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ABSTRACT

In recent years, the concept of a configurable process model has made many contributions, with the need for generic and
reusable models. The high demand for this type of generic model is accompanied by quality requirements, as these models
must be as comprehensive as possible to facilitate the task of customization. Many approaches exist to deal with configurable
process models, especially in the field of process mining, including its three types of techniques: discovery, conformance, and
enhancement. However, there is a lack of semantic representation in the resulting models. In this study, we propose a novel
automated approach based on the extension of the Inductive Miner algorithm used to discover business process models. This
method discovers a semantically annotated configurable process model using two ontologies: variability ontology and domain
ontology-related concepts, which will improve and facilitate the configurable process model customization.
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1. INTRODUCTION

Nowadays, companies try to make their business pro-
cesses easy to understand and model while growing and
opening to the market, so that the process management
activity will be done easily and smoothly. Configurable
process models (CPM) are useful for large structures that
run several activities (Ayora et al., 2013). These models
offer the option to regroup multiple variants related to the
same business process in one model, which can be cus-
tomized according to the execution environment proper-
ties (Pereira Detro et al., 2020). However, configurable
process models present some limits and difficulties such
as complexity, redundancy, and misunderstanding (Assy
etal., 2014).

Process mining techniques have been very helpful in
discovering business process models and configurable
process models that represent the real execution of pro-
cesses (Buijs et al., 2013). Process mining is divided into
three types of techniques: discovery, conformance check-
ing, and enhancement. Process model discovery explores
event logs to create a clear process model based on the
order of activities present in event logs (Ozates et al.,
2024). Conformance checking uses the event log to detect
any deviation during the process execution. Enhancement
aims to improve the process model based on the data
present in the event log (Ozates et al., 2024).

In spite of the number of contributions in the pro-
cess mining field, most of the works have been focusing
primarily on the syntactic analysis of process execution
traces, which generate multiple issues related to the size
and complexity level of the model (Barbieri et al., 2023).
And, usually, only business analysts and domain experts
can handle analysis regarding the resulting process model,
due to the absence of domain knowledge in the process
model (Berti et al., 2024). To remedy these limitations, se-
mantics were introduced as a support tool to improve pro-
cess mining results (Barbieri et al., 2023; Pereira Detro et
al.,, 2020; Rebmann & van der Aa, 2022). For configurable
process models, the lack of semantics complicates the task
of configuration and impacts on the quality of process
model variants (El Faquih et al., 2015; Fang et al., 2023).

As part of this work, we present a new approach to
mine configurable process models that are enriched se-
mantically with variability concepts and domain knowl-
edge, starting with a collection of event logs. We aim to
capitalize on the semantic analysis of event logs to discov-
er a configurable process model that integrates semantics.

For this purpose, we will use two ontologies, an ontol-

ogy related to variability concepts and an ontology related
to domain knowledge. The main idea is to improve com-
prehension and quality of the process model discovered.
The configurable process model enriched semantically
will be simpler to configure. Instead of discovering the
model and then checking it against ontologies to validate
it, ontologies will be used during the discovery phase to
provide additional information, related to variability and
process domain, on the process model discovered. This
will reduce the cost of conformance and enhancement of
these models.

The remainder of this paper is organized as follows. In
Section 2, we include a background of the most important
concepts. Section 3 gives an overview of the existing work
related to this research area. Section 4 describes our objec-
tives and contribution. In Section 5, we present a global
overview of our approach. Section 6 provides details about
the discovery component. Finally, in Section 7 we con-
clude the paper with an outlook for perspectives.

2. BACKGROUND

2.1. Configurable Process Models

Configurable process models regroup multiple execu-
tion cases of the same business process into one single
process model. This type of model presents multiple
advantages such as reusability, flexibility, and the ability
to fit individual needs without performing any process
modeling activities (Fang et al., 2023). Configurable pro-
cess models have been used in different application areas,
especially healthcare (Pereira Detro et al., 2020), industry
(La Rosa et al., 2011), and e-learning (Azouzi et al., 2017).

Otherwise, configurable process models can be adapt-
ed to the execution context through the configuration
decisions made at design time (Assy et al., 2014). The con-
figuration allows users to disable all unnecessary process
parts in order to derive the appropriate model (Gottschalk
et al., 2009).

Configurable process models are characterized by
the support of variability via two key elements: varia-
tion points and variants (El Faquih & Fredj, 2017). The
variation points represent the decision points that link a
fragment of common parts along with a fragment of vari-
able parts in the model, and the variants are the multiple
alternatives relating to the variation point. The choice of
variants is made based on the rules related to the execu-
tion context and variation point. During the configuration
process, variant activities can be set as ON (Included),
OFF (Excluded), or OPT (Optionally included).
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A variety of languages integrate variability in order
to represent configurable process models: configurable
event-driven process chains (C-EPC) (Rosemann & van
der Aalst, 2007), configurable integrated EPC (C-iEPC)
(La Rosa et al., 2007), configurable BPMN (C-BPMN)
(El Faquih & Fredj, 2017), variant rich BPMN (vrBPMN)
(Schnieders & Puhlmann, 2007), and configurable yet
another workflow language (C-YAWL) (La Rosa & Gott-
schalk, 2009). Fig. 1 (La Rosa, 2009) represents an exam-
ple of the configurable process model and its variants.

2.2. Discovery of Configurable Process Models
Configurable process models can be built in two differ-
ent ways:

o Approaches based on merging variants: The config-
urable process model is built by merging a collection
of existing process models, and the configuration
of the resulting model corresponds to the original
models (Buijs et al., 2013). Two approaches are in-
cluded in this category; the difference between them
is how to get the variants. Approach (1) discovers the
variants individually and then merges them into one
consolidated configurable process model. Method
(2) merges the collection of event logs, then applies
process mining techniques to obtain the common
process model, which does not integrate variability,

Tape shooting
process model

Film shooting
process model

then works on the customization of this model, and
after that merges the process variants to get the final
configurable process model.

o Direct mining approaches: The discovery of a con-
figurable process model is done automatically by ap-
plying process mining techniques (Buijs et al., 2013).
There are two approaches: Approach (1) merges the
collection of event logs and applies process mining
techniques to discover the CPM that will be config-
ured to obtain process variants. Approach (2) discov-
ers the CPM and its configuration in one step. These
approaches are not yet implemented concretely.

Several algorithms are present in the field of process
model discovery: Alpha Miner (van der Aalst et al., 2004),
Genetic Miner (van der Aalst et al., 2005), Heuristic
Miner (Weijters et al., 2006), Fuzzy Miner (Giinther &
van der Aalst, 2007), and Inductive Miner (IM) (Leemans
et al, 2013). Each algorithm has its strengths and weak-
nesses. Table 1 demonstrates a comparison between these
algorithms. Following this comparison, IM is the most
suitable algorithm to deal with any potential noise or in-
completeness in the event logs and can replay the event
logs. It constructs a process tree using the method of split-
ting the event log recursively into sub-event logs (blocs)
and determining the relation between blocs until a base
case is found (Leemans et al., 2013). There are four types
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process model
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Fig. 1. Example of the configurable process model. Adapted from La Rosa (2009).
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of splits in the event log: Sequential, Parallel, Concurrent,
and Loop.

The configurable process models constructed using
the different approaches need material support or a hu-
man background during the configuration stage. This was
considered a weakness of process models discovered, and
to overcome it, many works propose integrating semantic
technologies.

2.3. Semantics in Configurable Process Models

Configurable process models are designed to be
changed and customized depending on the execution con-
ditions of the business environment. However, their abil-
ity to represent multiple business process cases impacts
other properties, and engenders several challenges due
to the size of the model, its complexity, and the time plus
resources needed to evolve and keep up this model (Detro
etal., 2017; El Faquih et al., 2015).

Present research proves that the integration of semantic
features into process models can improve model quality
and solve multiple misunderstanding issues. Accordingly,
the use of semantics in process modeling becomes a ne-
cessity, as they bring more clarity and ease during process
model manipulation.

The integration of semantics in the configurable pro-
cess model is inspired from their integration in the busi-

Table 1. Comparison of process mining algorithms

Ability to deal  Ability to deal

Pro;gz?i{rﬁlr:mg Witlr:) Sgisy with irllgg;nplete . Sg;’httg ;(I)og
Alpha Algorithm No No No
Heuristic Miner Yes Partially No
Fuzzy Miner Yes Yes No
Genetic Miner Yes Yes No
Inductive Miner Yes Yes Yes
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ness process model. It corresponds to the combination be-
tween business process and semantic web technologies. A
semantic process model is made up of a range of activities,
including additional information related to the functional,
behavioral, organizational, operational, and non-function-
al aspects of these activities. These aspects are described
in a formal representation that is machine-readable and
machine understandable. The concept of ontologies serves
to illustrate these data in process models (Lautenbacher et
al., 2009).

An ontology represents a precise and formal specifica-
tion of a shared conceptualization related to a specific sub-
ject area (Gruber, 1993). It defines concepts of a domain
and the relationships between them.

Fig. 2 (La Rosa, 2009) illustrates an example of the
BPMN configurable process model, annotated semanti-
cally using BPM ontology concepts.

The next section is dedicated to the presentation and
discussion of the existing works in relation to our study.

3. RELATED WORKS

Over the last few years, the implementation of business
process models has been studied, through both theoretical
and practical methods. Thus, various studies have identi-
fied the business process weakness in dealing with differ-
ent execution environment conditions. For that reason,
configurable process models were introduced with one
principal advantage of integrating all the behaviors of all
process variants into one model (Gottschalk et al., 2007).
This type provides the possibility of extracting the variant
models through two techniques, extension and restriction
(La Rosa et al., 2017).

In parallel with this, a study by Hepp et al. (2005)
showed that business processes need to adopt a machine-
readable representation and proposed to combine busi-
ness process management and semantic web technology
under one consolidated technology, semantic business
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Fig. 2. Example of the semantic configurable process model. Adapted from La Rosa (2009). DFM, digital film master.
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process management, to provide a uniformed representa-
tion of business processes on a semantic level.

This evolution has a major impact on process mining
results, since the first applications of process mining tech-
niques were based on syntactic analysis, and the models
discovered were too complicated and large to be main-
tained. Many studies have used semantics in different
ways to improve the process mining results. Table 2 (Assy
et al., 2014; Cairns et al., 2014; Fang et al., 2023; Khodayari
Tehraninejad & Khoshnevis, 2022; Nykénen et al., 2015;
Pereira Detro et al., 2020; Ramos-Gutiérrez et al., 2021;
Rebmann & van der Aa, 2022) presents a comparison of
existing works in the field of process model discovery. The
comparison study was done using the following criteria:

o Process mining algorithm: Indicates the algorithm
used to discover the process model.

o Input: The inputs used for process discovery applica-
tion (one event log, collection of event logs, semanti-
cally enriched logs).

o Type of the resulting model: The output of process
discovery application (business process model, con-
figurable process model, variant model).

o Automatic/manual: Indicates if the process discov-
ery is done automatically or manually.

 Does the resulting model support variability?

o Does the resulting model support semantics?

» Type of ontology if used: When the resulting model
supports semantics, this criterion identifies which
type of ontology is used (domain ontology or busi-
ness ontology).

« The objective behind using semantics: Indicates for
which purpose semantics were employed in the ap-
proach.

According to this overview, we can observe that there
are two categories of works: the first category (Assy et
al., 2014; Khodayari Tehraninejad & Khoshnevis, 2022;
Ramos-Gutiérrez et al., 2021) includes works that discover
configurable process models or fragments through the
application of process mining algorithms on collections
of event logs. The resulting model supports variability but
lacks semantics. The second category (Cairns et al., 2014;
Nykénen et al., 2015; Rebmann & van der Aa, 2022) in-
cludes works that discover business process models with-
out variability, but integrate semantics to improve event
log data quality or improve the resulting model quality.
Some other works (Fang et al., 2023; Pereira Detro et al,,
2020) use semantics to derive process variants from an

existing configurable process.

Following this comparison, we concluded that most of
the existing approaches do not combine variability and se-
mantics in process model discovery. No one of the existing
works tries to integrate semantics in configurable process
model discovery, despite the importance of this element
to improve model quality and facilitate its verification and
enhancement. Semantics can be also used as a support
tool during process model configuration and analysis.

4. OBJECTIVES & CONTRIBUTION

The objective of this work is to integrate semantics in
configurable process model discovery. The use of seman-
tics has produced significant results for business process
models. By analogy, we intend to apply the same for CPM,
especially since configurable process models are too large
and complex and require more effort and resources to
analyze, configure, and enhance. Therefore, the usage of
semantics will provide rich support during the lifecycle
management of CPM.

In this paper, we aim to integrate semantics using on-
tologies (CPM ontology and domain ontology). The CPM
ontology is used to pre-process the event logs and mark
variability elements in the resulting merged event log. The
domain ontology is used during the process mining appli-
cation, and related annotations will appear in the resulting
configurable process model.

Given that IM is the most used algorithm in process
mining practices (Amoury & Bertet, 2023) and can deal
with noisy, incomplete traces, we choose to extend it to
enrich the resulting configurable process models with se-
mantics.

5. APPROACH OVERVIEW

In our approach, configurable process mining has been
realized as a multi-step mechanism, schematized in the
below Fig. 3. Below are the three main steps of the pro-
posed approach.

o Preparing event logs: As a first step, we prepare the
merged event log and insert annotations as present-
ed in our previous work (Khannat et al., 2021). We
start with a collection of event logs, variability speci-
fication files, and CPM ontology, and as a result, we
generate a merged event log enriched semantically
with CPM annotations.

+ Discovering CPM fragments: In the second step,
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Fig. 3. Semantic configurable process mining approach. CPM, configurable process model.

having the merged event log enriched semantically,
we work on the mining of configurable process
model fragments. The detail of this step is presented
in this paper.

o Building the configurable process model: Finally,
in the last step, we consolidate the discovered frag-
ments into the configurable process model.

6. CPM FRAGMENTS DISCOVERY APPROACH

The configurable process model discovery approach is
performed on a collection of event logs that is merged and
enriched semantically with CPM ontology. The approach
proposed is based on multiple steps, as presented in Fig. 3.
These steps are described in the next sections.

First, we merge the collection of event logs and anno-
tate the resulting log using the CPM ontology.

We consider that the process we are dealing with is
composed of the three types of activities that character-
ize the configurable process model: i) atomic activity, ii)
complex activity, and iii) configurable activity. An atomic
activity is a simple activity that performs an atomic task
that cannot be divided into sub-activities. A configurable
activity includes variability and can be configured during
execution. A complex activity consists of more than one
atomic activity and configurable activity (Sharma et al,,
2014).

In the second step, we will split the merged event log
into multiple sub-logs that correspond to CPM fragments,

42 https://doi.org/10.1633/JISTaP.2024.12.4.3

depending on the activity types defined above, and clas-
sify them into two categories (with/without variability).
Therefore, we will apply mining techniques to discover
each CPM fragment separately.

Finally, we will link fragments and integrate activities
to obtain the configurable process model.

Input: Collection of event logs+variability specification
file+domain ontology+CPM ontology

Output: Configurable process model fragments

1. Pre-processing event logs (merging+annotation with
CPM ontology)

2. Annotation of merged event log with taxonomy
classes

3. Split merged event log on sub-logs

4. Classify sub-logs in two categories (with variability/
without variability)

5. Mining of CPM fragments (common & variant)

6.1. Event Logs Pre-Processing

This step was the subject of our previous work (Khannat
et al,, 2021). Before starting this step, we assume that the
collection of event logs used as input belongs to the same
process execution in different conditions, and that the logs
are clear from noise, complete, and homogeneous. Thus,
we will discover one configurable process model that will
be meaningful regarding variability and is less complex.

The first task is performed to merge the collection of
event logs into one log. For this we use the technique in-
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troduced in Claes and Poels (2014) that aims to create one
consolidated event log starting from two event logs, based
on the configured merging rules. After this, we annotate
the merged log with CPM ontology concepts based on the
variability specification file.

« Definition 1 - Event log: An Event log E is defined
as a set of traces (or cases) E=XT, and each trace is a
sequence of events of activities T=Ya.

o Definition 2 - Merged event log: Merged event log
mE is defined as a set of event logs corresponding
to the execution of the same process mE=XE, and
each event log E=XT (i, j) is a set of traces with two
indexes, where index i: refers to trace id and index j:
refers to event log id.

o Definition 3 - Variable traces: Variable traces set
VarTrace(E) is defined as a set of traces that contains
at least one configurable activity and which will be
annotated with #Variable annotation.

« Definition 4 - Variable activities: Variable activities
set VarActivity(E) is defined as a set of variation
points that will be annotated with #VariationPoint
annotation.

o Definition 5 - Activity variants: Activity variants set
Var(ai) contains the variants of the activity ai that
will be annotated with #Variant annotation.

We test with the sample event logs below:

E1={T1|| T2 || T3}: composed of three traces

/ Activity
7y

S
|

T~

S S

E2={T1 || T3 || T4}: composed of three traces

E3={T2 || T4}: composed of two traces

Tl={al || a2 || a4 || a5 || a7 || a8}

T2={al || a3 || a4 || a6 || a7 || a8}

T3={al || a3 || a4 || a5 || a7 || a8}

T4={al || a2 || a4 || a6 || a7 || a8}

The merged event log is E={T11 || T21 || T31 || T12 ||
T32 || T42 || T23 || T43}

In terms of activities: E={{al || a2 || a4 || a5 || a7 || a8} ||
(al [| 23| ad || a6 || a7 [| a8} | a1 || a3 || a4 || a5 || a7 || a8}
fal || a2 || a4 || a5 || a7 || a8} | fal || a3 || a4 | a5 | a7 |
a8} || fal [[a2 || a4 || a6 [| a7 [| a8} || fal || a3 || a4 || a6 || a7
|| a8} || {al || a2 || a4 ]| a6 || a7 || a8}}

VarTrace(E)={T1 || T2 || T3 || T4}

VarActivity(E)={al || a4}

Var(al)={a2 || a3}, Var (a4)={{a5 || a6}}

6.2. Semantic Annotation of Merged Event Log

The objective of this step is to enrich the merged event
log with meta-data related to domain knowledge. For this
purpose, we are using a domain ontology that includes a
taxonomy classifying process tasks in a hierarchical struc-
ture, as shown in Fig. 4 (Paquette, 2010).

Using the knowledge shared about the process, we try
to link each event in the merged log to one class of the
taxonomy. Through this method, we can determine if the
event reports to a complex activity or atomic activity. For
example, if our process is composed of the below activi-
ties:

Activity-structure Learning-activity

Learning-activity

+—3S

Instructional technics

f

S

9. Enhance

retention/transfer

1. Gain
attention c
C

2. |dentify
objective

Instructional events ——C 4P|:

C C C

Lo

C
8. Assess
performance

4. Present
stimulus

3. Recall prior
learning

11

learning performance

5. Guide J |: 6. Elicit

|

7. Provide
feedback

Fig. 4. Taxonomy of class activity in ontology learning design. Adapted from Paquette (2010). S, SubClassOf; C, Class.
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Table 3. Semantically annotated event log

Case ID Task name Originator Timestamp Semantic annotation
1 al User1 20-07-2004 14:00:00 <<CAT1>>
1 a2 User1 20-07-2004 14:05:01 <<CAT1>>
2 al User2 20-07-2004 14:06:00 <<CA1>>
2 a3 User2 20-07-2004 14:20:00 <<CA1>>
2 a4 System 20-07-2004 15:00:00 <<CA2>>
3 al User3 20-07-2004 15:01:00 <<CA1>>
1 a4 System 20-07-2004 15:13:00 <<CA2>>
2 a5 User2 20-07-2004 15:27:00 <<CA2>>
3 a3 User3 20-07-2004 16:00:00 <<CA1>>
3 a4 System 20-07-2004 16:09:00 <<CA2>>
2 a7 SYSTEM 20-07-2004 16:35:00 <<CA3>>
2 a8 SYSTEM 20-07-2004 16:38:00 <<CA3>>
1 a6 SYSTEM 20-07-2004 17:00:00 <<CA2>>
1 a7 SYSTEM 20-07-2004 17:14:00 <<CA3>>
1 a8 SYSTEM 20-07-2004 17:22:00 <<CA3>>
3 a5 User3 20-07-2004 18:00:00 <<CA2>>
3 a7 SYSTEM 20-07-2004 18:21:00 <<CA3>>
3 a8 SYSTEM 20-07-2004 18:30:00 <<CA3>>

CAl:{al||a2|| a3}

CA2:{a4 || a5 || a6}

CA3: {a7 || a8}

(CA)) refers to complex activity, and (ai) refers to atom-
ic activity.

Table 3 demonstrates a fragment of the event log en-
riched semantically with domain ontology; the event log
captures atomic activities executed during the process. For
each activity (ai) in event log, we use the column “Semantic
Annotation” to reference related complex activity (CA)).

6.3. Split Merged Event Log

To discover a less complex model, we chose to split the
merged event log into multiple sub-logs, where each sub-
log corresponds to one complex activity. The idea here is
to obtain the sub-logs that will serve as an input for the
process mining algorithm to discover configurable pro-
cess model fragments. Fig. 5 demonstrates the algorithm
proposed for this step.

This algorithm builds a set of sub-logs based on the
merged event log and a list of complex activities present in
the log.
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Algorithm 1 Algorithm for splitting merged event log
LSE
{l:ieN}

{Create sub-logs corresponding to complex activities}

1: input: Merged Event Log
2: output: Set of sub-logs S(L)=

3:i=1:
4: for C € Compy do {for each complex activity of L}

5: ;= Clone (L. 1) {create a copv of L with identifier i}
6: for € € L then

7 if GetSemanticAnnotation(€)#C then

8 Cleanlog(l, €)

9 end if

10: end for

11: i=i+l:

12: end for

Fig. 5. Algorithm for splitting merged event log.

For each complex activity, it clones the merged event
log and goes through the elimination technique to keep
only events related to this complex activity in the copy
created. Once we deduced a sub-log for each complex
activity of the process, we used the algorithm in Fig. 6 to
classify them into two categories: Category 1: sub-logs
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that contain variability (at least, they contain one variable
activity) and Category 2: sub-logs without variability (all
activities are common).

Regarding our example, the split event logs are below:

E(CA1) = {{al || a2} || {al || a3} || fal || a3} || {al || a2}
|[{al [[a3} || {al || a2} || {al || a3} || fal || a2}}

E(CA2) = {{a4 || a5} || {a4 || a6} || {a4 |[ a5} || {a4 || a5}
1 {ad || a5} || (a4 [ a6} | {a4 | a6} || o || a6}

B(CA3) = {{a7 | a8} || a7 || a8} || a7 || a8} || a7 || a8}
|[{a7 || a8} || {a7 || a8} || {a7 || a8} || {a7 || a8}}

Variable_logs = {E(CAL1) || E(CA2)}

Common_logs={E(CA3)}

6.4. Mining CPM Fragments

After classifying the sub-logs into two categories, we
will apply the process mining algorithm to discover con-
figurable process model fragments. We are expecting to
get for each sub-log a fragment of the configurable process
model.

Variable fragments will be discovered from variable
sub-logs, and common fragments will be discovered from
common sub-logs.

Knowing that the common logs did not contain any
variable activity, we will directly apply IM to discover the
corresponding fragments, and for variable sub logs, we
will apply a customized algorithm Inductive_Miner_Var
that includes variability in the process tree discovered.

6.4.1. Mining CPM Common Fragments

For the common fragments we directly apply the basic

Algorithm 2 Algorithm for classifying sub-logs
1: input: Set of sub-logs S(L)= {l:ieN}
: output: Variable logs, Commun_logs

=]

{Build Variable_logs and Commun_logs sets}

ti=1
: for |; € S(L) do {for each sub-log}
var_flag=true:
while var_flag do

for € € |;then

if GetCpmAnnotation(€) is not NULL then
Variable_logs = Variable_logs U

—
SOOI HEW

var_flag=false:
end if
end for
13: end while
14: end for
15: Common_logs = S(L) \ Variable_logs:

U
[

Fig. 6. Algorithm for classifying sub-logs.

version of IM (Pohl, 2019), which is based on four main
functions: cut detection, log splitting, base cases, and fall
through. IM takes as input an event log and builds the ap-
propriate directly-follows graph (dfg). IM looks for a cut
in dfg, following this order of priority:

1) XOR Cut

2) Sequence Cut
3) Parallel Cut
4) Loop Cut

Depending on the cut found, one of the different split
functions below is applied to split the initial log into one
or more sub-logs.

1) XOR Split

2) Sequence Split
3) Concurrent Split
4) Loop Split

After this step, the algorithm is recursively applied to
each sub-log until a base case, i.e. a dfg with a single ac-
tivity (Leemans, 2017), is detected. In case no base case
is found and no more cuts are detected, a fall through is
applied (i.e. a process tree is discovered) (Leemans, 2017).
Fig. 7 shows the common fragment mined from sub-log
E(CA3).

6.4.2. Mining CPM Variable Fragments

For the variable fragments, we conceived the new algo-
rithm, Inductive_Miner_Var, that represents an extension
of the IM supporting variability notions. This algorithm
(Fig. 8) is also based on the four main functions of an IM,
with further processing to include variability as metadata
in the resulting process tree. When a cut is detected, we
search for single activities in the cut partitions. Then, we
check if this activity is a variant, according to the annota-
tions present in the log; if yes, we mark the activity with
the label <<Variant>> and mark the direct relation con-
nected to this activity with one of the labels <<Vp 1..1>>,

-

Fig. 7. Process tree discovered from sub-log E(CA3).

http://www.jistap.org 45



JISTAP vou2n0.

<<Vp 0..n>>, or <<Vp 0..1>>, depending on the type of
the variation point, i.e. Alternatif or Optional or Optional-
Alternatif.

Fig. 9 illustrates the resulting variable fragment related
to the sub-log E(CA1).

Algorithm 3 Algorithm for mining variable fragments
1: input: Set of sub-logs Var(S(L)){l:i e N }
2: output: Set of process trees (Q;..... Q,)
3: R=NULL {Relation between cuts}
4: 1=0
5: While not (Var(S(L)).isEmpty()) do
6: BC = findbaseCaseIM (l,)
7 if (1> 0 & BC is not NULL) then
{Delete sub-log processed firom the list}
s: Var(S(L)) = Var(S(L) \ (1)
9: if (BC # T) then {Base Case is a single activity}
10: An = GetCPMAnnotation(BC)
112 if (An = CPMO#default) then
{Ammnotate the activity BC with CPM annotation}
12: Annotate(BC, <<Default=>)
13: else if (An = CPMO#variant) then
14: Annotate(BC. <<Variant>>)
15: else if (An = CPMO#alternative) then
{Annotate relation linked to BC with CPM annotation)}
16: AnnotateRelation(BC, <<Vp 1..1>>)
1% else if (An = CPMO#optional) then
18: AmnotateRelation(BC. <<Vp 0..n>>)
19: else if (An = CPMO#optionalAlternative) then
20: AnnotateRelation(BC, <<Vp 0..1>>)
21: end if
22% end if
23: end if
24: end if
25: end if
26: end if
27: i=i+1
28: else
{Calculate Directly-following graph resulting of the sub-log}
29: DFG = ComputeDFG(],)
30: (R, Py, P,..... P = FindCut(ly) {Find a cut partition}
31: if R is not NULL then
{Apply split to sub-log using relation R}
32: E. .... E, = Split(R. 1))
33: Var(S(L)) = Var(S(L)) v {E,. .... Ey} {Add sub-logs to the list}
34: else
3s: return FallThrough (1,)
36: end if
37: endif
38: end While

Fig. 8. Algorithm for mining variable fragments.

6.5. Consolidation of CPM

The last step is designed for the consolidation of the
configurable process model by linking the discovered
common and variant fragments. During this step, we an-
notate common fragments with the label <<Common>>
and variable fragments with the label <<VAR>>. Fig. 10
shows the resulting process tree of our example after link-
ing variables and common fragments.

7. CONCLUSION

Seen from an analysis point of view, configurable pro-
cess models are too large, complex, and difficult to evolve
efficiently. Therefore, representing semantics that refer-
ence concepts of a formal ontology in those models is
much needed.

The semantics of annotations will provide support
during the configuration and the extension of the con-
figurable process model. Going further, these labels can be
used for the validation of derived variants. In this regard,
we focus on discovering configurable process models
enriched semantically. Semantics are incorporated using
annotations related to variability and domain concepts.

In the present paper, we proposed a novel approach to
discover a configurable process model annotated semanti-
cally, starting with a collection of event logs and two on-
tologies: domain ontology and business process ontology.

<<Vp 1..1>>

a2 a3
<<Default>> <<Variant>>

Fig. 9. Process tree discovered from sub-log E(CAT).

a2 a3
<<Default>> <<Variant>>

<<Vp 1.1>>

ab

<<Default>>

a6

<<Variant>>

<<Common CA3>>

<<VAR CA1>>

<<VAR CA2>>

Fig. 10. Semantic configurable process tree.
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The method consists of discovering common fragments
and variable fragments of configurable process models
separately, and after that linking them. For variable frag-
ments, we proposed an extension of the IM algorithm to
generate variability annotations in the discovered process
trees.

The proposed approach shows the theoretical approach
related to the creation of annotated models. However, the
implementation of the test environment and testing on
real logs should be the subject of future research. More-
over, we plan to provide a model evaluation of the pro-
posed method. Also, as future work, we aim to extend this
approach to include the discovery of variants/configura-
tions at the same time of the configurable process model
discovery through the configuration matrix, and contrib-
ute to the enhancement of existing configurable process
models using ontologies.
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