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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 2



Processmining

?

process event log
process

model insights

simulation

recommendation

execute discover enhance

3



Processmining

?

process event log
process

model insights

simulation

recommendation

execute discover enhance

3



Processmining

?

process event log
process

model insights

simulation

recommendation

execute discover enhance

3



Processmining

?

process event log
process

model insights

simulation

recommendation

execute discover enhance

3



Processmining

?

process event log
process

model insights

simulation

recommendation

execute discover enhance

3



Processmining

?

process event log
process

model insights

simulation

recommendation

execute discover enhance

3



Processmining

?

process event log
process

model insights

simulation

recommendation

execute discover enhance

3



Frequencies

L1 = [〈register, check, accept〉10000,
〈register, check, reject〉10000,
〈register, accept〉1]

〈.
.
.〉

〈.
.
.〉

〈.
.
.〉

L1

L2 = [〈register, check, accept〉9500,
〈register, check, reject〉1000

〈register, accept〉95001]

〈.
.
.〉

〈.
.
.〉

〈.
.
.〉

L2

4



Frequencies

L1 = [〈register, check, accept〉10000,
〈register, check, reject〉10000,
〈register, accept〉1]

〈.
.
.〉

〈.
.
.〉

〈.
.
.〉

L1

L2 = [〈register, check, accept〉9500,
〈register, check, reject〉1000

〈register, accept〉95001]

〈.
.
.〉

〈.
.
.〉

〈.
.
.〉

L2

4



Frequencies

L1 = [〈register, check, accept〉10000,
〈register, check, reject〉10000,
〈register, accept〉1]

〈.
.
.〉

〈.
.
.〉

〈.
.
.〉

L1

L2 = [〈register, check, accept〉9500,
〈register, check, reject〉1000

〈register, accept〉95001]

〈.
.
.〉

〈.
.
.〉

〈.
.
.〉

L2

4



Frequencies in processmining

?

process event log
process

model analysis

simulation

recommendation

object-centric

prediction

federated

execute discover

check

conformance

enhance

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

5



Frequencies in processmining

?

process event log
process

model analysis

simulation

recommendation

object-centric

prediction

federated

execute discover

check

conformance

enhance

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

5



Frequencies in processmining

?

process event log
process

model analysis

simulation

recommendation

object-centric

prediction

federated

execute discover

check

conformance

enhance

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

5



Frequencies in processmining

?

process event log
process

model analysis

simulation

recommendation

object-centric

prediction

federated

execute discover

check

conformance

enhance

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

5



Frequencies in processmining

?

process event log
process

model analysis

simulation

recommendation

object-centric

prediction

federated

execute discover

check

conformance

enhance

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

5



Frequencies in processmining

?

process event log
process

model analysis

simulation

recommendation

object-centric

prediction

federated

execute discover

check

conformance

enhance

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

5



Frequencies in processmining

?

process event log
process

model analysis

simulation

recommendation

object-centric

prediction

federated

execute discover

check

conformance

enhance

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

5



Frequencies in processmining

?

process event log
process

model analysis

simulation

recommendation

object-centric

prediction

federated

execute discover

check

conformance

enhance

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

sto
ch
as
tic

5



Why not: alignments?

I Non-deterministic

I Frequency 6= probability of executing

first

I 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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Earth movers' stochastic conformance

L1 = [〈a, c〉0.25, 〈b, c〉0.75]
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­: 0.45 * δ(〈b, c〉, 〈a, c〉)
δ: normalised Levenshtein trace distance:
¬: 0.05 * 1

­: 0.45 * 0.5

Earth movers’ stochastic conformance:

1 - minimum cost

1− 0.275 = 0.725

Complexity: polynomial

however

for models: needs sampling

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

I Company Anonymous selling business-to-business

I Accounts receivable: invoice creation → payment

I Chase outstanding invoices, enforce payment terms, resolve differences

between billed and received amounts

Event data in Celonis

I Problem: cleared invoices had updates months later

I Challenge: identify the cause of this rework

I Result: identified customers and payment terms
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Cohort analysis

event log

with trace attributes

customer = A 0.523

customer = C 0.647

customer missing 0.985

amount ≥ $150k 0.125

…… …

2: split log

Leemans, Shabaninejad, Goel, Khosravi, Sadiq, 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

event log
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Association for logs

Log L: traffic fines

What is the association between the fine amount and the process followed?

For every pair of traces in L:

compute distance between traces

compute distance between fine amount

Return correlation between trace distance and fine amount

distance

Statistical Tests and Association Measures for Business Processes. Sander J.J. Leemans, James M. McGree, Artem Polyvyanyy, Arthur H.M. ter

Hofstede. IEEE TKDE 2023. 23
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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 ϕ
Hypothesis: all sub-logs are derived from identical processes

re-sample the log

average distance between traces average distance between traces with equal ϕ

winner

Repeat 500 times

If “with equal ϕ” wins 95% of the samples, then we have seen enough evidence that

considering ϕ gives information on the process, so we can reject the hypothesis.

26
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Further use cases

I Municipalities executing similar processes1

I IBM executing the same emergency order handling process in multiple

geographic regions2

I Finding sub-groups of students –identified by trace attributes – that follow

similar learning trajectories3

I Interactions between processes4

I Non-business processes (web trajectories, logistics)

I Deviation detection

I …

1Comparing Business Process Variants Using Models and Event Logs. Buijs, Reijers. BMMDS 2014
2PM2: A Process Mining Project Methodology. van Eck, Lu, Leemans, van der Aalst. CAiSE 2015
3Identifying Cohorts: Recommending Drill-Downs Based on Differences in Behaviour for Process

Mining. Leemans, Shabaninejad, Goel, Khosravi, Sadiq, Wynn. ER 2020
4Multi-Dimensional Event Data in Graph Databases. Esser, Fahland, JDS 2021 28
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