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Abstract: This paper presents the application of Process Mining for Identifying Loosely processes (PM4ILP),
designed to facilitate the discovery, modeling and improvement of unstructured and/or loosely processes, to the
process of treating COVID-19 patients. By following the phases of the cycle and using process mining techniques,
we analyzed the behavior of the COVID-19 process, with the aim of improving its effectiveness and efficiency. This
was done by collecting real data and applying the phases of the cycle to facilitate the identification of the type of the
process and represent improvements on its structure. Our results demonstrate the adaptability and effectiveness of
the PM4ILP approach in identifying loosely/unstructured processes and optimizing their quality specifically in
critical domains such as healthcare. In addition, we were able to highlight the benefits of PM4ILP, including its
ability to facilitate the discovery phase, and the continuous improvement of a process.
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1. Introduction

Business process management is an approach that allows organizations to properly manage their
business processes by proposing a set of methods and techniques facilitating the modelling, analysis,
automation and continuous improvement of processes [1]. It has been widely adopted in both research
and industry, as it guarantees consistent results and offers opportunities for managing, execution, and
improving business processes [2—4].

The approach presents a lifecycle that is composed of a number of phases allowing the discovery,
(re)redesign, enactment, and monitoring of a business process (BP). Within the lifecycle, process
discovery and (re)design phases are the most important ones since they allow understanding the way a
given process is performed, how it can be modelled and what type of improvement should be applied. In
fact, these phases permit determining the structure of the process and verify whether it is adapted to the
one presented in the real world or not.

In this context, unstructured processes or loosely processes can be studied. The first are presented as
processes that do not have a clear definition on how they are executed or how certain tasks (parts of the
process) are performed. They are defined by [5] as “processes that are typically difficult to manage while
having a big potential for improvement”. Meanwhile, loosely processes are known as processes that have
a defined set of tasks to be executed, where some parts of the process may not be detailed until the time
of its execution. They allow a certain degree of flexibility through which process modelling can be
completed at run-time.

To be able to discover and improve such processes, process mining techniques can be adopted. These
techniques involve extracting knowledge from data generated during the execution of many instances of

Copyright: © 2024 by the authors




a process, to better understand the corresponding process and optimize its performance [6]. They allow
discovering the behaviour of a process and how it’s executed based on the analysis of the event logs.

In literature, process mining techniques were mostly applied on unstructured processes [7,8]. Van
Der Aalst considers it as a “backward looking” technique since it allows to study the behaviour of the
process on the basis of the event logs generated from the execution traces and to define a model of the
process close to what happens in the real world [9]. Nevertheless, it is considered difficult to apply this
technique on loosely specified processes. This is because most of these techniques focus on the
“structural” aspects of the processes: they do not consider the different changes that a process can have
during its execution.

Based on this shortcoming, we proposed in previous research a lifecycle that allows the identification
and improvement of unstructured and/or loosely processes [10]. The lifecycle entitled Process Mining
for Identifying Loosely processes (PM4ILP) details the phases to follow during the process discovery
and modelling phases in order to properly define the type of the process and suggest improvements to
its structure.

To validate the feasibility and effectiveness of the PM4ILP approach, we conducted an experimental
study in which we applied its phases to the process of treating COVID-19 patients. This field has been
extensively studied in literature, where numerous research projects have been undertaken and
proposed [11,12]. These studies focused on various aspects of the pandemic, including its impact on
public health systems, and treatment options.

Thus, given the dynamic and urgent evolution of healthcare processes including, patient admission,
treatment and discharge, this was an ideal environment to test the adaptability and applicability of our
approach. Using real data collected from the process, we followed the phases of the approach where we
were based on process mining techniques to analyze the COVID-19 treatment process, identify its type
and suggest improvement to its structure.

Indeed, two iterations were performed to the COVID-19 process allowing obtaining a more
comprehensive and refined process model that better align with real world process. This served to
validate the applicability of the approach, enabling us to observe how the PM4ILP lifecycle can be
applied effectively to understand and improve rapidly changing processes.

The remainder of the paper is structured as follows. Section 2 presents an overview of the proposed
PMAILP approach. Section 3 details the application of the approach by focusing on the phases of process
identification and analysis. The results of process improvement and validation phases are presented in
Section 4. Section 5 shows the results of the second improvement iteration. In section 6 a discussion on
the feasibility of the approach is presented. Section 6 concludes the paper and underlines some
implications for further research.

2. Overview of the Proposed Approach

The approach entitled PM4ILP (Process Mining for Identifying Loosely Processes), defined in
previous research [10] allows identifying the type of the process, whether it’s loosely or unstructured,
and suggesting improvements based on process mining technique. It favors the continuous improvement
of a process by allowing it to return from the searching for other improvement insights step to the
identification of loosely/unstructured parts step.

It was inspired from the work of [13] where, building upon their work, we have tailored our approach
to the challenges of discovering and improving unstructured and loosely specified processes while
detailing how process mining can help in applying these phases.

In fact, our PM4ILP is defined as a lifecycle that regroups four main phases: process identification,
process analysis, process improvement, and process validation. Each phase has a number of steps
conducted to identify and complete the loosely/unstructured parts of a process. Figure 1 provides an
overview of the different phases of the approach as well as the inputs and outputs of each phase.

® Process identification provides detailed information about the process domain. It allows
understanding the way a BP is performed, i.e., the flow of activities and the involved actors. This
allows having a process architecture that represents the structure of a process (called as-is process
model).

® Process analysis aims at identifying the type of the process whether it is unstructured or loosely.
It is based on four main steps: process discovery, data processing, as-is and discovered process
models discovery, and identification of loosely parts. These steps help into providing an analysis
on the process model and identifying the loosely/unstructured parts of the process. This could be
done by presenting an abstract model as input for the process discovery step and an event log as
input for the data processing step.

® Process improvement aims to present a list of improvements that could be applied to the parts
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found in the previous phase. Two elements must be provided for this phase. First, the type of the
model, either loosely or unstructured. Second, the parts that need improvement. The improved
parts represent the output of this phase.

To achieve this, three actions are required: Identify, select and apply. In other words, identify the
types of the improvement, select the most adequate improvement, and apply the
selected improvement.

Process validation permits verifying the quality of the improved process model using a number of
quality metrics. If the quality of the model is satisfied then we move to the process implementation
step. If not, we return to the step of loosely parts identification from which new improvements
can be applied on the process.
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Figure 1. PMA4ILP lifecycle phases.

The lifecycle was adopted within a case study where we wanted to improve the given process by
determining its type and identifying the parts that need to be improved. The following section shows the
details and results of applying the presented phases. In fact, we will first present the results of process
identification and analysis phases and then move on to process improvement and validation phases.

3. PMA4ILP Application: Process Identification and Analysis

The following sections are devoted to applying the two first phases of the proposed approach on the
case study. It aims to provide a detailed application of the process identification and process analysis
phases by presenting how each phase was conducted on the COVID-19 process. It will also give a better
understanding of the domain selected for this work, the dataset that allowed us to perform the study, and
tools used to apply the different phases of the approach.
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3.1. Case Study Presentation

We have chosen to work with the healthcare domain which is considered as one of the most important
fields where the workflow of executing the tasks of a process cannot be easily determined given the
circumstances that the process may adhere to. Thus, it is difficult to predict how the process (or a certain
part of the process) is executed.

Indeed, we were primarily interested in the COVID-19 pandemic as a field of study for this work.
The COVID-19 lends itself perfectly to this research work where the numerous data that are available in
this field and their variety make it suitable for the purpose of this study. As a matter of fact, the COVID-
19 process undergoes a number of activities that are performed differently from a case to another (given
a patient’s health condition) and where the process (parts of it) may change. This in fact reinforces our
interest in the field and puts it at a spot of high interest.

We studied how patients are received, examined and treated within Farhat Hached University
Hospital Center (UHC), a Tunisian public hospital centralized in Sousse. We worked directly with the
infectious disease unit of the hospital that helped us to identify the process workflow and retrieve data
needed for the analysis step.

3.2. Process Ildentification

We focused in this work on the process of treating COVID-19 patients within the infectious
department of the hospital where patients are first examined in the emergency department before being
transferred and treated in the infectious disease department. Figure 2 presents the COVID-19 process
model using Business Process Modelling and Notation (BPMN) standard. It displays the workflow of the
actual process, the way it is designed and portrays how the activities of the process are connected together.

For the infectious disease department, the process starts with the task of receiving a patient. Based on
the results of the examination, two cases are performed: either to exclude the patient if no signs of
COVID-19 have been presented or to simultaneously conduct three tasks “Start isolation”, “Assess
patient health status” and “Conduct a PCR test”. Then status of a patient will be checked, and three
activities will be performed: either the “Monitor patient at home”, or “Prepare hospitalization” or
“Transfer patient to intensive care unit”.

If the task “Prepare hospitalization” is performed, then another decision will be made. If the patient
is new then two possible activities will be performed: “Lift isolation” if COVID is not confirmed and
“Keep isolation” if COVID is confirmed. In case the disease is confirmed, then a task of choosing
COVID-19 procedure is performed. Right after this task, three activities will be presented: “Monitor at
home” if the patient's health status is improved, “Transfer to containment center” if it requires further
monitoring, or “Declare time of death” in case of death.

Arival of a patient

Figure 2. As-is COVID-19 process model.

3.3. Process Analysis

After identifying the process model, we moved to the process analysis where we followed the steps
presented in the cycle to identify the type of the process and the improvement that can be performed on
the process.

Within this phase: three steps were conducted: data processing, as-is and discovered models
comparison, and loosely/unstructured parts identification.
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3.3.1. Data Processing and Process Discovery Steps

The data used for this case study is composed of 2095 lines of both positive and negative COVID 19
cases; it contains cases treated from March 2019 to June 2019. The output of this step is an organized
Excel spreadsheet that contains only relevant and valuable data. It starts with obtaining an Excel file,
then checking the data, and filling in the missing data for certain patient attributes through visits to the
infectious diseases department. After the steps of data filtering and processing, we were able to obtain
an event log regrouping the different cases. Each case is presented by the following attributes: entry mode,
task, start date, end date, actors and COVID state. Figure 3 presents an excerpt of the generated event
log.

cased Task C sorare  DCOEENNN o @
1p Receive patient 3/3/208:00 3/3/20 8:10 interne positive
1p Examine patient 3/3/20 10:00 3/3/2010:30 interne positive
1p Start isolation 3/3/2011:30 3/3/2011:40 interne positive
1p Assess patient health status 3/3/20 11:45 3/3/2011:50 interne positive
1p Conduct a PCR test 3/3/20 12:00 3/3/2012:05 interne positive
1p Assess severity 3/3/20 12:10 3/3/2012:15 assistant positive
1p Orient toward infectious disease unit 3/3/20 12:20 3/3/2012:25 head of the service  positive
1p Decide on the diagnostic/procedure 3/3/2012:30 3/3/2012:43 professor positive
1p Get PCR result 3/3/20 12:55 3/3/2013:05 Head of the service  positive
1p Do aclinical examination 3/3/20 13:10 3/3/2013:16 interne positive
1p Check disease presence 3/3/20 13:21 3/3/2013:26 interne positive
1p Keep isolation 3/3/2013:32 3/3/2013:36 professor positive
1p Choose COVID procedure 3/3/20 13:46 3/3/2013:56 Associate physician  positive
1p Start COVID treatment 3/3/20 14:03 3/3/2014:11 nurse positive
1p Start COVID treatment 3/3/20 14:16 3/3/2014:22 nurse positive
1p Start COVID treatment 3/3/20 14:28 3/3/2014:38 nurse positive
1p Conduct a medical check-up 3/3/20 14:58 9/3/2015:08 nurse positive
1p Control patient evolution after treatement 9/3/20 15:17 9/3/2015:46 Head of the service  positive
1p Choose COVID procedure 9/3/20 15:50 9/3/2015:59 Associate physician  positive
1p Conduct a medical check-up 9/3/20 16:18 9/3/2016:28 nurse positive
1p Conduct a medical check-up 9/3/20 16:37 9/3/2016:57 nurse positive
1p Do a PCR test 9/3/20 17:07 9/3/2017:14 professor positive
1p Control patient evolution after treatement 15/3/20 14:04 15/3/20 14:10 Associate physician  positive
1p Choose COVID procedure 15/3/20 14:20 15/3/20 14:30 professor positive

Figure 3. COVID-19 event log.

3.3.2. As-is and Discovered Models Comparison

Following the data processing step, the discovery of the process model is performed where we relied
on the created event log to generate the process model. This step was conducted using process mining
tools from which we were able to analyze and discover our model. Indeed, two tools were adopted: ProM
and BPMNDIiFFViz. ProM was used for the fact that it offers numerous algorithms to discover a process
model. It also allows an in-depth analysis of the performance of a process using a number of metrics [ 14].
BPMNDIffViz was applied for its ability to understand, analyze, and manage BPMN diagrams. It
visualizes and compares business process model and notation (BPMN) diagrams. In fact, BPMNDIffViz
serves as an easy comparison by highlighting the differences of two diagrams side by side. It also allows
a workflow analysis, where we can analyze and understand how modifications affect the sequence of
activities [15].

For ProM, we have chosen to work with two discovery algorithms: Fuzzy miner and inductive miner.
Fuzzy miner is an algorithm that permits to mine unstructured or loosely processes by discovering and
highlighting the missing activities and presenting all the possible paths that could be found in a model.
The result of the algorithm is defined in a Petri net model where the type of gateways is not well presented,
i.e., it does not explain whether the activities are performed exclusively, inclusively, or simultaneously.
To solve this problem, we resorted to inductive miner algorithm which is introduced by [16] as a solution
that supports incompleteness reproduced by the fuzzy miner. It allows discovering a process and
converting the model to a BPMN diagram that distinguishes correctly AND relations and XOR
relations [6].

Thus, after choosing the appropriate algorithms, we began with the discovery of the COVID-19
process using fuzzy miner. The application of the algorithm produced a mined process model (called also
Fuzzy model) that displays the way activities are performed according to the event log. Figure 4 shows
an excerpt of the discovered fuzzy model from the imported event log. This model follows a number of
activities and suggests a bunch of discovered activities such as “choose COVID procedure”, “Do an
imaging check-up” and so many others. Each activity is presented with the values of two parameters:
correlation and significance. The significance parameter determines the degree of interest in events or
their occurrence after one another by assessing their frequency while correlation calculates the degree of
closeness between two consecutive events.
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These two parameters were used to study the behaviour of the process and determine the relation
between the activities and their importance. Indeed, we mainly focused on identifying the most frequently
performed activities in the process. To do this, we relied on the thickness and darkness of the edges
linking two activities, i.e. the darker and thicker the edge, the higher its significance and correlation
values. We take as an example; the edge connecting the two activities “Choose COVID procedure” and

“Control patient evolution after treatment”, the thickness of the edge validates the importance and
connection of these two activities.

Menitar the patent
compele

Concuct a PCR Tes

Sevconducta PCR
Sal cemglote

at
Fom plele
.03

conpiete
0.480

Figure 4. Discovered fuzzy model.

To identify the type of gateways (parallel, inclusive, exclusive), we applied the inductive miner
algorithm where we first converted the event log to an XES format. After converting the log, we selected
the value of the “Noise threshold” which is equal to 0.2. This precise value guarantees a not too detailed
and complex model where it only presents the most relevant paths. We were able, through this algorithm,
to obtain a BPMN diagram that shows the workflow of activities and their exact connections. Figure 5
presents an excerpt of the BPMN diagram.

(]
P e o

O“

Figure 5. Discovered BPMN diagram using inductive algorithm.

3.3.3. Loosely/Unstructured Parts Identification

The main goal of this step is to identify the type of the process (loosely and/or unstructured) and
determine the parts that need improvement. To do so, we compared the real world model (as-is model)
with the discovered model. This comparison takes into consideration the existence of the performed
activity in the two models (present in both models or in one of them), its placement (where is it placed
in the two models) as well as the control flows of the two models (the way an activity is connected to
another).

In this step, we conducted two different types of comparison, first we compared the as-is model with
the fuzzy model, and then we compared the as-is with the model discovered from the inductive miner
algorithm. Fuzzy miner comparison shows all the activities presented in the given event log and provides
the user with the ability to configure the value of displaying all the possible edges. On the other hand,
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the inductive miner highlights how the activities are connected and shows the missing gateways.
By comparing the as-is model with the fuzzy model, we were able to obtain the following results:

Missing activities after the activity “Choose COVID procedure”: five activities are performed
directly after choosing the procedure which are not presented in the as-is model (start COVID
treatment, conduct medical check-up, get/conduct a PCR test, do an imaging exam, monitor the
patient)

An activity of controlling the evolution of the patient is performed right after the missing activities.

In the fuzzy model, a new activity of examining home conditions is performed after controlling
the evolution of the patient from which the patient can be monitored at home.

Missing activity in the as-is model: an activity of observing the state of the patient takes place just
before the execution of the task “declare time of death”.

The fragment related to preparing the hospitalization presented in the as-is model lacks other tasks
derived from the fuzzy model. These tasks are performed between the fragment “prepare for
hospitalization” and” lift isolation”.

From what we found in the Fuzzy model, we can note that the two models are not following the same
paths: some tasks do not exist in the as-is model, the position of these tasks in the fuzzy model are not
exactly the same as the one presented in the as-is. Hence, we can conclude that the type of the COVID-
19 model is loosely since all the compared subparts of the model are identified as loosely.

The results of the comparison allowed determining the real behaviour of the process and the order to
which activities are performed. However, it was difficult to determine the type of flow between the
activities. Thus, we moved to conducting a comparison of the as-is model and the inductive model using
the BPMNDIffViz tool. We began by exporting the inductive model to a BPMN file and then we entered
the two models to the tool. As shown in Figure 6, the results of the comparison are visualized using three
types of colors where each color corresponds to elements that refer to a particular suggestion:

The blue elements refer to the matching elements between the as-is model and the discovered
model.

The elements that are marked with the red color are the elements that BPMNDIffViz suggests to
delete.

The elements that are marked with the green color are the elements that BPMNDIffViz suggest to
add.

Model: covied as-is

Model: discovered model 2

Figure 6. Results of the comparison using BPMNDiftViz.

Based on the results obtained from both comparisons, we studied the type of improvements that could
be added to the COVID-19 process model where we concentrated on the common parts that were deduced
from the fuzzy miner and the BPMNDIffViZ. Table 1 shows a list of common suggestions identified
from the two tools.
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Table 1. Common results and suggestions between Fuzzy and BPMNDIffViZ.

Fuzzy Miner Comparison BPMNDIffViZ Comparison
In the fuzzy model result, “Observe the state of the BPMNDIffViZ also shows that “Observe the state of
patient” takes place just before the execution of the the patient” should take place just before the execution
“Declare time of death”. of the “Declare time of death”.

In the Fuzzy model, “Control patient evolution after
treatment” task is placed after the execution of the two
tasks “Choose COVID treatment” and “Start COVID
treatment”.

In the fuzzy model, “Assess patient health status” is
performed before the task “conduct a PCR test” and right
after “Start isolation”.

The Fuzzy model shows that the tasks: “decide on the
diagnosis/procedure”, "do a clinical examination”, “get
PCR result" and "check disease presence" were performed
after the task “Start isolation” and before “Keep isolation”
task.

BPMNDIffViZ shows the same result also, and the
same placements of the task “Control patient evolution
after treatment”.

BPMNDIffViZ also suggests the same placement for
the later task.

The result of BPMNDIffViZ shows the same sequence
of activities that the fuzzy suggested.

As a sum up, the comparison results finalizes the analysis phase from which we were able to
determine the type of the model and the parts that need to be improved. Having detected the outputs of
this phase, we are now able to move to the next phases which are “process improvement” and “process
validation”.

4. Process Improvement and Validation

The outputs of the analysis phase are considered in the improvement phase where three actions are
realized: identify improvements, select the adequate improvement and apply improvements.

4.1. Process Improvement

4.1.1. Identify improvements

Based on the results obtained from the BPMNDIffViZ tool, we were able to highlight the missing
parts (activities, paths, and gateways) and propose the right and exact placement for them. The
improvements are classified into two categories: addition and deletion.

Table 2 details the list of 13 suggested improvements classified in the categories addition and deletion.
These improvements were deduced from both fuzzy miner and BPMNDIffViZ.

Table 2. Categories of suggested improvements.

Category Suggested Improvement

Add a XOR gateway and the activity “Observe the state of the patient” just after the start point
and connect it with “Declare time of death” activity.
Add an OR fragment connecting the activities “Do a clinical examination”, “Decide on the

2 diagnosis”, “get PCR results" and "check disease presence" between the two activities “Prepare
hospitalization” and “lift isolation”.

Add the activity “Assess patient health status” before “Prepare hospitalization” and after “Start

o 3 isolation”.
Addition . “Dagt » « »
The activity is located between the two gates “Patient status” and “COVID” gateways.
4 Add a new fragment composed of five activities after the activity “choose COVID procedure”..
5 Add the activity “control evolution after treatment” before the gateway “patient status” and link
it to the new fragment.
6 Add the activity “examine home condition” after the gateway ‘patient status” (case of healed
patient).
7 Delete the path between the start point and “Receive patient” activity.
8 Delete the path between the activities “Receive patient” and “Examine patient”.
9 Delete the entire path between the gateways “COVID-19 signs” and “patient state”.
Deletion 10 Delete the paths between the gateways “Patient state” and “Patient”.
11 Delete the activities “Lift isolation” and “Choose COVID-19 procedure”.
12 Delete the paths from the gateway “Procedure” until “Home” gateway.
13 Delete the fragment that comes right after the gateway “home”.
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Having concluded the various types of improvements suggested to be applied, we moved to the next
step which is selecting the appropriate improvement.

4.1.2. Select Improvements

The selection of the appropriate improvements to apply required the inclusion of the medical staff in
order to appropriately select the relevant improvements. Table 3 synthesizes the different improvements
deduced from the tool together with the opinion of medical staff. It explains and demonstrates the list of
improvements selected. These improvements are classified into two distinct categories: Addition and
deletion.

Table 3. Selected improvements.

Improvement . . . A
Ne° Valid Invalid Justification
Category
Addition 1 v This was selected by the medical staff as an important
modification that should be applied.
2 v The medical staff chose the improvement, concluded from the
fuzzy and the tool as a logical solution.
3 v The medical staff approved the addition of the activity.
4 v The medical staff found that the result concluded by the tool is
more logical.
5 v This improvement was selected by the medical staff and will be
added to the to-be model.
6 v This improvement was not selected by the medical staff, because
according to them the missing activity was not important.
Deletion 7 v This improvement is approved, because the deleted path will be

replaced with XOR gateway that will relate the activity “Receive
patient” with the start event with a supplementary path.

8 v Improvement is not selected, because this path is important and
shouldn’t get deleted. Without it the model will be presented in an
illogical way.

9 v The two gateways “COVID-19 signs” and “Patient state” are
important and represent relevant elements. However, these
gateways should be presented in the new model.

10 v The mentioned elements are important and shouldn’t get deleted,
even the paths are correct, that’s why Improvement n°4 is not
valid.

11 v The medical staff did not validate improvement n°6, because both
of the mentioned activities are important and shouldn’t get
deleted.

12 v The mentioned paths should get deleted and replaced with other
discovered activities, gateways and new paths.

13 v According to the medical staff, the elements marked in red are
relevant and should be presented in the improved model.

4.1.2. Apply Improvements

Having selected the appropriate improvements with the help of the medical staff, the next step is to
apply them to the model. We applied the selected improvements on the COVID-19 process model from
which we were able to obtain an improved version of the process (the to-be model). Figure 7 illustrates
the improved model that only includes the relevant activities, paths and gateways selected by the medical
staff. The elements which are marked in green represent the new elements that we added and the
improved parts.
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Figure 7. Improved “to-be” process model.

4.2. Process Validation

To validate the efficiency of the PM4ILP cycle and verify the completeness of the process model,
two stages of validation were conducted: user satisfaction and process quality validation. The first allows
verifying the satisfaction of the medical staff regarding the obtained to-be process. The second permits
checking the quality of the improved process by comparing it to the as-is process. This is based on a
number of model quality metrics that were selected to validate if the obtained to-be model can be
considered as a structured model or not.

For user satisfaction validation, feedbacks were collected from the medical staff to assess the
effectiveness of the given enhanced model. They were able to express their satisfaction or dissatisfaction
with the current business process model, as well as suggest areas for further improvement.

As for process quality validation, we adopted a number of quality metrics that were proposed by [17].
The authors presented a Lindland's framework that regroups three categories of quality: syntactic quality,
semantic quality and pragmatic quality.

e Syntactic analysis focuses on the structural components of a model, with the goal of ensuring that
all statements comply with the syntax of the language. To measure this metric, we focused on two
criteria: size and complexity. The size criterion measures the number of activities in a
process [18], while the complexity criterion evaluates the presence of different splits (XOR, OR,
AND) by calculating the Control Flow Complexity (CFC) value [19].

e The CFC value is calculated according to the number of gateways used in the model. For AND
split, the CFC value increases by 1 for each split. For XOR split, n possible states are considered
for all presented paths thus the value of the CFC metric by n. For an OR partition with n outgoing
transitions, there are 2n—1 ways to handle the n outgoing transitions. Therefore, each OR split
with n outgoing transitions adds 2n—1 to the CFC metric [19].

e Semantic quality is used to enhance the correspondence between a model and a domain. We chose
two criteria: Validity and Completeness. Validity is related to the accuracy of all statements put
forward by the model to solve the problem [17], while completeness means that all necessary
relevant statements about the problem domain are included. Both of these two criteria are related
where each one of them depends on the other.

e Pragmatic quality refers to the consumer perspective [20], precisely in this case the medical staff
is in charge of validating the improved model, by judging their flexibility, and understandability.
Flexible models can handle variations with the presence of alternative paths to handle different
scenarios. While understandable models have an efficient organization of the sequence of
activities.

Based on these metrics, we analyzed the quality of the obtained model and compared it to the initial
model (as-is). Table 4 presents the results of the comparison using the defined quality criteria where we
used the following values:

e (-) Means that the criterion is not satisfied.

® (&) Means that the criterion is partly satisfied and the model still requires improvements.

e (+) Means that the criterion is satisfied
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Table 4. Validation results.

Model Qualities As-is Model Improved Model
Size 14 26
Syntactic
Complexity 15 63
. Validity - +
Semantic
Completeness - +
) Flexibility + +
Pragmatic >
Understandability - +

Based on the results presented in the table above, several interpretations are presented below:

e The size of the improved model is equal to 26, compared to 14 for the as-is model. The higher
value of the to-be model is explained by the fact that the improved model includes all the relevant
elements to properly treat a patient.

e After applying the CFC formula, we came out with a value equal to 63. In our case, it is predictable
and understandable to find a higher CFC value because of the addition of the missing parts. But,
despite its higher value, this model is better organized, better structured and more efficient than
the initial model that has a CFC value of only 15, but lacks particular relevant elements.

e In our case, the medical staffs is responsible of checking the validity criterion, where they state
that all the possible important combinations of the state variables of the domain are included. The
dependency of the new model was also checked, in a manner where there is no single state of the
new model which needs or waits for external events to happen. But at the same time they ensure
that the sequence of activities, decision points, and information flows are not all of them
meaningfully and logically connected. According to the medical staff, the model still needs more
improvements to be validated.

e In our case, all the process components are identified and presented such as the activities, the
decisions and the paths. We have also ensured that all the necessary inputs and outputs are
included and properly presented. But not all the missing parts are replaced in the right place. Based
on these results, we can conclude that the improved process model still needs more improvements
because the organization and the structure of the process are not fully completed. This was also
deduced from the above-mentioned criterion “validity of the model”.

e The medical staff considered the improved model as flexible because it presents all the different
necessary scenarios and paths. While the as-is model was flexible in a way where data can be
modified and customized, but it does not cover all the different scenarios.

e The medical staffs find the improved model pretty much understandable, because most of the
activities are organized in an understandable sequence. But there is some part of the process that
still needs more organization of its activities (“Decide on the diagnosis” and “Check disease
presence”). That’s why a second iteration will be done to the model so that it can be very
understandable to the end users.

As a sum up, the medical staff determined that further changes are necessary where they identified
that the activities "Decide on the diagnosis" and "Check disease presence" are not appropriately placed
within the sequence, thus lacking logical and meaningful flow.

Based on their assessment, these activities need to be repositioned. "Decide on the diagnosis" should
be performed just right after the gateway “Patient”. "Check disease presence" activity should be
performed after “Do clinical examination” and “Get PCR results” activities and before the “COVID”
gateway.

Additionally, the medical staff recommends removing the "exclude patient" activity, the gateway
“Home”, and the activity "Transfer to containment center" as they are deemed less important, according
to the results obtained by BPMNDIffViZ. They also recommend keeping "Monitor at home" activity. By
updating these elements, only the most relevant components will be executed in the new model.
Consequently, a second iteration is performed, which involves incorporating the feedback from the
previous steps to further enhance the process.
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5. Second Iteration Results

Within this iteration, we begin directly with the step of identifying loosely or unstructured parts given
the fact that the list of improvements has been already identified by the staff members. We will detail in
the following sections the results of these steps and the obtained to-be model.

5.1. Identify Loosely/Unstructured Parts of the Model

Based on the last output of the first iteration and according to the medical staff, we were able to
deduce the loosely parts of the model. As presented in Figure 8, all the elements that are circled in red
represent the loosely points of the model, and these points indicate the areas that require further
improvement.

,,,,, i .

Figure 8. Loosely points identification: second improvement iteration.

5.2. Identify Improvements

The enhancements in this iteration can be categorized into two groups: the "update category" and the
“deletion Category". All the improvements that were applied in this iteration are presented in Table 5.

Table 5. Improvement categories for the second iteration.

Deletion Category Update Category

Delete “Exclude Patient” activit Replace “Decide on the diagnosis™ activity.
clete “Exclude Patient” activity.
Y This activity will be performed right after “Patient” gateway.

Replace “Check disease presence” activity. This activity will

Delete “Home” Gateway. be performed right before “COVID” gateway.

Update “Monitor at home” activity placement.

Delete “Transfer to containment center” activity. This activity will be added to the “Patient status” gateway,
where it represents the case of cured patients.

5.3. Select and Apply Improvements

Based on the identified improvement list, we were able to obtain an improved version of the COVID-
19 process where modifications related to the placement of a number of tasks were performed in certain
parts of the process. Figure 9 shows the new model, which only includes the necessary activities,
pathways, and gateways based on the medical staff feedbacks. The green elements represent the modified
parts.
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Figure 9. Improved version of the COVID-19 model.
After obtaining the improved process, we proceeded with a validation of the quality of the model
where we compared the quality of the three models: as-is model, first to-be and second to-be model using

the identified quality criteria. Table 6 presents the results of the comparison.

Table 6. Validation results of the second iteration.

. . Improved Model Improved Model
Model Qualities As-is Model ) . .
(First Iteration) (Second Iteration)
Size 14 26 23
Syntactic .
Complexity 15 63 49
. Validity - + +
Semantic
Completeness - + +
. Flexibility + + +
Pragmatic .
Understandablity - + +

In the second iteration, significant improvements have been made, reflected in both the size and
efficiency of the model. The size of the second improved model has been optimized to 23, compared to
26 in the initial iteration.

This reduction underlines the enhanced efficiency of our solution, since the improved model now
encompasses all relevant elements. Moreover, this improvement has led to a decrease in complexity,
demonstrated by the reduction of the CFC value from 63 to 49. This allowed enhancing the model
comprehensibility and organization, making it more structured and coherent.

Medical staff members have validated the model and considered it ready for implementation. Indeed,
following detailed iterations, all missing components have been integrated into the business process
model, ensuring its completeness. In particular, the improved model in this iteration is praised for its
increased clarity and organization, with activities presented in a logical sequence without persistent
organizational deficiencies.

6. Discussion

The application of the PM4ILP approach to the identification of unstructured and loosely processes,
particularly within the COVID-19 patient treatment process, have demonstrated several benefits and
outcomes. Our study showcased the adaptability and efficiency of the proposed lifecycle in identifying
the type of the process and understanding what type of improvements to conduct and how to apply them.
One of the primary benefits of PM4ILP lies in its systematic and iterative nature, which allows for the
continuous enhancement of process models. Through two iterative cycles, we were able to improve the
COVID-19 process, resulting in a more complete and accurate representation of the COVID-19
treatment process.

In literature, the concepts of loosely and/or unstructured process improvement were highly studied.
The work proposed by [8] aimed to discover process models from incomplete log using the fuzzy miner
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algorithm. The authors aimed to find solutions to the complexity and variability of data found in
processes by attempting to improve unstructured parts within the process. Contrary to this work, [16]
suggested building a process model rather than discovering it, which implies modifying the entire process.
The authors proposed a modeling approach that adopts process mining techniques to model unstructured
processes using more than one type of algorithm, including Fuzzy algorithm, Inductive and
Heuristic algorithm.

Improvement of unstructured business processes at run-time was studied by [13]. The work focused
on the re-design process where the author concentrated on changing fragments of a process at run time
rather than the whole process while being based on process mining techniques. This allowed improving
a business process by undergoing various changes on its activities without completely changing its
structure. However, no details regarding the tools used or even the results of the case study were clearly
explained in the research.

As for loosely process improvement, to the best of our knowledge, few researches were proposed in
this context where [21] proposed DECLARE, an open-source workflow management system, inspired
by the well-known workflow patterns. The authors stated that the tool allows the identification of
structured, unstructured and loosely processes but did not specify the way looseness is treated in the
given system. Only the work of [5] studied this aspect by proposing a taxonomy of decision deferral that
defines criteria to identify loosely processes using the concept of patterns. This taxonomy explains the
different means that can be adopted and illustrates the different patterns that can be used within loosely
specified processes.

Comparing our approach to existing literature revealed distinct advantages. From what we found, the
majority of proposed studies focus on unstructured process identification and improvement with little
details on the steps followed. In addition, loosely processes were hardly studied in literature with no clear
explanation on the way process mining is applied during the phases of process discovery
and improvement.

PMA4ILP lifecycle addresses these limitations by providing a systematic framework for identifying
and improving unstructured and loosely defined processes. Moreover, the case study demonstrates the
practical applicability of the lifecycle in improving COVID-19 process efficiency. By identifying the
type of the process, and the parts to be improved, we were able to propose useful recommendations for
enhancing the quality and efficiency of the process. These findings highlight the potential of our PM4ILP
approach to deliver significant and appropriate improvements in both unstructured and loosely processes,
ultimately leading to better process quality and performance.

7. Conclusions

The goal of this paper is to demonstrate the applicability of the PM4ILP approach by presenting the
results of a case study related to the improvement of the process of treating COVID-19 patients. It gives
detailed instructions on the way the lifecycle was adopted to (1) discover the behaviour of the process
using process mining technique, (2) determine its type and the loosely/unstructured parts, (3) suggest and
apply improvements, and (4) validate the effectiveness of the applied improvements.

The application of the lifecycle to the COVID-19 patient treatment process has yielded promising
results and demonstrated its efficacy in enhancing process quality. Through iterative improvement and
application of process mining techniques, we have successfully identified and improved the quality of
the COVID-19 patient’s treatment and proposed a process model that meets the needs of the
medical staff.

Indeed, the results highlighted the adaptability and applicability of the PMA4ILP lifecycle,
demonstrating its ability to enhance unstructured or loosely processes using process mining analysis.
This empirical validation not only reinforces the theoretical foundations of the PM4ILP approach, but
also paves the way for its practical adoption and implementation in a variety of organizational contexts.

For future work, we could explore other applications of the PM4ILP cycle in different healthcare
contexts and domains beyond COVID-19 treatment. It would also be useful to focus on validating the
applicability of the cycle at runtime, and to investigate the automatic identification and discovery of
structured or unstructured parts. This will help extend the cycle’s capabilities to facilitate process
discovery, modelling and improvement.
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