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Overview of Process 
Mining



Role of models

real worldpowerpoint reality



Event logs are a reflection of reality
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Process mining: Linking events to models



Discovery



MXML Log
- instances: 3512
- audit trail entries: 46138

ProM supports +40 types of model discovery!









throughput
time

bottle-
necks

flow time 
from A to 

B



Conformance 
Checking



76%

100%

incorrect model

correct model



+/- 250 plug-ins



Process Discovery: 
The Basics



Starting point: event logs

event logs, audit 
trails, databases, 
message logs, etc.

unified event log 
(MXML)



MXML

Event log:
• processes

• process instances
− events

Per event:
• activity name
• (event type)
• (originator)
• (timestamp)
• (data)



start of 
process 
instance

start of 
activity

end of 
activity

attributes of 
an event



Process Mining: The alpha 
algorithm

22 Opbergen en 
einde

10 registreren

14 eindcontrolere, 
tekenen Standaard

17 bepalen vervolg

9 Bepalen vervolg1

18 registreren offerte 
gesloten

13 inv., 1e controle, 
printen STANDAARD

3 controleren 
compleetheid/juistheid

1 start

2 collectief of 
particulier

12 Bepalen offerte 
standaard of NIET

klaar voor invoeren

Goedgekeurde offerte

begin proces

klaar voor controle

compleet/juist

klaar voor registreren

naar registreren

offerte uitgeprint

klaar voor einde

Standaard offerte

afgekeurde offerte

20 ontvangst 
verklaring

P2 accoord 
verklaring

7 ontvangst 
gegevens

P1 ontbrekende 
gegevens

19 wachten op 
accoord verklaring

16 eindcontrolere, 
tekenen niet std.

15 inv, 1e controle, 
printen NIET STD.

retour gewenst

wachten2

4 dubbele aanvraag?

5 navraag VA 
(telefoon)

6 opvragen 
ontbrekende 
gegevens

NS uitgeprint

D2 geen retour 
ontvangen

Niet Standaard offerte

21 registreren offerte 
afgelegd

is collectief

opvagen gegevens

wachten

dubbele

D1 Geen reactie

8 verlopen deadline

11 afwijzen

Afgekeurd NS

afgewezen

collectief retour reeds ontvangen

P of C retour gewenst

particulier zonder retour

collectief

particulier en invoeren
particulier en afwijzen

niet compleet/onjuist

particulier

collectief

incompleet

voldoende
onvoldoende

alpha
algorithm



Alpha algorithm



Without transactional information 
(just completes)



Example log

case 1 : task A 
case 2 : task A 
case 3 : task A 
case 3 : task B 
case 1 : task B 
case 1 : task C 
case 2 : task C 
case 4 : task A 
case 2 : task B 
case 2 : task D 
case 5 : task E 
case 4 : task C 
case 1 : task D 
case 3 : task C 
case 3 : task D 
case 4 : task B 
case 5 : task F 
case 4 : task D 

• Minimal information in log: case 
id’s and task id’s.

• Additional information: event 
type, time, resources, and data.

• Sequences:
• 1: ABCD
• 2: ACBD
• 3: ABCD
• 4: ACBD
• 5: EF

• So this log there are three 
possible sequences:
• ABCD
• ACBD
• EF



>,→,||,# relations

• Direct succession: x>y iff
for some case x is directly 
followed by y.

• Causality: x→y iff x>y and 
not y>x.

• Parallel: x||y iff x>y and 
y>x

• Choice: x#y iff not x>y and 
not y>x.

case 1 : task A 
case 2 : task A 
case 3 : task A 
case 3 : task B 
case 1 : task B 
case 1 : task C 
case 2 : task C 
case 4 : task A 
case 2 : task B 
case 2 : task D 
case 5 : task E 
case 4 : task C 
case 1 : task D 
case 3 : task C 
case 3 : task D 
case 4 : task B 
case 5 : task F 
case 4 : task D 

ABCD
ACBD
EF

A>B
A>C
B>C
B>D
C>B
C>D
E>F

A→B
A→C
B→D
C→D
E→F

B||C
C||B



Basic idea (1)

x y

x→y



Basic idea (2)

x

z

y

x→y, x→z, and y||z



Basic idea (3)

x

z

y

x→y, x→z, and y#z



Basic idea (4)

x

y

z

x→z, y→z, and x||y



Basic idea (5)

x

y

z

x→z, y→z, and x#y



It is not that simple: Basic alpha 
algorithm

Let W be a workflow log over T. α(W) is defined as follows. 
1. TW = { t ∈ T | ∃σ ∈ W t ∈ σ}, 
2. TI = { t ∈ T | ∃σ ∈ W t = first(σ) }, 
3. TO = { t ∈ T | ∃σ ∈ W t = last(σ) }, 
4. XW = { (A,B) | A ⊆ TW ∧ A ≠ ø ∧ B ⊆ TW ∧ B ≠ ø ∧
∀a ∈ A∀b ∈ B a →W b ∧ ∀a1,a2 ∈ A a1#W a2 ∧ ∀b1,b2 ∈ B b1#W b2 }, 

5. YW = { (A,B) ∈ X | ∀(A′,B′) ∈ X A ⊆ A′ ∧B ⊆ B′⇒ (A,B) = (A′,B′) }, 
6. PW = { p(A,B) | (A,B) ∈ YW } ∪{iW,oW}, 
7. FW = { (a,p(A,B)) | (A,B) ∈ YW ∧ a ∈ A } ∪ { (p(A,B),b) | (A,B) ∈

YW ∧ b ∈ B } ∪{ (iW,t) | t ∈ TI} ∪{ (t,oW) | t ∈ TO}, and 
8. α(W) = (PW,TW,FW). 



Example revisited

W:
case 1 : task A 
case 2 : task A 
case 3 : task A 
case 3 : task B 
case 1 : task B 
case 1 : task C 
case 2 : task C 
case 4 : task A 
case 2 : task B 
case 2 : task D 
case 5 : task E 
case 4 : task C 
case 1 : task D 
case 3 : task C 
case 3 : task D 
case 4 : task B 
case 5 : task F
case 4 : task D

A

B

C

D

E F

α(W)

A>B
A>C
B>C
B>D
C>B
C>D
E>F

A→B
A→C
B→D
C→D
E→F

B||C
C||B



Another example taken step-by-step ...



A→B
A→C
A→E
B→D
C→D
E→D

A>B
A>C
A>E
B>C
D>D
C>B
C>D
E>D B||C

C||B





A and B need to be non-empty.

A>B
A>C
A>E
B>C
D>D
C>B
C>D
E>D

A→B
A→C
A→E
B→D
C→D
E→D

B||C
C||B

# #







Properties of the Alpha algorithm

• If log is complete with respect to relation >, it can be used to mine 
any SWF-net!

• Structured Workflow Nets (SWF-nets) have no implicit places and 
the following two constructs cannot be used:

(Short loops require some refinement but not a problem.)



Alpha algorithm

• Mainly of theoretical interest!
• Too simple to be applicable to real-life logs.
• Does not address issues such as noise, etc. 
• Should NOT be taken as a benchmark.
• However, the algorithm reveals:

• basic process mining ideas and concepts in 8 lines,
• theoretical limits of process mining.



Basic test for any mining algorithm: 
Rediscovery

Start

Get Ready

Travel by CarTravel by Train

BETA PhD Day Starts

Visit Brewery

Have Dinner

Go Home

Travel by Train Pay for Parking

Travel by Car

End

Give a Talk

Start

Get Ready

Travel by CarTravel by Train

BETA PhD Day Starts

Visit Brewery

Have Dinner

Go Home

Travel by Train Pay for Parking

Travel by Car

End

Give a Talk

aaaaaaaaaa
aaaaaaaaaa
aaaaaaaaaa
aaaaa

aaaaaaaaaa
aaaaaaaaaa
aaaaaaaaaa
aaaaa

Mined Mined 
Process

OriginalOriginal
ProcessProcess

LogsLogs Mining Mining 
algortithm Processalgortithm

Can the mined process generate all the 
behavior in the log?

How close is the behavior of the mined 
process to the original one?



Controlled choices cannot be rediscovered 
(and in may cases this is good!)



Log only contains information about behavior 
and not structure



Completeness notion may be too crude in 
some cases



Another example of behaviorally equivalent 
SWF-nets



Silent steps (and duplicate steps) cannot be 
discovered



will be revisited later



Simple process mining algorithms tend to:

• Have problems with complex control-flow constructs. For example, many 
process mining algorithms are unable to deal with non-free-choice 
constructs and complex nested loops.

• Not allow for duplicates. In the event log it is not possible to 
distinguish between activities that are logged in a similar way, i.e., 
there are multiple activities that have the same “footprint” in the log. 
As a result, most algorithms map these different activities onto a 
simple activity thus making the model incorrect or counter-intuitive.

• Silent steps. Things that are not recorded cannot be discovered.
• Underfit (i.e., overgeneralize) or overfit. Many algorithms have a 

tendency to overgeneralize, i.e., the discovered model allows for 
much more behavior than actually recorded in the log. In some 
circumstances this may be desirable. However, there seems to be a 
need to flexibly balance between “overfitting” and “underfitting”.

• Yield inconsistent models. For more complicated processes many 
algorithms have a tendency to produce models that may have 
deadlocks and/or livelocks. It seems vital that the generated models 
satisfy some soundness requirements (e.g., the soundness 
property).



Other Process 
Discovery Techniques



Overview of process discovery techniques

• Classical techniques (e.g., learning state machines and 
the theory of regions): cannot handle concurrency 
and/or do not generalize (i.e., if it did not happen, it 
cannot happen).

• Algorithmic techniques
• Alpha miner
• Alpha+, Alpha++, Alpha#
• Heuristic miner
• Multi phase miner
• ...

• Genetic process mining
• Region-based process mining

• State-based regions
• Language based regions 

http://www.sxc.hu/browse.phtml?f=download&id=45559


Multi-Phase Miner 
(Boudewijn van Dongen et al.)

Two phases:
1) Create a visual description of each instance, 

without choices and loops (cf. runs or occurrence 
nets).

- Comprehensive representation
- Ideal for performance analysis (cf. ARIS PPM)

2) Aggregate multiple instances to one process 
model.

- Only causal relations between tasks are required
Properties:
- More robust and multi-lingual (cf. EPCs).
- Possibility of inspect instances



Step 1: Create instance graphs

ExampleLog file:
• A, B, C, B, C, D, E, F, G
• A, B, E, D, F, G
• A, B, D, E, F, H

A B

C
D

E
F

G

H

Causal relations:

For each entry in every instance, find the closest causal 
predecessor and successor, and build instance graphs

A      B      C      B      C D       F      G 
E

Similar to →in the alpha 
algorithm but refined further.

A      B      D       F      H 
E

A      B      D       F      G 
E



Step 2: Aggregate instance graphs

Three instance graphs:

A     B     C     B     C D       F      G 
E

A      B      D       F      G 
E

A      B      D       F      H 
E

Aggregated instances:

A3 B4

C

D3

E3

F3

G2

H1

3 3
3

2

2
1

1

3

3

2

1

2

1

AND XOROR XOR

XOR

XOR

XOR

2



Representation as an EPC

A3 B4

C

D3

E3

F3

G2

H1

3 3
3

2

2
1

1

3

3

2

1

2

1

AND XOROR XOR

XOR

XOR

XOR

2

A

B

C

D

E F G

H\/X

X

X

/\ X

X

end

start

Any notation with OR-splits and OR-joins can be used, e.g., YAWL, BPMN, etc.



Properties of Multi-phase miner

• Always a fitness of 1, i.e., all traces in the logs may 
be reproduced (both potentially also many more).

• Very robust and fast, but tends to overgeneralize.
• Any subset of traces produces a meaningful result 

(event a single instance) that can be used for 
visualization purposes.

• No special provisions for noise or infrequent 
behavior.



Genetic Mining
(Ana Karla Alves de Medeiros et al.)

1. initial population

2. fitness test

3. select best parents
4. crossover

5. children

6. mutation

7. new population



Design choices

representation

fitness

crossover

mutation



Example representation
(Ana Karla Alves de Medeiros et al.)

also allows for duplicates



Many fitness notions possible
(see also conformance checking techniques)

• Replay the token game and punish when:
• tokens are missing
• tokens are left
• arcs are not taken
• "too many" transitions are enabled 
• etc.

• Additional measures:
• punish "complicated" models
• insert artificial negative events
• etc.



Crossover and Mutation
(Many possibilities depending on representation).

• Crossover:
• Child inherits some 

activities of one parent and 
the rest from another 
parent.

• Mutation:
• Randomly activities or 

relations are inserted or 
removed.



Properties of Genetic Mining

• Requires a lot of computing power.
• Can deal with noise, infrequent behavior, duplicate 

tasks, invisible tasks, etc.
• Allows for incremental improvement and 

combinations with other approaches (heuristics 
post-optimization, etc.).

http://www.foxnews.com/story/0,2933,316375,00.html?sPage=fnc/scitech/evolution


Region-Based Approaches

• Classical synthesis approaches to translate 
"behavior" into "models":
• State-based regions
• Language-based regions

• Synthesis ≠ process mining!
• Common issues:

• Translating logs into transition systems (for state-
based regions).

• Overfitting.
• Performance of algorithms and complexity of result.



State-based regions

enter: -
exit: b,c
do not cross: a



Second region

enter: -
exit: a,c
do not cross: b



Third region

enter: a,c 
exit: -
do not cross: b



Fourth region

enter: b,c 
exit: -
do not cross: a

With some extensions (see work Cortadella et al.) any transition system 
can be converted into a bisimilar Petri net. 





40.825 states, 
221.618 transitions

Lyr

Bgy

Drg

Iyr

Crg

Krg

end

Hyr

Erg

LgyLrg

Dgy

Ayr

Igy

Fyr

Jyr

start

Dyr

GyrGrg

Jrg

Hrg

Frg

Eyr

t:1

Egy

Kgy

Jgy

Arg

Fgy

Cgy

Brg

Cyr

Ggy

Hgy

Irg

Kyr

Agy

Byr

26 transitions, 
28 places,
1 token



From event logs to transition systems

• How to determine the current state?
• Determine scope:

• Determine abstraction:
• sequence, i.e., the order of activities is recorded in the state,
• multi-set of activities, i.e., the number of times each activity is 

executed ignoring their order, or
• set of activities, i.e., the mere presence of activities.



Example



Other abstractions



Set abstraction based on future 
(only one step)

For larger processes with incomplete logs, limiting the horizon helps generalizing!



Combination: A two step approach based on 
controlled abstraction and regions



Language-Based Regions
(Van Dongen, Van der Werf, Lorenz, Desel, et al.) 

• Consider the following 
language: 
abbe, acde, adce

• Which prefix-closed is:
a, ab, abb, abbe, 
ac, acd, acde, 
ad, adc, adce

• Idea: What are all the 
places I can add without 
making these prefixes 
impossible?

A B

C

D

E



Translated into a linear programming problem 
A.r >= 0

A B

C

D

E

r0

r1

r5

r3
r4

r2r6

r7

r8

r9
r10

a r0−r6  >= 0
ab r0+r1−r6−r7 >= 0
abb r0+r1+r2−r6−2 r7 >= 0
abbe r0+r1+2 r2−r6−2 r7−r10 >= 0
ac r0+r1−r6−r8 >= 0
acd r0+r1+r3−r6−r8−r9 >= 0
acde r0+r1+r3+r4−r6−r8−r9−r10 >= 0
ad r0+r1−r6−r9 >= 0
adc r0+r1+r4−r6−r9−r8 >= 0
adce r0+r1+r4+r3−r6−r9−r8−r10 >= 0

r0=r6=1 and r1=r2=r3=...=0 is an example solution and hence a possible place.

r1=r2=r8=r7=1 and r0=r3=r4=...=0 is an example solution and hence a possible place.



Result of Integer Linear Programming 
(multiple formulations possible)

a, ab, abb, abbe, 
ac, acd, acde, 
ad, adc, adce

A B

C

D

E

r0=r6=1 and r1=r2=r3=...=0

r1=r2=r8=r7=1 and r0=r3=r4=...=0



Customizable and tunable

• There are infinitely many places, but the selection of 
places to be added can be controlled.

• The ILP formulation can be used to search for 
subclasses (marked graph, state machine, free-
choice, etc.) or to avoid showing "complex" places.

• The ILP formulation can be used to take frequencies 
into account.



Summary

• Alpha miner
• Multi phase miner
• Genetic process mining
• State-based region mining
• Language based region mining
Many more:
• Fuzzy miner
• Heuristics miner
• Alpha+, Alpha++, Alpha #, etc.
• ...

http://www.sxc.hu/browse.phtml?f=download&id=45559


Balancing Between 
Overfitting and 
Underfitting



Challenge: Balancing 
Between Underfitting and 
Overfitting



The essence

A

B

C

DE



But ...



Finding a balance

more
behavior

more
behavior



99
0
85
0

http://upload.wikimedia.org/wikipedia/commons/0/03/Green_check.svg


99
88
85
78

http://upload.wikimedia.org/wikipedia/commons/0/03/Green_check.svg


99
2
85
3



Important observations

• Frequencies matter!
• Adding a place equals restricting 

behavior!
• "The model" does not exist!



Relevance



2712 patients
29258 events

264 different activities



874 patients
10478 events

181 different activities



24 machines
154966 events

360 different activities



Problems

• Representational bias (i.e., generalization is 
driven by representation rather than log or 
preferences).

• Inability of dealing with or detecting noise.
• Wrong abstraction level. 
• Limitation of current process modeling 

(visualization) techniques.



Example: Heusden

State horizon set to last activity.



Trip
facts

are released
for accounting

Planned
trip

is approved

Travel
Expenses

Advance
payment

Need
to correct
planned

trip
is transmitted

Unrequested
trip

has taken
place

Trip
facts

and receipts
have

been released for checking

Approved
trip

has taken
place

Trip
costs

statement
is transmitted

Entry
of trip
facts

Entry
of a

travel
request

Accounting
date

is reached

Payment
amount

transmitted
to bank/
payee

Cancellation

Trip
costs
must

be included
in cost accounting

Amounts
liable

to employment
tax transmitted

to payroll

Amounts
relevant

to accounting
transmitted

to payroll accounting

Need
for trip

has arisen

Payments
must

be released

Trip
is requested

Approval
of trip
facts

Payment
must

be effected

Approval
of travel
request

Trip
expenses

reimbursement
is rejected

Planned
trip

must
be canceled

Trip
advance

is transmitted/
paid

Trip
expenses

reimbursement
must

be canceled

Trip
is canceled

Trip
costs

cancelation
statement

is transmitted

Planned
trip

is rejected

Approval
of trip
facts

is transmitted



Highlights more 
important paths

More significant nodes 
are emphasized



More to learn from maps...

Aggregation
Clustering of coherent, 
less significant structures

Abstraction
Removing isolated, less 
significant structures



Fuzzy miner



Showing reality



Discovering Other 
Perspectives



Perspectives

• Control-flow perspective
• As before ...

• Data perspective
• How does data flow from one task to 

another?
• What data is influencing decisions?
• What are the (data-driven) business 

rules?
• Organizational perspective

• Who is doing what?
• Who is working with who?
• What are the (real) roles in an 

organization?
• ...



Examples of social network mining
(Minseok Song et al.)



Social networks based on hand-over of work



Decision mining
(Anne Rozinat et al.)



Conformance 
Checking and 
Extension



Conformance and Extension



Conformance checker
(Anne Rozinat et al.)

How to quantify this?



Fitness by replay

m=missing,r=remaining,c=consumed,p=produced



No problem (m=0, r=0)



Another (impossible) trace





Fitness calculation



Examples

f=1.000 f=0.995 f=0.540



Diagnostics



Other Metrics

• Fitness is not sufficient: hence other metrics are 
needed such as behavioral and structural 
appropriateness, etc.

• These metrics cover aspects such as:
• Punishing for "too much" behavior.
• Punishing for "overly complex" models.



Extension

• Existing models can be enriched by logs analysis 
(e.g., indicating bottlenecks, etc.).

• Process mining results can be combined.
• Can be used to create comprehensive simulation 

models and export them to e.g. CPN Tools:



Example: Log from Dutch municipality

+ time

+ data

+ resources
Results of automatically generated CPN Tools simulation models



ProM Tool



• Open source initiative started in 2003 after several early 
prototypes.

• Common Public License (CPL).
• Current version: 5.0.
• ProMimport: to extract MXML from all kinds of applications
• Plug-in architecture.
• About 250 plug-ins available:

• mining plug-ins: 38 (all mining algorithms presented and many 
more)

• analysis plug-ins: 71 (e.g., verification, SNA, LTL, conformance 
checking, etc.)

• import: 21 (for loading EPCs, Petri nets, YAWL, BPMN, etc.)
• export: 44  (for storing EPCs, Petri nets, YAWL, BPMN, BPEL, 

etc.)
• conversion: 45 (e.g., translating EPCs or BPMN into Petri nets)
• filter: 24 (e.g., removing infrequent activities)



Screenshot of ProM 5.0



Demo



Conclusion



Conclusion

• The existence of event data enables a wide 
variety of process mining techniques ranging from 
process discovery to conformance checking. 

• ProM supports this through +/- 250 plug-ins.
• A reality check for people that are involved in 

process modeling.
• Interesting challenges for both researchers and 

practitioners.
• Please join us! (www.processmining.org)
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