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ABSTRACT

At present, business processes are growing rapidly, resulting in various types of activity relationships and
big event logs. Discovering invisible tasks and invisible tasks in non-free choice is challenging. o mines
invisible prime tasks in non-free choice based on pairs of events, so it consumes considerable processing
time. In addition, the invisible tasks formation by o $ is limited to skip, switch, and redo conditions. This
study proposes a graph-based algorithm named Graph Advanced Invisible Task in Non-free choice
(GAITN) to form invisible tasks in non-free choice for stacked branching relationships condition and han-
dle large event logs. GAITN partitions the event log and creates rules for merging the partitions to scale up
the volume of discoverable events. Then, GAITN utilises rules of previous graph-based process mining
algorithm to visualises branching relationships (XOR, OR, AND) and creates rules of mining invisible tasks
in non-free choice based on obtained branching relationships. This study compared the performance of
GAITN with that of Graph Invisible Task (GIT), o %, and Fodina and found that GAITN produces process
models with better fitness, precision, generalisation, and simplicity measure based on higher number
of events. GAITN significantly improves the quality of process model and scalability of process mining
algorithm.

© 2023 The Author(s). Published by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In recent years, the availability of event logs for analysing busi-
ness processes in many domains, such as healthcare (De Roock &
Martin, 2022; Pika et al., 2020) and manufacturing (Choueiri
et al., 2020; Choueiri & Portela Santos, 2021), has increased signif-
icantly. Process mining is a study that uses event logs to gain
insight into real-life processes, identify process-related issues,
and improve process performance (van der Aalst, 2011). Process
mining consists of three aspects: process discovery, conformance
checking, and enhancement. Process discovery is a process mining
study (Erdogan & Tarhan, 2018; Hamdani & Abdelli, 2020; Kim
et al.,, 2022; van der Aalst, 2016) that automatically visualises the

* Corresponding author.
E-mail address: riyanarto@if.its.ac.id (R. Sarno).

Peer review under responsibility of King Saud University. Production and hosting by
Elsevier.

ELSEVIER Production and hosting by Elsevier

https://doi.org/10.1016/j.jksuci.2023.101741

flow of activities recorded in an event log (Beeson et al., 2002;
Berger et al., 2022).

There are many kinds of business process relationships to
describe the diversity of user requirements for achieving business
objectives. Therefore, the challenge of the process discovery algo-
rithm is to mine various business process relationships in order
to visualise the right model of the running business process. Vari-
ous studies have proposed process discovery techniques to form
variations in business process relationships. The pioneering pro-
cess discovery algorithm, o (Back et al., 2020; van der Aalst,
2016) implemented several rules based on footprints of activity
pairs to form sequence, XOR, and AND in a Petri net-based process
model. o algorithm has several variants, such as o ** (Wen et al.,
2007; Zheng et al., 2019) to discover non-free choice constructs
(NFC), o* algorithm (Wen et al., 2010) to mine invisible tasks,
and o algorithm (Guo et al., 2015) to form invisible tasks in
non-free choice constructs. The inductive miner (Battineni et al.,
2020; Pika et al., 2020) and the refined process structure tree
(RPST) (Yan et al., 2019) divide the event log into smaller sub-
logs and implement rules to define activity relationships based
on the pairs of activities. Inductive miner (Battineni et al., 2020;
Pika et al., 2020), refined process structure tree (Anugrah et al.,
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Stacked Branching Relationships (XOR-AND)
ELI = {(K,0,A,9),(K,A,0,5),(K,R,S)}

Actual Process Model Mined Process Model by o*
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Fig. 1. The problem encountered when mining stacked branching relationships by o algorithm.
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Fig. 2. Graph Model and Cypher Query Language.

Table 1
Cypher Syntaxes.

Syntaxes Description Examples
MERGE Depict nodes Objective: Construct an activity GA that has a sequence relationship
and/or with GB, where GA and GB are the first and last activities,
relationships respectively
and merge Cypher: MERGE (:activity {name:”GB”}) — [:Seq] — (:activity
nodes with  {name:"GA”})
same names Before Process: Empty graph database
After Process:
» s.a @
GA GB
DELETE  Remove nodes Objective: Delete all nodes and their relationship

and/or
relationships

Cypher: DELETE p=(-[]-()
Before Process:

[ ] Seq
GA

@

GB

After Process: Empty graph database

2015) and B (Zayoud et al., 2019) can only discover sequence, XOR,
and AND relationships. Furthermore, Heuristic Miner (Kurniati
et al,, 2016; Namaki et al., 2022; Weber et al., 2018) can only dis-
cover sequences, XOR, and AND relationships, while Fodina
(vanden Broucke & De Weerdt, 2017) improves the rules of Heuris-
tic Miner to discover invisible tasks. Graph-based algorithms have
undergone various developments to discover activity relationships
of a process model, such as sequence relationships, branching
(XOR, OR, AND) relationships (Waspada et al., 2020), invisible tasks
(Sarno et al., 2019) and invisible tasks in non-free choice (Sarno

et al., 2021). Most process discovery algorithms can mine sequence
and branching relationships, but only a few algorithms, which are
o algorithm (Wen et al., 2010), o algorithm (Guo et al., 2015), a
graph-based algorithm (Sarno et al., 2019), GIT (Sarno et al,,
2021) and Fodina (vanden Broucke & De Weerdt, 2017), can form
invisible tasks and/or invisible tasks in non-free choice constructs
in the process model.

Creating invisible tasks to delineate specific process flows is
challenging because those tasks are not stored in the event log.
Wen (Wen et al., 2010), the inventor of o algorithm, states that
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IT-SBR-NFC in stacked XOR—AND relationships
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Fig. 3. Invisible Tasks in Non-Free Choice for Stacked Branching Relationships.

invisible tasks are formed to visualise skip, switch, and redo condi-
tions. These invisible tasks are called invisible prime tasks. Other
algorithms, of algorithm (Guo et al, 2015), GIT (Sarno et al.,
2021) and Fodina (vanden Broucke & De Weerdt, 2017) mine invis-
ible tasks with reference to the rules of o algorithm.

In addition to the branching relationship, some processes need
stacked branching relationships to model their conditions. Invisi-
ble tasks are added to clarify the position of branching relation-
ships when they are stacked (can be seen in the actual process
model of Fig. 1). This study also presents bakery productions pro-
cesses and a solid hazardous waste management process that need
invisible tasks to model stacked branching relationships in their
process models (detailed explanation in Section 2.3). The ability
of a process discovery algorithm to discover invisible tasks of
stacked branching relationships is important, especially when the
result is used for further analysis (e.g., conformance analysis) or
modelling (e.g., simulation).

o algorithm can mine one type of stacked branching relation-
ships (an AND relationship is followed by a XOR relationship) with-
out define an invisible task, so o algorithm does not create rules to
mine invisible tasks for stacked branching relationships. However,
this study detects a problem if the stack of branching relationships
is switched (a XOR relationship is followed by an AND relationship)
by using o algorithm. In Fig. 1, although a mined process model of
o based on an event log EL1 is sound, R cannot be parallelised
with A and O. The process model based on EL1 shows that R and
A or R and O can be carried out in one process flow (case), whereas
they are not allowed based on the actual model. o® algorithm (Guo
et al., 2015) extends rules of o* algorithm to mine invisible prime
tasks in non-free choice (IT-SBR-NFC). Nevertheless, o has not
considered IT-SBR-NFC because it adopts the invisible task mining
rules of the o algorithm.

In addition to accurately detecting relational variations, the
computing time of process discovery is an important concern.
Existing algorithms which are o (van der Aalst, 2016) and its devel-
opments, Inductive miner (Battineni et al., 2020), refined process
structure tree (RPST) (Yan et al., 2019), Heuristic Miner (Namaki
et al., 2022), and Fodina (vanden Broucke & De Weerdt, 2017) cre-
ate rules of each type of relationships based on pairs of activities.
Creating rules of each type of relationships produces high time
complexity to mine advanced relationships, including invisible
tasks and invisible tasks in non-free choice construct. Graph-
based algorithms (Sarno et al., 2019, 2021; Waspada et al., 2020)
store activities and obtained basic relationships in the form of
graphs and mines advanced relationships based on obtained basic
relationships to reduce time complexity. Another advantage of
graph-based algorithm is that the event log and the process model
are formed on one platform (graph database), so there is no con-
version process.

The current graph-based algorithms have several drawbacks.
First, those algorithms could not identify invisible tasks of stacked
branching relationships (IT-SBR) and invisible tasks in non-free
choice for stacked branching relationships (IT-SBR-NFC) because
their rules to constructing invisible tasks adopt rules of o algo-
rithm. Moreover, those graph-based algorithms are not able to
handle large data from the event log at once due to the data limit
of the graph database. Based on this background, we have several
motivations to perform this study as follows:

1. This paper presents invisible tasks are needed to form stacked
branching relationships condition (a XOR relationship is fol-
lowed by AND/OR relationships) in the process model. A few
process discovery algorithms (Guo et al,, 2015; Sarno et al.,
2021; vanden Broucke & De Weerdt, 2017; Wen et al., 2010)
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Relationships of Activities.

Name of
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Traces of an Event Log
/ Process Models of GIT
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& Seo’G‘B Seq . Sexl.
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AND|Spli AND Join
R )

GA GC GE

AND Spli{g)AND Join

OR

Traces: (GA,GB,GC,GE), (GA,GB,GD,GE), (GA,GC,GB,GE),
(GA,GC,GD, GE), (GA, GD, GB, GE), (GA, GD, GC, GE)

Process Model:

OR Split GD OR Join

NFC
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Process Model:
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Fig. 4. Flowchart of GAITN.

can mine invisible tasks and o algorithm (Wen et al., 2010) is
the pioneer algorithm of discovering invisible tasks. Unfortu-
nately, o algorithm (Wen et al., 2010) cannot form invisible
tasks of stacked branching relationships. Therefore, the appro-
priate method for mining invisible tasks of stacked branching
relationships (IT-SBR) is needed to produce better process mod-
els and enhance the process model quality.

. Another advanced activity relationship is invisible tasks in non-
free choice for stacked branching relationships (IT-SBR-NFC),
i.e,, a condition when IT-SBR meets non-free choice constructs.
o® algorithm (Guo et al., 2015), the first algorithm that intro-
duces invisible tasks in non-free choice, cannot mine IT-SBR-
NFC because o algorithm adopts rules of discover invisible
tasks by o algorithm. Inability to form IT-SBR-NFC can
decrease the quality of process model.

. Existing algorithms (Battineni et al., 2020; Guo et al., 2015; van
der Aalst, 2016; vanden Broucke & De Weerdt, 2017; Wen et al.,
2007, 2010; Yan et al., 2019) create rules of every type of activ-

ity relationships, so they produce high time complexity to mine
advanced activity relationships, including IT-SBR and IT-SBR-
NFC. Graph-based algorithms (Sarno et al., 2019, 2021;
Waspada et al.,, 2020) reduce time complexity by utilising
obtained basic relationships to form advanced relationships.
However, the data limit of graph database causes the graph-
based algorithms unable to model processes from a massive
event log. Data pre-processing is needed to overcome the inad-
equacies of graph-based algorithms.

According to those motivations, we propose a new graph-based
algorithm—Graph Advanced Invisible Task in Non-free choice
(GAITN)—to discover IT-SBR and IT-SBR-NFC from an event log.
Specifically, we extend Graph Invisible Task (GIT) (Sarno et al.,
2021) by adding new rules to identify IT-SBR and IT-SBR-NFC. To
handle a large volume of data, GAITN does data pre-processing
by partitioning event logs into event log snippets. This is because
the computing time required to process multiple smaller event

TW = Take Waste

SRW = Sort Waste

PR = Put Waste in Recycle Bin

SR = Send Waste to Recycle Place

CLW = Clean Waste

VW = Cleavage Waste

SOW = Soak Waste

CHW = Chop Waste

DW = Dry Waste

PW = Pack Waste

. WW = Weight Waste

. SRT = Sort Waste in TPS Recycle Waste
TWI = Take Waste by Industry

. SWI = Send Waste to Industry

. PPY = Put Pathological Waste in Yellow Bin
16. PIY = Put Infectious Waste in Yellow Bin
17. PSB = Put Wastc in Safcty Box

18. PBB = Put Waste in Brown Bin

19. PPB = Put Waste in Purple Bin

20. PRB = Put Waste in Red Bin

21. CW = Confirm Waste

22. SW = Shed Waste

23. SI= Send Waste to Incenerator

24. BW = Burn Waste

25. PA =Pack Ashes

26. SAT = Store Ashes in TPS Non-Recycle Waste
27. TAP = Take Ashes by P3

28. SAP =Send Ashes to P3

MOHD0 ) O L Lo D e

AW —-o

Fig. 5. Standard Operating Procedure for Solid Medical Waste Handling.
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log snippets is shorter than that required to process a single large
event log. The use of partitions requires us to modify the rule that
discovers a sequence relationship, such that the rule can discover a
sequence relationship from activities stored in multiple event log
snippets. Identifying IT-SBR and IT-SBR-NFC improves the quality
of the process model, whereas partitioning event logs aims to
increase scalability.

We conducted two experiments to evaluate the GAITN. The
objective of the first experiment is to compare the quality of the
process model discovered by GAITN, GIT (Sarno et al., 2021), o®

Table 3
Event Logs for Experiment.

Journal of King Saud University — Computer and Information Sciences 35 (2023) 101741

(Guo et al., 2015) and Fodina (vanden Broucke & De Weerdt,
2017) using fitness, precision, simplicity, and generalisation. For
this experiment, we will use two synthetic event logs of processes
containing IT-SBR-NFC, an event log generated by the simulation
model of a medical waste management system, and an event log
of medical records (Sarno et al., 2021). The objective of the second
experiment is to compare the computing times and number of
events handled by those algorithms. For this experiment, we use
two synthetic event logs: two event logs from medical records
(Sarno et al., 2021), and three real-life event logs: BPIC 2011 Hospi-

Total Cases Total Traces Reference

Event Log Total Events
L2 - IT-SBR-NFC of XOR-OR relationships 1.7 x 10?
(170)
L1 - IT-SBR-NFC of XOR-AND relationships 2.0 x 10?
(200)
Medical Record Small 5.5 x 10?
(552)
Medical Record 3.0 x 10°
(3,084)
Solid Waste Handling 5.9 x 10°
(5,941)
DomesticDeclarations 5.6 x 10*
(56,437)
BPIC 2011 Hospital Log 1.5 x 10°
(150,291)
BPI Challenge 2012 2.6 x 10°
(262,200)

35 7 This paper (Fig. 3)

35 7 This paper (Fig. 3)

48 48 (Sarno et al., 2021)

306 303 (Sarno et al., 2021)

478 10 This paper (Fig. 5)
10,500 929 (B. van Dongen, 2020)
1,143 981 (B. F. van Dongen, 2012)
13,087 4,366 (B. van Dongen, 2012b)

XOR split

OR
l split

split

XOR
split

split

Fig. 6. A solid medical waste handling process model obtained by the proposed method (GAITN).
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tal (B. F. van Dongen, 2012), Domestic Declarations (B. van Dongen,
2020), BPI Challenge 2012 (B. van Dongen, 2012a).

The remainder of this paper is organized as follows. Section 2
describes the preliminaries of this research, such as the definition
of the event log, graph query language, IT-SBR-NFC, types of con-
structs discovered by previous process discovery algorithms, and
quality measures. A detailed explanation of the proposed GAITN
algorithm is presented in Section 3. The materials, experimental
results, and discussion are presented in Section 4. Finally, we con-
clude the study in Section 5.

2. Preliminaries
2.1. Event Log, Traces, and cases

The main input of PDAs is the event log. The event log is a col-
lection of traces. A trace is a collection of unique cases. A case is
formed by a sequence of executed activities. For example, an event
log L3 = {(GA, GB, GC, GD), (GA, GB, GC, GD)} contains two cases,
each with four activities. However, these two cases were not
unique. Therefore, L3 contained only one trace.

2.2. Graph Query Language (Cypher)

Our proposed algorithm, GAITN, uses Cypher Query Language
(Francis et al., 2018; Saad et al., 2023; Sestak & Turkanovic,
2023) to implement discovery rules and construct a process model.
Cypher Query Language is a declarative graph query language that
can be used to create nodes and their relationships. In a GAITN,
nodes represent activities and relationships denote links between
activities in a process model. Cypher Query Language has several
notations: rounded brackets denote nodes (nodes) and square
brackets represent the relationship [:relation]. Every node contains
information, and every piece of information is stored in a node as
its attribute. An attribute contains two types of data: a label and
a description. For example, Fig. 2 shows a representation of the
process model at the top of Cypher Query Language. To represent
the GA activity in the process model, we used Cypher Query Lan-
guage syntax (:Activity: {name:"GA”}). For the sequence relation-
ship in the process model, the equivalent Cypher Query Language
syntax is —[:relationship]—. The other Cypher syntaxes used by
GAITN are listed in Table 1.

2.3. Invisible tasks in non-free choice for stacked branching
relationships (IT-SBR-NFC)

This paper adds the stacked branching relationships condition
as a new condition that needs invisible tasks. The first example
of a business process having stacked branching relationships is
the production processes of a bakery. The bakery gets an order to
factory (OTF) from the distributor and checks the OTF data. If the
data are correct, the OTF will be forwarded to the Production Plan-
ning and Inventory Control (PPIC) Department and the Finished
Goods Warehouse (FGW). However, if the data is incorrect, the
bakery will return the OTF request to the distributor. The produc-
tion process has stacked branching relationships after activity
Checking OTF because there is a choice relationship (XOR) between
activity returning OTF to Distributor and a parallel relationship
(AND) of passing OTF to PPIC and passing OTF to FGW.

Stacked branching relationships also occurred in the solid haz-
ardous waste management processes. The solid waste is sorted
into seven types: recyclable waste, pathological waste, infectious
waste, sharp waste, pharmaceutical waste, cytotoxic waste, and
radioactive waste. The activity of putting waste in the bin has
choice relationships (XOR relationships) based on the type of

Journal of King Saud University — Computer and Information Sciences 35 (2023) 101741

waste. However, there are solid wastes classified as pathological
infectious waste, so the activity of put pathological waste and
put infectious waste has multi-choice relationship (OR relation-
ship). The process of putting waste portrays stacking XOR-OR rela-
tionships, so the process model of solid hazardous waste
management has invisible tasks of stacking branching relation-
ships (denoted by gray boxes in Fig. 5). Furthermore, there is
non-free choice constructs between put waste and shed waste in
the solid waste management process, so there is a condition that
the invisible tasks meet non-free choice constructs. The solid waste
management process needs invisible tasks in non-free choice con-
structs for stacked branching relationship condition (IT-SBR-NFC).

Fig. 3 illustrates two examples of IT-SBR-NFC in a real-world
process. The first flow pattern, the IT-SBR represents a combination
of a choice relationship (XOR) and a multi-choice relationship (OR)
or parallel relationship (AND). In a process model, this is achieved
by adding a dummy activity called invisible tasks (e.g., gray nodes
in Fig. 3). The second flow pattern, the non-free choice (NFC) con-
struct, represents a situation in which a choice depends on a pre-
vious choice (Guo et al.,, 2015; Sarno et al.,, 2021; Zheng et al.,
2019); for example, the choices are connected by dotted lines in
Fig. 3. Hence, the IT-SBR-NFC occurs when the invisible tasks of
stacked branching relationships (IT-SBR) meet the non-free choice
(NFC) construct in the process model.

2.4. GIT algorithm

GIT (Sarno et al, 2021) defines eight relationships: >,

xorsplit  xorjoin andsplit andjoin orsplit orjoin NFC . ..
=, 5 = —, and depicts an additional

task: Invisible Prime Task (IPT). = expresses two activities that
and symbolize the XOR

denote the AND relationship.

xorsplit xorjoin
— —

can be executed consecutively.

andsplit andjam

relationship, whereas and

orsplit orjoin
—

and = represent OR relationships. The NFC relationship is

denoted as ™. Definition 1 is formal description of GIT algorithm
and Table 2 shows the graph-based process models depicted by
the GIT.

Definition 1. (Relationships defined in GIT algorithm) Let T be a
set of activities (t1,to,---,ty), L be an event log over T, k, I, andy are
three tasks depicted in a graph model, the relationships defined in
GIT algorithm are defined as follows:

. kﬁl<:>t1,t2,-“,tn GL,iE 1,~--,n:t,-:k/\t,-+1 :l/\tiCﬂselD =
b cusemn
e outgoing(k) < kﬂ ti

e incoming(k) < t: ¥k

xorsplit

o k"=l = (noutgoing(k) > 1) A (nincoming(l) = 1) A (noutgoing(l) = 1)
xorjoin

o' 5 k= (nincoming(k) > 1) A (noutgoing(l) = l) A (nincuming(l) = 1)

andsplit seq
ok == (nautgoing(k) > 1) A (nincoming(l) = noutgoing(k)) A (ﬁ(l - k))
>1A =

(=(k=1)

l= (noutguing(k) > 1) A (nincoming(l) > ]) A (nintoming(l) < nﬂﬂfgﬂi"g(k}) A (ﬁ(lﬂ k))

landjuinl
ol = K— (ningoing(k) (noutgoing(l) = Nincoming(k) )A

orsplit
o k"%

orjoin
o | =

seq
1) A (Moot > 1) A Rgingy < Mincomingo) A (~(K41))

= <kmio>m l> A (km—s'»m ﬂl>

. lpicy (Ixorjom > ( kR ) (CaselD, = CaselDy)

o IYSIPT = (1“’3‘"'”k>A( K pr ) (u)T““”"”‘) A (CaselD, = CaselD, )

k<= (nincoming(k] >

xorsplit xorjoin
k"= =1

IPT
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Table 4
Quality Measurements of Obtained Process Models Discovered by Algorithms.
Event Log Algorithm Fitness Precision Generalisation Simplicity
(0.0 - 1.0) (0.0 - 1.0) (0.0 - 1.0) (0.0 - 1.0)

L1 - IT-SBR-NFC of XOR-AND relationships Proposed method (GAITN) 1.000 1.000 0.930 1.000
GIT 0.857 0.083 0.929 0.909
of 1.000 0.250 0.933 0.813
Fodina 1.000 0.500 0.930 1.000

L2 - IT-SBR-NFC of XOR-OR relationships Proposed method (GAITN) 1.000 1.000 0.930 1.000
GIT 0.857 0.083 0.933 0.909
of 0.143 0.036 0.920 0.750
Fodina 0.140 0.070 0.929 0.917

Solid Medical Waste Handling Proposed method (GAITN) 1.000 1.000 0.808 1.000
GIT 0.400 0.002 0.804 0.972
of - - - -
Fodina 0.800 0.444 0.806 0.944

Medical Record Proposed method (GAITN) 1.000 1.000 0.970 1.000
GIT 1.000 1.000 0.970 1.000
ot 1.000 1.000 0.970 1.000
Fodina 1.000 0.870 0.970 1.000

x Proposed method (GAITN) 1.000 1.000 0.910 1.000
GIT 0.779 0.292 0.909 0.948
o 0.536 0.322 0.706 0.641
Fodina 0.735 0.471 0.909 0.965

Note: - indicates that the algorithm cannot complete the task (timeout error), X is the average measurement value for each algorithm.

The GIT determines XOR, AND, and OR based on the number of
outgoing and incoming arrows. The total number of outgoing
arrows from k (nygping)) TePresents the number of relationships

in the graph-based process model, where all these relationships
have k denotes the initial activity. By contrast, the total number
of incoming arrows to k (oming(r)) 1S the number of relationships
appearing in a graph-based process model, where all of these rela-
tions have k as the final activity. An XOR relationship over a set of
activities is discovered when each activity in the set has an incom-
ing or an outgoing arrow. An AND relationship occurs over a set of
activities when the number of incoming and outgoing arrows is
equal to the total number of activities in the set. For example, in
a graph-based process model, activities k, [ and y are included in
the AND relationship if each activity has three incoming and outgo-
ing arrows. The OR relationship over a set of activities is depicted if
the number of incoming arrows or outgoing arrows is more than
one but less than the number of activities in the set. An IPT rela-
tionship between two activities is formed in the process model if

orjoi xorsplit

those activities have *%" and if one of the activities has “=5" to

xorjoin

another activity. For example, if activity k has "= with activity I

xorsplit

and activity k has “ = with activity y, an IPT relationship exists
between activities k and activity I. An NFC exists if the execution
of an activity in an XOR relationship depends on the earlier activity
in an XOR relationship. For example, if there is an event log
L4 = {(GA, GB,GC,GD, GE), (GA,GF,GC,GG,GE)}, there are two

NFC: GF™ GG and GB™ GD. Meanwhile, if there is an event log

L5 = {(GA, GB, GC,GD, GE), (GA, GF, GC, GG, GE),

NFC NFC

(GA, GB, GC, GG, GE), (GA, GF,GC,GD,GE)}, GF — GG and GB— GD
are not depicted by GIT (Sarno et al., 2021) because GF and GG
are not always executed in the same trace. This is also true for
GB and GD. IPT-NFC is a combination of IPT and NFC.

2.5. Quality measurements

The PDA quality can be measured using four dimensions: fit-
ness, precision, simplicity, and generalization (Imran et al., 2022;
Sarno et al., 2021; Syring et al., 2019). Fitness measures the ability
of PDAs to portray all traces of an event log in the process model

obtained. The more traces of an event log formed in a process
model, the higher the fitness value. Precision measures the fit of
a discovered process model. The fitness value emphasizes the
traces of an event log, whereas the precision value focuses on
traces formed in the obtained process model. Generalization shows
how a process model can accommodate the emergence of new
traces. Simplicity measures the simplicity of a process model.
The ‘simple process model’ depicts precise relationships and
nonredundant activities.

3. Methodology

Fig. 4 shows the main flow of the GAITN algorithm. The GAITN
algorithm solves the scalability problem of the Graph-based Invis-
ible Task (GIT) algorithm (Sarno et al., 2021) by partitioning the
event log into event log snippets (Step 1). As shown in the exper-
iment, the rule to discover sequence performs better in processing
multiple smaller event log snippets than a big event log (even
though the total size of the event log snippets is the same as that
of the large event log). In the second step, we applied the rule to
form a sequence relationship to all event log snippets and com-
bined the discovered sequences into one graph model. In the final
step, GAITN applies rules to form other relationships and adds
them to the graph model. The GAITN output is a graph-based pro-
cess model.

3.1. Partitioning event log

A graph database requires high computing time when process-
ing a large volume of data (Sarno et al., 2021). Therefore, GAITN
partitions the event log into smaller event log snippets to reduce
computing time. The partitioning process is performed using the
Hadoop Distributed File System (HDFS) (Hua et al, 2018;
Oussous et al., 2018). In our experiment, we set the size of each
snippet to 1 MB because the graph database employed in GAITN
performs better with smaller data. Based on the five event logs
used in this study, a block size of 1 MB stores approximately 500
recorded cases.
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Table 5
Scalability: Computing Time of Discovery and Maximum Handled Events.
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Total Events Computing Time of Discovery (s)

Proposed method (GAITN) oS GIT Fodina

1.7 x 10? 0.340 0.153 0.340 0.168
2.0 x 10? 0.342 0.158 0.342 0.170
5.5 x 10? 0.849 0.417 0.849 0.590
3.0 x 10 2.978 1.235 2.978 0.780
5.9 x 10° 8.381 3.351 8.381 0.350
5.6 x 10* 11.971 519.890 11.971 0.650
1.5 x 10° 32.385 - 32.385 -

2.6 x 10° 45.274 - - -

Note: - indicates that the algorithm cannot complete the task (timeout error).

3.2. Forming sequence relationship

The rules for discovering sequence relationships in GAITN are
listed in Algorithm 1. This rule is formed by the CQL syntax of
MERGE. This rule uses the timestamp and case ID to determine
the sequence relationship between two activities. The rule discov-
ers a sequence relationship between two activities if both activities
have the same case ID and the timestamp of the initial activity
(Tq,,,) is earlier than the timestamp of the end activity (Tg.1,,,)-

An additional rule was implemented in the first activity of the
event log snippet to merge two snippets (lines 2-8). This additional
rule is not applicable for the first snippet (G#(). First, the rule
searches for activities (ga) that have the same case id as the case
id of the first activity (gc). If no activity after ga ((ga) — &), then
the rule creates a sequence relationship from ga to gc. Another con-
dition for creating a sequence relationship from ga to gc if the next
activity of ga (gb) has different case ID with gc. The purpose of the
second condition is to connect the first activity of the new snippet
with the last activity of the previous snippet, where the last activ-
ity already has a sequence relationship with another activity.

Algorithm 1 (Algorithm to Discover Sequence Relationship).

invisible prime tasks (IPT), and NFC relationships. Details of this
step are reported in (Sarno et al.,, 2021). The next step was to dis-
cover invisible tasks of stacked branching relationships and invisi-
ble tasks in non-free choice.

3.3.1. Constructing invisible tasks of stacked branching relationships

The GAITN algorithm uses the outputs of the GIT algorithm to
form invisible tasks of stacked branching relationship (IT-SBR).
GIT detected stacked branching XOR-AND relationships and
stacked branching XOR-OR relationships as OR relationships, so
GIT could not mine stacked branching relationships. However,
we can create a rule to discover IT-SBR by utilising the number
of recorded activities of cases in the event log. The rules for dis-
carding the IT-SBR are shown in Algorithm 2. Lines 5-20 are rules
for constructing the IT-SBR in SPLIT relationships and lines 21-30
for forming the IT-SBR in JOIN relationships.

The GAITN algorithm applies the rules if there is an activity (ga)
that has XOR relationship with an activity (gb) and OR relation-
ships with other activities (gc,,gc,,---,gc,) in the graph process
model. Based on lines 6-12, nyumecaseip 1S @ Number of cases contain-
ing all activities (gc,,gc,,--,8C,) and Ngigerentcaserp 1S @ NUmMber of
cases containing one or several activities of (gc;,gc,,---,8C,)-

Input : alistofactivitiesinanewvent log snippet(T),

numberofactivitiesinlist(nr), andalistofactivitiesinagraphprocessmodel(G)Output : anupdatedgraphprocessmodel

for(ga,gb € G) A ((ga) — [: CASEID] — Tq,,,)do
(((ga) — [] — (gb)) A =((gD) — [: CASEID] — Tq,,,))then

MERGE (ga) — [: SEQUENCE] — (gc) — [: CASEID] — (Taq,p)

[: CASEID] « (ga) — [: SEQUENCE] — (gb) — [: CASEID] — (Tq1000p)

1: fora = Otonr — 1do

2: if (a = 0) A (G=¥)then

3:

4 if((ga) — &) v

5: 8gC — TﬂNume

6:

7: endif

8: endfor

9: else

10: if(TuCaselD = T¢1+1Casem) A (Talime < T‘H]n'me)then
11: 80— Tayuner 8D Tattyome
12: MERGE (Tq,,) <

13: endif

14: endif

15: endfor

3.3. Discovering other relationships beside sequence

After discovering the sequence relationships, the GAITN applies
the rules implemented in the GIT to discover the XOR, OR, AND,

GAITN constructs invisible tasks of stacked branching XOR-AND
relationships if Ngigerentcasein 1S 0 and forms invisible tasks of stacked
branching XOR-OR relationships if Naigerentcasein iS greater than 0.
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Algorithm 2 (Algorithm to Discover Invisible Tasks of Stacked
Branching Relationships (IT-SBR)).
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relationship and a XORSPLIT relationship with other activities. An
NFC from an invisible task to an activity (say ga) is formed when
the invisible task has a XORJOIN relationship with gc, gc has a

Input : alistofactivities(G)andalistofcaselD(KID)ofagraphprocessmodelOutput : anupdatedgraphprocessmodel

) gcn))the”

1: IT « invisibletask

2: NgifferentCaselD < 0

3: Nsamecaseip + 0

4: for(ga € G)do

5: if ((ga) — [: XORSPLIT] — (gb)) A ((ga) — [: ORSPLIT] — (gcq,8¢C5, - - -
6: for(k € kKID)do

7: if (V(gcq,8¢Cy,---,8C,) — [: CASEID] — k)then

8: NsameCaselD “— NsameCaselD + 1

9: elseif (3(gc;, 8¢5, - -,8¢,) — [: CASEID] — k)then
10: ndifferen[CaselD — ndiﬂ‘erentCuseID +1

11: endif

12: endfor

13: ifndifferentCaseID = Othen

14: MERGE(ga) — [: XORSPLIT] — (i : IT)

15: MERGE(i : IT) — [: ANDSPLIT] — (gc;,8C5, -+, 8Cy)
16: elsethen

17: MERGE(ga) — [: XORSPLIT] — (i : IT)

18 MERGE(i : IT) — [: ORSPLIT] — (gcq, 8¢5, - -+, &Ch)
19: endif

20: endif

21: if (ga) « [: XORJOIN] — (gb)) A ((ga) < [: ORJOIN] - (gc;,8C,. - - &c,))then
22: dolines6 — 12

23: ifndifferentCaselD = Othen

24: MERGE( : IT) — [: XORJOIN] — (ga)

25: MERGE(gc,,8¢,,- - -,8C,) — [ ANDJOIN] — (i : IT)
26: elsethen

27: MERGE( : IT) — [: XORJOIN] — (ga)

28: MERGE(gc,,8¢,,---,8C,) — [: ORJOIN] — (i : IT)
29: endif

30: endif

31: endfor

3.3.2. Constructing invisible tasks in non-free choice for stacked
branching relationships

Algorithm 3 describes the rules for discovering Invisible Tasks
in Non-Free Choice for Stacked Branching Relationships (IT-SBR-
NFC). There were three steps: discovering an NFC from an invisible
task to another activity (lines 3-7); forming an NFC from one activ-
ity to an invisible task (lines 8-12); and describing the NFC rela-
tionship from one invisible task to another invisible task (lines
13-19). GAITN searches for an activity (say gc) that has a XORJOIN

10

XORSPLIT relationship with ga and the set of activities related to
the invisible task has the same Case ID as ga. An NFC from an activ-
ity (ga) to an invisible task is formed when gc has a XORSPLIT to the
invisible task and a XORJOIN from ga, and the set of activities
related to the invisible task has the same Case ID as ga. GAITN dis-
covers an NFC from one invisible task to another invisible task if
the invisible task has an XORSPLIT relationship to gc, another invis-
ible task has an XORJOIN relationship from gc, and the activities
related to both invisible tasks have the same Case ID.
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Algorithm 3 (Algorithm to Discover IT-SBR in Non-Free Choice (IT-
SBR-NFC)).

Journal of King Saud University — Computer and Information Sciences 35 (2023) 101741

the activity names are shown in their initials and the correspond-
ing full names are given in the list next to the diagram. The figure

Input : alistofactivities(G)ofagraphprocessmodelOutput : anupdatedgraphprocessmodel

1: k< nameofcaselD, IT « invisibletask

2:  for(ga,gb,gc € G)do

3: if (i : IT) — [: JOIN] — (gc) — [: SPLIT] — (ga))do

4: if((gb) — [] — (i:1T)) A ((ga) — [: CASEID] — k « [: CASEID] — (gb))then
5: MERGE(i) — [: NONFREECHOICE] — (ga)

6: endif

7:  endif

8: if((ga) — [: JOIN] — (gc) — [: SPLIT] — (i : IT))do

9: if((i:1T) — [] — (gb)) A ((ga) — [: CASEID] — k « [: CASEID] — (gb))then
10: MERGE (ga) — [: NONFREECHOICE] — (i)

11: endif

12: endif

13: if((i:IT) — [: JOIN] — (gc) — [: SPLIT] — (j : IT))do

14:  if((ga) — | — (i:1T) A((gh) — [ — (j : IT))then

15: if ((ga) — [: CASEID] — k « [: CASEID] — (gb))then

16: MERGE (i) — [: NONFREECHOICE] — (j)

17: endif

18 endif

19: endif

20: endfor

4. Experiments

In the first experiment, we compared the quality of the process
model discovered by the GAITN, GIT, o, and Fodina algorithms,
using the four measurements. In this experiment, we used four
synthetic event logs: L1, L2, solid medical waste handling simula-
tion and medical record (Sarno et al., 2021).

We show the standard operating procedure (SOP) of solid med-
ical waste handling in our case using the Business Process Model-
ing Notation (BPMN) (Marin-Castro & Tello-Leal, 2021). In Fig. 5,

shows several relationships, such as sequence (denoted by — ),
XOR (denoted by a diamond with X icon), OR (denoted by a dia-
mond with O icon), invisible tasks (denoted by gray boxes), and
the NFC relationship (shown by a dotted line; for example, if activ-
ity PRB is executed in the following XOR choice, activity SW must
be selected). Appendix A provides a detailed explanation of the
solid medical waste handling simulation model.

To measure the scalability of algorithms, we added three real-
life event logs: BPIC 2011 Hospital (B. F. van Dongen, 2012),
DomesticDeclarations (B. van Dongen, 2020), BPI Challenge 2012

™w PR SR Cw VW SOW CHW DW PW  WW
R 10 ot S 10 S 100 e 100 S Sy 10 | 10 g 10 o 10 ——Ei—]
PPY
SRW _I_'_I [ SRT ™wI Swi

]

Fig. 7. A simulation model in Anylogic Software.
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(B. van Dongen, 2012a). The detail information of event logs is
described in Table 3.

A process model discovered by the GAITN from the solid-waste
handling event log is shown in Fig. 6, while other process models
are presented in Appendix B. o® produces a timeout error from a
log of a solid waste handling; hence, the process model cannot
be identified. GAITN has successfully discovered invisible tasks,
NFC, and IT-SBR-NFC, which are denoted by grey circles, red lines,
and grey circles connected by red lines, respectively. GIT misinter-
prets the stacked branching XOR-AND relationships and the
stacked branching XOR-OR relationships with OR relationships,
while Fodina discovers the stacked branching XOR-OR relation-
ships as AND relationships. Neither GIT nor Fodina discovered IT-
SBR-NFC.

The results of the first experiment and the average scores of the
results are listed in Table 4. The inability of forming a process

Table 6
Process Models from solid-waste handling event log.
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model from solid waste-handling event log causes o has lowest
scores in fitness, generalisation, and simplicity. GIT and Fodina
get low precision scores because those algorithms discover many
traces that do not match the event log due to inability to form
IT-SBR and IT-SBR-NFC. GAITN gets the highest average scores of
fitness, precision, generalisation, and simplicity among other algo-
rithms. This can be attributed to the fact that it can form OR, NFC,
and IT-SBR-NFC relationships.

In the second experiment, we compared the maximum activity
that can be formed by GAITN, GIT, o and Fodina algorithms. As
shown in Table 5, GAITN is the only algorithm that can process
models up to 2.6 x 10° events, while GIT, Fodina, and o® handled
1.5 x 10°, 5.6 x 10* and 5.6 x 10% respectively. The computing
time of GIT and Fodina increased slowly; however, o® has a sharp
increase in computing time when the number of events reached
5.6 x 10* events. Fodina has the fastest computing time among

GIT
XOR XOR
split w join
XOR < XOR
split A join
spllt sPllt spllt pllt
0
join join join

@ Seq @ Seq @ Seq @

a$

No process model because the algorithm cannot process the event log (timeout)

Fodina

W SR o N?HW

CLW .
TW ?DW
»O- »o o)
ﬁi i iPW
PSB, PBB P
3
PPY
. o gSRT
mTWI
O
S se'v.
SAP  TAP SAT PA
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other algorithms; however, this algorithm cannot handle more
5.6 x 10* events. The increase in computing times of GAITN, GIT,
and o in line with the increase in number of events. The comput-
ing time of Fodina is more affected by the number of traces than
number of events. The experiments show that GAITN can handle
more events than the other algorithms.

5. Conclusions

In this study, we have proposed an algorithm called GAITN,
which utilises a graph database to model invisible non-prime task,
identify invisible tasks of stacked branching relationships (IT-SBR)
in non-free choice (IT-SBR-NFC) and form process models based on
huge volumes of event logs. We have shown that storing relation-

Table 7
Process Models from L1 event log.
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ships in a graph database can simplify the rules of process discov-
ery, because a relationship can be constructed based on other
discovered relationships. For example, using a graph database,
the IT-SBR was mined using obtained branching relationships,
and IT-SBR-NFC construct was formed using IT-SBR and XOR rela-
tionships. This also makes it easier to extend an algorithm, as
shown in our case, where we extend the GIT to the GAITN simply
by adding rules that form IT-SBR and IT-SBR-NFC relationship
using relationships that can be discovered by the GIT. Experiments
have shown that GAITN performs better than GIT, o and Fodina,
based on fitness, precision, simplicity measures, and the maximum
activity that can be handled. The result also shows that our idea of
splitting event logs and creating new rules of sequence relation-
ships allows GAITN to handle large event logs. GAITN enhances

Traces of
EventLog | (A,D,C,B,F, H),(A,D,B,C,F,

@]

,B,D,F, H), (A, C,D,B, F, H),

GAITN

XOR Split

‘ XOR Join

|
XOR split fE\XORJoin
U/

®

AND Join

XOR Join

()
XOR Split \—/ XOR Join
|
|

GIT

OR Split @ OR Join
2/

@_ OR Split CORJoin

OR Split ® OR Join
=/

XOR Split

XOR Split

OR Split FE\ OR Join

XOR Join

XOR Join

Fodina
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the model quality by its capability to mine IT-SBR and ITS-BR-NFC
and increases the scalability of process discovery by partitioning
event logs and merging snippets of the event log.

The drawbacks of using graph database in the graph-based pro-
cess mining algorithm is the computing time increases signifi-
cantly when processing large amounts of events. In future work,
we aim to as a pre-processing stage or optimise Cypher Query Lan-
guage (CQL) to reduce computing time of the GAITN.

6. Ethical approval and consent to participate

Ethical approval was not required, because the event logs were
public datasets or simulated event logs based on public process
models.
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Appendix. A
A solid medical waste handling simulation model

A.1. Purpose of the model

This study presents a discrete event simulation (DES) model to
simulate a standard operating procedure (SOP) for Solid Medical
Waste Handling and generates an event log based on the simula-
tion. Fig. 5 presents the SOP of Solid Medical Waste Handling.

Table 8
Process Models from L2 event log.
Traces  of | L2={ (A, B,C,F, H), (A, B,D,F, H), (A, C,B,F, H), (A, C, D, F, H), (A, D,C, F,
Event Log H), (A,D,B,F,G),(A,E,G,H) }
GAITN
OR Split ORJoin [~~~ "7""777777=7=7°=~" :
XOR Split 4.‘7’(0" foin XOR Split @xon Join

()

®

XOR Join h

XOR Split "’/ XOR Join

GIT

XOR Join

XOR Split

OR Split ‘@ OR Join
N

OR Split C OR Join

OR Split @ OR Join - )
U XOR Split XOR Join
OR Split @ OR Join
=/

Fodina
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A.2. Model output

The output is an event log that records the executed activities of
all traces in the simulation model.

A.3. Software or programming language

DES model is developed using Anylogic 8.7.5 Personal Learning
Edition.

A.4. Model Structure

The DES model is shown in Fig. 7.

Appendix. B
See Tables 6-8.
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