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What This Session Covers

Deep Dive

Process mining
applied across
healthcare, banking,
telecommunication,

and higher education

— real organizations,

real data.

From Raw
Data to Insight

How event logs are
acquired,
preprocessed, and
analyzed to reveal
what processes
actuallylook like in
practice.
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Three Main
Tasks

Process discovery,
conformance
checking, and
process
enhancement —
illustrated through
real case studies.




Why Process Mining
Matters for Practitioners

The Visibility Gap Hidden Costs
Organizations run on processes Bottlenecks, deviations, and

— but most have never seen inefficiencies buried in event
what those processes actually logs cost time, money, and trust
look like in practice vs. on paper. every single day.

Data as Diagnosis

Process mining turns transactional data into a powerful diagnostic tool

for data-driven process improvement.
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Case Studies

Higher Education Healthcare

Student journey mapping and Loan application flows, Patient pathway analysis,
administrative process compliance checking, and treatment deviations, and
optimization. fraud pattern detection. care quality improvement.
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Telecommunication

Order-to-activation
processes and customer
complaint handling

workflows.




CASE STUDYx*LEARNING MANAGEMENT SYSTEM-HIGHER EDUCATION

The case study examines the use of process mining techniques to analyze learning activities in Telkom University's Learning
Management System (LMS), called CeLOE, which is based on Moodle. The research specifically focuses on the activities of students

and lecturers in Study Program 365 during the first semester of the 2020/2021 academic year.

| Activty | Date Time. courseld | contextid | component | crud_| target eventilame | Role
@ couseil] @ useid @, conaid @_companen, 9 culp g F— v D ot i |modfoum5 08282020 130334 4340 546378 modfoum  r  course modue \mod_forumleventicourse_module_viewed 5
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mod_fesource ’ course module mod resourceleventicourse modue vewed 20U 4 6|modassign5 09072020 130218 6911 637201 modassign  r  submission_status \mod_assignleventisubmission_status_viewed 5
mod resource r course_module \mod resourceleventicourse_module_viewed 2200828021101 4 7 |modfoum5 090772020 130232 6911 637200  mod_forum r course_modi \mod_forumleventicourse_moduie_viewe 5
mod fesource r course modde mad resourceleverticourse_modle vewed 20MCRO0LSE42 4 6 mod resowrces 09072020 130241 6911 637199 mod_resource r  course_module imod_resourceleventicourse_moduie_viewed 5
B c colksaTodie] T i) SPEDENETIE ) D 9 |modessns 09072020 130329 6911 637201 modassn  r  coursemodue \mod_assignleventicourse_module_viewed 5
mod forum ’ couse fodue mod forumieventcouse modue viewed 2B |5 10 |mod assign 09072020 130331 6911 637201 mod assign  r  submission status \mod_assignleventisubmission_status_viewed 5
mod_forum r course_module. med ot venficourse, o vied 202025 T ] 11| mod assign5  09/082020 054109 6911 637201 mod_assign  r course_module \mod_assignleventicourse_module_viewed 5
mod forum ! couse modde mod forumeventcourse ok v HONGBIBOL 16 12| mod assign5 090082020 054110 6911 637201 modassign  r  submission status \mod_assignleventisubmission_status_viewed 5
mod forum; r course_module. Ynod Homumevendicourse] moduie viewed 2020109728,16:18:58 (|6 13 | mod_forum-5 090082020  07:0526 7174 670421  mod_forum r course_module \mod_forumleventicourse_module_viewed 5
14 modfoum5 090082020 113008 7174 670418 modfoum  r  course_module \mod_forumleventicourse_module_viewed 5
15 | mod_forum5 091 113159 7174 670424 modfoum  r  coursemodule \mod_forumleventicourse_module_viewed 5
16 | mod_resources 09/08/2020 113215 7174 670423 mod resource r  coursemodule \mod_resourceleventicaurse_modue_viewed 5
course 17 | mod_quiz5 09082020 213635 339 1119505 mod quiz r course_modue \mod_quizieventicourse_module.viewed 5
logstore_standard_log user 18 | mod_quiz5 09082020 213650 3349 1119505 mod_quiz ¢ attempt \mod_quizieventiattempt_started 5
id 19 | mod_quiz5 090082020 213650 3349 1119505 mod_quiz r o attempt \mod_quizleventiattempt viewed 5
id id 20 | mod_quiz-5 09082020 213842 3349 1119505 mod_quiz r atempt \mod_quizieventiattempt_viewed 5
categoryid 21 | mod_quiz5 000082020 214027 3349 1119505 mod_quiz r attempt \mod_quizieventiattempt_viewed 5
goryi eventname 2 mod_quiz5 09082020 21:4124 2349 1119505 mod_quiz r o attempt \mod_quizleventiattempt_viewed 5
23 | mod_quiz5 09082020 214218 3349 1119505 mod quiz © attempt \mod_quizieventiattempt viewed 5
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Moodle Table D :
logstore standard log + course category + user I S
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process mining workbench

186 traces
4.66% of the log
74 traces
1.85% of the log
64 traces
1.60% of the log
50 traces.
1.25% of the log
34 traces
0.85% of the log
33 traces.
0.83% of the log Forum
24 traces
0.60% of the log
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Wisudiawan, G.A.A. and Kurniati, A.P., 2022, February. Process Mining on Learning Activities in a Learning Management System. In 2022 24th International Conference

on Advanced Communication Technology (ICACT) (pp. 476-482). IEEE.




CASE STUDY:LEARNING MANAGEMENT SYSTEM* HIGHER EDUCATION

ABOUT The Dataset

Lecturer Log
* 26 cases
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* 206 events
* 8 event classes

Student Log

3,994 cases
178,367 events
14 event classes

Role-Based Analysis

Lecturer Process
Student Process

Research questions

Q1. How can we use process mining approach to analyse teaching and learning activities in an LMS?

Q2. What is the most common sequence of activities in the teaching and learning process?

Q3. What can we learn from analysing the teaching and learning activities of lecturers and students that
have been carried out for one semester in the study program 3657?

Wisudiawan, G.A.A. and Kurniati, A.P., 2022, February. Process Mining on Learning Activities in a Learning Management System. In 2022 24th International Conference

on Advanced Communication Technology (ICACT) (pp. 476-482). IEEE.




CASE STUDY:LEARNING MANAGEMENT SYSTEM* HIGHER EDUCATION
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Process Mining Project Methodology

1. Planning

Business Process: Student learning
activity at CelOE LMS

Question: how the learning process of
students and lectures at CelOE LMS
Teom: author + technical

\ 4

2. Extraction

Scope : log lecture and student at

Event student 178.367

4. Mining and analysis

- Process discovery, Conformance checking
- Process Analysis: based on time stamp sequential

|
|
|
|
|
|
|
|
|
|
|
|
|
. | .
LMS CelOE at 1" semester
2020/2021 I» .
«  Event lecture 206

3. Data processing

Views : split based on user (lectures
& student)

Filtering and aggregating : fitering by
attribute and merge subsequent
events

-

5. Evaluation

Statistical evaluation

Wisudiawan, G.A.A. and Kurniati, A.P., 2022, February. Process Mining on Learning Activities in a Learning Management System. In 2022 24th International Conference

on Advanced Communication Technology (ICACT) (pp. 476-482). IEEE.
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CASE STUDY:LEARNING MANAGEMENT SYSTEM* HIGHER EDUCATION

Discovered Process Model

26
Process model of
Process model of o
. student activities
lecturer activities

START

4

7 25 16 Quiz | 1310

411

6 I |
1.540

END Data | 2 | ActiveQuiz | 45

Wisudiawan, G.A.A. and Kurniati, A.P., 2022, February. Process Mining on Learning Activities in a Learning Management System. In 2022 24th International Conference

on Advanced Communication Technology (ICACT) (pp. 476-482). IEEE.
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(A CHALLENGES ) @ SOLUTIONS IMPLEMENTED

1\

Application of Process Mining Techniques

Complexity and Volume of Event Log Data
DISCO and ProM tools, to analyze event logs from the CeLOE LMS.

Data Pre-processing and Filtering Role-Based Data Processing and Filtering

Separated event logs by user role (lecturer and student) and performed
targeted data filtering.

Handling Variability and Noise in Activity Sequences

Use of Disco Fluxicon and ProM for Data Preparation

Filtering, merging, and cleaning event logs, ensuring the data was
Underutilization of LMS Features suitable for process mining analysis.

Conformance Checking and Model Evaluation

Evaluation and Validation Limitations Fitness, precision, generalization -> to assess how well the models
represented actual user behavior.

Validation Through User Feedback

The process models and findings were validated through interviews with
lecturers and questionnaires.

Generalizability and Scalability

Next:

- Comparison between users, classes, courses, and semesters.

- Predict next activities and outcomes.

- Recommendations to improve activities, learning outcomes, and platform.
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UX Evaluation of P2P Lending App Using Process Mining

A research study evaluating user experience in the peer-to-peer lending mobile application.
Event log data from Nov 2019 - Mar 2021 were analyzed to build a Customer Journey Map (CJM)
covering the full registration-to-credit-limit process.

Event log attributes — performance, frequency, variance, and activity — were combined to surface
friction points invisible to traditional UX methods like surveys or limited user testing.

>250K Nov 2019-Mar 2021 <10%

Event Log Records Data Duration Loan Approved

Data Preprocessing Process Conformance
Extraction Discovery Checking

Planning Evaluation

Analysis

Malik, A.F., Wisudiawan, G.A.A., and Kurniati, A.P. UX Evaluation of Ceria BRI P2P Lending Application Using Process Mining. 2022 (unpublised)




UX Evaluation of P2P Lending App Using Process Mining

SUCCESS.FACE COMPARE
13,5

ACCOUNT_GLOSED
250
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Median Duration

22.1Hours 0 Seconds

want to buy things

jon'tk

verification

12.907

PieChart : W Rejected

Stopped
B Accepted/Continue

Malik, A.F., Wisudiawan, G.A.A., and Kurniati, A.P. UX Evaluation of P2P Lending Application Using Process Mining. 2022 (unpublised)




UX Evaluation of P2P Lending App Using Process Mining

) @

Face recognition

Many 100,225 failure

applications
rejected WAITING

PRIVY_SEND_OTP
instant  (13,323)

aaaaaaaaaaaaa

APPLICATION_REJECTED e PENDING_OFFER
76,718 16,736

76,718 16,736 FAILED_FACE_COMPARE

instant  (52)

IN_PROGRESS
started at 23.07.2020 20:40:22
completed instantly

J 7 mins, 53 secs
y

PENDING_CREDIT_SCORING
started at 23.07.2020 20:48:15
completed instantly

3 mins, 18 secs

started at 23.07.2020 20:51:33

g
Y] Telkom

University

Long approval
@

NOT_YET
nstant  (163)

ﬂ WAITING_FOR_EMAIL_VERIFICATION

completed instantly

Sending OTP code from
Many waiting_for _email_verification Privy often fails

\'_Mnms
IN_PROGRESS  21secs
nstant  (210)
l 10.8 mins

PENDING_CREDIT_SCORING
instant (210

l 51 secs

[ WAITING_FOR_EMAIL_VERIFICATION ]
instart {210

l 2.7 mins
PENDING_OFFER -
instant  (210)

3%.6d

LOAN_EXPIRED
nstant  (210)

®

Malik, A.F., Wisudiawan, G.A.A., and Kurniati, A.P. UX Evaluation of P2P Lending Application Using Process Mining. 2022 (unpublised)




Process Mining Scales UX Research

Unlike surveys or limited user testing, Process Mining involves a//users — delivering a
complete, data-driven picture of real behavior at scale.

CJM from Event Logs Is Actionable

Combining process model outputs (performance, frequency, variants) into a Customer
Journey Map effectively pinpoints friction points that qualitative methods miss.

Biometric Steps Need Calibration

Overly strict biometric thresholds hurt accessibility and completion rates. Balance
security requirements with usability to avoid unnecessary drop-off.

All Findings Confirmed by the Bank

Every identified issue was validated by the Bank, confirming Process Mining as a viable
and implementable method for mobile app UX evaluation in production environments.

Third-Party Integrations are UX Risks

Steps dependent on external systems (Privy OTP, credit scoring) are the most
vulnerable to delays and failures.

Malik, A.F., Wisudiawan, G.A.A., and Kurniati, A.P. UX Evaluation of Ceria BRI P2P Lendling Application Using Process Mining. 2022 (unpublised)
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Process Mining to Improve Clinical Pathways in Breast Cancer Treatment using the Indonesia Health Insurance (BPJS) Dataset

Study Objective & Dataset

Apply process mining to explore and improve breast cancer clinical pathway variations in Indonesia's national health

insurance (BPJS Kesehatan) dataset — the first study to apply process mining to a specific diagnosis within this dataset.
Process Mining is used to map breast cancer treatment pathways from BPJS Kesehatan data, compare different therapy

groups, measure the quality of process models, and identify bottlenecks that cause service delays.

1,128 9,772 708

Patients Events Trace Variants
Diagnosed C50
(malignant neoplasm of breast),
Jan 2015-Dec 2018

Recorded across the full Unique pathway sequences
BPJS Kesehatan event log in the raw dataset

Case ID: Patient ID | Activity: Treatment name based on INA-CBGs | Timestamp: Treatment_time

Treatment Groups Analyzed Radiotherapy (R) Chemotherapy (Ch)
n =13 patients n =349 patients — most prevalent
Combined R+Ch
n =64 patients

Dominant age group: 50-59 years across all groups (R: 36.28%, Ch: 33.43%, R-Ch: 35.94%).
Methodology: PM? framework (6 phases);

Inductive Miner-infrequent (IMi, noise threshold = 0.1);

Petri net models visualized in ProM 6.12.1.

Mansur, S.S., Kurniati, A.P. and Rojas, E., 2024, August. Process Mining to Improve Clinical Pathways in Breast Cancer Treatment Using the Indonesia Health Insurance Dataset. In 2024 12th International

Conference on Information and Communication Technology (IColCT) (pp. 1-8). IEEE.




PROCESS MINING-BREAST CANCERHEALTHCARE

The dataset

The BPJS Kesehatan
dataset is a dataset
containing healthcare
utilization and participant
information from BPJS
Kesehatan, Indonesia’s
national health insurance

BPJS Kesehatan Sample Data

2015-2018
[ 1
2016 Participation 2017 Participation 2018 Participation
1,697,452 134,966 139,326

=

|
1,971,744 participants Q

Primary Health Care Services
(Non-Capitation)
135,257 procedures
104,456 procedures
' Participant Number

2 Primary Health Care Visit ID
3 Advanced Referral Health Care Visit ID

[1
I
Primary Health Care Services
(Capitation)
4,317,826 visits
1,733,759 visits

I

Advanced Referral Health

Structure of the BPJS Kesehatan Sample Data

P, Event Log Detail Variable
Case ID A Patient ID PSTVOI
Activity ‘ Treatment Name PNK16, FKL19A
Timestamp . Start Date PNKO03, FKL03
[ End Date PNKO05, FKL04
Resource Facility PNKO09, FKL28
Diagnose Code PNK14, FKL16, FKL18,

FKL24

Diagnose Name

PNK15, FKL16A, FKL18A,

FKL24B

Visit ID

Treatment Code

Selected columns

PNK15, FKL19
FKP02, FKL02

S
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Care Services
1,598,642 visits 906,905 visits
3
Secondary Diagnoses
1,397,391 diagnoses 700,885 diagnoses
Start End e
: D ity
Case II Date Dite Activity Resource
57412576 30/01/15 30/01/15 .| Chemotherapy Hospital
57412576 18/02/15 18/02/15 | ..| Chemotherapy Hospital
57412576 | 17/03/15 | 19/03/15 i Hea'th
PTOCCdllI”C center
57412576 | 24/03/15 | 24/03/15 onnd Hospital
Treatment
57412576 25/03/15 25/03/15 .| Chemotherapy Hospital
57412576 | 14/04/15 | 14/04/15 Vg Hospital
Ireatment
57412576 | 15/04/15 | 15/04/15 | ..| Chemotherapy iea
- center
57412576 06/05/15 06/05/15 .| Chemotherapy Hospital
57412576 25/05/15 25/05/15 Ultrasound Hospital

Example of event log created

Mansur, S.S., Kurniati, A.P. and Rojas, E., 2024, August. Process Mining to Improve Clinical Pathways in Breast Cancer Treatment Using the Indonesia Health Insurance Dataset. In 2024 12th International
Conference on Information and Communication Technology (IColCT) (pp. 1-8). IEEE.




PROCESS MINING-BREAST CANCER: HEALTHCARE

Initialization

v

-

Research
questions

Analysis
iterations

[T Discovery Analysis VRIS

3. Data pre-
Models Results

processing

Conformance

- Findings

Data

5. Mining &
Analysis

Recommendation
4. Treatment Groups:
* Radiotherapy
* Chemotherapy
* Both Radiotherapy

6. Evaluation

\

B

& Chemotherapy

The methodology

S

w

The trace variants of breast cancer treatment

v

l Pair-wise comparison between treatment groups
| Comparison of avg elapsed time, remaining time, and sojourn time

Performance analysis of treatment groups

v

Petri Net analysis of treatment groups

v

The waiting time treatment process

The analysis flowchart

120 27 391
106 Breast Procedure »| Wound Treatment -
100
WA 16 161
80 L START | *131 uitrasound G END
35
60 B N, 1431
40 30 u ” 1,356 ] Chemotherapy [Z»{ Radiotherapy [31825
22

20 13 L 13 . 18 oy 16 h | del

2 5 5 1 0 The General Process Mode

i ‘ O ,
Radiotherapy Chemotherapy Both Radiotherapy and (The dlrectly-ﬂOW gra ph)

Chemotherapy

m<30 m30-39 w40-49 m50-59 w60-69 m>=70

Age distribution of each treatment group

Process comparison between treatment groups

Mansur, S.S., Kurniati, A.P. and Rojas, E., 2024, August. Process Mining to Improve Clinical Pathways in Breast Cancer Treatment Using the Indonesia Health Insurance Dataset. In 2024 12th International

Conference on Information and Communication Technology (IColCT) (pp. 1-8). IEEE.
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Process Mining to Improve Clinical Pathways in Breast Cancer Treatment using the Indonesia Health Insurance (BPJS) Dataset

! CHALLENGES
Core Obstacles in Applying Process Mining to BPJS Data

Spaghetti Model Problem
708 unique trace variants among 1,128 patients

Process mining is
viable for BPJS

Pre-processing is

Data Quality & Access Data non-negotiable

Missing values, treatment data split across multiple tables, manual data
collection, and confidentiality restrictions on personal health data.

Critical Treatment Bottlenecks
Breast procedure, Wound treatment, Ultrasound Grou p I ng by Wa Itl ng tl me #*

Inter-Group Pathway Divergence treatment reveals clinical
Control-flow differences between treatment groups hidden dive rgence com pleXIty

Clinical Expertise Dependency
Categorizing INA-CBGs treatment codes requires domain knowledge.

Future directions:

* Clinical expert collaboration

* Extensions to analyze other diagnoses
* Regional comparisons

* Regulation compliance checking

* Methodological improvements

Mansur, S.S., Kurniati, A.P. and Rojas, E., 2024, August. Process Mining to Improve Clinical Pathways in Breast Cancer Treatment Using the Indonesia Health Insurance Dataset. In 2024 12th International
Conference on Information and Communication Technology (IColCT) (pp. 1-8). IEEE.
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Over 5 Million Faults — and a
Process Mining Opportunity

Mission-Critical Scale

A 60+ year-old Indonesian state-owned company serves 10+ million
customers — fault management underpins service continuity at
national scale.

Suboptimal Current State

5 million+ faults recorded in one year. Current workflows suffer from
non-compliance, unintegrated systems, and high fault variability.

Process Mining as the Solution

Event logs enable systematic discovery, monitoring, and improvement
of fault-handling procedures — detecting deviations and checking
conformance at scale.

Kurniati, A.P., Prasetyo, H.N., Utama, N.I., and Wisudiawan, G.A.A. Data Preprocessing for Fault Management Process Mining in a
State-own Company in Indonesia: A Case Study. 2" Asia-Pacific Symposium on Process and Al (2026).
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Research Gap: Preprocessing as a First-Class Problem

Most process mining tools assume well-structured event

logs — a condition that is rare in practice. Preprocessing 1. DATA 9 TEMPORAL 3. SEMANTIC
remains a preliminary technical step rather than a subject FRAGMENTATION INCONSISTENCY AMBIGUITY

of systematic investigation.

. — YYYY-MM-DD | -
Prior work focuses narrowly on tool development or == ﬂv?
. . . . . . P . . 3 Stat
domain implementations, with limited empirical analysis of é) MAQUULEANY Code 1
complexity factors in real organizational contexts. ; = \?ﬁ

]
@ Activity

Status
classification

EE 00/00/YYYY Ees
M Unix Time
Eg% MM/DD/YYYY )
(3 This paper systematically identifies and quantifies —

. . . YYYY-MM-DD
preprocessing complexity — covering data

fragmentation, temporal inconsistency, and MULTIPLE MISMATCHED  UNDEFINED WFM
semantic ambiguity. DISCONNECTED  TIMESTAMP CLASSIFICATIONS
SOURCE TABLES FORMATS AND STATUS CODES
ACROSS SYSTEMS

Kurniati, A.P., Prasetyo, H.N., Utama, N.I., and Wisudiawan, G.A.A. Data Preprocessing for Fault Management Process Mining in a State-own Company in Indonesia: A Case Study. 2" Asia-Pacific Symposium
on Process and Al (2026).
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Research Contributions

Contribution 1

Identification of preprocessing complexity factors:
e Data fragmentation

* Temporal inconsistency

* Semantic ambiguity

Contribution 2
 Structured preprocessing framework for fault management event logs.

Contribution 3
* Practical guidelines for large-scale process mining implementation.

Kurniati, A.P., Prasetyo, H.N., Utama, N.I., and Wisudiawan, G.A.A. Data Preprocessing for Fault Management Process Mining in a State-own Company in Indonesia: A Case Study. 2" Asia-Pacific Symposium
on Process and Al (2026).




PROCESS MINING-FAULT MANAGEMENT : TELECOM

Mixed-Methods Case Study using PM?2

Analysis Iteration

Analysis Iteration

1. Planning

= I3 Data Preprocessing
- Column mapping
- Data quality
checking
- Filtering
- Aggregation

4. Mining &
Analysis

Analysis Iteration

Analytics u
‘ * gl

5. Evaluation g
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PMZ2 Process Mining Project
Methodology

1 Planning

Define research scope and
data requirements.

2 Extraction > Preprocessing

Column mapping, data
quality checking, filtering,
and aggregation.

3 Mining 2 Evaluation >
Improvement

DFG generation, variant

analysis, Heuristics Miner, and
actionable recommendations.

Kurniati, A.P., Prasetyo, H.N., Utama, N.I., and Wisudiawan, G.A.A. Data Preprocessing for Fault Management Process Mining in a State-own Company in Indonesia: A Case Study. 2" Asia-Pacific Symposium

on Process and Al (2026).




Preprocessing Pipeline

JOBSTATE CSV
5M events
1.2M unique JOs

—>|

DuckDB Sampling
200K JOs
~1M events

—>|

Column Renaming case:
JONUM activity: STATE
time: DATECREATED

g DataFrame
fetchall()

Convert to Pandas

Timestamp
Conversion

Y

Technical Implementation

01

Sampling

DuckDB samples 200K JOs (~1M events) from 5M to

avoid memory overload.

r pd.to_datetime

S
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4

A 4

pmdpy Analysis Techniques
v

discover_dfg()

Graph get_variants()

get_start/end_activities()

A 4

get_all_case_durations()

discover_heuristics_net()

Directly-Follows Process Variants Entry/Exit Points Performance HeuNet
Outputs
y A 1 A\ 4 Y
Transition Frequencies 3700+ Unique Variants Start/End Activity Duration Stats Process Model
Top 20 Top 15 Distribution Mean Median Percentiles Heuristics Net

02

Column Mapping

Case > C_JONUM, Activity > C_STATUS, Time >

DATECREATED; timestamps converted via
pd.to_datetime.

03

PMA4PY Output

DFG, variant analysis, duration statistics, and
Heuristics Miner applied to the cleaned log.

Kurniati, A.P., Prasetyo, H.N., Utama, N.I., and Wisudiawan, G.A.A. Data Preprocessing for Fault Management Process Mining in a State-own Company in Indonesia: A Case Study. 2" Asia-Pacific Symposium

on Process and Al (2026).
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Five Complexity Factors in Preprocessing

Inconsistent Formats

1
Semicolons, special characters, and line breaks causing column shifts in raw exports.
2 Semi-structured Columns
C_FORM_GRID_JOSTATUS required parsing and flattening logic.
3 Timestamp Synchronization
ISO millisecond vs. plain string formats across heterogeneous source systems.
4 Data Sparsity
Numerous null values; strict attribute selection required to preserve log integrity.
5 Trace Reconstruction

Careful reassembly to avoid artificial loops or lost short-state transitions.

Kurniati, A.P., Prasetyo, H.N., Utama, N.I., and Wisudiawan, G.A.A. Data Preprocessing for Fault Management Process Mining in a State-own Company in Indonesia: A Case Study. 2" Asia-Pacific Symposium
on Process and Al (2026).
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Discovered Process Model (Heuristics Miner)

DEINSTCOMP (7892) }

6397

4263

e

N

|

]
CONTWORK (41845)

5227

WORKFAIL (32532)

10361

PENDWORK (39599)

:]-l CANCLWORK (15877)

4317

ACTCOMP (59316) h

VALCOMP (45000) I—-l‘“’" COMPWORK (77306) I

13551

VALSTART (24370)

11328

Happy Path
The most common fault resolution sequence:

WAPPR - STARTWORK - INSTCOMP - ACTCOMP
- VALSTART/VALCOMP - COMPWORK

Key Deviation Patterns

WORKFALIL is the critical branching point
where cases diverge from the happy path
PENDWORK — CONTWORK loop
captures the dominant rework and retry
pattern

/A 8,018 distinct process variants
discovered — top 5 cover only 30%
of all cases, confirming extreme
workflow variability.
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Data Preprocessing for Fault Management Process Mining
. LESSONS LEARNED

Preprocessing is the Critical Phase
Data quality directly determines the accuracy of process models and all downstream decisions. This phase was simultaneously the most
complex and most impactful of the entire project.

Report Metrics with Uncertainty
Lead-time metrics are directional indicators, not precise figures for contracts or external reporting, due to ambiguity and partial cross-system
integration.

IT Expert Involvement is Essential
Domain knowledge was critical to resolve ambiguous statuses, identify key columns, and contextualize business semantics that
automated tools alone cannot interpret.

Standardized Collection is Needed
Automated preprocessing tools and standardized methodologies are required to unlock the full potential of process mining at scale in fault
management and similar domains.

« NEXT

Automation of the Pipeline
Creating a preprocessing tools to help with event log preparation. Using Al to improve preprocessing (key columns identification, parsing,
filtering, grouping, etc.)
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Key Takeaways Across All Case Studies

@ Higher Education

Process mining on LMS data reveals the gap between designed and
actual learning activities. Student and lecturer behavioral patterns
diverge significantly — and these differences carry direct implications
for instructional design and platform optimization.

1&l Healthcare

Breast cancer clinical pathway analysis using national insurance data
demonstrates that segmentation by treatment type reveals
divergences aggregated models hide. Pre-processing and domain
expertise are non-negotiable prerequisites.

il Banking

Event log analysis of a P2P lending app exposed five systemic UX
failures invisible to surveys. Process mining is a powerful complement
to traditional user research — especially for detecting failure modes at
scale.

24 . .
». Telecommunication

Fault management at scale surfaces the reality that preprocessing is
not a preliminary step — it is a research challenge in its own right.
Extreme process variability (70% deviation) demands structured,
reproducible pipelines and IT expert collaboration.

[J Acrossevery domain: data quality is the ceiling, domain expertise is the key, and real processes always deviate from designed ones — that is

precisely why process mining matters.
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