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“Much of the uptake of process mining is in such practical domains where plausible
explanations might be sufficient to inspire managers to take action.”

anonymous reviewer, 2024



Process mining

%

Process



Process mining

@ execute
—_—

process event log




Bestand

Start  Invoegen

Fagina-indeling

Process mining

Formules Gegevens Controleren Beeld  Acrobat

2
3
4
5
6
7
B
9

. ’ . & wissen = = e &I ar - -
iy Van Access _D _D |ﬂ &) verbindingen " ?'  Wisse E‘E [ Gegevensvalidatie % {1 ﬁE' 2
(5 van web ~ E % Opnieuw toep == [ samenvoegen ~:
= Vanandere | Best. | Alles £ Sorteren | Filter o Tekst naar Duplicaten . Groeperen Degroeperen Subtotaal
[BVantekst pronnen~  verbind. | vernw.® = erken % Geavanceerd | kolommen verwijderen EP Wat-als-analyse - - -

Ext. geg. ophalen Verbindingen Sorteren en filteren Hulpmiddelen voor gegevens Overzicht =

G8 - =

A B c D E F H 1 J K L M

1 CaselD Activity

173688 A_SUBMITTED
173688 A_PARTLYSUBMITTED
173688 A_PREACCEPTED
173688 A_ACCEPTED

173688 A_FINALIZED

173688 A_REGISTERED
173688 A_APPROVED

173688 A_ACTIVATED
173688 End

173691 A_SUBMITTED
173691 A_PARTLYSUBMITTED
173691 A_PREACCEPTED
173691 A_ACCEPTED

173691 A_FINALIZED

173691 A_APPROVED

173691 A_REGISTERED
173691 A_ACTIVATED
173691 End

173694 A_SUBMITTED
173694 A_PARTLYSUBMITTED
173694 A_PREACCEPTED
173694 A_ACCEPTED

173694 A FINALIZED

Resource Complete Timestamp
112 2011/10/01 00:38:44.546
112 2011/10/01 00:38:44.880
112 2011/10/01 00:39:37.906
10862 2011/10/01 11:42:43.308
10862 2011/10/01 11:45:09.243
10629 2011/10/13 10:37:29.226
10629 2011/10/13 10:37:29.226
10629 2011/10/13 10:37:29.226

(case) AMOUNT_REQ lifecycle:transition
20000 COMPLETE
20000 COMPLETE
20000 COMPLETE
20000 COMPLETE
20000 COMPLETE
20000 COMPLETE
20000 COMPLETE
20000 COMPLETE

—

End 2011/10/13 10:37:29.226 End End
112 2011/10/01 08:08:58.256 5000 COMPLETE
112 2011/10/01 08 5000 COMPLETE
112 2011/10/01 08: 5000 COMPLETE
10862 2011/10/01 14:33:54.614 5000 COMPLETE
10862 2011/10/01 14:35:46.016 5000 COMPLETE
10809 2011/10/10 14:17:26.307 5000 COMPLETE

10809 2011/10/10 14:17:26.307
10809 2011/10/10 14:17:26.307

5000 COMPLETE
5000 COMPLETE

End 2011/10/1014:17:26.307 End End
112 2011/10/01 08:10:30.287 7000 COMPLETE
112 2011/10/01 08:10:30.591 7000 COMPLETE
112 2011/10/01 08:11:13.026 7000 COMPLETE
11201 2011/10/03 13:34:25.421 7000 COMPLETE

11201 2011/10/03 1:

14.632 7000 COMPLETE



@ execute
—_—

Process

Process mining

event log

discover COC?@
—_—

process
model



Process mining

discover COC?Q enhance @
—_— —_—

process
model

@ execute
—_—

process event log

insights



@ execute
—_—

Process

Process mining

event log

i

S|mulation

_ discover ?@ enhance <§©
process nsigh

model insights



Process mining

i

S|mulation
@ execute ——| _discover ?@ enhance <§©
4>. _
I process nsigh
process event log model insights

g

recommendation



Frequencies

Ly = [(register, check, accept) 100,

(register, check, reject) 19090,

(register, accept)']



Frequencies

10000 9500
) )

L, = [{register, check, accept)
10000

Lo = [(register, check, accept)

>1000

(register, check, reject) (register, check, reject

(register, accept)'] (register, accept)?300!



Frequencies

10000 Lo = [(register, check, accept>9500,

L, = [{register, check, accept)
1000

(register, check, reject) 10000 (register, check, reject

(register, accept)'] (register, accept)?300!




Frequencies in process mining

i

S|mulation
@ execute ~|——| discover @O enhance é?@
—> _
T *~____Tprocess Ve
process eventlog oot model analysis

conformance @

recommendation



Frequencies in process mining

i

smulation
execute ~|——| discover @O enhance @
—> _
T *~____Tprocess Ve
rocess eventlog oot model analysis

conformance @

recommendation



Frequencies in process mining

i

S|mulation

discover @Q enhance @

- T process
vent log check ]

analysis
conformance %E;@

recommendation

execute
—

rocess



Frequencies in process mining

execute
—

x.____1process
check model
conformance

rocess event |og

recommendation



Frequencies in process mining

>

object-centric

execute
—

x.____1process
check model
conformance

rocess event |og

recommendation



Frequencies in process mining

>

object-centric

o

prediction

execute
—

x.____1process
check model
conformance

rocess event |og

recommendation



Frequencies in process mining

>

object-centric

o

prediction

%

recommendation federated

execute
—

x.____1process
check model
conformance

rocess event |og




Frequencies in process mining

execute
—

T process
check model

conformance

rocess event log

recommendation federated



Why not: alignments?

ProM UiTopia

e <

Inductive visual Miner  select visualisation... " Jl{

Stochastic Process Discovery: Can it be Done Optimally?. S.J.J. Leemans, T. Li, M. Montali, A. Polyvyanyy. CAISE 2024. conditionally accepted 6



Why not: alignments?

ProM UiTopia

> : s
. > Non-deterministic

Inductive visual Miner  select visualisation... " Jl{

Stochastic Process Discovery: Can it be Done Optimally?. S.J.J. Leemans, T. Li, M. Montali, A. Polyvyanyy. CAISE 2024. conditionally accepted 6



Why not: alignments?

ProM UiTopia

(e > > Non-deterministic
crmmm— - Frequency # probability of executing

first

Stochastic Process Discovery: Can it be Done Optimally?. S.J.J. Leemans, T. Li, M. Montali, A. Polyvyanyy. CAISE 2024. conditionally accepted 6



Why not: alignments?

(e > > Non-deterministic
crmmm— - Frequency # probability of executing

first
» Long-distance dependencies /
skewed distributions

Stochastic Process Discovery: Can it be Done Optimally?. S.J.J. Leemans, T. Li, M. Montali, A. Polyvyanyy. CAISE 2024. conditionally accepted 6
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» Anything can happen

» Not suitable for unstructured
processes

» Algorithms are best-effort

» Validate conclusions with
stakeholders

But ...

What if we want to be sure?

What if we want to quantify how sure we are?
What if the process is too complex?

What if the process is unstructured?
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Use case: harmonising maintenance

g £ 3 53§

event data from Celonis
similarity analysis
comparative analysis

“‘common” process model

SAP
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Earth movers’ stochastic conformance:
1 - minimum cost
1—-0.275 =0.725

@ )
Cost: Complexity: polynomial
®: 0.05 * 6((b,c), (@) however
@: 0.45 " 6((b,0), (a,c)) for models: needs sampling
0: normalised Levenshtein trace distance:
@: 0.05 * 1
@:0.45*0.5

Stochastic Process Mining: Earth Movers’ Stochastic Conformance. Sander J.J. Leemans, Wil M.P. van der Aalst, Tobias Brockhoff, Artem
Polyvyanyy. Information Systems 2021. 18
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Sales

» Company Anonymous selling business-to-business
» Accounts receivable: invoice creation — payment

» Chase outstanding invoices, enforce payment terms, resolve differences
between billed and received amounts

Event data in Celonis
» Problem: cleared invoices had updates months later
» Challenge: identify the cause of this rework
» Result: identified customers and payment terms

20



Cohort analysis

event log
with trace attributes

Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. Identifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for
Process Mining. ER 2020 21


http://leemans.ch/publications/papers/er2020leemans.pdf
http://leemans.ch/publications/papers/er2020leemans.pdf

Cohort analysis

Which trace attributes influence the process?
Which filter should | apply?
Which cohorts are interesting?

event log
with trace attributes

Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. Identifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for
Process Mining. ER 2020 21


http://leemans.ch/publications/papers/er2020leemans.pdf
http://leemans.ch/publications/papers/er2020leemans.pdf
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Process Mining. ER 2020 21
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Cohort analysis

1: elicit features ¥ 2: split log 3: compute EMSC

v

customer = A = — 0.523
— customer = C —= 0.647
event log customer missing —= 0.985
with trace attributes — =]
amount > $150k | 0.125

Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. Identifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for
Process Mining. ER 2020 21
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Cohort analysis

The trace attribute customer coincides with large differences in
processing.

The amount is weakly associated with a difference in
processing.

event log
with trace attributes

Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. Identifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for
Process Mining. ER 2020 21
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Use case: gender equity

Queensland University of Technology, Brisbane, Australia
PhD journey through milestones

No significant difference in journey between male and female candidates™

*in terms of journey steps, trajectories and their frequencies

Improving PhD Student Journeys with Process Mining: Insights from a Higher Education Institution. Goel, Leemans, Wynn, ter Hofstede, Barres.
BPM industry track 2021. 25
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Log vs. Categorical Attribute test

Input: event log with categorical trace attribute ¢
Hypothesis: all sub-logs are derived from identical processes

re-sample the log

¢

average distance between traces average distance between traces with equal ¢

winner

Repeat 500 times
If “with equal ¢” wins 95% of the samples, then we have seen enough evidence that
considering ¢ gives information on the process, so we can reject the hypothesis.

26



Today

Do we need models?

Harmonising maintenance at Uniper
Sales

Road traffic fines

Gender equity at a university

Further use cases

27



Further use cases

'Comparing Business Process Variants Using Models and Event Logs. Buijs, Reijers. BMMDS 2014

2PM?2: A Process Mining Project Methodology. van Eck, Lu, Leemans, van der Aalst. CAISE 2015

3|dentifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for Process
Mining. Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. ER 2020

“Multi-Dimensional Event Data in Graph Databases. Esser, Fahland, JDS 2021 28



Further use cases

» Municipalities executing similar processes'

'Comparing Business Process Variants Using Models and Event Logs. Buijs, Reijers. BMMDS 2014

2PM?2: A Process Mining Project Methodology. van Eck, Lu, Leemans, van der Aalst. CAISE 2015

3|dentifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for Process
Mining. Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. ER 2020

“Multi-Dimensional Event Data in Graph Databases. Esser, Fahland, JDS 2021 28



Further use cases

» Municipalities executing similar processes'

» IBM executing the same emergency order handling process in multiple
geographic regions?

'Comparing Business Process Variants Using Models and Event Logs. Buijs, Reijers. BMMDS 2014

2PM?2: A Process Mining Project Methodology. van Eck, Lu, Leemans, van der Aalst. CAISE 2015

3|dentifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for Process
Mining. Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. ER 2020

“Multi-Dimensional Event Data in Graph Databases. Esser, Fahland, JDS 2021 28



Further use cases

» Municipalities executing similar processes'

» |IBM executing the same emergency order handling process in multiple
geographic regions?

» Finding sub-groups of students —identified by trace attributes — that follow
similar learning trajectories®

'Comparing Business Process Variants Using Models and Event Logs. Buijs, Reijers. BMMDS 2014

2PM?2: A Process Mining Project Methodology. van Eck, Lu, Leemans, van der Aalst. CAISE 2015

3|dentifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for Process
Mining. Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. ER 2020

“Multi-Dimensional Event Data in Graph Databases. Esser, Fahland, JDS 2021 28



Further use cases

» Municipalities executing similar processes'

» |IBM executing the same emergency order handling process in multiple
geographic regions?

» Finding sub-groups of students —identified by trace attributes — that follow
similar learning trajectories®

» Interactions between processes®

'Comparing Business Process Variants Using Models and Event Logs. Buijs, Reijers. BMMDS 2014

2PM?2: A Process Mining Project Methodology. van Eck, Lu, Leemans, van der Aalst. CAISE 2015

3|dentifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for Process
Mining. Leemans, Shabaninejad, Goel, Khosravi, Sadig, Wynn. ER 2020

“Multi-Dimensional Event Data in Graph Databases. Esser, Fahland, JDS 2021 28



Further use cases

» Municipalities executing similar processes'

» |IBM executing the same emergency order handling process in multiple
geographic regions?

Finding sub-groups of students —identified by trace attributes — that follow
similar learning trajectories®

\{

Interactions between processes®
Non-business processes (web trajectories, logistics)
Deviation detection

vVvyyy

'Comparing Business Process Variants Using Models and Event Logs. Buijs, Reijers. BMMDS 2014

2PM?2: A Process Mining Project Methodology. van Eck, Lu, Leemans, van der Aalst. CAISE 2015
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» Gender equity at a university
statistical test

Take-home

» Steehasties frequencies are
everywhere.

» Can we trust process mining
results?
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