by Franz and Kirchmer (2013).

Since the proposed framework is based on the VBPM framework, it uses the same enterprise
values to categorize the main process mining use cases. Two values, integration and
networking are excluded from the framework since process mining cannot significantly
benefit any of these values. As already mentioned, integration is about involving and
integrating internal resources such as employees into the process planning and design, while
networking does the same with external resources. While process mining can be useful in
discovering and designing business models, the involvement and accessibility to these models
are out of the scope.

The proposed framework groups process mining use cases into quality, agility, conformance,
efficiency, and transparency values.

Transparency includes process mining methods such as Discovery, Model Repair, Model
Enhancement, Social Mining Network, Goal Modelling, and Rule Mining. All of these
methods enhance transparency over business processes. For example, process Discovery is all
about discovering or building a process model based on event logs. Model Repair involves
improving on the discovered process models to better reflect the actual execution of the
process. Model Enhancement means adding data to the process models. Social Mining
Network draws the link between the resources of a business process. Goal Modelling or Goal
Mining describes the relationships between process goals. Rule Mining is about defining the
business rules that affect the path that the business process takes.

Process mining methods under the value of efficiency include methods that analyze process
execution data and draw conclusions about the performance of the processes. It also includes
methods such as Process Performance Optimization which helps draw insights on how to
improve and optimize process performance and efficiency.

Process mining methods that help enhance quality include Variant Analysis and Deviance
Mining. Variant Analysis involves comparing different variants of the same process to each
other, while Deviance Analysis allows identifying reasons for deviations during the process
execution.

Two process mining methods are included in the compliance category. These methods are
Conformance Checking and Compliance Monitoring. Conformance Checking involves
comparing an actual process execution with a predefined process model. Compliance
Monitoring is an ongoing process of monitoring process executions that are non-compliant
with predefined rules and constraints.

Lastly, process mining methods that help enhance agility include Predictive Monitoring,
Concept Drift, and Perspective. Predictive Monitoring is about trying to predict outcomes of
ongoing process executions. Concept Drift describes how process executions differ over time.
Perspective involves suggesting specific actions to take for ongoing process execution in
order to achieve desired outcomes.

12



Figure 3 provides a high-level view of the proposed framework. As described, the process
mining methods are categorized into values of transparency, agility, efficiency, compliance,
and quality. Each value contains a list of methods that help enhance the value. For example,
Variant Analysis helps enhance quality for an organization. Then, in alignment with research
questions, the questions that these process mining methods address are defined along with
brief descriptions and references to the papers. For example, for Social Mining Network, the
question defined is “what are the relationships between the resources of a business process?”

. Agility
Quality Predictive Monitoring
Variant Analysis Concept Drift
Deviance Analysis Prescriptive

Transparency
Discovery
Model Enhancement
Social Mining Network
Goal Modelling
Decision Mining

Eﬁicier&

Compliance
Conformance Checking
Compliance Monitoring

Perforn%

Figure 3 Value-Driven Framework For Process Mining Use Cases

The questions that process mining methods under a transparency address are usually
descriptive from the business process model perspective (Discovery). They also try to
describe relationships between resources or process goals (Social Mining Network and Goal
Modelling) or improve upon discovered process models (Model Enhancement and Model
Repair).

Process mining methods under efficiency quantitatively describe actual process behavior. In
addition, these methods can also address comparative questions, as well as the cause of the
differences (e.g. Deviance Mining).

Similarly, process mining methods under compliance address questions that describe and
compare business process executions to each other, and are also able to detect where, how,
and why the actual behavior differs from the initially designed process.

Methods under agility also address descriptive questions, but in some cases (Prescriptive) can
also improve upon descriptions and comparisons in order to come up with a recommended
action.

3.2 Threats to Validity

This section describes the potential threats to validity of a proposed framework for
categorizing process mining methods.

13



Since the proposed framework is elicited based on a Systematic Literature Review (SLR),
typical SLR inaccuracy threats apply. These might include bias during the filtering of papers,
inaccuracies during data extraction, etc.

In order to avoid such threats as much as possible, the SLR was conducted based on the
guidelines described by Kitchenham (2004) and Webster and Watson (2002). In particular,
well-known electronic databases were used for finding the relevant work, and backward
referencing was conducted in order to avoid the inaccurate exclusion of relevant papers. In
addition, the SLR protocol is presented in order to ensure replicability. It must be noted that,
due to the updates to the search algorithms or databases, possible deviations in results are
expected when trying to replicate the protocol.
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4 Systematic Literature Review Results

Process model discovery is one of the process mining use cases that falls under the
transparency value. Since the process models can be either procedural, declarative, or the
hybrid of the two, business-oriented questions that this use case answers have been divided
into three parts.

This section provides an overview of how different works have answered the
business-oriented question “How are the instances of a business process executed?”” Different
aspects related to this question are discussed in the following subsections.

4.1 Procedural Model Discovery

Procedural process models are a type of process models that aim to precisely describe the
control flow of business processes. In procedural process models, all activities included in a
process are present and organised so as to describe the process flow best.

Different aspects of procedural process discovery are presented in the following subsections.

4.1.1 Artifact-centric

Artifact-centric process models aim to describe complex processes as a collection of
interacting artifacts (van Eck, Sidorova, and van der Aalst, 2017).

In (van Eck, Sidorova, and van der Aalst, 2017) the focus is on how discovered artifacts are
related to each other. Moreover, the paper provides the ways of visualization and qualification
of the interactions between the discovered artifact-centric models. The approach was
implemented as a ProM plug-in.

Enterprise resource planning (ERP) systems are often used in business processes
management to manage business documents and record event data. Lu, Nagelkerke, Wiel,
and Fahland (2015) present the discovery of artifact-centric process models from ERP
systems. Specifically, the work elicits the life cycle of business objects and their interaction.
The approach was validated as a part of the case studies.

Artifact-centric process model discovery brings notable benefits. However, many process
mining methods cannot be used directly, as they serve monolithic modeling. Popova,
Fahland, and Dumas (2015) present a method for automated discovery of artifact-centric
process models. The approach interprets the problem so that it becomes possible to use an
already existing wide range of (non-artifact-centric) process model discovery methods.

According to Popova and Dumas (2014), synchronization conditions arise in artifact-centric
processes, consisting of groups of interacting artifacts, each with its life cycle. In the model
discovery process, methods are designed to find synchronization conditions over a finite,
size-fixed set of events. Although discovery methods fail to handle the challenge of obtaining
synchronization conditions when a set of events has variable size. Popova, & Dumas (2014)
propose a method to discover such synchronization conditions from event logs.

Eck, Sidorova, and Van Der Aalst. (2018, June) consider that very often the main focus of
artifact-centric process discovery is on the representation of the artifacts. Therefore the
paper’s objective is to provide a strategy to discover interactions between correlated
behaviors in artifacts and analyze their performance. The solution has been evaluated using
real-life data and has been implemented as a ProM plug-in.
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4.1.2 Business Process Model and Notation (BPMN)

Procedural business process models can be represented in several different ways. BPMN is
the standard notation for representing business process models. Discovering process models
from event logs is one problem but representing the discovered models in a standard and
understandable way is another. This subsection will present the works that have tackled the
problem of process model discovery in the scope of BPMN.

The tradeoff in discovering process models from event logs is between the model accuracy
and the structural complexity (Augusto, Conforti, Dumas, La Rosa and Bruno, 2018). The
approach presented in (Augusto, Conforti, Dumas, La Rosa and Bruno, 2018) states to
discover accurate process models first and then structure them. After conducting an
experimental evaluation on real-life and synthetic logs, the discover-and-structure approach
proved itself to be effective from an accuracy and structural complexity perspective.

Kalenkova, Burattin, Leoni, Aalst, and Sperduti (2018) introduce an approach for discovering
multi-perspective hierarchical BPMN models. The paper integrates various process mining
techniques. The objective of the work is to fill the gap between consolidated process mining
techniques and a wide range of BPMN-compliant tools.

For automated discovery of BPMN models, the technique, BPMN miner, is presented in
(Conforti, Dumas, Garcia-Bafiuelos, and La Rosa 2016). Compared to existing model
discovery techniques, the BPMN miner is able to detect and filter out noise in the event log.
Thus models become more accurate and simpler. The validation of the proposed technique
was done on synthetic logs.

Augusto, Conforti, Dumas, La Rosa, and Polyvyanyy (2018) describe an automated process
discovery method, Split Miner, that discovers BPMN models from event logs. The paper
claims that the technique has a faster execution time compared to other modern discovery
methods. The models discovered by the Split miner have low complexity of branches and
high fitness and precision. It is worth noting that Split Miner produces deadlock-free process
models with concurrency if it is not restricted to building block-structured process models.

BPMN miner 2.0, a technique for discovering BPMN models, is presented by Conforti,
Augusto, La Rosa, Dumas, and Garcia-Banuelos (2016). The method takes a log in XES
format as input and discovers the BPMN process model. BPMN miner 2.0 is available as a
standalone Java tool and a ProM and an Apromore plugin. The paper would be interesting for
process mining researchers as well as for those who are involved in process mining
employing BPMN.

The process discovery technique discussed by Wang, Wen, Yan, Sun, and Wang (2015) works
on event logs that do not contain attributes such as primary key and foreign key. The
technique builds BPMN models with sub-processes and multi-instance markers with event
logs containing fewer event attributes. The experimental evaluation of the proposed method
was done on synthetic and real-life logs.

The framework proposed in (Al-Ali, Cuzzocrea, Damiani, Mizouni, and Tello 2019) states
that there is no one-to-one mapping between process model activities and event logs, instead,
they are on different levels. The method uses machine learning to map low-level event logs to
high-level activities. The framework was extended with a BPMN translator. The approach
was validated with case studies with real-life data.
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4.1.3 Patterns

In addition to discovering specific process models from event logs, process mining can be
useful to discover patterns from available logs. This process is known as pattern mining and
works related to it are presented in this subsection.

Leemans, and Van Der Aalst (2015) focus on pattern mining. The paper states that for a wide
range of process mining techniques process instances play a crucial role. On the other hand,
pattern mining does not favor it. The work presents an approach that discovers a recurrent
group of events from event logs and considers the fact that events are related to process
instances. The solution has been evaluated using real-life data and the ProM plug-in has been
developed.

In the business processes, one can find broad repeated activities, patterns. Instead of detecting
such patterns manually, the approach presented in (Ferreira, and Thom, 2012) seeks to make
this process automatic. For discovering patterns the method uses semantic annotations of the
event logs. The proposed solution was tested as a part of the case study.

The streaming process discovery algorithm, namely StrProM, is presented by Hassani,
Siccha, Richter, and Seidl (2015). StrProM discovers sequential patterns from the stream by
building prefix trees. The method continuously updates trees. The trees are used for
generating the model. The approach was evaluated using real-world data and showed
promising results from a quality and performance perspective.

Li, Bose, and Van Der Aalst (2011) propose an approach that improves model discovery by
considering context-dependent patterns selected by users and creating a hierarchical process
map. The patterns are used to fetch event data at a higher abstraction level. The method has
been tested with real-life logs and integrated with ProM.

Deeva, and Weerdt (2019) propose a local pattern mining approach to deal with the challenge
of expressing complex and unstructured processes with an understandable process model.
The purpose of the technique is to enlarge specific parts of data and make local pattern
detection in the area. Moreover, there is a discussion about how to use the method to avoid
expensive tasks, such as discovering all available patterns and how to deal with unstructured
data.

4.1.4 Online

A large number of process modeling methods are working on the uninterrupted data.
However, when events are coming at a high rate, the model requires continuous updates.
Process model discovery technique that is able to handle real time, continuous stream of
event logs is known as online process discovery.

A large number of process modeling methods are working on the uninterrupted data.
However, when events are coming at a high rate, the model requires continuous updates.
Thus, the approach for discovering the business process model online is presented by Leno,
Armas-Cervantes, Dumas, La Rosa, and Maggi (2018). Compared to other online discovery
methods, which exploit a large amount of memory to maintain a model's clarity, the approach
uses cache memory management to deal with the memory constraint and maintain accurate
results.

Redlich, Molka, Gilani, Blair, and Rashid (2014) state that business processes are changing

rapidly in contemporary organizations, which produce hundreds of events per second. The
approach discussed in Redlich, Molka, Gilani, Blair, & Rashid (2014) proposes different
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modifications for the Constructs Competition Miner (CCM), which will enable the method to
discover a run-time process model from data streams.

Evolving organizations require their systems to be able to adapt quickly to changing
environments. Burattin, Sperduti, and Van Der Aalst (2012) propose a framework that can
modify the Heuristics Miner to use the algorithm for model discovery from streams. The
evaluation was done on real-life and synthetic logs. The Stream-aware Heuristics Miner was
implemented in ProM.

Burattin, Sperduti, and Van Der Aalst (2014) focus on control-flow discovery from a stream
of event data. The paper describes the ways of adapting Heuristics Miner to runtime
discovery. The approach was tested on real and artificial logs.

Discovering process models from event streams, as (Zelst, Dongen, and Van Der Aalst, 2017)
states, brings challenges and opportunities. One of the challenges is how to handle unlimited
data with restricted memory. The paper proposes a generic architecture for lifting process
discovery to the streaming domain. The approach was evaluated and implemented in ProM.

Examination of learning processes and providing knowledge of the processes online is
Okoye, Tawil, Naecem, and Lamine (2016)’s primary target. For improved model discovery,
data is extracted from learning execution environments and is transformed into an executable
format for mining. The study describes a semantic process mining approach that enriches
event data from learning processes. The method is able to predict individual learning patterns
and outcomes through further semantic analysis of the discovered models.

In the companies where process mining activities are recurrent (e.g., twice a month), event
logs are extracted from information systems by process mining tools, and processes are
analyzed. For discovering a model, extracted data should go through a preprocessing step.
The challenge is that growing data increases the data preprocessing time. In (Syamsiyah,
Dongen, and Van Der Aalst, 2018) discussion is about the environments where event data can
be extracted in real-time, and every generated log is preprocessed. As a result, data would be
ready for analysts to take further steps. The approach was integrated with ProM and was
tested on real-life logs.

4.1.5 Error handling

Real-life event logs often do not include explicit references that either the process was
cancelled or an error occurred during execution. In order for process discovery to be precise,
such errors and cancellation regions should be properly handled.

(Leemans, and Van Der Aalst, 2017) and (Kalenkova, and Lomazova, 2014) focus on
cancellation features and propose a process discovery method that examines cancellation
regions from event logs. For example, if a bank loan request was canceled, the system needs
to handle such cases and produce appropriate logs. The methods discussed in the papers are
oriented to equip the model with cancelation features. The approach presented in Leemans &
Van Der Aalst (2017) was evaluated using real-life logs and was implemented as a ProM
plugin.
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4.1.6 Sub-processes

Large and complex business processes can be made more understandable by utilizing
subprocesses. Subprocesses are easier to model and understand manually but automating their
discovery is a challenge.

Nguyen, Dumas, Hofstede, La Rosa, and Maggi (2019) discuss an automated stage-based
discovery method from event logs to avoid the discovered process model being flat. The
method first identifies process stages from event logs and then discovers the model. The
approach is compared with a basic divide-and-conquer technique. The divide-and-conquer
technique, when applied to real-life logs, produces complex models. The method described in
the report outperforms the divide-and-conquer approach concerning model accuracy and
complexity.

Identifying potential bottlenecks in the business processes and getting performance analysis
from the discovered model is Dongen, and Adriansyah (2010)’s primary focus. A clustering
algorithm was proposed for discovering the model from event data. The model discovered by
the method has nodes that are in many-to-many relationships with activities. Finally,
performance information was projected onto the derived model. The approach has been
validated on real-life logs.

Conforti, Dumas, Garcia-Bafiuelos, and La Rosa (2016) present the technique called BPMN
miner for automated discovery of BPMN models. The method identifies a process-subprocess
hierarchy from the event data. Models are discovered according to the derived order of
processes(parent, subprocess). The BPMN miner can detect and filter out noise from event
data. As a result, models become more accurate and more straightforward. The technique was
validated on synthetic logs.

According to Nguyen, Dumas, ter Hofstede, La Rosa, and Maggi (2017, June), the primary
challenges for process mining techniques are clarity and scalability. A common approach is to
decompose processes into stages to mine each set of stages separately. However, when the
process mining methods are confronted with real-world data, decomposed stages are far from
the desired results. The paper proposes a method that does the decomposition of processes
with high modularity. An evaluation of real-life event logs showed that the approach is close
to manual decomposition that analysts would produce manually.

Nguyen, La Rosa, Dumas-Menijvar, and ter Hofstede (2017) discuss an approach based on
business process stages. Stages can be considered as sub-processes. The paper states that
dividing processes into stages can improve existing process mining techniques.

The hierarchical division of business processes presented in Molka, Redlich, Drobek, Zeng,
and Gilani (2015) can help build more domain-specific models preferred by analysts. The
paper focuses on discovering Business Process Model Notation (BPMN) models and on
evolution strategies to mine domain models. The approach contributes to evolutionary
algorithms, which proves itself to be a practical alternative way to real-world cases.

Conforti, Dumas, Garcia-Bafiuelos, and La Rosa (2014) claim that existing techniques
generally build flat process models to which the concept of sub-process is not familiar. The
approach presented in discovers BPMN models that contain sub-processes. The method
analyzes the relation between the data attributes associated with events in order to define
sub-processes. The validation was done on synthetic and real-life logs. It showed that models
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discovered by the method are more accurate and more understandable than the ones derived
from flat process discovery methods.

The primary goal of the discussion presented by Ekanayake, Dumas, Garcia-Banuelos, and
La Rosa (2013) is to improve the understanding of the discovered process model. The paper
states that the collection of models produced with clustering strategies may be accompanied
by excess complexity. The proposed approach splits the models into variants and
sub-processes in order to reduce complexity. The technique allows users to put a complexity
limit on the model. The approach was tested on real-life logs, and the result showed that the
discovered models were reduced in size compared to those discovered by other trace
clustering techniques.

Sun, and Bauer (2016) aim to solve the problem related to the discovered models that suffer
from inaccuracy and complexity. The proposed approach optimizes the quality of the process
model based on the clustering technique. The method builds high-quality abstraction models
by considering the quality of discovered sub-models. In order to validate the applicability of
the technique, a case study was carried out.

Process mining techniques that discover flat process models are struggling in the cases when
processes contain sub-processes. Weber, Farshchi, Mendling, and Schneider (2015) aim to
solve the problem of overgeneralization and lack of fitness in the mined models. The paper
introduces the method for hierarchical discovery of processes. The capability of conformance
checking is also added to the proposed method. The approach was evaluated with real-life
event data.

The process discovery technique discussed by Wang, Wen, Yan, Sun, and Wang (2015)
targets discovering BPMN models from event logs with fewer event attributes, such as case
id, task name, start time, and end time. The technique analyzes the hierarchy of events and
introduces an algorithm to discover sub-processes and multi-instances. The final required
process model is composed of the models discovered from sub-processes. Synthetic and
real-life logs were used for the experimental evaluation.

According to Jalali (2014), process models record different processes, which consider various
concerns, such as privacy, authorization, and auditing. The aspects are spread in the models
and are mixed up with processes. As stated in Jalali (2014), cross-cutting concerns are the
concerns that present tangling and scattering relation to process models. The report discusses
how models with cross-cutting concerns are discovered from event data. The evaluation of
the proposed solution was done on a case study.

Yzquierdo-Herrera, Silverio-Castro, and Lazo-Cortés (2013) focus on trace clustering and
grouping sub-processes that form the analyzed process. The paper claims that process
diagnosis at early stages provides a comprehensive view of the processes. By diagnosis, the
report implies performance analysis, pattern mining, and anomaly detection in the processes.
The proposed approach can discover and group sub-processes, and it offers an accurate
analysis of processes.

4.1.7 Context discovery

Since process discovery is meant to make process insights available for business analysts, it
is important that the discovered models contain all the information that analysts require. In
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addition to conventional process models, analysts find it important to see relevant contexts
during process execution.

According to Stajner, Mladeni¢, and Grobelnik (2010) context is a group of particular needed
information. The work is about discovering contexts by clustering the events so that each set
of events is executed in the same context. The approach uses literal names and affiliations of
people as features and the contents of the documents since these aspects are essential for
defining a context. The proposed solution was evaluated on real-life data.

4.1.8 Interactive - Background knowledge

While event logs contain specific information about process executions, they do not contain
the background knowledge that is necessary for precisely defining process models. Such
background knowledge is often known by analysts and domain experts. Process discovery
techniques that are interactive and allow for inputting such information are presented in this
subsection.

Yiirek, Birant, and BIRANT (2018)'s primary objective is to propose an algorithm that will
work on large data sets to produce understandable process models. The study introduced an
interactive process miner (IPM) algorithm that creates process models from event logs. The
algorithm supports different features for adjusting the process model and provides an
interactive environment that helps to validate decisions before applying them in the real
world.

Traditional process discovery techniques do not use the knowledge of domain experts while
discovering the process models from event logs. Dixit, Verbeek, Buijs, and van der Aalst
(2018, October) propose an approach that combines the user’s expertise and the information
given in event logs. Therefore, the method makes it possible to configure the parameters of
the discovery algorithm and make the model discovery process interactive. The case study
and the evaluation of the proposed technique showed that it surpasses the traditional model
discovery methods.

The discussion about bridging the gap between commercial and academic process mining
tools is presented by Leemans, Fahland, and van der Aalst (2014, September). Configuring
algorithm parameters, discovering maps, and evaluating is referred to as process exploration.
The report identifies process exploration aspects and introduces a process exploration
method, namely, the Inductive visual Miner (IvM). IvM demonstrates the synthesis of
powerful academic techniques integrated with ProM and a user-friendly package that
accompanies commercial tools. The conducted case study shows the feasibility of the
solution.

Greco, Guzzo, Lupia, and Pontieri (2015)’s proposal for process model discovery is based on
the information given in event logs and background knowledge. The proposed
constraint-based framework uses prior knowledge for defining precedence constraints. The
paper provides an analysis of the computational complexity of the method. The report
includes the results of the experimental activities for validating the applicability of the
technique.

The participation of domain experts, who are aware of the processes, can enhance the mined
model in the model discovery process. Yahya, Song, Bae, Sul, and Wu (2016) propose the
technique for discovering a process model based on event data and user knowledge. Domain
knowledge can be applied in the discovery process as a constraint that is used to extract the
desired behavior. The method was implemented as a ProM plugin.
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Ferreira, Szimanski, and Ralha (2012, September) aim to discover a micro-level model for
the agents' behavior and identify the fitness of micro-level models with the macro-level
description of the business processes. Event data provides a micro-level sequence of events.
The macro-level business process descriptions are provided by the business analysts or are
obtained from the documentation. A case study shows that the proposed approach can
discover agents' behavior in each activity of a business process for which a macro-level
model is identified.

Analyzing learning processes and providing knowledge of the processes online is Okoye,
Tawil, Naeem, and Lamine (2016)’s primary target. Data is extracted from learning execution
environments for improved model discovery and is transformed into an executable format for
mining. The study describes a semantic process mining approach that enriches event data
from learning processes. The method can predict individual learning patterns and outcomes
through further semantic analysis of the discovered models.

Benevento, Dixit, Sani, Aloini, and van der Aalst (2019, September) discuss the suitability
and effectiveness of interactive process mining in healthcare environments. The interactive
process discovery method allows domain experts to participate and use domain knowledge in
the model discovery process from event logs. The evaluation of the method was done on
real-life data from an Italian hospital.

Eck, Sidorova, and Van Der Aalst. (2018, June) consider that very often the main focus of
artifact-centric process discovery is on the representation of the artifacts. Therefore the
paper’s primary focus is to provide a strategy to discover interactions between correlated
behaviors in artifacts and analyze their performance. The study provides interactive
artifact-oriented process discovery using Composite state machine miner (CSM). The
solution has been evaluated using real-life data and has been implemented as a ProM plug-in.

Artifact-centric process models aim to describe complex processes as collecting interacting
artifacts (van Eck, Sidorova, and van der Aalst, 2017). In (van Eck, Sidorova, and van der
Aalst, 2017) the focus is on how discovered artifacts are related to each other. Moreover, the
paper provides visualization and qualification of the interactions between the discovered
artifact-centric models. The approach was implemented as a ProM plug-in.

4.1.9 Clustering

Extremely large and complex business process models can be hard to understand. In order to
make discovered process models more comprehensible, trace clustering can be applied.

According to (Garcia-Bafuelos, Dumas, La Rosa, De Weerdt, & Ekanayake 2014) trace
clustering methods carry drawbacks that are related to process model complexity and
understandability. Process discovery methods based on trace clustering produce small and
individual models but do not necessarily strive to reduce the size of the set of discovered
models. Moreover, those sets of models share duplicated fragments, which makes the process
models hard to comprehend. Another drawback of the method is that it produces models with
low accuracy. Garcia-Bafiuelos, Dumas, La Rosa, De Weerdt, & Ekanayake (2014) proposes
a divide-and-conquer process discovery technique that addresses the drawbacks and tries to
improve the discovered model concerning fitness and understandability. The method was
validated on real-life logs.

Kalenkova, Burattin, Leoni, Aalst, and Sperduti (2018) introduce an approach for discovering
multi-perspective hierarchical BPMN models. The paper integrates various process mining
techniques. The objective of the work is to fill the gap between consolidated process mining
techniques and a wide range of BPMN-compliant tools.

22



To avoid spaghetti-like process description of the model Folino, Greco, Guzzo, and Pontieri
(2011), in their study, focused on applying trace clustering methods to event logs. More
precisely, the paper aims to make clustering techniques aware of outlier traces and find
predictive models for clustering results. The proposal was validated on real-life application
scenarios.

Delias, Doumpos, Grigoroudis, Manolitzas, and Matsatsinis (2015) aims to support
decision-making by providing understandable process models in flexible environments, such
as healthcare, customer service. The method considered in the study identifies clusters of
various traces and connects process discovery methods to subsets of behaviors, and as a result
the derived model is clear and understandable. For validation purposes, the technique was
applied to a case of a healthcare institution.

Ferreira and Alves (2011, August) focus on discovering communities (social networks) by
analyzing the organization’s event logs. The paper describes using the hierarchical clustering
method with the modularity concept for analyzing communities derived from large event
data. The technique defines the division of social networks into collections of clusters. The
proposal was implemented as a ProM plugin and a case study was applied.

Cordes, Vogelgesang, and Appelrath (2014, September) target to analyze discovered process
models from various viewpoints in multidimensional process mining. Therefore, the
clustering method is applied for deriving sets of traces according to the event data attributes.
The paper discusses how to spot differences between the almost identical models and
introduces a generic approach for calculating and visualizing differences between process
models.

Health services research (HSR), a scientific field, analyzes personal health services
concerning quality and efficiency. According to Vogelgesang and Appelrath (2013, March)
health care processes can be discovered by multidimensional process mining. The paper
introduces an approach that improves the understandability of the discovered model by
clustering process models.

Song, Giinther, and Van der Aalst (2008, September) introduced a divide-and-conquer
approach to improve process mining results in flexible environments such as health care
services. The approach uses the trace clustering technique, which splits event logs into
homogeneous subsets, and for each subgroup, a process model is discovered. The method
was integrated with ProM, and for demonstration purposes, a case study was carried out.

Process discovery strives to construct comprehensible and accurate models. De Weerdt,
Vanden Broucke, Vanthienen, and Baesens (2013) aim to improve process discovery using
trace clustering technique. The study bridges the gap between clustering bias and evaluation
bias. The assessment of the proposal was done on real-life logs.

The primary goal of the discussion presented by Ekanayake, Dumas, Garcia-Banuelos, and
La Rosa (2013) is to improve the understanding of the discovered process model. The paper
states that the collection of models produced with clustering strategies may be accompanied
by excess complexity. The proposed approach splits the models into variants using trace
clustering and sub-processes in order to reduce complexity. The technique allows users to put
a complexity limit on the model. The approach was tested on real-life logs, and the result
showed that the discovered models were reduced in size compared to those discovered by
other trace clustering techniques.

De Medeiros, Guzzo, Greco, Van der Aalst, Weijters, Van Dongen, and Sacca (2007,
September) focus on improving the discovered model using a trace clustering method. The
proposal presents different clustering and process discovery algorithms. The proposed trace
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clustering algorithm avoids over-generalization, and the discovery algorithm proves to be
effective. The solution was implemented in ProM.

(Folino, Guarascio, and Pontieri (2015, June)) discusses process discovery techniques
concerning the suitability for BPM systems, such as issue management. The proposal
includes a logical event clustering model, a logical trace clustering model, and a collection of
workflow schemas. The evaluation was done on real-life data.

According to (Wang, Tang, and Hu 2017, August), clustering techniques may be negligent,
which means that sometimes some critical information may be damaged or important
activities may be lost. The study introduces a novel approach for clustering event logs. The
proposed technique first analyzes the backbone of the event data and then defines constraints
used for further trace clustering. For evaluating the applicability of the approach, the
experiment on real-life logs was conducted.

4.1.10 Refinement

Automatically discovered process models do not often meet the analysts’ expectations
because either they are too complex or too standard and do not capture peculiarities of
individual processes. Making process discovery interactive so as to allow discovered process
refinement is an important research topic.

Yiirek, Birant, and BIRANT (2018)'s primary objective is to propose an algorithm that will
work on large data sets to produce understandable process models. The study introduced an
interactive process miner (IPM) algorithm that creates process models from event logs. The
algorithm supports different features for adjusting the process model, including activity
deletion, aggregation, and addition operations on the discovered process model. The proposal
provides an interactive environment that helps to validate decisions before applying them in
the real world.

Traditional process discovery techniques do not use the knowledge of domain experts while
discovering the process models from event logs. Dixit, Verbeek, Buijs, and van der Aalst
(2018, October) propose an approach that combines the user’s expertise and the information
given in event logs. Therefore, the method makes it possible to configure the parameters of
the discovery algorithm and make the model discovery process interactive. The approach
produces sound models and may have duplicate activities. The case study and the evaluation
of the proposed technique showed that it surpasses the traditional model discovery methods.

Nguyen, Dumas, Hofstede, La Rosa, and Maggi (2019) discuss an automated stage-based
discovery method from event logs to avoid the discovered process model being flat. The
method first identifies process stages from event logs and then discovers the model. The
alternative of the approach is the divide-and-conquer technique. The divide-and-conquer
technique, when applied to real-life logs, produces complex models. The method described in
the report outperforms the divide-and-conquer approach concerning model accuracy and
complexity.

To avoid discovering spaghetti-like process models Giinther, and Van Der Aalst (2007,
September) focus on a process mining technique to address this challenge. The proposal is
configurable and provides simplified views of a particular process. The study introduces a
flexible approach for Fuzzy Mining that adaptively facilitates mined process models.

4.1.11 Software System Logs

While event logs for process discovery usually include logs generated by CRM or ERP
systems, process mining techniques can be applied to software runtime logs as well.
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Liu (2018) has presented an approach of discovering an understandable hierarchical Petri net
model from a software runtime execution log. The proposed approach contributes towards
discovering software behavioral models and is proven useful by real-life logs validation. In
order to achieve the results, first, the inherently flat execution logs were constructed in a
hierarchical manner, and then extended process discovery techniques were utilized to
discover software behavior models.

Geng, et al. (2009, September) have worked towards increasing the reach of process mining
to the businesses and processes that do not necessarily use computer systems with
ready-made event logs. The proposed method consists of two parts - process instance
discovery and activity type discovery. The proposed approach is able to map the daily
computer operations logs to the conventional event logs that are required for process mining
methods.

With the increasing usage of software systems, increased quality is expected from software
developers. Ozdagoglu, and Kavuncubast (2019) have employed process mining techniques
in order to extract learnings about process mapping and performance statistics of a bug-fixing
process. The approach has set a goal of revealing bottlenecks that cause risks for the process.
The approach was evaluated in a real-life case study and was proven to enable gaining
significant knowledge about process steps and roles.

Mazak, and Wimmer (2016) utilize software execution logs and propose execution-based
model profiling in order to drive continuous improvement of the designed processes. A
prototype of the proposed approach is implemented and validated in a real-life case study of a
traffic light system.

Rubin, et al. (2014, September) have applied several process mining methods on different
software system logs in the tourism domain. The paper demonstrates that using process
mining methods on software enables gaining insights on the real usage of the software and
can contribute to usability improvements and software redesign. Moreover, software process
models can also be discovered. This work demonstrates that user interactions can be mined
from almost every software system.

4.1.12 Configurable

Configurable process models represent a family of processes rather than a single specific
process. Discovery of such models became more relevant with the rise of SaaS software
usage.

Van Der Aalst (2010, October) has introduced one of the innovative approaches at that time
by trying to create configurable and executable process models. This work is important since
it allows growing the reach of the process mining discipline by moving process models into
“executable reality” from “paper tigers” (Van Der Aalst, 2010, October). This approach
enables more organizations to get engaged in BPM and process mining, and also is an enabler
for cross-organizational process mining.

Based on the concept of RM_WF Net, Zeng, et al. (2013) have researched how process
mining can be applied for workflow integration use cases. To this end, the authors have
defined four coordination patterns and used these patterns to obtain a cross-organizational
workflow based on the discovered models of individual organizations.

Assy, van Dongen, and van der Aalst (2017, June) introduce a decomposition-driven
approach that allows discovering generic process models from a collection of event logs
collected by different process variants. The discovery results are easily understandable and
can be browsed at different levels of abstraction. Such configurability of the result view
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makes it easier for end-users to see commonalities and differences between different process
variants. The approach was integrated with ProM and evaluated on both real-life and
synthetic logs.

Suriadi, et al. (2014, July) have taken on the complex challenge of conducting a case study to
analyze the differences in patient treatments by different hospitals. For this goal, the authors
have applied process mining techniques in order to discover different variants of processes
conducted in different hospitals while treating patients with similar symptoms. This work
presents important insights and guidelines on cross-organizational process mining.

Liu, et al. (2016) have worked towards making cross-organizational process mining more
privacy-oriented. The proposed approach allows organizations to discover their private and
public process models separately. Then, the public models from across organizations are
taken by a neutral middleware party and a new, combined, cross-organizational public
process model is created. This model can then be used by companies to combine its desired
fragments with their private business process models, hence both preserving privacy and
gaining benefit from cross-organizational knowledge.

Buijs, van Dongen, and van der Aalst (2011, August) have also contributed to
cross-organizational process mining. Based on the fact that there is increased usage of
Software-as-a-Service (SaaS) infrastructures, the authors have introduced an innovative
approach of comparing the process models and event logs of different organizations that use
the same product (SaaS providers). The approach was validated by comparing real-life
processes of different Dutch municipalities.

4.1.13 Multi-perspective

In addition to control flow, process model discovery techniques should be able to discover
data attributes associated with activities. Such techniques are referred to as multi-perspective
process discovery techniques.

Van Eck, Sidorova, and van der Aalst (2016, September) focus on identifying different facets
of models in process discovery. The proposal considers states of various perspectives and
studies their relation. Therefore, the approach discovers state-based models highlighting the
links of the states. The method was implemented as a ProM plugin.

According to Li, Ge, Huang, Hu, Wu, Yang, ... and Luo (2016), existing process mining
algorithms consider only event logs in the model discovery process. The paper introduces a
novel concept of token-based log that makes it possible to track the changes of process
resources. The study compares the feasibility of the token logs to event logs. For validating
the approach, several modeling and mining platform plugins have been developed.

Van der Aalst, Guo, and Gorissen (2015) introduce a notion of process cubes responsible for
considering event data from different angles and dimensions. The paper discusses
comparative process mining concerning process cubes. The feasibility of the technique was
tested on real-life data.

The approach that unites the control-flow and data perspectives is presented by Shraga, Gal,
Schumacher, Senderovich, and Weidlich. The combination of the two was done by the
extension of the inductive process discovery. In the proposal context, data takes priority over
control flow in the model discovery process. In the resulting model, some operations carry
data semantics. The method was evaluated on real-life and synthetic logs.

To satisfy particular requirements for the application in financial audits Werner, M., &
Gehrke, N. (2015) present a process mining algorithm that improves process audits. The
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proposed algorithm uses data dependencies for identifying control flow and data flow. The
study claims that the presented algorithm as a special purpose algorithm is suitable for
financial audits. Still, the approach that combines data and control flow may be used in other
application domains. The approach was validated on real-life data.

4.1.14 General

This subsection contains a collection of works that play an important role in process mining
but do not fall in any of the aforementioned categories.

Stroinski, Dwornikowski, and Brzezinski (2016) present an innovative distributed algorithm
called dRMA that is able to discover process models from Communicating Resource Systems
(CRS) event logs. The features of CRS such as its directed communication channels,
hierarchy, and resource perspective can be expressed by a Communication Net that was
defined by the authors (Stroinski, Dwornikowski, and Brzezinski, 2016). The proposed
approach is evaluated on a cluster and the results show significant improvement in the
discovery times.

Sun, and Bauer (2016) improve upon existing business process discovery algorithms in order
to increase their fitness. By inheriting the basic idea behind the mining algorithm
enhancement-based strategy, the authors were able to come up with a process discovery
algorithm that is able to discover high-fitness models from real-life event logs.

Roci, and Davidrajuh (2018) present an Alpha-algorithm for process model discovery that is
able to discover models with a Petri net representation. The algorithm is special because of its
speed, efficiency, and simplicity. The algorithm is implemented in practice and tested on a
real case study with a medium-sized event log.

Yano, Nomura, and Kanai (2013, September) have taken on the challenge of making process
mining more widely adopted in real-life scenarios. To that end, the work proposes a more
practical approach to process mining where firstly a regular transaction database is used
instead of event logs. Then, this information is visualized and analyzed, without discovering
conventional process models. Lastly, exceptional as well as typical instances of processes are
analyzed. The approach was implemented in a tool called BPM-E and was evaluated on two
real-life case studies.

Process mining has touched a lot of different domains, including product management. In
particular, Bernard, and Andritsos (2017) have used conventional process mining approaches
in order to discover and analyze how customers use company products. That is to say, the
authors have proposed a way of creating customer journey maps using process model
discovery methods (Bernard, and Andritsos, 2017). This work is important because it further
widens the reach of the process mining discipline.

He, et al. (2018) propose an a-FL algorithm that is able to discover free-loop structures in
process models from incomplete event logs. The resulting discovered process models are
represented with Petri nets. The efficiency and correctness of the proposed algorithm are
evaluated on real-life case studies and experiments.

Since the complexity of the ILP Miner significantly increases with increased event logs and
distinct activities, Verbeek, and van der Aalst (2012, September) have proposed a way of
splitting up large event logs using so-called passages. The approach of splitting large event
logs and then mining them is evaluated on seven real-life and one synthetic log.

Engel, et al. (2016) propose an approach for mining the Electronic Data Interchange (EDI)
messages using conventional process mining techniques. This work paves the way towards
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discovering inter-organizational business processes and evaluating the performance of such
processes. The feasibility of the approach is evaluated on real-life EDI data of a
manufacturing company.

Juneja, Kundra, and Sureka (2016, June) have applied process map discovery techniques on
the Issue Tracking System (ITS) event logs. This has enabled process discovery of software
bug life cycles. In addition, to improve the readability, fitness, and simplicity of discovered
process models, the event logs were split into homogeneous subsets. The approach is able to
handle bug self-loops, reopening, and back and forth events.

(Augusto, et al. 2016, November) is another paper that contributes to the process model
discovery problem but this time the authors have taken an innovative approach rather than the
conventional process mining. In order to discover understandable yet accurate process
models, Augusto, et al. (2016, November) have reimagined the order of things. First, they
discover a model that is as accurate as possible, even though it might not be well structured,
and then the resulting accurate model is transformed into a more organized one. real-life
evaluation has shown that this order of things outperforms conventional approaches in terms
of both accuracy and complexity.

When it comes to the real-life application of process model discovery, it is impossible to
avoid the fact that event logs contain exceptional behavior. Traditional discovery algorithms
such as ILP-based ones are too accurate and try to perfectly match the event log. To tackle the
problem of such overfitting, van Zelst, van Dongen, and van der Aalst (2016, September)
propose a filtering technique that is able to discover more understandable and adequate
process models which capture only dominant behavior. The technique was integrated with
ProM.

In order to increase the reach of process mining and enabling process discovery for more
human-centric and ad-hoc processes, Kudo, Ishida, and Sato (2013, December) have
introduced a new algorithm that uses a skeleton-extraction procedure and is able to discover
better-structured business process models from unstructured workflows. The approach was
evaluated and proven effective in the real-life event logs of an insurance company.

Leemans, Fahland, and van der Aalst (2013, June) have contributed to process mining
development by presenting an extensible framework that is able to discover sound and fir
block-structured process models from any event log. Moreover, the authors have defined the
minimum information that is required in the log to rediscover a process model. The proposed
polynomial-time algorithm was integrated in ProM.

Van Der Aalst, and Van Dongen (2013) present several approaches for discovering Petri nets
from event logs, including the a-algorithm, state-based regions, and language-based regions.
More importantly, the work presents some theoretical background and requirements for
process model discovery. Van Der Aalst, and Van Dongen (2013) discuss the importance of
handling incomplete and noisy logs while discovering process models, thus defining the
process of mining open challenges.

Sztyler, et al. (2015) have taken an innovative approach to using the massive data provided
by smartphones and smartwatches for health self-tracking. The authors propose applying
process discovery techniques on the self-tracking data in order to provide visibility and
insights to individuals on what their daily processes look like. The paper presents interesting
challenges and conclusions for future research.

Werner (2017) has worked on process model discovery in the financial context. The scope of
finances and accounting has allowed using data dependencies of accounting structures as the
source of discovering the order of events in the control flow. As opposed to the conventional,
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temporal orders and timestamp comparisons for discovering the order of events, the data
dependency approach presented by Werner (2017) has proven to be less complex based on
three different real-life case studies.

Heuristics Miner is one of the well-known process discovery algorithms. It also has
well-known disadvantages affecting its reliability. vanden Broucke, and De Weerdt (2017)
have extended upon the Heuristics Miner with a strong focus on its robustness and flexibility
and presented a new algorithm that has better performance, can handle duplicate tasks, and
allows more flexible configuration options (vanden Broucke, and De Weerdt, 2017). The
presented algorithm is known by the name “Fodina”.

With the goal of streamlining clinical pathways in the healthcare sector, De Weerdt, et al.
(2012, May) has proposed a methodology for intelligent analysis of clinical pathway data
using process mining approaches. Regardless of the complexity involved, the paper proposes
the methodology that enables extracting tangible insights from healthcare data by using both
drill up and drill down perspectives.

Alizadeh, and Norani (2018) have developed a new algorithm for process model discovery
called ICMA. In addition to the actual process discovery phase, the algorithm also includes
preprocessing and postprocessing stages for event logs. These additional stages have enabled
the ICMA algorithm to handle noisy logs well enough. The algorithm was evaluated on a
multitude of logs and compared to conventional algorithms such as the Vazquise algorithm.
The results show that the ICMA algorithm has superior precision and completeness over its
predecessors.

van Zelst, van Dongen, and van der Aalst (2015, June) have built on top of the existing
Integer Linear Programming (ILP) formulation in order to develop a new process discovery
algorithm that unifies two types of language-based regions. Moreover, van Zelst, van
Dongen, and van der Aalst (2015, June) have presented a generalized ILP objective function
that helps to find more suitable processes during discovery.

Sanchez-Charles, et al. (2016), propose a scalable technique that solves the problem of
underfitting in process discovery algorithms. More specifically, according to
Sanchez-Charles, et al. (2016), the same activity occurring a different number of times in the
traces act differently, and they have come up with a way to detect such peculiarities. The
proposed approach was validated and compared with existing benchmarks at the time.

De Cnudde, Claes, and Poels (2014) improve upon the well-known Heuristics Miner by
updating the tool as well as the underlying algorithm. The improved technique was integrated
with ProM as a new artifact and was evaluated on several different logs. The evaluation
results show that the validity and completeness of the updated miner are superior.

Leemans, Tax, and ter Hofstede (2018, October) have combined the Inductive Miner, the
Evolutionary Tree Miner, the Local Process Model Miner, and the new bottom-up recursive
technique with the goal of an improved overall algorithm for process model discovery.
Evaluation results show that the combination of algorithms amplifies their advantages, while
the disadvantages of individual algorithms are in some cases balanced out by other ones.
Evaluation on real-life logs has shown that in some cases, the new, combined algorithm
surpassed its competition.

With the increasing scale of globally interconnected businesses and the use of software in
everyday operations, the amount of data that is the input for process mining has significantly
grown. In addition, in most cases, different systems in the organization are disconnected and
independent. Redlich, et al. (2014, May) have proposed an approach for scalable dynamic
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process discovery in order to tackle these challenges. The proposed solution enables keeping
up with the scaling and dynamics of businesses.

Yang, et al. (2017, August) introduce a new alignment-guided state-splitting hidden Markov
models inference algorithm (AGSS) for process model discovery. According to the evaluation
results, the proposed algorithm is more accurate, efficient and discovers more readable
process models than its predecessors.

Mokhov, Carmona, and Beaumont (2016) show how Conditional Partial Order Graphs
(CPOGs) can be used in process mining, more specifically in discovering readable process
models. The representation with the help of CPOGs can be used to reveal hidden links
between data and control flow in the process. The evaluation shows that the proposed
approach can be used for effective and efficient visualization of discovery results.

Dustdar, Hoffmann, and Van der Aalst (2005) tackle the problem of mining ad-hoc processes.
This work is important since ad-hoc processes are closer to the real-life situations of how
businesses operate. The paper demonstrates the use of their approach using Caramba, a
process-aware collaboration system that allows ad-hoc processes. Dustdar, Hoffmann, and
Van der Aalst (2005) use EMiT, MinSoN and Teamlog in order to achieve their goals.

Wen, et al. (2007) focus on mining non-free-choice constructs during process discovery.
Moreover, the paper shows that there are two kinds - explicit and implicit dependencies
between tasks. The proposed algorithm is integrated with ProM and its evaluation results
show significant improvements over existing algorithms at the time.

Weber, et al. (2015, April) improve upon existing process mining techniques for process
discovery and conformance checking in order to handle sub-processes that are instantiated
multiple times during process execution. The proposed approach was evaluated on real-life
event logs.

Carmona, and Cortadella (2013) propose using numerical abstract domains in process
discovery in order to tackle the problems of large logs and the formal properties of the
discovered model. The proposed technique enables discovering general process models that
do not require knowledge. The approach was integrated with ProM.

Song, et al. (2015) propose an innovative process discovery technique that leverages activity
dependencies in traces and is able to discover concurrencies even in incomplete logs. the
proposed approach was evaluated on both real-life and synthetic logs and has proven its
significance.

Baker, et al. (2017) have used process mining and more specifically process discovery
techniques in order to discover the actual process of the clinical pathways for cancer patients
going through chemotherapy. The paper aimed at establishing a reproducible process mining
method, use its outputs to quantify clinical pathways for patients, and use these insights to do
a cost-effectiveness analysis of the current process. The results of the study were proven to be
beneficial.

Leemans, van der Aalst, and van den Brand (2018, March) present an innovative hierarchy
and recursion extension to the process tree model along with the recursion aware discovery
algorithm. The proposed technique allows for efficiently discovering and analyzing the
operational characteristics of software systems. The approach was integrated with ProM and
validated on real-life logs. The results show that the approach is feasible and useful.

Leemans, Fahland, and van der Aalst (2015) have discovered a framework along with three
algorithms that are both scalable and discover sound models. The proposed framework
computes a directly-follows graph and applies the divide-and-conquer strategy in order to
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handle large logs. The experiments show that the algorithms can cope with event logs of 100
000 000 traces and 10 000 activities.

Song, et al. (2017) have introduced a method for scientific process (workflow) mining that
supports both intra-cloud and inter-cloud scientific workflow mining. The proposed approach
was integrated with ProM and evaluated on real-life processes. The experiments show that
the method is both effective and efficient.

Due to the increased usage of Software-as-a-Service and Cloud Computing by the
organizations, the processes and the logs that the organizations follow can often be similar.
Buijs, van Dongen, and van der Aalst (2011, August) have utilized this fact and introduced an
innovative approach of comparing the process models and event logs of different
organizations that use the same infrastructure. The approach was validated by comparing
processes of different Dutch municipalities.

Anand, Gupta, and Sureka (2015, December) have improved upon the Fuzzy Miner (FM)
algorithm and made it Utility-Based to efficiently mine process models driven by utility
thresholds. The proposed approach allows end-users to define how utility is measured (in
terms of profit, value, quantity...). The approach is validated on a real-life dataset and its
effectiveness is demonstrated.

The following subsections will present process discovery related works, clustered based on
common aspects they touch upon.

4.1.14.1 Genetic

This subsection presents a collection of works that tackle the problem of process model
discovery by utilizing genetic algorithms.

Buijs, van Dongen, and van der Aalst (2012, June) are the first ones to propose an innovative
process discovery algorithm that allows search processes to be guided by a user's preferences
while still remaining correct. The innovative algorithm falls under the umbrella of genetic
process mining algorithms and tackles the problems that its predecessors had (producing
anomalous models, problems with simplicity, generalization, precision...). The proposed
algorithm allows balancing different quality dimensions while ensuring the soundness of the
model.

Yang, et al. (2015 June) have filled the research gap by creating a general algorithm that is
capable of handling diverse logs. The proposed algorithm first divides the whole event log
into several sub-logs. Then these sub-logs are separately mined by conventional process
discovery algorithms. Finally, the several resulting process models are assembled together
with the help of a genetic algorithm-based optimizer while balancing the four quality
dimensions (Yang, et al., 2015 June). The approach was evaluated on both synthetic and
real-life logs and produced successful results.

Ghazal, Ghoniemy, and Salama (2019) propose an innovative way of looking at process
model discovery as a Multi-Objective Optimization Problem. As such, they employ the
NSGA-II (one of the most widely used Multi-Objective Optimizers) algorithm for process
model discovery. Evaluation on real-life logs showed that the proposed method outperforms
its predecessors.

Buijs, Van Dongen, and van Der Aalst (2014) present the Evolutionary Tree Miner (ETM)
algorithm that allows end-users to put weights on the four quality dimensions and steer the
discovery process according to their preferences. Moreover, the paper shows that all four
quality dimensions (replay fitness, precision, generalization, and simplicity) are important for
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process discovery, but considering only the latter three makes sense if replay fitness is
satisfactory.

Zhao, Liu, and Dai (2014) introduce a genetic programming approach to process mining
which simplifies the resulting discovered process models compared to the existing
algorithms. The authors also propose a new metric for measuring process complexity, which
takes into consideration the role of cohesion and coupling. Higher fitness from this new
metric also provides guidelines for process model redesign.

Van Der Aalst, Buijs, and Van Dongen (2011, June) have tackled the challenge of internally
inconsistent process model discovery by proposing a tree representation that will ensure
model soundness. By implementing a genetic algorithm that discovers process trees, the
authors were able to reduce the search space, thus resulting in more sound process models
and efficient process discovery.

4.1.14.2 Preprocessing

Properly processed and prepared event logs are a prerequisite for precise and understandable
process model discovery. This subsection will present works that introduce different
preprocessing techniques involved in business process discovery.

Zhu, et al. (2019) have introduced a software process activity classifier that enables building
event-activity mappings from software development event streams. The approach is used to
extract SVN logs and map each of the events with business activities. The technique was
applied to two real-life software development process logs and the results show that the
software process activities can be mined automatically and in real-time from SVN logs.

Baier, Mendling, and Weske (2014) propose an approach of preprocessing event logs such
that they conform to the same abstraction level that is needed by the business. Domain
knowledge extracted from process documentation was used to map process events with
business activities. The resulting approach also supports concurrency and was evaluated in
two real-life case studies.

Bala, et al. (2018, October) fill in the research gap by proposing an event log preprocessing
method that is able to infer case and activity identifiers. This work contributes to making
process mining more applicable to real-life scenarios since it is often the case that the event
logs do not contain case or event identifiers that are crucial for process discovery algorithms.
The results of this work (Bala, et al., 2018, October) are evaluated in an industry case study.

Similar work was done by Pourmirza, Dijkman, and Grefen (2017). The authors have
introduced the correlation miner - a technique that is able to first, preprocess event logs by
determining which events are associated with the same case identifiers, and then run a
conventional process discovery algorithm. The proposed technique was evaluated on both
synthetic and real-life logs and was proven feasible.

Soares, Santoro, and Baido (2013) describe a detailed method for discovering relevant
information for Knowledge-Intensive processes based on informal communication channels
such as emails. The extracted emails are preprocessed in order to extract relevant information
and then the text is mined for relevant data. The proposed approach was validated in a
real-life case study.

Wang, et al. (2012) propose an innovative A-algorithm that aims at improving the efficiency
of process model discovery. The approach is able to deliver satisfactory results by eliminating
some of the conventional steps of process mining and treating event logs in a completely
different way. First, the events and their occurrence frequency are extracted from the log,
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ignoring their order. Secondly, the order relations are extracted, making it possible to do the
final step of discovering process models with ordering relations.

Geng, et al. (2009, September) have worked on a method to preprocess artifacts of daily
computer operations as standard event logs. This work is important as it allows for increasing
the reach of process mining to the businesses and processes that do not necessarily use
computer systems with ready-made event logs. The proposed method consists of two parts -
process instance discovery and activity type discovery.

Repta, and Stanescu (2017, May) propose a system architecture in order to tackle the needs
for properly representing event data, associating events with process instances, and
determining higher-level actions that correspond to the events. From a high-level perspective,
the proposed method is a way for preprocessing the logs.

In order to effectively preprocess event logs or determine if an event log is suitable for the
Heuristic Miner, Kurniati, Kusuma, and Wisudiawan (2016) have defined a set of
characteristics for the event logs that are best suited for this process discovery algorithm. The
authors conducted a separate research for each case study and reported the analysis of
heuristic miner results for different types of event logs.

Sani, van Zelst, and van der Aalst (2017, September) introduce a practical method for
effectively preprocessing event logs with the aim of removing excessive noise from them.
The described general purpose filtering method was integrated with both ProM and
RapidProM and was evaluated on both synthetic and real-life logs. The results show that the
technique indeed accurately removes noise from event logs and hence improves process
discovery.

To tackle the problem of anonymizing business processes, Irshad, et al. (2015, July) have
developed a privacy-preserving Business Process Recommendation and Composition System
(BPRCS). This system processes event logs in order to anonymize them. Then, the
anonymized logs are mined in order to end up with similarly masked business processes that
can be securely shared between organizations. The proposed approach was validated in
real-life experiments.

Syamsiyah, van Dongen, and van der Aalst (2017, September) have reduced the time that
analysts have to wait for exporting and preprocessing event logs before running process
mining algorithms on them. This was made possible by creating a method that preprocesses
events on the fly, as the events are recorded in the system, as opposed to preprocessing them
in a batch before process mining. The preprocessed events are persisted in a database and can
be accessed by the analyst whenever desired, without large waiting times. The approach was
integrated with ProM and validated in real-life use cases.

4.1.14.3 Incomplete Logs

A lot of real-life logs are incomplete. In order for process discovery to be realistic and
applicable to real-world processes, the algorithms need to be able to handle incomplete event
logs.

Leemans, Fahland, and van der Aalst (2014, June) have studied the effects of incomplete logs
on process discovery. The authors first evaluate the impact of log incompleteness on
behavioral relations and then introduce probabilistic behavioral relations that are less
sensitive to incompleteness. Using these new relations, a more robust process discovery
algorithm was introduced, which was able to rediscover a process of the original system from
incomplete logs.
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4.1.14.4 Low-Level Abstraction

Abstracting away from low-level, detailed activities is essential to make discovered process
models understandable for stakeholders. The works related to such techniques are presented
in this subsection.

Mannhardt, et al. (2018) propose a method for Guided Process Discovery (GPD) which helps
discover high-level process models using low-level event logs. The low-level events are first
grouped based on similar behavioral patterns. These groups are then “translated” to a higher
level, abstracted activities that are understandable for stakeholders. The resulting high-level
log is then checked for conformance against the initial low-level event log. The proposed
approach was validated on two real-life event logs and the results show that process models
discovered this way are more comprehensible and relevant for answering business-oriented
questions.

Ferreira, Szimanski, and Ralha (2014) have also tried to fill in the gap between low-level
steps recorded in the event logs and high-level activities of a business process. By
introducing an approach to mine mappings between the low-level runtime events with
high-level process activities, the authors made it possible to generate suggestions on how the
process model can be extended to capture the behavior described in the event log. The
approach was evaluated on a real-life event log and the results show that it can improve the
model step-by-step until all the behavior recorded in the event log is covered.

Tax, et al. (2016, September) also contribute to the work of abstracting low-level logs of
smart home environments to a higher level, more comprehensible activities. This abstraction
helps the resulting discovered models to be more understandable and precise. The paper also
presents a framework that can automatically abstract low-level sensor events to the higher,
human activity level by utilizing machine learning. The proposed approach was validated on
real-life smart home event logs and the results show that process discovery after low-level
abstraction is indeed more comprehensible and precise.

Greco, Guzzo, and Pontieri (2008) have improved upon classical process discovery methods
by introducing a method for abstracting process models. This approach makes it possible to
capture discovered models on different granularity (abstraction) levels based on the end-use
case. The approach was integrated with ProM and validated on real-life cases, ending up with
promising results.

4.1.14.5 Large logs

The works that tackle the problem of large logs are presented in this subsection. The
proposed techniques improve the process mining performance while discovering models from
excessive logs.

Verbeek, van der Aalst, and Munoz-Gama (2017) have tackled the problem of handling large
logs for process model discovery. In their proposed approach, a big discovery problem is
divided into smaller, more manageable problems and is called “Divide and Conquer”. The
technique was integrated with ProM and the evaluation results show that it provides
significant speed benefits over other existing methods. It is important to note that the paper
also discusses how decomposition might lead to different discovered models, but that this can
even turn out to be a positive side effect.

Hompes, Verbeek, and van der Aalst (2014, November) have set a goal of defining quality
measures for decomposed process mining methods. The authors have defined three quality
notions that can assess decomposition before actual discovery or conformance checking
algorithms are run. Moreover, using these defined quality measures, the paper provides an
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algorithm that is able to find high-quality decomposition in little time (Hompes, Verbeek, and
van der Aalst, 2014, November). As a result, this paper effectively contributes to the
improvement of decomposition process mining.

4.1.14.6 Invisible tasks

Real-life event logs often implicitly contain activities that are carried out during process
execution. Since these activities are not explicitly present, they are referred to as “invisible”.
Being able to discover such activities is an important challenge in process mining.

Guo, et al. (2016, September) have tackled the problem of invisible tasks involved in
non-free-choice constructs in process mining by the algorithm called a$. The algorithm
introduces a new ordering relation between tasks and solves the aforementioned problem in
this manner. The algorithm was integrated with ProM and evaluated on real-life logs. The
results have shown that a$ is a significant improvement on process mining algorithms.

Wen, et al. (2010) have also worked on improving the process discovery algorithms to handle
invisible tasks. In particular, the authors introduce an algorithm o#, which is able to detect
invisible tasks of type Initialize, Skip, Redo, Switch or Finalize. In addition, a new ordering
relation is introduced that detects false dependencies between the tasks. The o# algorithm
was evaluated on both synthetic and real-life logs and showed promising results.

4.1.14.7 Non-atomic

For the discovered process models to accurately capture underlying processes, discovery
algorithms should distinguish concurrency and interleaving. Discovery techniques that allow
such distinction are presented in this subsection. These techniques handle event logs that
contain non-atomic activities. i.e., for each activity, its start and completion time is known.

Wen, et al. (2009) propose an innovative approach for process mining based on the “Start”
and “Complete” event types. This approach helps discover parallelism in process execution.
In addition, the proposed algorithm overcomes the limitations of its predecessors, thus
contributing to the overall improvement of process mining.

Leemans, Fahland, and van der Aalst (2016, September) propose an algorithm for process
model discovery, the performance of which can be measured more accurately. Moreover, the
method proposed in this paper can handle life cycle data and is able to distinguish
concurrency and interleaving (Leemans, Fahland, and van der Aalst, 2016, September).

4.1.14.8 Incremental

Business processes are rarely finite. They are usually continuous and the event logs retrieved
at any given time do not fully describe the process. Hence, it is important to be able to
incrementally update discovered process models once new execution logs become available.

Sun, et al. (2006, October) present a process discovery algorithm that is able to handle
process models with optional tasks and also is able to incrementally update the discovered
process model once the new process execution logs become available. The proposed
algorithm can also simplify the comparison of two process models (Sun, et al., 2006,
October). The approach is evaluated on real-life logs.

Ferilli, De Carolis, and Redavid (2013, June) also present an algorithm for incremental
process mining and show how it can be applied in the everyday work of organizations and
employees. The incremental process discovery algorithm proposed by Ferilli, De Carolis, and
Redavid (2013, June) is a good technique for predicting daily routines and needs for the
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users, as well as comparing the predicted processes with the actual ones. The approach has
been evaluated on both synthetic and real-life cases,

Similar work on incremental process mining was done by Ferilli, Redavid, and Esposito
(2015, September). The authors present a First-Order Logic incremental method for process
discovery. The effectiveness and efficiency of the algorithm are evaluated in both synthetic
and real-life datasets.

Ferilli (2013) describes the workflow management tool WoMan and the entire algorithmic
apparatus behind it. The tool is able to incrementally mine business processes and quickly
learn new behavior even in case of noise and changed behavior, among other benefits. It also
provides the ability to export/import process models from/into standard representations (Petri
nets), simulate, and monitor process models. WoMan process discovery algorithm also has an
improved expressive power compared to its predecessors. The tool was evaluated on both
synthetic and real-life logs.

4.1.14.9 Unstructured

This subsection introduces the work related to process model discovery from unstructured
logs.

Banziger, Basukoski, and Chaussalet (2018, June) propose an original framework for
discovering process models from unstructured CRM data. This is made possible by using the
Latent Dirichlet Allocation (LDA), which automatically detects and assigns labels to
activities (Banziger, Basukoski, and Chaussalet, 2018, June). This work is important because
it increases the reach for traditional process mining methods by making it possible to handle
unstructured data such as those provided by CRM systems. The proposed approach was
evaluated on real-life CRM data and the results prove the feasibility of the method.

4.1.14.10 Probabilistic

Attempts of utilizing a probabilistic approach such as Bayesian belief networks to process
model discovery are presented in this subsection.

Vasilecas, Savickas, and Lebedys (2014, October) present an approach of extracting directed
acyclic graphs from event logs. Experiments show that the proposed approach is feasible for
real-life scenarios (Vasilecas, Savickas, and Lebedys, 2014, October). This work is important
since it contributes to increasing the usage of Bayesian belief networks in process mining.

Kumar, Bhattacharyya, Varshneya (2010, July) have introduced a process model discovery
approach that is able to discover process models from unstructured logs. The approach
employs Gaussian mixture models and hidden Markov models. The technique is applied on a
set of real-life processes and the work demonstrates that its results are comparable to
manually labeling the logs and then mining them using the state-of-the-art discovery
algorithm.

4.1.14.11 Email Driven

Often, in real-life scenarios, structured and ready-made event logs are not available.
Innovative approaches for process model discovery from email threads are presented in this
subsection.

Stuit, and Wortmann (2012) present an innovative approach of process mining by trying to
mine email-driven business processes. Their proposed approach identifies email threads from
interactions and constructs an interaction-centric process model. Email header fields are used
as process-related information. The proposed method is implemented in a tool called Email
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Interaction Miner and is evaluated in a real-life business case (Stuit, and Wortmann, 2012).
The results show that mining business processes from email threads can bring improvement
opportunities and insights to organizations.

4.1.14.12 Simulation Model

In order to make discovered process models more understandable, researchers have worked
towards simulating them. Such works are presented in this subsection.

Wang, et al. (2017, December) present a mature tool that applies Data to the Fuzzy-DEVS
model (D2FS) method in order to discover discrete event simulation models. The tool is
integrated with ProM along with the SimStudio simulation tool and it can simulate the
Fuzzy-DEVS model. The tool is evaluated on two real-life case studies.

Wang, et al. (2018) propose a new system inference method. This method allows knowledge
extraction from data to represent complex systems. The method consists of first extracting the
event logs from data, then discovering a transition system using process discovery
techniques, and finally integrating fuzzy methods to automatically generate the Fuzzy-DEVS
model. The approach is integrated with ProM and comes with the SimStudio simulator.

4.1.14.13 Noise

Real-life event logs are rarely free of impurities. They often contain noise that usually is not
detected by overfitting discovery algorithms. Works that introduce techniques of noise
detection and reduction in process discovery are presented in this subsection.

Maruster, et al. (2006) propose a process model discovery approach that utilizes machine
learning in order to predict the relationships between activities and induce rule sets. In
addition, the work discusses the effect of noise and imbalance of execution priorities on the
process of discovery. Finally, the approach is validated in a real-life case study.

Huang, and Kumar (2012) have also taken on the challenge to improve process discovery
algorithms in order to be able to handle noisy (not 100% accurate) event logs. In the paper
(Huang, and Kumar, 2012) they share their important findings, including the claim that it is
possible to represent any process log using only self-loop and optional structures. In addition,
the authors claim that for any given log, there is not a unique but rather multiple process
models that satisfies the log. In addition, the paper concludes that a fully accurate process
model that contains every trace from the log might have lower quality in the case of noisy
logs. Hence, the use of self-loop and optional structures should be controlled in order to
balance the model’s accuracy and quality. The proposed approach is validated on several
synthetic and real-life, noisy logs.

Li, et al. (2018) solves the problem of effectively discovering process models from noisy logs
by introducing an innovative approach to detecting noise. The resulting discovered model is
represented in a Petri net representation, In order to detect noise, the distance between the
traces is calculated. The traces of the smaller clusters are treated as noise, while the larger
clusters are mined as usual. The proposed approach showed superior correctness when
compared with the a++ algorithm.

Redlich, et al. (2014, September) propose an algorithm for process model discovery that
consists of BP-domain constructs as opposed to traditional Petri or Causal nets that can be
hard to understand for business analysts. The proposed algorithm is able to handle noise and
inaccuracy in logs by having a top-down approach and letting the different constructs
compete with each other until the most suitable one is left.
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Leemans, Fahland, and van der Aalst (2013, August) present a technique that is able to tackle
the problems that its predecessors have. According to the authors, the presented technique is
able to cope with rare behaviors (noise) and large logs while ensuring the soundness of the
results. The approach was integrated with ProM and compared with existing approaches in
terms of quality and performance.

Folino, et al. (2009, September) improve the existing process discovery algorithms for
real-world applications. In this attempt, the paper proposes an algorithm that is able to cope
with duplicate and hidden tasks, as well as noisy logs and non-free choice relationships
among activities. The approach is scalable for real-world cases.

Tax, Sidorova, and van der Aalst (2017) also tackle the problem of discovering process
models from noisy and chaotic logs. The authors propose a novel approach of filtering out
noisy activities as opposed to standard, frequency-based filtering. The proposed approach has
been evaluated on 17 different real-life logs and the results show that the new activity
filtering method provides better quality resulting models.

Pecchia, et al. (2020) propose an approach for detecting software failures from application
logs using process mining. Since software application logs are inherently noisy, the proposed
method consequently contributes to process model discovery from noisy logs. Firstly, process
models are discovered from logs and then a conformance checking is run to detect deviations.
The evaluation shows mixed results depending on different applications.

Redlich, et al. (2014, November) have implemented a set of modifications for an existing
Constructs Competition Miner (CCM). CCM is designed to handle noise and not supported
behavior, hence these characteristics are inherited by the proposed algorithm as well. The
main goal of this work is to enable dynamic process discovery of a runtime process model.

Weijters, and Ribeiro (2011, April) have created a new process representation language based
on Causal nets along with the relevant process mining algorithm. The proposed framework is
better able to handle noisy logs. The resulting process models are easier to understand even in
the case of non-trivial constructs. The algorithm was integrated with ProM and evaluated on
multiple real-life noisy logs.

4.2 Declarative Process Model Discovery

When business processes are large and contain a lot of decision points, procedural process
models can become very complex and spaghetti-like. To tackle this problem, declarative
process models were introduced. Such models contain a set of business rules that the process
must follow instead of specific control-flow. Works related to discovery of declarative
process models are introduced in this section.

4.2.1 Sub-processes

Similar to procedural process models, declarative ones can also contain sub-processes for
improved understandability. Work related to discovering declarative sub-processes is
introduced in this subsection.

Jalali (2014) targets improving existing process model discovery methods in order to be able
to discover common aspects from different event logs. The author uses concepts related to
Aspect-Oriented Business Process Management (AOBPM) in order to achieve this goal. The
paper uses real-life event logs from a bank in order to explain the problem with existing
process mining algorithms and then test the new, aspect-oriented method that was developed.
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4.2.2 Discovered Process Model Refinement

Pruning and refining discovered process models is an important feature for discovery
algorithms. Works contributing to this feature are presented in this subsection.

Maggi, Bose, and van der Aalst (2013 June) have worked towards decluttering discovered
business models with their work. The authors (Maggi, Bose, van der Aalst, 2013 June) have
introduced various pruning techniques in order to refine declarative business process models
that have been discovered from event logs. In addition, the paper (Maggi, Bose, van der
Aalst, 2013 June) illustrates how domain knowledge can effectively be used in guiding the
process of discovery. The techniques presented by Maggi, Bose, and van der Aalst (2013
June) have been integrated into the process mining tool ProM and have been evaluated on
real-life event logs from a Dutch hospital.

In addition to pruning regular (not data-aware) discovered process models, Bose, Maggi, and
van der Aalst (2013) have introduced techniques of pruning business constraints from
discovered declarative business process models using correlations. Using data attribute
correlations and disambiguations allows finding discriminatory patterns, identifying outliers,
and analyzing bottlenecks (Bose, Maggi, van der Aalst, 2013). The presented technique has
been integrated with ProM and tested with real-life event logs from a Dutch academic
hospital.

4.2.3 Multi-perspective

Multi-perspective process discovery in the scope of declarative process models has the same
meaning as for the procedural ones. Declarative process discovery techniques that take into
consideration the existing data attributes are presented in this subsection.

Sturm, Schonig, and Jablonski (2018) aim at introducing an efficient process mining
framework that enables multi-perspective constraint discovery. For this purpose, authors
employ a distributed processing method MapReduce, and test their implementation on several
real-life event logs.

Leno, et al. (2020) have worked on discovering declarative process models with data
conditions. More specifically, the paper (Leno, et al. 2020) aims at discovering constraints
with two or more activities, both of which are associated with specific data conditions when
the activities occur. Hence, Leno, et al. (2020) tackle discovering multi-perspective process
models with correlation conditions. The authors present and compare two approaches for
achieving this goal. Testing on the combination of synthetic and real-life logs shows that the
first, clustering and rule mining technique outperforms the second, redescription mining
technique in terms of re-discovering artificially injected constraints in a log. Redescription
mining also has its own advantage of discovering rules with higher confidence and lower
support.

Maggi, et al. (2013) have also worked on declaring declarative business process models with
data constraints. The technique proposed by (Maggi, et al., 2013) is able to discover data
activation conditions during process model discovery. The method has been validated on a
real-life event log of a cancer treatment process. One of the major benefits of the method
proposed by Maggi, et al. (2013) is that it is able to capture recurrent rules that relate to pairs
of activities, making it possible to provide a summary view of key rules that govern the
process.

Bose, Maggi, and van der Aalst (2013) employ multi-perspective, data correlation conditions
in order to prune discovered declarative process models. The introduced method was
validated on real-life event logs and was proved to be efficient in limiting the number of
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constraints that are shown to only the essential ones, making the discovered process models
much easier to understand with data conditions.

Sturm, Fichtner, and Schonig (2019) aim at improving upon existing process mining methods
in order to increase their performance. The authors have employed the latest big data mining
technology and the distributed processing method MapReduce in order to achieve this goal
(Sturm, Fichtner, and Schonig, 2019). The algorithms presented in their work cover the full
set of MP-Declare constraints as well as allow a simpler introduction for custom constraints.
The method was validated on real-life event logs and showed that the introduced method is
indeed able to discover process models in a reasonable amount of time.

Sutrisnowati, et al. (2017) have targeted the problem of scalability and real-life usability of
Multi-perspective process model discovery methods. The authors have introduced a scalable
indexing algorithm for MP process analysis (Sutrisnowati, et al., 2017). The proposed
solution only indexes the attributes in the selected events and focuses on time data
constraints. The approach was implemented as a ProM plugin and validated on real-life event
logs.

Sturm, Schonig, and Jablonski (2018) propose an efficient technique for mining declarative
process models with data attributes. By building on top of the distributed processing method
MapReduce, the authors were able to develop an innovative multi-perspective discovery
algorithm that is more efficient than its predecessors (Sturm, Schonig, and Jablonski, 2018).
The proposed approach has been tested on real-life event logs.

4.2.4 Clustering

Works presented in this subsection contribute to improving the understandability of
discovered declarative process models by utilizing clustering approaches.

Bernardi, Cimitile, and Mercaldo (2018) propose a cloud architecture that helps improve
resource management distribution for organizations. The authors have discovered an
approach of continuously extracting the data from the software logs and applying online
process mining techniques to analyze these logs (Bernardi, Cimitile, and Mercaldo 2018).
The resulting process models are declarative and provide insight on different variants of
executed business processes. The approach was validated in a real-life process of online
shopping.

Bernardi, Cimitile, and Maggi (2014) introduce a cloud computing multi-tenancy architecture
that supports cross-organizational process executions. The authors have also developed an
approach for the systematic extraction of data from system logs in order to organize them in
an ordinary event log fashion (Bernardi, Cimitile, and Maggi, 2014). Finally, the authors have
integrated online process mining techniques in order to extract business rules from software
process logs (Bernardi, Cimitile, and Maggi, 2014). The resulting method is able to discover
different variants of the process execution to provide greater insights to organizations.

4.2.5 Online

Being able to handle a continuous stream of events and discover declarative process models
in real-time is an important research area. Works related to this topic are presented in this
subsection.

Bernardi, Cimitile, and Mercaldo (2018) have discovered a systematic approach to extracting
and serializing software execution runtime logs into event logs. The resulting event logs are
streamed to online process mining tools in order to discover multiple variants of the process
execution (Bernardi, Cimitile, and Mercaldo 2018). This paper is one of the best examples of
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how online process mining techniques can be used and the benefits they can bring to
organizations.

Similarly, Bernardi, Cimitile, and Maggi (2014) have introduced a cloud architecture that
allows for the effective usage of process runtime logs as event logs. The continuous process
execution logs are serialized and used for online process mining, making it possible to extract
business rules from process executions in real-time.

Burattin, Cimitile, and Maggi (2014 September) propose a tool for visualization of online
process model discovery. Since the process discovery is online, the discovered model is
changing in real-time, hence the visualization is referred to as a “process movie” (Burattin,
Cimitile, and Maggi, 2014 September). The tool's effectiveness is validated on a real-life log
of health insurance claims handling processes in a travel agency.

Burattin, et al. (2015) propose an innovative method of online discovery of declarative
process models. With the introduced approach it is possible to store all events over a longer
period of time. In addition, the proposed method can provide meaningful information on
changes occurring in a process during its execution. The method was validated on both
synthetic and real-life event logs.

4.2.6 General

Important works that do not fall under any of the aforementioned subsections are presented in
this subsection.

Di Ciccio, and Mecella (2013, April) have developed a two-step algorithm for discovering
declarative process models - MINERful++. The proposed algorithm first builds a knowledge
base based on the information from execution logs. Then, the knowledge base is queried and
the statistical support of constraints is computed (Di Ciccio, and Mecella, 2013, April).
MINERful++ algorithm is important because it is efficient, independent, and capable of
removing unnecessary, subsumed constraints.

Schonig, et al. (2016, June) utilize relational database RelationalXES and introduce an
innovative mining approach with SQL. The benefit of the method described in this paper is
that the mining is customizable and not restricted to the predefined control-flow constraints.
The presented approach was validated on several real-life event logs.

Maggi, Bose, and van der Aalst (2012, June) have developed an Apriori algorithm for
discovering declarative business process models. The algorithm reduces the search space,
making the discovery more fast and efficient. In addition, the discovered models are pruned
and the results are highly readable. The proposed approach was tested on real-life event logs.

Réim, et al. (2014 October) have developed a proof of concept for temporal logic query
checking. This concept stands in between standard process discovery and conformance
checking. Declare constraints are discovered from actual event logs and then compared to the
constraints pre-defined by a user. In addition to providing a true-false type answer for process
compliance, the method is able to provide a detailed view on which traces violate or satisfy
the constraints (Rdim, et al., 2014 October). The approach was validated on both real-life and
synthetic logs.

Di Ciccio, and Mecella (2015) present an approach to discovering declarative process models
for artful processes. For this purpose, the authors have developed a two-phase algorithm
called MINERful which operates in a similar way as described in (Di Ciccio, and Mecella,
2013, April). In addition to actual algorithm development, the paper provides a thorough
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theoretical and empirical evaluation of the approach in terms of its performance and quality
based on a real case study. The method is validated on both synthetic and real-life event logs.

Maggi, Mooij, and Van der Aalst (2011, April) present one of the early works of declarative
process mining. The paper presents an approach to automatically discover Declare process
models that were integrated with the mining tool ProM. The proposed approach was validated
on real-life logs from the maritime safety and security domain.

The following subsections will present process discovery related works, grouped based on
common aspects.

4.2.6.1 Disjunction

Since declarative process models describe processes using a set of business rules, being able
to handle different sorts of complex, including target-branched declare constraints is an
important feature for discovery algorithms.

D1 Ciccio, Maggi, and Mendling (2014) tackle the problem of complex declarative models’
readability with their work. More specifically, they define the class of Target-Branched
Declare constraints and examine its properties. In addition to the theoretical analysis, the
authors provide a technique for efficiently discovering Target-Branched Declare models. The
proposed technique is validated on both synthetic and real-life logs.

Di Ciccio, Maggi, and Mendling (2016) improve upon their previous (2014) work in an
attempt to discover branched Declare constraints efficiently. The paper includes theoretical
discussions as well as a technique implemented in practice that was validated on both
synthetic and real-life logs (Di Ciccio, Maggi, and Mendling, 2016). In addition to the actual
usability of the method developed by Di Ciccio, Maggi, and Mendling (2016), their work
provides interesting insights and theory that helps in understanding Target-Branched Declare.

4.2.6.2 Efficiency Algorithm

While discovery algorithms might be able to discover precise and understandable process
models, their performance is also an important subject. Works that contribute to improving
the performance of declarative process discovery algorithms are presented in this subsection.

Kala, et al. (2016 September) use a combination of the Apriori algorithm and a group of
algorithms for Sequence Analysis with a goal of improving the performance of an existing
Declare Miner. Declare Miner is a plugin for ProM that is able to discover declarative process
models from event logs. The validation on both synthetic and real-life logs has shown that
Kala, et al. (2016 September) were able to significantly improve the performance of the
existing Declare Miner plugin.

Maggi, et al. (2018) improves on the previous works of the authors and aims to further
improve the performance of the Declare Miner. The proposed approach was developed in a
way that allows parallelization using two different partitioning methods - search space
partitioning and database partitioning. The new, improved Declare Miner was integrated with
the newer version of the ProM tool and the validation on both synthetic and real-life logs
show that the performance has indeed improved.

4.2.6.3 Email Driven

Similar to section 4.1.14.11, this section presents works that contribute to discovering
declarative process models from email threads.

Di Ciccio, and Mecella (2012, May) aim to develop a mining algorithm that is able to
efficiently compute the constraints that characterize artful processes. The processes in the
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form of workflows are obtained from the tool called MailOfMine, which aims to
automatically build workflows based on the flow of email messages (Di Ciccio, and Mecella,
2012, May). The resulting algorithm is validated on real-life workflows.

4.2.6.4 Multi Instance

Being able to see similarities and differences between different instances of the same process
is important for analysts. Among other benefits, it allows them to clearly see violations of
predefined constraints.

Winter, Stertz, and Rinderle-Ma (2020) aim at discovering Instance Spanning Constraints
(ISCs) from event logs. Since ISCs are the instruments that allow establishing controls across
multiple instances of the process, discovering them could be very beneficial to businesses.
The paper compares four different discovery algorithms for ISC discovery from process
execution logs (Winter, Stertz, and Rinderle-Ma, 2020). The discovered ISCs are put in
context for domain experts to validate and refine them further. The results are validated on
both synthetic and real-life logs.

4.3 Hybrid Process Model Discovery

This section provides an overview of how different works have answered the
business-oriented question “How are the instances of a business process executed?”” Different
aspects related to this question are discussed in the following subsections.

4.3.1 Sub-processes

Similar to procedural and declarative process model discovery, it is important to be able to
discover subprocesses for hybrid models as well.

Maggi, Slaats, and Reijers (2014, September) propose an approach for discovering hybrid
process models from event logs. The resulting process model consists of multiple
sub-processes that are either declarative or procedural. The approach is integrated with ProM
and validated on real-life event logs from a financial context (Maggi, Slaats, and Rejjers,
2014, September). This work is innovative and important since it allows leveraging the
benefits of both procedural and declarative process models, resulting in a more precise and
understandable final model.

4.3.2 General

This subsection contains a collection of works that do not fall in any of the aforementioned
categories.

Schunselaar, et al. (2018 July) present a technique for discovering hybrid (procedural +
declarative) process models from event logs. First, the authors use Inductive Miner for
discovering a fully procedural (imperative) log, and then they “balance out” its imprecise
parts with declarative models. As a result, this approach increases the precision of discovered
process models without overfitting the data. The technique was integrated with ProM and
validated on both synthetic and real-life logs.
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5 Conclusion

In the scope of this thesis paper, a Systematic Literature Review on the topic of process
mining was conducted. The SLR protocol was defined and a value-driven framework for
process mining use cases was described based on the SLR results. Moreover, SLR results
were presented in more detail by summarizing the process mining-related papers that have
contributed to business process discovery, one of the process mining methods belonging to
the value of transparency.

A total of 839 papers were analyzed and grouped into different value categories. 267 papers
fell under transparency, out of which 183 papers about process model discovery were
summarized in this work.

For the future, other process mining use cases under the transparency value such as process
model enhancement, social network mining, goal modeling, and decision mining need to be
considered as well as papers that contribute to other values such as efficiency, compliance,
quality, and agility.
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