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1 Introduction

These days, the effort and time required to develop soft-
ware systems have significantly reduced, and software
organizations are increasingly in need of finding ways

ABSTRACT

In highly configurable information systems such as SaaS information systems,
business process variability management is an important issue. The variability
model, which is often called the configurable process model (CPM), can be
reused to configure a family of processes each serving a separate purpose or
customer. If not already present, these business process variability models have
to be “extracted” based on event logs residing in the databases of the target
enterprise(s). Such extraction is costly to carry out manually. In this study, inspired
by Software Product Line Engineering concepts, we propose a novel automated
process-mining-based method by extending the “Alpha” algorithm for process
discovery as a preliminary solution. The proposed method takes a set of event logs
as input; and in three phases, outputs a CPM in terms of a model called “BPFM”.
To evaluate the method, we used the Goal-Question-Metric approach in a case
study on 10 cases. For this purpose, input event logs were artificially extracted
from the cases’ existing BPFM models and were fed as input to the proposed
method. Then, we observed if the output models of the method were similar to
the preliminary existing ones. The results showed that the method was promising
in identifying the CPMs; since the extracted models involved activities that were
97.5% identical to what was expected. Moreover, a structural precision of 98% and
a structural recall of 97.3% were obtained. The set of configurations derivable
from the output models was 100% similar to and provided 100% coverage over
the expected configurations.
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to create and control diversity and configurability in
their products so that they can deliver them effectively
and timely. Even more important than an ordinary
application, controlling configurability (variability) is
a very important issue in “highly configurable” (also
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called “variability-intensive”) information systems. Two
examples of such systems are cloud-based Saa$S infor-
mation systems, and enterprise Software Product Lines
(SPL). In these systems, variability is present in many
software artifacts, including the business processes,
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which must be captured and managed. The first step in
dealing with variability in these systems is “variability
modeling”, which applies to business processes as well.
Thus, we need to extract or discover business process
variability models. Automation of this “business pro-
cess variability models discovery and extraction” is the
main problem in this research.

Before we proceed any further into the details of the
problem statement, we provide some necessary back-
ground concepts. After the detailed problem statement,
a very brief discussion on the state of the art is pro-
vided, before we set up the research goal and state the
expected contribution of this work.

1.1 Basic Concepts

In this subsection, we provide a brief overview of the
following basic concepts: software product line (to
know about variability), business process family model
(BPFM) as well as its elements (to gain knowledge on
variability in business processes), and process mining
(how we solve the problem in this research).

1.1.1 Software Product Line

A software product line (SPL) is defined as a set of soft-
ware systems, that have common and shared features
that meet specific market or mission requirements and
are developed in a prescriptive manner, based on a set
of core assets [1].

Aiming at reusability, SPL engineering includes iden-
tifying common and variable artifacts among all sys-
tems, in terms of core assets; so that for configuring
a single product, we only need to pick the elements
we need from the assets repository and integrate and
test them before delivery to the customer [2]. Variable
elements help provide variety in the family of systems.
Many variability-intensive systems, such as cloud SaaS
applications as well as adaptable and configurable sys-
tems take advantage of concepts and techniques from
software product line engineering to deal with variabil-

ity.
1.1.2 The BPFM

Variability is present in different disciplines of software
engineering from requirements elicitation to testing.
One of the most important models in requirements
analysis is the feature model or feature tree [3], in
which features of the systems in the family are either
mandatory, optional or participating in a group of alter-
native variant features. However, feature trees cannot
represent business processes since they do not capture
the order between the features at runtime. Hence, to
model business process variability, in the context of
SPLs, several efforts were done to provide a means for
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modeling. Provop [4], BPFM [5], and Razavian's model
[6] are some of these efforts, to name a few, who have
extended BPMN and UML or have provided a new
model similar to those.

The Business Processes Family Model (BPFM) was
created to model the variability of the processes in the
business by Moon and her colleagues [5]. We picked
this model for our output variability-enriched business
process models, since:

« In BPFM, types of variability attributes for activi-
ties are explicitly indicated in terms of mandatory,
optional, and variant activities; and variable sub-
processes can be modeled in terms of variants re-
gions. Moreover, there are variation points, which
designate if different alternative variant activities
or variants regions exist as available options when
configuring a process instance.

« It is more expressive, and more complete than
other models, in terms of variability information
that can be captured by it.

o It is easier to understand, and easier to model and
train since it extends UML activity diagrams.

Important elements of the Business Process Family
Model (BPFM) are as follows [5]:

Activity: is a directly executable element, achieving
a specific task. An activity can be mandatory, optional,
or a variant related to a “variation point”.

Variation Point: is an element that is not directly ex-
ecutable; however, it gives us options to select between
a set of two or more variant activities at configuration
time. A variation point can be of type “simple”, “ex-
tended” or “flow”. In a “simple” variation point, the
alternative options are simple variant activities, out of
which one and only one activity can be selected in a
configuration (we say that the “cardinality” for a simple
variation point is always [1..1]); However, “extended”
or “flow” types are capable of representing the variabil-
ity of flow between variants. In an “extended” varia-
tion point, there is a pre-set fixed flow among variants;
while in a “flow” variation point, the flow is not fixed
and can be designated as desired at configuration time.
Cardinality for extended and flow types is always [0..1]
since the whole variants region containing the variants
can be selected or not selected in a configuration.

Variants Region: is a container for variants in vari-
ation points of “extended” or “flow” types. Each vari-
ant in a variants region can be mandatory or optional,
meaning that if the variation point is selected at all,
mandatory and optional variant “should” or “can” be
selected in a configuration respectively.

A sample BPFM is shown in Figure[I] Mandatory and
optional activities are shown in white boxes with solid
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Figure 1. A Sample BPFM.

and dotted borders, respectively. Gray boxes with an
attached octagon represent variation points. There are
two variation points in this BPFM, both of which are
of “extended” type with cardinality [0..1], and have a
variants region of two activities, which are optional in
the first variants region, and mandatory in the second.

In this paper, we intend to discover the business
process variability model (here, BPFM), using process
mining.

1.1.3 Process Mining

Process mining is an important bridge between data
mining and the analysis of business processes. Due
to the increasing number of events in databases that
provide a history of activities related to the business
processes, and given the competitive environment of
the businesses and the constantly changing environ-
ment, there is a need to improve and support business
processes. The goal of process mining is discovery, (re-
)design, control, and support of operational processes.
The starting point material in different process mining
methods is the recorded set of events that is called an
“event log”. Events can be stored in databases, messages,
transaction logs, archives, and other data sources. In
all process mining techniques, it is assumed that the
event log is consistent so that each event refers to an
activity. A series of successive traces of events is called a
trace log. Event logs can contain information about an
event, such as resources, event tags, or data elements
that are recorded with an event [7].

Process mining generally has three types of tech-
niques: process discovery, conformance checking, and
process improvement [7]. The process discovery is a
technique that receives an event log as an input and
generates an output process model without any prior
information. In process conformance control, an exist-
ing model of the process is compared with the event
logs of the same process, and it is examined whether
the stored events match the existing process model.
The output contains information that shows the differ-

ences and similarities between the model and the event
log. In process improvement techniques, processes are
improved using existing information about the actual
running process obtained from the recorded event logs,
and the output is the improved process model.

There are several process discovery algorithms in
the literature and practice, including algorithmic tech-
niques (e.g., Alpha, and heuristic mining), genetic pro-
cess mining, region-based process mining, etc. In this
study, we focused on extending the Alpha algorithm as
an initial step for variability-enriched process discovery.

1.2 Problem Statement

As we stated in Section variability modeling and
management is a key issue that is mainly addressed
by techniques in SPL engineering. SPL engineering has
attracted considerable attention from researchers and
practitioners due to the economic benefits and business
competitiveness it provides mainly through reusability.
One of these benefits is the reduction of development
costs, increased software quality, market dominance
by supporting different customer requirements, and
reduced time-to-market [8} [9].

One important artifact in information systems de-
velopment is the business processes, capturing whose
variability is also required within a family of systems or
configurations. Sometimes referred to as “process refer-
ence model”, or configurable process model (CPM), this
model is a reusable artifact that can be configured to
a family of processes, each of which serves a separate
purpose or customer. Such models are applicable in
novel areas of research and technology today, such as
in service-oriented architecture and cloud-based SaaS
applications [10} [11] and even the Internet of Things
(IoT) [12} 13].

In highly configurable systems, sometimes business
process variability models have to be “extracted” from
existing data. One way to reach this goal is through
using several “event logs” that reside in the databases
of the target enterprise(s).
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As an example, suppose the “check-in” processes in
hospitals. All check-in processes share a high amount
of common tasks but maybe with some differences
(variability). This variability must be extracted and
modeled from possibly several hospitals, either from
already-existing process models or in the absence of
existing process models, from events that are logged and
recorded in the databases of those hospitals. Specifically,
in the latter case, such an extraction, if performed
manually, is extremely difficult, error-prone, costly (in
terms of time and effort), and almost impossible [14-
16], especially if the business processes are complex
and large. Therefore, automatic solutions are quite
necessary for tackling this challenge.

Process mining discovery algorithms (like Alpha algo-
rithm [1I7]) deal with automatically extracting activities
as well as their order of occurrence (branches, joins,
etc.) from event logs.

Hence, in this paper, we aim at automating the dis-
covery of business process variability models from a
set of event logs, by extending a process discovery algo-
rithm (Alpha algorithm from process mining). Because
of the automation it provides, it is obvious that the pro-
posed method will reduce the time and effort needed
for the discovery of the goal business process variability
model, compared with a manual method. Additionally,
the method is expected to provide accurate models, in
both structure and configurations aspects.

1.3 A Brief Discussion on the State of the Art

In the literature, we can see three categories of related
studies that we will discuss in more detail in Section
From these categories, the most relevant is the set of
studies that consist of some type of variability man-
agement over business processes, either in the form of
modeling, variant management, or variability model
(reference model) extraction.

None of these studies has provided clear notions of
variability embedded in their output models in terms
of mandatory, optional, and variant activities, as well
as variable sub-processes. There were two exceptions,
however, as follows. In Sikal et al.’s work [1] although the
variability of the activities (and not the sub-processes)
was captured, they did not provide a business process
variability “model”, but merely a specification file. In
Khannat et al.’s study [18], limited details are provided
on how the steps are implemented; moreover, the study
merely was an unevaluated proposal of a framework.

Usually modeled as a simple non-variable BPMNB
resulting models of the previous work did not distin-

1 BPMN: Business Process Modeling Notation is a notation pro-
posed by Object Management Group (OMG) to represent business
processes graphically.
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guish between an ordinary “gateway” (elements for
forking and joining branch activities in BPMN) and a
variation point (which does not deal with branches, but
with elements being mandatory, optional, etc.). These
works have used “gateways” to represent “variability”!

In a branching gateway, for example, we know that
a process has some branches to go through while
being executed (in either a selective or a parallel way).
However, this does not give us any precise information
on the activities or flows that are mandatory (that has to
be selected in every process configuration) or optional
(that does not have to be selected).

1.4 Research Goal and Contribution

As discussed earlier, in this paper, we intend to capture
the variability of activities and the flows between them,
in business processes, in terms of a business process
variability model, namely a “BPFM” model [5]. To do
so, we utilize a combination of SPL variability-related
concepts (BPFM, mandatory, optional, and variant ele-
ments, etc.) on one hand, and process mining concepts,
algorithms, and tools (e.g., Alpha discovery algorithm,
event logs, etc.) on the other hand.

The planned contribution of this research is: “pro-
viding an automated process-mining-based method for
extracting the business process variability model (in
terms of a “BFPM” model) from several event logs (ob-
tained from several enterprises) by enhancing the Alpha
algorithm for process discovery”.

For the sake of convenience, we call the proposed
method, “Proxima” (process-mining-based extraction
of a model for representing business process variability).
Proxima consists of three phases: (1) preparation, (2)
extraction, and (3) drawing, as follows:

¢ In phase 1, having the input event logs, we prepare
a master merged sanitized trace log from which we
obtain a set of trace clusters. These clusters con-
tain similar process instances (in terms of traces)
and each cluster can be a source for extracting a
separate BPFM.

e In phase 2, we extend the Alpha algorithm for
process discovery that derives a process out of
a trace log. To add variability-specific attributes
and elements to the Alpha algorithm, we divide it
into two parts and call our variability extraction
algorithms in between the two parts when the first
part has identified the activities and their pair-wise
order. At this point, our algorithms determine if
each identified activity is mandatory, optional, or
a variant in the family (i.e. in the traces in a single
cluster), and we designate the variation points and
variants regions as well (we will introduce these
concepts in Section [2). Then the ordered pairs of
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activities are updated to be ready for the second
part of Alpha, where the connections between the
pairs of activities are set and finalized.

e Finally in phase 3 (drawing), everything is ready to
be integrated to draw the model.

It is noteworthy that the scope of this research does
not include semantic aspects, as we start with structural
syntactic analysis, and leave the semantic improvement
to future research.

We emphasize that in this research, we intend to
utilize an enhanced process discovery algorithm, to
improve the discovery of the business process variability
model, and not to improve process mining techniques,
per se.

1.5 Structure of the Paper

The rest of the paper is organized as follows: In Section[2}
a review of the previous work is provided. In Section
we will describe the proposed method in detail, and
in Section [4} we will evaluate it. Finally, we discuss the
outcomes of this research in Section [5] before Section [6}
which concludes the paper.

2 Review of Previous Work

There are three categories of related studies in the
literature:

The first category includes studies that have dealt
merely with process discovery using process mining
techniques, but did not discover “variability” of ele-
ments in the process. An example is [19].

The second category involves studies, which focused
on comparing the processes to extract similarities or
differences, but not in terms of a variability model.
Some of these works are based on process mining
([16][19421]), and some are not ([9} [16, 22} 23]).

The third category consists of different types of vari-
ability management attempts on business processes.
This category can be further classified into four sub-
categories.

« The first sub-category involves efforts to enrich
process models with variability attributes or rela-
tionships, merely focusing on “modeling”. These
studies attempted to extend UML activity diagrams,
BPMN, etc., or proposed new metamodels for this
purpose. These works, including [4H6] [24] among
others, did not utilize process mining techniques.

« Studies in the second sub-category, dealt with the
management of variants and selecting proper con-
figurations in response to some given requirements
(such as [4, 25]). Therefore, their aim was not to
process variability model “discovery”; but instead,

to configure a process from a configurable model.
The third subcategory involves studies that have
dealt with “maintaining” variability when a config-
urable process model is imposed to changes (such
as [26]).

The fourth subcategory is the closest to our work,
in the sense that they were involved with pro-
cess variability extraction. Process variability ex-
traction sometimes referred to as process reference
model extraction or configurable process model
extraction, can be either “deductive”, or “inductive”
[27]. In the deductive approach, merely “theoreti-
cal foundations” are used to extract the elements,
while in the inductive approach, “existing artifacts”,
such as existing process models or event logs, are
used for extraction [27]. In either form, these stud-
ies are classified into those that are based on pro-
cess mining and those that are not. The works that
are not based on process mining use structures
such as graphs or trees to capture existing models,
from which the business process variability model
is to be extracted. Most of these works are induc-
tive methods and include [14][27-32]. The works
that are based on process mining are the most
relevant to our research since they are inductive
approaches that take a set of existing event logs
as input to their proposed methods. These include
[1} 18} 33H37] which are compared to each other
in Table

As you can see from Table |1, the output models
of these studies do not involve different variability
attributes, namely mandatory, optional, or variant, for
all elements, namely activities, flows, and sub-processes.
Moreover, they do not generate variability-enriched
process models. In other words, some of them generate
merely a process tree, or simply a BPMN model (with
joining and forking gates as variability), or merely a
specification file.

Two studies are closer to our approach in terms of the
variability attributes involved. The first work, Sikal et
als I, considered variability attributes and elements,
such as variation points, and variants; however, they
did not provide a “model” as the output, but merely a
specification file. In the second, Khannat et al.’s study
(18], input event logs were augmented with semantics
using two ontologies: variability ontology, and domain
concepts ontology. This resulted in two sets of event
logs, which then were merged into a high-level anno-
tated event log. The event log was then passed to a dis-
covery component. Although the method enriches the
procedure with semantics, it is not clear how the dis-
covery is performed and how the semantic enrichment
is achieved. The paper does not report an evaluation ei-
ther and no implementation was carried out; therefore,
no metrics are measured to allow for any comparison.
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Table 1. Comparison of Studies on Extracting Business Process Variability Model.

Identifies
Elements
Inspired by commonal- whose
. N 2
Approach | Methods Input Output SPLE? ity a.n.d vari{ Automated? variability is
ability of
captured
elements?
Activities,
non-process- [14] processes as BPFM v v x sub-processes,
mining graphs flows
BPMN, EPC,
graph, or
arbitrary
l2mal (independent 8 * v/ (some) i
of modeling
language)
(inecllreblter:llzlint Configurable
133} 34] pend x v v process
of modeling
fragments
language)
process multiple event process tree
mining logs with
[35] (inductive) . . X v v Activities
configuration
options
[36] BPMN x x v -
arbitrary
371 (mdepend.ent N y N Contrc.>l flow
of modeling choices
language)
a variability
(1l specification v v v Activities
file
(18] configurable v v N Process
process model fragments

From these studies we can observe that usually mod-
eled as a BPMN (or other models), and representing
variability using gateways, the resulting models do not
distinguish between an ordinary gateway and a varia-
tion point. For example in an ordinary branching gate-
way, we know that the process has two branches to
go through while being executed (either in a selective
or parallel way) (runtime); but this does not give us
any precise information on what should be selected
in a process configuration (configuration time). Some
gateways with all of their branches should be selected
in a configuration for a customer, and sometimes, we
should select among branches and provide only some
of them to a customer.

On the other hand, however, using well-known nota-
tions such as BPMN gives the researchers the ability to
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extend existing tools [38], a capability that our method
does not enjoy since there is no publicly accessible tool
to support BPFM.

3 The Proposed Method: Proxima

As we mentioned in Section |1} in the big picture, the
input to the method, is a set of event logs obtained from
several enterprises; while the output of the method is
one or more BPFM models derived from those event
logs.

Each enterprise records “events” in “event logs”,
which represent the activities being executed in that en-
terprise. An event log is a structured file containing raw
data that can be stored in databases, files, etc. An event
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Sales Order | Operation Date Status User
SO1-CustA Order created 2012-9-28 9:50 complete | Geert
SO1-CustA Goods delivered 2012-10-1 8:15 complete | Geert
SO1-CustA Invoice sent 2012-10-1 10:30 | complete | Jan
SO2-CustA Order created 2012-9-30 11:05 | complete | Jan
SO2-CustA Information requested | 2012-10-4 10:20 | complete | Jan
SO1-CustB Order created 2012-10-2 10:25 | complete | Geert

Figure 2. An Event Log [39].

Algorithm 1 The Proposed Method (Proxima).
INPUT: EventLogs
OUTPUT: BPFMs
1: T = Create and Merge Initial Trace Log (EventLogs);
/1Alg.2
2: T = denoisify(T);
3: TC = cluster(T);
4: for each tc in TC do
5
6
7

Extended_Alpha(tc); //Alg.4
Draw(); //Alg.14
: end for

is a part of a specific process that represents an activity
and can have attributes such as owner, time and date,
etc. A sequence of related events representing a single
instance of a running process (called a case) is called
a “trace” [39]. An example of an event log is shown in
Figure |2} e.g., events for the case with id: “SO1-CustA”
(the three first rows), make up a trace (regarding the
ascending order of time that they occurred), as [Order
created, Goods delivered, Invoice sent]. A trace also can
have attributes, such as trace ID, case ID (the case it
represents), being online or offline, enterprise ID, etc.

Proxima aims to extend the Alpha algorithm for
extracting the BPFM models (including activities, their
attributes, and flows) representing a set of similar but
variable processes that are currently recorded in terms
of event logs.

The method consists of three phases: (1) preparation,
(2) extraction of BPFM, and (3) drawing the BPFM
model. As depicted in Figure |3} the preparation phase
is responsible for deriving a single merged trace log out
of the event logs, which is sanitized and then clustered.
The extraction phase deals with extracting activities,
their variability attributes, and the order of execution
among the activities, for each cluster. This is where the
Alpha algorithm is extended. The results are then sent
to the drawing phase to form the final BPFM model.

Algorithm [1| represents how these phases work to-
gether. In this algorithm, in line 1 a single trace log is
created based on the set of event logs. We will discuss
how this is done in Algorithm [2| Then in lines 2 and
3, sanitization (or “denoisification”) and clustering are
performed, respectively. Finally, in lines 4 to 7, for each

Algorithm 2 Create and Merge Initial Trace Log.
INPUT: Set of Event Logs (LOG)
OUTPUT: Initial Merged Trace Log

(IMTL)

1: /linitialization

: TL — EmptySet; // set of all trace logs each corre-
sponding to an event log

: IMT — EmptySet;

: I/l create a trace log

: for log; € LOG do

tl; — create_trace_log (log;); //1Alg.3

TL — TL U ¢l;

: end for

: |/ put traces in the main output trace log

10: for tl; € TL do

11: for lij € tl; do

12: /1t;; is a single trace j in tl;

13: IMTL — IMTL U £;;;

14:  end for

15: end for

16: return IMTL;

17: end

[\

cluster, the BPFM model is extracted and drawn, using
Algorithms [4] and [14] respectively.

3.1 Motivational Example

We explain the details of several steps of the proposed
method (Sections to using a designed example
from the payroll processing domain (see Figure [1). In
this process, there are activities including: (1) “select
employee”, (2) “calculate salary”, (3) “calculate wage”,
(4) “calculate tax”, (5) “calculate housing benefits”, (6)
“get insurance premium ”, (7) “issue notes payable”,
and (8) “issue payslip”. For ease, we will refer to these
activities (events) with their codes in parentheses.

3.2 Phase 1: Preparation

Inputs to phase 1 are the event logs, and its outputs
are clusters of trace logs (Figure [4). There are three
inner steps in this phase: extracting a main merged
trace log from event logs, densification of the trace log,
and clustering it. We will go through each step in the
following.
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Proxima

Main trace

Event Phase (1) log, sanitize(ai
logs Preparation and clustere

Phase (2)

BPFM
Extraction

Phase (3) BPFM

BPFM Drawing

Figure 3. General Schema of Proxima and Its Input and Output.

3.2.1 Extracting the trace log

In this step, for each event log, a separate trace log is
created; and then all the trace logs are merged into a
single trace log called Initial (main) Merged Trace Log
(IMTL). See Algorithm

In lines 5 to 8 of Algorithm 2} for each event log, a
separate trace log is created; then, in lines 10 to 14,
the traces in each of the trace logs are copied into
a single merged trace log (i.e., IMTL). Algorithm
create_trace_log() which is called in line 6 of Algorithm
is responsible for building a trace log out of an event
log.

In Algorithm [3} we are going to build a trace corre-
sponding to each case in the input event log L and put
it in the main output “TLog”, which is set to empty
in the beginning. To this end, for each case, first, an
array is constructed to hold its trace (lines 6); and then,
based on the set of corresponding events, we derive
the ascending time order of these events and put them
in the array (the trace) (lines 8 to 15). If the trace is
not null, we assign a trace_id and an enterprise_id to it
(i.e., the enterprise the event log belongs to) and add
it to the main TLog (lines 16 to 20).

3.2.2 Trace Log Denoisification

Trace logs often have noises due to complicated, in-
complete, and inconsistent traces. Any turmoil in a log
is called noise [40]. This includes repetitive activities
that should not have been repeated, absence of activ-
ity, presence of a wrong activity, etc. that can cause
serious problems in the discovery procedure and the
discovered process as well as its execution. Therefore,
we need to sanitize the log to clear it from noises (we
call this process, densification). In this study, we have
adopted the method provided by Chang et al. [40] for
this purpose (see Figure [5).

In their approach, Change et al. [40] divide the log
into two sub-logs. At first, it is not clear which traces
are noisy. First, a sub-log is selected and in a manual
procedure, traces are marked as noisy (0) or not (1).
Then an algorithm called PRISM [20] is used to extract
classes of sanitization rules by comparing the two sub-
logs. Rules in each class should not violate each other.
These rules are then used to determine if each trace is
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Algorithm 3 Create_trace_log.
INPUT: An event log (L)
OUTPUT: Trace Log (TLog)

1: /linitialization

2: TLog < Empty;

3: //create a trace log

4: for each case cs; € L do

5. [/ create trace t; for each case cs;

6: t; — [I; //trace t; is initially empty

7.k — 1;// index of array t;,initialized by 1

8: O All events cs; in log

9: for each event in O.; do

10: emin find the earliest event in O.; //with a
minimum timestamp value

11: ti[k] — emin.ActivityName //put the event
name in k'th place of t;

12: O¢si — Ocsi - emin |1 we're done with the
earliest, remove it from the active working list
Ocsi

13: k++; //go to next place in t; and go to the next
round of for loop for the

14: /I placement of the next earliest event’s activity

name in the trace t;
15:  end for
16:  if (#; is not null then

17: tj.trac_id — new trace id

18: t;.organization_id — current_organization_id

19: TLog — TLog U t; //add this new trace to the
trace log

20:  end if

21: end for

22: return TLog;

23: end

noisy or not, and remove noisy ones.

Since this step is not the focus of our work, we only
considered two sanitization rules: (1) remove traces
with sequentially-repeated events (such as in A, B, C,
C, D) and (2) remove identically repeated traces. For
more information on sanitization rules, see [40].

3.2.3 Trace Log Clustering

In this stage, we cluster the denoisified trace log, to
group “similar” traces, each potentially forming a BPFM.
For example, the reception process of several hospitals,
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Figure 5. Chang'S Approach to Denoisify a Log [40].

in our hospital’s example, will be gathered in a single
cluster to be sent to the BPFM extraction phase; and
the payroll processes of those hospitals will be collected
in another cluster, and so on.

If this clustering step is not taken, then there will
be a huge diversity among the traces, each probably
belonging to a separate domain, not converging to a
BPFM with reusable elements. In other words, if the
traces in the source trace log are too diverse, then they
will not be usable for finding reusable elements, since
they will contain only variable elements with a very
high complexity, which will not be ultimately useful
as a configurable process model. Some of the most
common trace log clustering algorithms include (1)
K-Means, (2) Quality threshold clustering (QTC), (3)
Agglomerative Hierarchical Clustering (AHC), and (4)
Self-Organizing Map (SOM) [21].

C:(O-@)-B)-B-D—-®
C.O-@-B3-®-
C:(O-@-@)-B-E—-O—-D—®
C:O-@--®-E-6-0
C:O-@)-®-D—-®
C:O-@-B-O

OB OSORO)
C:(O-B-@
C:O-@-@®-D—-®
CS:@—>®—>@—>
Ce(D-@-B-E-O-D-®
Ce(D-@)-@®-E—-O—-0)
CrO-@-B-E-O-D-®
O O O O O]
CxD-B—-E—-©O-D—-®
HORORORONG,

Figure 6. A Representation of the Trace Cluster for Our Payroll
Example.

In many clustering algorithms, the number of tar-
get clusters must is determined before the algorithm
is run. This is a negative point for us since we cannot
determine the number of clusters beforehand. QTC is
an exception since it requires that we determine the
maximum distance between two clusters. Therefore,
we chose QTC as our clustering algorithm, and we as-
sumed that if the ratio of activities common between
two traces to the total number of activities of both
traces is less than a threshold (say, 70%), then the two
processes are not considered similar enough, and they
should be placed in two separate clusters. This thresh-
old is experimental and can be changed. Moreover, any
clustering algorithm with the mentioned property will
be applicable for our purpose and our method is not
dependent merely on QTC.

Back to our payroll example, we suppose that the
traces in Figure [6] are the traces residing in one of the
resulting clusters. We will work on this cluster in the
next subsections. In this figure, each trace is represented
with its corresponding enterprise code (e.g., CI, C2,
etc.).

At this point, the output of phase 1 (preparation) is
ready to be sent to phase 2, in which for each cluster
of traces, a BPFM should be extracted.

3.3 Phase 2: BPFM Extraction

In the heart of this phase lies the extension of the
Alpha Algorithm [I7], which is one of the most well-
known algorithms for process discovery. In Alpha, a
set of ordered pairs of activities is discovered based on
the input trace log (a single trace log). We divide this
algorithm into two parts (say part A and part B) and
insert two algorithm calls in between the two parts (see
lines 8 and 9 in Algorithm[4] the extended Alpha). These
two algorithms are “Extract BPFM()” and “Update()”.
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Algorithm 4 Extended Alpha.

INPUT: A Trace Log L //T: a set of activities in L
OUTPUT: «a Set

1
2
3:
4: To={teT|3s €Lt — last (O)}; //the last activity of traces in L || Find pairs (A, B) of sets of activities such that

© o N O O

11:
12:
13:
14:
15:
16:
17:
18:
19:

: /1 part A of Alpha algorithm,
: Tu={teT|3se. teoa}; /! all of activities t in L that appear in at least one trace

Tr={teT|3, e Lt — first (0)}; //the first activity of traces in L

every element a € A and every element b € B

: /lare causally related
: Xp. = {(A,B) [ASTLABS T A VaeaVbepa —w b Var.azeaa1#1.82 A Vb1 paepbi1#1b2} ;
: Extract_BPFM (X, Tp); /1Alg.5
: Update(Xy); //Alg.13

: /1 part B of Alpha algorithm

: [/ Delete from set X, all pairs (A, B) that are not maximal
YL ={(AB) eX|VupexASA' ABSB — (A,B) = (A,B)};

/1 Each element (A, B) of Y, is a place. To ensure the Log structure, add a source place
/1y, for the start place and a target place oL for the end place

PL={Pap | (A B) €Y }Ulir,OL};

/1 Connect each place p(A, B) with each element a of its set A of source transitions and with
/leach element of its set B of target transitions. draw an arc from the source place i; to each
/Istart transition t € T; and an arc from each end transition t € T, to the sink place oL
Fr={(apap) | ABeY nacAtU{(pap),b) | (AB) €Y AbeB}U{(iLt)|teTi}u{t o) |teTo};

a(W) = (P, T, Fr) ;

Algorithm 5 Extract. BPFM.

INPUT: Set of Activity Pairs AP //Set X from part A of
Alpha

Set of traces T

OUTPUT: BPFM Elements

1:
2:

N 29

9:
10:
11:

A — Activities in T
MA — Detect_Mandatories (A, T) //detect manda-
tory activities //Alg. 6

: OA — Detect_Optionals (A,AP,MA) //detect op-

tional activities //Alg. 7

: VS — Detect_Variants (A,AP,MA, OA) //detect sets

of variant activities //Alg. 8

: for each vs € VS do

if vs.vp.vr!=null then
/1 if the corresponding vp has a variants region
VS — Detect_MandAndOptVar(T,VS); /| de-
tect mandatory & optional activities within the
end if
end for
end

The former extracts sets of activities and variation
points (mandatory, optional, and variant activities as
well as variation points and their variants regions).
In addition, the latter updates the ordered pairs of
activities to be sent to the second part of Alpha (for
connecting activities or variation points together with
proper transitions). The output of this algorithm is a
set of ordered pairs along with their binding locations.
See Algorithm

In lines 1 to 7 of Algorithm 4 (part A of Alpha), a set
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of ordered pairs of activities are designated based on
the input traces in the trace log (trace cluster). In line 8,
Extract_BPFM () (Algorithm [5) is called to extract sets
of elements that will comprise the output BPFM. Then,
in line 9, Update () is called to update the ordered pairs
of activities to be sent to part B of Alpha. Lines 10 to 20,
form part B of Alpha, in which, first a set Y of maximal
ordered pairs of activities is obtained from the initial set
of ordered pairs X resulting from Update(). Then a set
P is created containing “places” (points connecting the
two components in an ordered pair of activities). Then
a set F is made up that consists of the ordered pairs in
Y, each of which has its components connected by a
place in P. For more information on Alpha see [17].

In general, the BPFM extraction phase has seven
steps: (1) Preparation and production of ordered pairs
(Part A of Alpha) (2) Extraction of mandatory activities
(3) Extraction of optional activities (4) Extraction of vari-
ant activities (5) Determination of the variation points,
their type and cardinality (6) Extraction of mandatory
and optional activities within variants regions, and (7)
Preparation of the results for drawing BPFM (part B of
Alpha). The general scheme of this phase is depicted
in Figure [7} We will go through the details of each step
in Sections to

3.3.1 Part A of Alpha

Part A of Alpha includes lines 2 to 7 of Algorithm [4] In
these lines, ordered pairs of activities are formed from
the input trace log based on causality relationships
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Figure 7. A Schema of Phase 2 (BPFM Extraction).

between events in traces. An ordered pair (a,b), means
that a must be executed before b. These pairs are put
into set X. For our payroll example, Figure [8| depicts
the resulting set X that is obtained from the traces in
Figure [6} using part A of algorithm Alpha.

X={(s1),(12),(L3),(L4),(23),
(45),(34),(24),(78), (78, (56)
,(47),(88), (6,7}

Figure 8. Results of Running Part a of Algorithm Alpha for the
Payroll Example.

At this point, everything is ready for extraction of
BPFM elements.

3.3.2 BPFM Elements Extraction

Algorithm [5] shows the steps to extract elements of the
BPFM. The inputs to this algorithm are set X from
part A of Alpha and a set of traces. The output is
the BPFM elements. There are four steps: detecting
mandatory activities (line 2), optional activities (line 3),
sets of variants (line 4), and detecting mandatory and
optional activities within variant sets that are assigned
a variants region (lines 5 to 10). Variation points are
detected in the variant detection step, as well as their
type, cardinality, and variants regions. We will discuss

these steps in more detail in Sections to

3.3.3 Detection of Mandatory Activities

To detect mandatory activities, we need a set of activities
(A) as well as the set of traces (7). First, we set up
a two-dimensional matrix (M) with activities as rows
and enterprises as columns. M;; denotes if activity i
exists in traces belonging to enterprise j. An activity
“a” that is common among all enterprises is deemed
mandatory; in other words, if for “a”, M,; =1 for all

elemeiits

Algorithm 6 Detect_Mandatories.

INPUT: Set of Activities A

Set of Trace T

OUTPUT: Set of Mandatory Activities MA

: /1 initialization

MA — Empty set;

: ¢c— NumberofcustomersintracesofT;

: a— Numberofactivities;

: Initialize Matrix M[][] cells with Empty;

: /1 Identify Mandatory Activities

: /1 Filling up matrix M

: for each i=1to a do

for j=1 to c do
if activity i exists in at least one of the traces
of customer j then

11 MIil[j] — 1;

12: else

13: MIil[j] < 0;

14: end if

150 end for

16: end for

17: for each i=1 to a do

18:  if for every j, M[i][jl==1 then

© % N DGR W

—
4

19: MA— MAU{a}
20: end if
21: end for

22: MA— MAU/{S, E}; //Start (S) and End (E) activities
are always mandatory

23: return MA;

24: end

1< j<#enterprises, then “a” is mandatory. This is
shown in Algorithm @ In lines 1 to 16, matrix M is
constructed and filled. Then, in lines 17 to 21, for
each row of M, if all of its entries are equal to 1, the
corresponding activity is considered mandatory.

Figure[9] depicts the matrix M for detection of manda-
tory activities for our payroll example as well as the
result. It should be noted that activities S and E (start
and end) are always considered mandatory.

GGG ][C]C
AR AR AR AR EaEARaRi
2 v [V | v N RV
3|V | 7 V- v -
M= 7 7 7 7 7 ~ T~ MA=SE1478
5 % Vv [V
6 v _ Vv [V
AR AR 2R AR 2R AR 22N
S | v [ v | v | v | v | v | v | v

Figure 9. Matrix M for Detecting Mandatory Activities for the Payroll
Example (Left) and the Results (Right).
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Algorithm 7 Detect_Optionals.

INPUT: Set of Activities A

Set of Activity Pairs AP //Set X from part A of Alpha
Set of Mandatory Activities MA

OUTPUT: Set of Optional Activities OA
1: /] initialization
2: OA — Empty set;
3: NonMandActs — A— MA;
4: /| Identify optional Activities
5. for each a € NonMandActs do
6: if exists b,c| (b# ¢) and (b, c# a) and (b, a)e AP
and (a, ¢) € AP and (b, c) € AP then
7 OA— OAu{a};
8: end if
9: end for
10: return OA;
11: end

3.3.4 Detection of Optional Activities

Inputs to this step are the set of ordered pairs (X), the
set of all activities as well as the set of mandatory ones;
and the output is the set of optional activities (see
Algorithm [7). First, we get the set of non-mandatory
activities (line 3). Then, for each non-mandatory activity
vk, if there are ordered pairs (v;, vy), (vg, v}), and (v;,
vj), then vy is identified as an optional activity (lines 6
to 10), because this indicates that there are enterprises
that executed v; after v;, without running vy. There
might be more than one activity between some v; and
some v}, that are not present in every enterprise; we
will deal with them as variants assigned to variation
points in Section |3.3.5

In Figure [10] results of detecting optional activities
are shown for our payroll example. As we can see the
conditions for being optional holds for activities 2 and
3.

O-3)-®
O-@-©

O-@-®
O-@-©

OA=2.3

Figure 10. Detection of Optional Activities for the Payroll Example.

3.3.5 Detection of Variant Activities

Every activity that is neither mandatory nor optional is
considered a variant activity. Variant activities must be
assigned to a variation point. Each variation point has
a set of two or more variants assigned to it. If the type
of a variation point is “flow” or “extended”, its related

9€sS

Proxima: Process Mining for Extracting Configurable ...

—D. Khodayari Tehraninejad and S. Khoshnevis

variants form a variants region, acting as a variant sub-
process. Thus, to detect variants, variation points, their
types, cardinalities, and variants regions, we find activ-
ities between every two mandatory activities that are
neither mandatory nor optional (based on the input set
of ordered pairs). When we have a collection of variants
between two mandatory activities, we put them into a
container that we call variants set (vs). Moreover, when
there is a sequence of more than one optional activity
between two mandatory ones, they are also considered
variants in a variants region assigned to a variation
point of “extended” type. That is because whether we
model these activities as optional or variant, the two
ways are equivalent and the variants representation
will be more precise since more inspections can be
performed on the resulting set of variants. Algorithm
represents how variant activities are detected.

The output of Algorithm is VS, the set of variants
sets (vs). In lines 4 to 12, variants set, initially empty, is
formed between every two mandatory activities a and
b, with no other mandatory activity in between. This
set is populated with non-optional activities residing
between a and b. Then, in lines 14 to 21, every subset
of activities residing between a and b with size 2 or
more is checked (starting from the largest subset down).
If the members of such a subset are all optional, they
are added to the corresponding variants set and are
removed from the set of optional activities. Then, if this
obtained vs between a and b is not null, it is added to
the main VS set (lines 23 to 25).

When populating the VS is complete, considering
that every vs forms a variation point (vp), we have to
detect the type and cardinality of the variation points,
in case there are two or more variants in the vs (line
30 to 32, using Algorithms [9} and [T1); otherwise,
the sole activity in vs is considered optional (line 39).
Moreover, if the type of the variation point for the vs is
either “extended” or “flow”, then a variants region (vr)
should be formed to capture the variants (see lines 33
to 37). For our payroll example, the algorithm detects
two Vs sets; one between mandatory activities 1 and
4 (vsl in Figure and the other between mandatory
activities 4 and 7 (vs2 in Figure [L1). These two sets are
added to the main VS.

VS;: VS,:

Figure 11. Two Sets of Variants at the Stage of Extraction of Variants
Activities for the Payroll Example.

In the following, we see how Algorithms [9} [10] and
work to detect if variants set vs forms a “simple”, an
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Algorithm 8 Detect_Variants.
INPUT: Set of Activities A
Set of Mandatory Activities MA
Set of Optional Activities OA
OUTPUT: Set of Variant Sets VS
1: // initialization
2: VS — Empty set;
3: //Identify sets of variants
4: for each a, b € MA do
5:  Create new vs — null; //create a new set of variants (vs) for non-mandatory non-optional
6: I/ activities between mandatory activities a and b
7. if there is no ¢ € MA between a,b then
8
9

for x € A: a<x<b do
: /1 x between a and b
10: if x € OA) then

11: {vs — vsuix};}

12: end if

13: end for

14: /1 if va subset (size>=2) members are all optional, consider them as variants
15: for each subset VA of sequential Activities of size =2 between a,b do

16: /1 from the largest subset down

17: if (for everya € VA:a € OA) then

18: for eacha e A do

19: vs — vs U{a};

20: OA — OA-{a};

21: end for

22 end if

23: end for

24:  end if

25:  if vs # null then

26: /1 the vs between a,b should have formed, if not empty, add it to VS VS — VSu{vs};
27. end if

28: end for// here all vs sets are detected and added to VS
29: // detect type of variation point for each vs if vs.size >=2
30: for each vs € VS do

31: if |vs| >=2 then

32: Detect Simple (vs); //Alg.8

33: Detect Flow (vs); //Alg.9

34: Detect Extended (vs); //Alg.10

35: if (vs.vp.type == Flow)|(vs.vp.type == Extended) then

36: vr — create_new_variants_region(); //detect variant regions
37: assign vs to vr;

38: VR — VR u{vr};

39: end if

40: else

41: if [vs|==1 then

42: OA — OA U a € vs;

43: VS — VS-{vs};

44: end if

45:  end if

46: end for

47: return VS;

48: end

“extended”, or a “flow” variation point. For more infor- mation on these three types see [5].
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Algorithm 9 Detect_Simple.
INPUT: Set of Variants vs
OUTPUT: Updated Set of Variation Points VP
Updated Set of Variant Sets VS

Set of Simple Variation Points

SimpleVPs

1: if |vs| < 1 then

2:  exit;

3: end if

4: for each S; < vs do

5. //for each subset of vs

6 if |S;| > 1 then

7 if for all ej € S; , for all t € T; there is one and
only one ¢; in t then

8: New_vs — S;;
9: VS — VS U New_vs;
10: Create new variation point vp;
11: Assign New_vs to vp;
12: Add vp to VP;
13: VPType — Simple;
14: VPCardinality — 1..1;
15: Add vp to Simple-VPs;
16: VS — vs-S;;
17: Detect_Simple(vs); //recursion with the rest
of variants //Alg.9
18: end if
19:  end if
20: end for
21: end

We call a variation point “simple” if one and only
one of its variants can be selected in one configuration
at a time. Thus, if no two activities in a vs appear in the
traces at the same time, we can say that the activities
in that vs are variants of a “simple” variation point.

A variation point vp is said to be “extended” if it is
not simple, and the transitions between the variants
are fixed. Therefore, if there is a certain fixed transition
between variants in a vs of the vp (according to the
ordered pairs obtained from part A of Alpha), then we
decide that the activities in that vs are variants of an
“extended” variation point.

On the contrary, if the transitions between the vari-
ants in a vs of the vp are not fixed (according to the
ordered pairs obtained from part A of Alpha), then it
is called a “flow” variation point (obviously it should
not be of type simple).

The cardinality for simple variation points is con-
stantly [1..1] (meaning that exactly one variant is se-
lectable for a configuration). Moreover, the cardinality
for extended and flow variation points is constantly
[0..1] meaning that the whole variants region may be
selected in a configuration, or not. For these latter two
types, we should analyze variants within the variants
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regions to detect if they are mandatory or optional
variants. A mandatory variant should be selected in a
configuration if the region is selected. If it is an optional
variant, it can be selected (or not) in a configuration,
given the corresponding variants region is selected for
that configuration.

In Algorithm [9} we check if some variants set vs form
a “simple” variation point. For this purpose, in lines 2
to 6, we check every subset of vs of size 2 or more. If,
among the variants in that subset, one and only one
variant appears in every trace, then, the members of the
subset will form a new vs (forming a simple variation
point). Moreover, a variation point is assigned to the
new vs, the type and cardinality of the new variation
point are set, and the new variation point is added to
the set of simple variation points (lines 7 to 12). The rest
of the variants in the main vs are checked recursively
(lines 13 and 14).

Detection of the flow type in Algorithm is similar
to Algorithm [9} in the sense that every subset of size 2
or greater is checked to find out if transitions between
any activities a and b are not fixed. In other words, we
check if both (g, b) and (b, a) exist in the set of ordered
pairs (lines 2 to 4). In this case, for that subset, a new
vs is formed, and a new variation point is assigned to it
with proper type and cardinality (lines 7 to 12). The rest
of the variants in the main vs are checked recursively
(lines 13 and 14).

To detect the extended type in Algorithm the
process is similar to Algorithm[10] Every subset of size 2
or greater is checked to find out if transitions between
any activities a and b are fixed; in other words, either
(a, b) or (b, @) exist in the set of ordered pairs, and not
both (lines 2 to 4). For such subsets, a new vs is created,
and a new variation point is assigned to it with proper
type and cardinality (lines 7 to 12). Then, the rest of the
variants in the main vs are checked recursively (lines
13 and 14).

For our payroll example, as shown in Figure
the variation point type detection Algorithms (Algo-
rithms[9} [10]and [11), take as input the two variants sets
in our V§, that is, vsI and vs2. The algorithms detect
that both of these variants sets form variation points of
type “extended” with cardinality [0..1]. Moreover, since
these variation points are of “extended” type, we have
to assign them a variants region and determine if each
variant in the variants region is mandatory or optional.
The results are shown in Figure We will describe
how mandatory and optional variants are detected,
later in Algorithm
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Algorithm 10 Detect_Flow.
INPUT: Set of Variants vs
Set of Activity Pairs AP
OUTPUT: Updated Set of Variation Points VP
Updated Set of Variant Sets VS
Set of Flow  Variation

Points FlowVPs

1: if |vs| < 1 then

2:  exit;
3: end if
4: for each S; < vs do
5:  //for each subset of vs
6: if |S;| > 1 then
7: if for each a,be S; ; (a,b),(b,a) € AP then
8: New_vs — S;;
9: VS — VS U New_vs;
10: Create new variation point vp;
11: Assign New_vs to vp;
12: Add vp to VP;
13: VPType — Flow;
14: VP.Cardinality — 0..1;
15: Add vp to FlowVPs;
16: VS — vs-S;;
17: Detect_Flow(vs); //recursion with the rest of
variants //Alg.10
18: end if
19:  end if
20: end for
21: end

[0..1]

Vs Vanétlon VvSs: Van:jmon
point point

Figure 12. Two Extended Variation Points Detected for the Payroll
Example.

. Variation
) point

Figure 13. Variants Regions for Extended Variation Points in the
Payroll Example.

3.3.6 Detection of Mandatory and Optional Variants
Within Variants Regions

Within variants regions we have to determine if each
variant is mandatory or optional, meaning that if the
region is selected for a configuration, the variant should
be necessary or can be optionally selected. For this
purpose, in Algorithm[12} we use our previously defined
Detect_Mandatories() algorithm (Algorithm@ in line
5, on a filtered set of traces (TempT). The traces are
filtered to those that contain at least one activity from

Algorithm 11 Detect_Extended.

INPUT: Set of Variants vs

Set of Activity Pairs AP

OUTPUT: Updated Set of Variation Points VP
Updated Set of Variant Sets VS

Set of Extended Variation Points ExtendedVPs

1: if |vs| < 1 then
2:  exit;

3: end if

4: for each S; < vs do
5:  //for each subset of vs

6 if |S;| > 1 then

7 if for each a,be S; ; (a,b) € AP and !(a,b) € AP

then

8: New_vs — S;;

9: VS < VS U New_vs;

10: Create new variation point vp;
11: Assign New_vs to vp;

12: Add vp to VP;

13: VPType — Extended;

14: VPCardinality — 0..1;

15: Add vp to ExtendedVPs;

16: VS — Vs-S;;

17: Detect_Extended(vs,AP); //recursion with

the rest of variants //Alg.11

18: end if

19:  end if
20: end for
21: end

the variants in the variants region (line 4). Similar to
detecting ordinary mandatory activities, a matrix M
will be created respecting the new filtered set of traces,
and mandatory variants are detected by Algorithm [6]
Every non-mandatory variant is then considered an
optional variants (line 6).

For our payroll example, as depicted in Figure
in region vrl, activities 2 and 3 are optional, and in
region vr2, activities 5 and 6 are mandatory.

C1 Cz C3 C5 C6 C7
2 | v [ v [V |- [V [- | MA=0
v 3 | v | v |- v |- v | OA=23
G |G |G |G
MA=5,6
iy 5 | v | v | v | v ot
6 | v | v | v | v

Figure 14. Extraction of Mandatory and Optional Variants in Variants
Regions for the Payroll Example.
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Algorithm 12 Detect_MandAndOptVar.
INPUT: Set of Traces T

Set of Variant Sets VS

OUTPUT: Set of Variant Sets (updated)

1: for each vs € VS do
2:  if vs.vp.vr is not null or empty then

3: TempA < vs.vp.vr.activities;

4 TempT « filter T to traces containing at least
one a € TempA;

5: vs.vp.vi.MA — Detect_Mandatories
(TempA,TempT); //Alg.6

6: vs.vp.vI.OA — TempA-vs.vp.vi.MA;

7. end if

8: end for

9: end

3.3.7 Updating Pairs and Running Part B of Alpha

Before part B of Alpha can be run, we need to update the
set of ordered pairs (X) based on the elements obtained
in BPFM extraction (Algorithm[5|and other algorithms it
calls). The reason is that we need to set some transitions

to be from/to some variation points instead of activities.

For this purpose, Algorithm [13| (Update()) is executed.
In this algorithm, we replace activities in ordered pairs
in X (the first or second component as needed) with
the corresponding variation points. This is done if the
activity being substituted is now a variant related to
a variation point of any type; unless the two activities
belong to the same variation point. If the two activities
in an ordered pair belong to the same variation point,
only if the variation point is of type “extended”, the
ordered pair is allowed to be added to the updated
X, intact. For other types, adding an ordered pair in
any form is meaningless; since in “simple” variation
points, variants cannot exist in a configuration at the
same time; and in “flow” variation points, variants do
not have a fixed order. Activities that are not variants
remain intact in updated X.

When X is updated, we can run part B of algorithm
Alpha (see Algorithm {4} lines 10 to the end), in which
sets Y, Pand F are determined to gain the final elements
of the output model.

Set Y contains maximal ordered pairs; in other words,
if there exist ordered pairs in the form of (g, b) and (q,
¢) and (a, {b, ¢}) in set X, only the largest pair (i.e, (a, {b,

c})) is selected and put in Y; and the rest are removed.

This particular example represents a branching from
activity a to two activities b and c. The same procedure
is performed when the first element in the pair is
maximal (e.g., ({x,y},z), which represents a join from
x and y to z).

Set P contains members called “places”, which are
junction points between activities. A place p in P is
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Algorithm 13 Update.

INPUT: Set of Activities X
OUTPUT: Updated Set of Activities X

1: // initialization

2: X' — Empty set;

3: //update X

4: for each (a,b) € X do

5. if (a € some vs in VS) and (b € some vs’ in VS)

then
6 /1if both a,b are variants
7: if (vs==vs') then
8 /1if both are in the same vp
9: end if
10: if (vs.vp.type == extended) then
11: /lonly if vp.type is extended
12: add (a,b) to X’;
13: end if
14: !l else do nothing
15: else
16: add (vs.vp,vvs’.vp) to X';
172 end if
18:  //we’re done with checking when both a,b are
variants
19: if ((a € some vs in VS) ) then
20: /1 a is variant, b is non-variant mand/opt ac-
tivity
21: add(vs.vp,b) to X’;
22: else
23 if (b € some vs’' in VS) then
24: /b is variant, a is non-variant mand/opt
activity
25: add(a,vs’.vp) to X’;
26: else
27: /1a,b both are non-variant mand/opt activi-
ties
28: add(a,b) to X/;
29: end if
30:  end if
31: end for
32: return X/
33: end

considered between every two activities in an ordered
pair. Finally, set F is populated with ordered pairs of
activities and places using sets Y and P.

In our payroll example, members of sets X and Y
happen to be the same, as seen in Figure [15] in which
sets P, and F are also derived and depicted.

3.4 Phase 3: Drawing BPFM

At this point, every element of BPFM is obtained from
phase 2. These elements include activities, transitions
between them, their variability attributes (like manda-
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p(vp2,7)}

(p(vp2,7),7)}

X={(s1),(Lwpl), (1.4),(23), (4vp2), (47),(7.8),(7.8) ,(8€), (56), (vwl4), (vp2,7)}
Y={(s1),(1wl).(14).(23).(4w2),(47),(7.8),(7.€), (88, (56), (w14), (W2,7)}

P={p(s1), p(1vpl) , p(1.4) . p(23) , p(4vP2) , p(4.7) , p(7.8) , P(7.€) , P(8:8) , P(5,6) , pP(vpLA4) ,
F={(sp(s1), (p(s1).2), (1p(Lvp1)) , (p(1,vpl).vpl) , (1p(14)) , (p(1.4).4) . (2p(2.3)) , (P(2.3).3) ,

(4.p(4vp2)) , (p(4vp2)vp2) , (4p(47)) . (p(47).7) , (7.0(7.8)) , (P(7.8.8) . (7.p(7.8)) , (P(7.€).8) .
(8p(8e) , (p@Be)e) , (Bp(5.6) . (p(56).6) . (vplp(vplA) , (p(vp14)4) , (W2p(Wp2,7)) ,

Figure 15. Derived Sets Y, P, and F Based on X for the Payroll Example.

Algorithm 14 Draw.

INPUT: Set of Activities A

Set of Activity Pairs AP

Set of Variation Points VP

Set of Mandatory Activities MA
Set of Optional Activities OA

Set of Variant Sets VS

OUTPUT: void //BPFM is drawn

1: Draw a node for every activity in A;

2: for each (a,b) € A u VP do

3: if (a, b) € AP then

4 draw a transition from a to b;

5 set attributes for a, b; //regarding MA, OA, VS
and its inner MA and OA sets for variant

6: end if

7: end for

8: end

tory, optional, and variant), variation points, their type
and cardinality, the variants regions, flows within vari-
ants in an extended variation point’s variants region,
as well as mandatory variants and optional variants in
variants regions. We can now draw the model in phase
3. Figure |16/ shows the general schema of this phase
and Algorithm (14| depicts the inner steps taken.

For our payroll example, the final extracted BPFM is
drawn as Figure |17| depicts.

Phase (3): BPFM Drawing

Set of BPFM
%BPFM Draw

elements

Figure 16. A Schema of Phase 3 (BPFM Model Drawing).

4 Evaluation

To evaluate the proposed method, we first discuss its
applicability, then we explain how we validated the
method, and finally, we compare the method with
previous studies.

Tssue pay slip HO

Figure 17. The Output BPFM for the Payroll Example.

4.1 Applicability of Proxima

The proposed method is capable of solving the problem
of extracting variability-enriched business processes
automatically from a set of event logs. This method can
help developers of highly configurable and variability-
intensive systems, capture, model, and manage the
variability of artifacts, specifically in systems that deal
with the variability of business processes in information
systems. We argue that thanks to automation, using the
proposed method can significantly reduce the time and
effort needed for extracting business process variability
models, compared to a manual procedure, which would
be almost impossible.

We first define and analyze applicability more pre-
cisely. We call a method applicable if it is capable of
implementation and if the steps work precisely. In this
regard, we argue that the proposed method is applica-
ble, since it works precisely, as we will demonstrate in
Section[4.2} and it is implementable. That is because ev-
ery step of the method is an algorithm, that extends an
existing very well-known algorithm (Alpha), for which
known tools exist. Thus, it is machine-understandable.
Moreover, we explained the steps through a running
example in Section [3] which shows how it works. Thus,
the method is capable of solving the challenge auto-
matically stated in this paper.

4.2 Validation through a Case Study using GQM

The core of evaluation of this work is its validation,
where we apply the method on 10 industry-driven cases
in a case study, and measure and analyze metrics based
on a Goal-Question-Metric (GQM) [41] approach. For
this purpose, we generated event logs out of 10 existing
BPFMs (we call them input BPFMs since they are inputs
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derive traces

master
event log

decompose

compare

metrics

log (noisy)

and merge master event log measured
master generate master e ouput |I d
Legend:
trace log event log logs BPFMs ¢
/I\ I:l Activitv
\l/ / U Artifact
inject noise master trace run Proxima ’ Valid. Proc.

b3

Data Flow

Figure 18. Validation Procedure.

to our evaluation procedure). We used these event logs
as inputs to our method to produce 10 output BPFMs.
Then, we compared the output BPFMs with the input
BPFMs to check if they are similar and if we can derive
the same set of configurations out of the two models.

4.2.1 Validation Method and the GQM Approach

The Goal-Question-Metric (GQM) [41] approach is an
approach used to organize the evaluation goals, eval-
uation questions regarding each goal, whose answers
show how we have achieved the evaluation goals, and
metrics to be measured to help us answer our evalu-
ation questions. We will present the evaluation goal,
questions, and metrics in Section [4.2.3

The validation method for this study was conducting
a case study, following the GQM approach. Ten industry-
driven cases (BPFMs) of different sizes were selected
from different business domains, which were produced
in another study ([14]). The evaluation procedure is
depicted in Figure We first generated event logs
from each input BPFM (as we will discuss below), and
used them as inputs to Proxima.

To generate event logs from the input BPFMs, we
have to move backward from models to event logs. To
this aim, we first derived every possible configuration
from each BPFM (multiple trace logs were gained), then
we merged them into a single master trace log (inverse
of clustering), injected noise (inverse of denoisification),
and used the master trace log to generate a master
event log (inverse of extracting trace log from an event
log). Then the master event log was decomposed (in a
random manner) in five event logs that were considered
as the main input to Proxima for the validation process.

As mentioned before in Section [3.2.2} our denoisifi-
cation policy was (and thus our noise injection policy
is) limited to two rules of classes of noises only, since
this step was not the focal point in this research: (1)
traces with sequentially-repeated events (such as {A, B,
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C, C, D}) and (2) identically repeated traces. For each
trace, from the first class, we added one noisy trace;
and from the second class, we added four noisy traces
to the master trace log.

The output BPFM models were then compared to the
input ones to measure metrics to assess their structural
similarity, precision and recall, and similarity in the
set of configurations derivable from the two models.
See more details about the cases and the metrics in
Sections and

4.2.2 The Cases Used in the Case Study

Cases are BPFMS based on industrial processes in some
Iranian enterprises, designed and utilized in another
work by Saadat et al. [14]. These BPEMS are from diverse
domains: financial, office automation, procurement,
manufacturing, inventory management, and mainte-
nance and repair. We picked randomly 10 cases out of
40 available BPFMs. In Table |2} the cases are presented
with their characteristics, such as several mandatory
activities, optional activities, etc.

These 10 BPFMs led to 354 configurations (traces)
involving 103 distinct activities. These activities were
common between at least 2 and at most 128 traces. By
injecting noise, we reached 1770 traces in the master
trace log, which led to 20460 event records in the master
event log. The master event log was then decomposed
randomly into five-event logs of random sizes: 3522,
4802, 9241, 1207, and 1688.

4.2.3 Evaluation Goal, Questions, and Metrics

The evaluation goal, question, and metrics for this
research are as follows:

¢ Goal Gl: To analyze the proposed method for
evaluation from the point of view of software en-
gineers in the context of 10 random cases from
different business domains.
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Table 2. Characteristics of the BPFMs Used for Evaluation.

. # Mandatory | # Optional | # Variant | # Variants | # Variation
Case # | Case Domain Case Name e . e ‘. . .
Activities Activities | Activities | Regions Points
1 payroll 4 2 2 1 1
processing
financial .
issuing an
2 accounting 7 0 4 1 2
note
3 regls.termg a 5 0 4 1 2
new fixed asset
4 office automation [sending a letter 3 1 3 0 1
5 online 6 1 9 0 1
procurement
procurement -
6 buying 10 0 2 1 1
7 order 5 2 2 0 1
processing
creating a bill
of materials
8 facturi 2 0 5 1 2
manufacturing (BOM) for a
product
9 inventory ' add a new 17 1 9 1 1
management |inventory note
10 malntenagce and processing a 9 9 9 1 1
repair repair request

Table 3. Goal, Question, and Metrics for Evaluation Designed Following the GQM Approach (Regarding Evaluation Goal G1).

Evaluation Metrics
Evaluation Question

Code Name Formula Description

| " M|: number of common
mandatory activities between the

i h BPFM
Average Structural | M; =AVG((|n M| +|n input and the output S

Similarity (S$) | O)+|n v)/[Ua]) x 100 | | Of number of common
Q1 optional activities | N v|: number

of common variant activities
|N A : total number of activities

Average Structural M, = . . . .

M, Precision (SP) AVG(T;UT,|/Ty]) x 100 T;: Transitions in the input BPFM
M Average Structural M; = T,: Transitions in the output

3 Recall (SR) AVG(|T; U Tol/|Tjl) x 100 BPFM
M Average Configurations My = AVG(|C; U Ci: Set of configurations

Q2 4 Overlap (CO) Col/ICiUCol) x 100 | derivable from the input model

M Average Configurations/Ms = AVG(1 —|C; UC, — C,: Set of configurations

5 Coverage (CC) Col/ICiuGCpl) x 100 |derivable from the output model
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Table 4. Validation Results.

# Case input/ Activities Transitions Configurations
output
. . . . . . total |, . .
Case Domain BPFM |total no.| intersection | union |total no.| intersection no intersection | union
ayroll input 8 10 16
1 bayt P 6 8 8 16 16
processing | output 8 11 16
issuing an input 11 13 18
2 11 11 13 18 18
accounting | iout | 11 13 18
note
registering a input 9 12 12
3 new 9 9 12 12 12
fixed asset | output 9 12 12
sending input 7 8 24
4 7 7 8 24 24
a letter output 7 8 24
online input 9 12 16
5 9 9 12 16 16
procurement| output 9 12 16
. input 12 16 12
6 buying 12 12 16 12 12
output 12 16 12
order input 9 17 48
7 9 9 17 48 48
processing | output 9 17 48
creating a input 7 5 32
8 7 7 5 32 32
product BOM| output 7 5 32
add a new | input 20 32 128
9 20 20 32 128 128
inventory output 20 32 128
note
processing a | input 13 18 48
10 13 13 18 48 48
inventory output 13 18 48
note

Proxima is expected to produce BPFM models as
similar (in the sense of structure and derivable config-
urations) as possible to the input BPFMs. Therefore,
the evaluation questions are:

e Question Q1: Does Proxima produce output BPFMs
structurally similar to the input ones?

¢ Question Q2: Does Proxima produce output BPFMs,
that their configurations match the configurations
derivable from the input ones?

To answer these questions we measure five metrics
(M1, M2, and M3 in response to Q1, and M4 and M5
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in response to Q2) as follows and the formulas are
presented in Table

e Metric M) (Average Structural Similarity, SS): the
average similarity of the activity sets between the
input and output BPFM models. This metric verifies
if the method has detected the variability-specific
elements correctly.

e Metric M, (Average Structural Precision, SP): the
average number of common transitions between
the input and output BPFM models to the number
of transitions in the output BPFM model. This
metric gives the number of transitions in the output
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Table 5. Results of Metrics.

Case # Case Name SS (%) SP (%) SR (%) | CO (%) | CC (%)
1 payroll processing 75 80 73 100 100
2 1Sswng an 100 100 100 100 100

aCCOuntlng note
3 registering a new 100 100 100 100 100
fixed asset
4 sending a letter 100 100 100 100 100
5 online 100 100 100 100 100
prOCurement
6 buying 100 100 100 100 100
7 order processing 100 100 100 100 100
8 creating a product 100 100 100 100 100
BOM
9 _ addanew 100 100 100 100 100
HlVentOry note
10 processing a 100 100 100 100 100
repair request
Avg. 975 98 97.3 100 100

model that were actually what was expected to be
obtained. See [42].

e Metric M3 (Average Structural Recall, SR): the aver-
age number of common transitions between the
input and output BPFM models to the number of
transitions in the input BPFM model. This metric
gives the number of transitions in the input model
that were successfully discovered in the output
model. See [42].

e Metric M, (Average Configurations Overlap, CO):
the average overlap ratio between the sets of con-
figurations derivable from the input and the out-
put BPFM models. That is the average ratio of
common configurations derivable from the input
BPFMs and the output BPFMs to the total number
of configurations derivable from both.

e Metric M5 (Average Configurations Coverage, CC):
the average coverage of the input BPFM configura-
tions by the output BPFM. In other words, we mea-
sure, on average, the proportion of the intended set
of configurations that is derivable from the output
BPFM.

The proposed method was implemented on 10 case
studies (BPFM) and then the metrics (M; to Ms) were
measured on the obtained outputs. Results are ex-
plained in Section |4.2.4

4.2.4 Results

Regarding the metrics introduced in Table 3] the results
of running Proxima are presented in Table[4} and Table[5]
The input event logs were generated based on ten
BPFM models as shown previously in Table

As shown in Table [5] except for case #1, all output
models were obtained identical to input models. Thus,
structural similarity (M;) (ratio of common mandatory,
optional, and variant activities to the total number of
activities) is gained as 100%. Moreover, precision and
recall are 100% except for case #1, where the input and
output models are slightly different. The difference was
due to the activities that were modeled as optional in
one model and variant in the other. However, the two
models produced the same set of configurations and
thus were equivalent. Note that it is possible to rep-
resent one concept in equivalent ways. For example,
consider a BPFM with two optional activities o1 and 02
between mandatory activities m1 and m2 (i.e.,, ml —
0l — 02 — m2). What the proposed method discovers,
as discussed in Algorithm 8] is an extended variation
point between m1 and m2, with two optional “variants”
ol and 02 (i.e, ml — vpllol — 02] — m2). However,
the two representations are equivalent; since the set
of configurations for both are the same: < m1,m2 >,
<ml,ol,m2>, <ml,o02,m2>, and < ml,ol,02, m2 >.
However, in the former representation, we have two
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Table 6. Results of Metrics to Respond to the Evaluation Question and to Support the Goal Regarding the GQM Approach.

Goal Question

Metric Value (%)

Q1

M, Structural 97.5

Average

Similarity

G1

M, Structural 98

Average

Precision

M3 Structural 97.3

Average

Recall

Q2

M,y Configurations 100

Average

Overlap

Ms Configurations 100

Average

Coverage

optional activities and zero variants; while in the latter
form, there are zero optional activities and two (op-
tional) variants. That is why we may not necessarily get
a 100% structural similarity, even when the two models
are equivalent.

M, and Ms, structural precision and recall, were
also deviated from 100% for case #1 for the reason
above; since the two models were slightly different in
transitions between activities as well. For the rest of
the cases, the input and output models were identical,
leading to a full structural precision and recall.

M, and M5 representing configuration overlap and
configuration coverage respectively were obtained
100%, showing that the results are equivalent to the
input BPFM, in the sense that all of the expected
configurations are derivable from the output models.
This shows that the algorithms work correctly. Any
value other than 100% for configurations overlap (My)
would mean some difference in the set of configu-
rations derivable from the input and output BPFM
models; moreover, any value other than 100% for
configurations coverage (Ms) would mean that there
were configurations in the input BPFM that the output
BPFM did not manage to cover. The overall results on
metrics are shown in Table [f] and Figure

To conclude from the results, we answer evaluation
questions Q1, (“Does Proxima produce output BPFMs
structurally similar to the input ones?”), and Q2, (“Does
Proxima produce output BPFMs, that their configura-
tions match the configurations derivable from the input
ones?”). We claim that not only are they structurally
similar to a very high extent, but also the same set of
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Figure 19. Minimum, Average, and Maximum Values of Metrics.

configurations are derivable from the two models and
they are equivalent. The answers to these questions
show that we have achieved the evaluation goal and the
research goal as well: providing an automated process-
mining-based method for extracting the business process
variability model (in terms of a “BFPM” model) from
several event logs (obtained from several enterprises) by
extending the Alpha algorithm for process discovery.

4.3 Comparison with Related Work

In this section, we repeat Table[I]in Table[7]to compare
our method (added in the last row) with other studies.
Note that the relevant studies generated different out-
puts from ours solved slightly different problems, or did
not provide any information on evaluation and crite-
ria. Thus, running and comparing our method against
theirs was not meaningful and possible. Hence, we use
the indicators in Table |1| for comparing our method
with other studies.

As shown in Table[7] the relevant studies are divided
into two main categories: (1) those not based on process
mining, and (2) those benefiting from process mining.

In the first category of studies, except for one re-
search work (Saadatbakht et al.’s [14]), all of the studies




Research Article, 2022, Volume 9, Number 1 (pp. 1-29)

Table 7. Comparison of the Proposed Method With Previous Studies on Extracting Business Process Variability Model.

Identifies
Elements
Inspired by commonal- whose
. : | 2
Approach | Methods Input Output SPLE? ity a.n.d vari{ Automated? variability
ability of .
is captured
elements?
Activities,
sub-
non-Pr9cess- [14J processss as BPFM \/ \/ X processes,
mining graphs flows
BPMN, EPC,
graph, or
arbitrary
27H32 . -
ledad (independent 8 ) v (some)
of modeling
language)
(ineclir:lg:ll(riint Configurable
34, 35] P ] X v v process
of modeling
fragments
language)
_ process tree
process multiple event with
oc L o
mining [36] (indziiive) configuration x v v Activities
options
1371 BPMN x x v -
arbitrary
33] (1ndepend.ent N 5 N Contr(?l flow
of modeling choices
language)
a variability
(1] specification v v v Activities
file
(18] configurable v v N Process
process model fragments
Activities,
Proxima BPFM v v v sub-
processes,
flows

mainly focused on generating business process mod-
els in terms of BPMN models, as well as other models,
which lacked variability. Saadatbakht et al. [14] man-
aged to solve the problem of extracting the business
process variability model. They worked on BPMN in-
puts, converted them into graphs, and provided algo-
rithms to extract variability of elements in terms of
BPFM outputs from those graphs. However, their ap-
proach does not benefit from an automated process
mining technique.

In the second category, that is, the approaches that
are based on process mining, all of the studies (includ-
ing ours) were inductive approaches getting multiple
event logs as inputs. Some of these works ([37] [33])
aim at capturing the control flow “choices” by using
process mining discovery approaches. They do not cap-
ture the variability of other important elements, such
as activities and flows between them. There are other
works ([34H36]) that derive the variability of elements;
however, the elements whose variability is captured in
these studies are limited (to either activities or merely
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process fragments). They do not provide full business
process variability models. Moreover, the captured vari-
ability does not include all of the attributes: “manda-

tory”, “optional”, “variants”, “variation points”, “variant
sub-processes”, etc.

None of the studied methods provided variability
attributes in terms of a business process variability
model, except two studies: Khannat et al.’s [18], and
Sikal et al.’s work [I].

Sikal et al., [1] dealt with variability issues such
as variation points, and variants merely on activities.
However, they did not provide a model as the output,
as their approach generated only a “specification file”.

Our study and Khannat et al.’s [18] are the only stud-
ies that claim to generate business process variability
models (configurable process models). Khannat et al.’s
work [18] is the sole study enriching the method with
semantics, which our method does not enjoy. They take
into account variability ontology to determine which
events in the event logs are variable, optional, etc. How-
ever, they did not provide enough detail on how the
steps of their method were accomplished and how the
final model was synthesized. Their study lacked an
evaluation section, and the detailed steps were not pro-
vided. Their method seemed to be merely a proposal
and not implemented to provide a validated automated
approach.

From these studies, we can observe that none of the
methods did properly solve the problem of automating
the discovery of business process variability models
using process mining. The few relevant studies either
lacked details and evaluation or did not provide meth-
ods for the final synthesis of the output business pro-
cess variability model. As we can see in Table |7} our
method managed to generate business process vari-
ability models using SPL concepts and utilizing and
enhancing a process mining discovery algorithm, that
is, the Alpha algorithm. We managed to derive several
variable elements, namely, the activities, transitions
(flows), and sub-processes. We also determined if these
variable elements are mandatory, optional, or variant.
Moreover, we discovered variation points and possibly
variant regions embracing the variant elements.

5 Discussion

To evaluate the proposed method, three main steps
were taken: (1) applicability evaluation; (2) validation;
and (3) comparison with previous work.

To evaluate the applicability, we discussed that the
method was implementable. Moreover, we provided
an example to represent the way the method works
and can be utilized. We observed from the example
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that the steps of the method are easy to understand
to reach the research goal and tackle the challenge
posed in this paper. The business process variability
model helps us derive a process model, to capture
variability in a way that it can be discriminated against
ordinary branches and gateways, unlike other models
used in other studies. From the discussion above, we
can conclude that Proxima is applicable.

To validate the proposed method, the GQM approach
and the case study method were utilized. The results
of the validation show that the proposed method has
been successful in producing models that were quite
similar to what was expected. In other words, the ex-
tracted models were completely structurally identical to
or equivalent to what was expected. Moreover, the set
of configurations derivable from them was exactly what
was expected; i.e. they fully overlapped with and fully
covered the set of expected configurations (the config-
urations derivable from the BPFMs that were input to
the validation procedure). Therefore, the hypothesis
that Proxima can extract precise models was proved.

Moreover, we compared the proposed method with
previous work. This comparison shows that some re-
lated studies were not based on process-mining and
did not work on event logs, contrary to the challenge
we posed, that is, extracting the business process vari-
ability model in case we do not have access to existing
business process models. From the studies focusing
on process-mining-based techniques, none proposed
a method or technique for extracting a variability-
enriched model, capable of modeling variability in a
way that variation points are distinguishable from ordi-
nary branches and gateways in a process model. There
were only two exceptions, one of which ([I]) did not
discover variability except for activities in terms of a
specification file and not a business process variabil-
ity model, and the other ([I8]) was not implemented
and did not provide enough details on the steps and
evaluation of the research.

5.1 Benefits

We articulate the benefits and applications for the
proposed method as follows:

o It fully automates the extraction of a configurable
process model to reduce costs (especially in terms
of time and effort), compared with manually achiev-
ing this task.

e The method captures variability elements and at-
tributes. It discovers activities that are mandatory,
optional, or variants, related to variant regions and
variation points of three different types, to capture
the variability of sub-processes and flows between
activities.

¢ The models that the method provides are precise,
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both in desired structure and in coverage of in-
tended configurations.

o It extends the Alpha algorithm and thus there may
be ways to extend existing tools supporting Alpha
to support the new suite of algorithms as well.

¢ The method is easy to understand and easy to
implement and work with.

e It can be applied in any variability-intensive or
highly configurable system that deals with business
processes and their variability, including cloud-
based Saa$, SPLs, self-adaptable systems, and alike.

5.2 Threats to Validity

Runeson and Host [43] propose using a scheme for
validity analysis for case study research designs in
software engineering that distinguishes between four
aspects of validity, namely, construct validity, internal
and external validity, and reliability. Here we discuss
threats to these four aspects of validity and the way we
encountered each.

5.2.1 Construct Validity

“Construct validity” refers to the extent to which the
operational measures that are studied represent what
the researchers have in mind and what is investigated
[431.

In our study, no misconception seems to have hap-
pened. It is noteworthy that, one may interpret from
the context that any wording of names (of activities,
conditions on branches, etc.) can be dealt with, using
semantic techniques. However, we clearly stated in the
problem statement in Section |1| that the semantic as-
pects were not in the scopes of this research; indeed, we
assumed that only activities with the same names are
identical, and if the names were different, even slightly,
we assumed the activities were different themselves.

There are other limitations due to the BPFM model
concepts; for example, the method does not provide
a mechanism for displaying the “flow (transition) vari-
ability between two mandatory activities”. This means
that a transition between two specific activities may
be present in one configuration and absent in another.
This variability is not captured in the BPFM concepts,
and hence not supported in Proxima. Tackling this is-
sue requires proposing a new metamodel for business
process variability modeling, which is beyond the scope
of this research.

Another limitation to this work was the scope. In this
research, we did not take into account every aspect of
event log quality criteria, since it was not feasible to do
so. We limited the quality aspects of the input event
logs only to the noise factor, for tackling which we
planned a densification step in the proposed method.

Other quality criteria were outside the scope of this
work and were postponed to future research.

5.2.2 Internal Validity

“Internal validity” is of concern when causal rela-
tions are examined between an influencing factor and
an influenced factor, and when we are investigating
the risks of a third factor affecting the factor being
influenced [43].

In this research, Proxima (as an influencing factor)
is affecting the resulting models (as the influenced
factor). The threat here can be the “selection of subjects”
bias, that is, the potential bias in the selection of input
BPFM models. The general way to tackle this bias is
randomization. We picked “randomly” 10 cases out of
40 available BPFMs. However, unfortunately, no more
BPFM models were accessible, since it is not a very
extensively used model and is just at the beginning of
the road, used mostly in theory. Thus, in our research,
we selected randomly from a set of 40 BPFMs derived
from the industry in another study by Saadat et al. [14].
It should be noted that these BPFMs were just used to
generate the event logs to assure they contain variability
(for the ease of conducting research evaluation), and
the method is not at all dependent on any input BPFMs.
The main input to Proxima is a set of event logs without
any limitation.

Another threat to internal validity can be the “in-
strumentation effect”, regarding the effect of measure-
ment instruments on the results. In our method, every
step is algorithmically explained in detail, and the met-
rics were calculated using Microsoft Excel. The metrics
were measured using the same tools and formulae ev-
ery time; thus, the measurement tool cannot have any
effects on the results.

5.2.3 External Validity

“External validity” is concerned with the possibility to
generalize the findings to a broader area with common
characteristics and to analyze if the findings are relevant
for them [43].

For our study, the research is not dependent on the
selected cases and the algorithms can take any set
of event logs as input. Therefore, the study can be
generalized to the broader area of all event logs from
several enterprises.

5.2.4 Reliability

“Reliability” refers to the possibility of obtaining the
same results if another researcher conducts the same
study [43].

Our proposed method is not dependent on the re-
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searcher, nor does it use a subjective evaluation, as
no human participants were employed in the valida-
tion process. Every step of the method is explained
systematically and clearly. Thus, there is no threat to
the reliability of this research.

6 Conclusions and Future Work

The problem of business process variability model dis-
covery emerges from the fact that the business pro-
cesses are an important artifact in information systems
development whose variability is also required to be
captured within a family of systems or configurations.
Sometimes referred to as “process reference model” or
“process configuration model”, this model is a reusable
artifact that can be configured to a family of processes
each serving a separate purpose or customer. In the
absence of existing business process models, these vari-
ability models have to be “extracted” (or discovered)
based on several event logs that reside in the databases
of the target enterprise(s). Such an extraction, if carried
out manually, is extremely difficult, error-prone, costly
(especially in terms of time and effort), and almost im-
possible [14], especially if the business processes are
complex and large. Therefore, automatic solutions are
quite necessary for tackling this challenge.

In this paper, we contributed to the subject by uti-
lizing concepts from software product line engineer-
ing, (variability modeling and business process family
model (BPFM), etc.) and used process-mining-based
techniques to solve the problem.

To be more accurate, the contribution of this re-
search is “providing an automated process-mining-
based method for extracting the business process vari-
ability model (in terms of a “BFPM” model) from sev-
eral event logs (obtained from several enterprises) by
enhancing the Alpha algorithm for process discovery”.

Our proposed method, Proxima, consists of 3 phases
and 14 algorithms, in which we extended a very well-
known process discovery algorithm, Alpha. We aimed
at discovering a set of BPFMs from a collection of event
logs. Each BPFM potentially contained traces of events
regarding a family of business processes, sharing some
activities and being different in other activities. For
this purpose, we first, set up a trace log out of each
event log; merged them to get a master trace log; then,
we denoisified and clustered the main trace log to get
clusters of traces that could form a family. Then using
our extended Alpha algorithm, we discovered, not only
the activities and the transitions between them, as
Alpha does, but also we discovered variability attributes
of activities (mandatory, optional, variant) as well as
the variation points, their type, cardinality, relevant
variants, and variants regions if available. Then, we
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assembled the elements to get the final output BPFMs.

To evaluate the proposed method, we discussed its
applicability, validated the method, and compared it to
previous work. Proxima is applicable since it is imple-
mentable and every step is machine-understandable.

Validation of the method was performed using a case
study on 10 cases based on industrial processes. The
design was to generate a set of event logs from some
available randomly selected BPFMs from another study
[14], and then feed them as input to our method, and
to compare the output BPFMs with the initial ones.
We evaluated the method following a Goal-Question-
Metric (GQM) [41] approach, where we set a goal for
evaluating the method. To reach the evaluation goal
we posed two evaluation questions: Q1: “Does Proxima
produce output BPFMs similar to initial BPFMs used
as input to evaluation?” and Q2: “Does Proxima pro-
duce output BPFMs, that their configurations match
the configurations derivable from the input ones?”. To
answer the questions we measured five metrics: (1)
structural similarity (to check if the results shared the
same mandatory, optional, and variant activities with
the initial input BPFMs)

(2), (3) structural precision and recall (to check the
similarity of transitions inside the input and output
models)

(4) configuration overlap (to check how many com-
mon configurations are derivable from the two input
and output BPFMs), and

(5) configuration coverage (to check if the output
BPFM models can cover the configurations derivable
from the input BPFMs).

The results showed that we obtained a 97.5% struc-
tural similarity by producing models quite similar to the
input models and though there were differences, they
were equivalent to the intended models. We obtained
an average structural precision of 98% and an average
structural recall of 97.3% which shows the similarity of
transitions between the input and output BPFM mod-
els. We also obtained a full overlapping (100%) and
coverage (100%) on configuration sets derivable from
the input and output BPFM models, meaning that the
method managed to discover BPFMs from which every
desired configuration was derivable without missing
anything.

We also compared the method with previous work,
none of which covered the problem of deriving vari-
ability models from event logs in a way that variability
could be distinguished from ordinary branching gate-
ways in the model. Some of the previous studies were
inspired by SPL concepts but not based on not process-
mining (such as [14]), instead, they worked on graphs
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and not event logs as input (different problem state-
ments). There were few works available on using pro-
cess mining in the discovery of business process model,
which either lacked discovering some variable elements
and the final model or were not implemented and
evaluated. Therefore, the proposed method is novel in
proposing a process-mining-based approach, inspired
by software product line engineering, to discover the
business process variability model in a more expres-
sive, complete, and automatic way. We also discussed
the way we encountered potential threats to different
aspects of validity.

As future work, we plan to:

e provide a variability-specific noise elimination
method on trace logs, fitting better with the
requirements of variability model discovery;

e compare clustering algorithms to check which bet-
ter fits our purpose, and if needed, to propose a
new one;

« improve the proposed algorithms to minimize the
cost and time required for BPFM model discovery;

« improve the proposed algorithms incorporating
semantics to better discover the activities that are
slightly different in names, but indeed are the same;
and

o improve the proposed method to analyze and im-
prove the quality factors of the input event logs.
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