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process mining



Process mining: The missing link

-,

performance-
oriented
questions,
problems and
solutions

process model analysis

(simulation, verification, optimization, gaming, etc.)

data-oriented analysis

(data mining, machine learning, business intelligence)

compliance-
oriented
questions,
problems and
solutions




Positioning Process Mining

process
discovery

predictive |
analytics |










Starting point for process mining:

Event data

student name
Peter Jones
Sandy Scott
Bridget White

John Anderson
Sandy Scott
Bridget White
Sandy Scott
Bridget White

John Anderson

case id

course name
Business Information systems
Business Information systems
Business Information systems
Business Information systems

BPM Systems

BPM Systems

Process Mining

Process Mining

Process Mining

activity

16-1-2014
16-1-2014
16-1-2014
16-1-2014
17-1-2014
17-1-2014
20-1-2014
20-1-2014
20-1-2014

timestamp

name

every row is an event
(here: an exam attempt)

00)

0O © U1 60 N 00 © o

other data




Another event log: order handling

order activity timestamp user product quantity
number

9901 register order 22-1-2014@09.15 Sara Jones iPhone5S 1
9902 register order 22-1-2014@09.18 Sara Jones iPhone5S 2
9903 register order 22-1-2014@09.27 Sara Jones iPhone4S 1
9901 check stock 22-1-2014@09.49 Pete Scott 1IPhone5S 1
9901 ship order 22-1-2014@10.11 Sue Fox iIPhone5S 1
9903 check stock 22-1-2014@10.34 Pete Scott iPhone4S 1
9901 handle payment 22-1-2014@10.41 Carol Hope iPhone5S 1
9902 check stock 22-1-2014@10.57 Pete Scott iPhone5S 2
9902 cancel order 22-1-2014@11.08 Carol Hope iPhone5S 2
case id activity timestamp resource other data

name




Another event log: patient treatment

patient activity timestamp doctor age cost
5781 make X-ray 23-1-2014@10.30  Dr. Jones 45 70.00
5541 blood test 23-1-2014@10.18 Dr. Scott 61 40.00
5833 blood test 23-1-2014@10.27  Dr. Scott 24 40.00
5781 blood test 23-1-2014@10.49 Dr. Scott 45 40.00
5781 CT scan 23-1-2014@11.10 Dr. Fox 45 1200.00
5833 surgery 23-1-2014@12.34  Dr. Scott 24 2300.00
5781 handle payment 23-1-2014@12.41 Carol Hope 45 0.00
5541 radiation therapy 23-1-2014@13.57 Dr. Jones 61 140.00
5541 radiation therapy 23-1-2014@13.08 Dr. Jones 61 140.00

_ activity : other data
e e ame timestamp 4@
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600+ plug-ins available covering the
whole process mining spectrum

= e\

process mining workbench




Disco perceptivesoftware [~ = "7

by Fluxicon, a Lexmark company

| T m——

celonis o @
process mining

(PR

Quality. Processes. Results,

WEN
BT
;
|}
A 4

XMPRU

GET BETTER AT GETTING WORK DONE

; )
ARIS FUJITSU i

Process Performance Manager




Quiz Question:
How to remove behavior?

start \(: end
p2 C p4

ABED AED ACBD ABCD
ACBD AED

ABCD ABCD




Answer:
Add places or remove transitions




Quiz Question:
How to add behavior?

start end

PAGE 42




ANswer:

Add transitions or remove places!

o X m P me

start end

p2 C /4

AED BACD
ALBD ABFD

ABCD ABCD




Process discovery algorithms

(small selection)

_ distributed genetic mining
automata-based learning

. . language-based regions
heuristic mining

genetic mining state-based regions

: LTL minin
stochastic task graphs J

_ _ Inductive Miner (infrequent)
ETM genetic algorithm
o neural networks
fuzzy mining

o hidden Markov models
mining block structures

a algorithm _ o conformal process graph
multi-phase mining _ .
partial-order based mining

ILP mining

s algortim e
PAGE 44
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Language based regions

~SA
//
I’\
LY
\
\ |
e )|
> |
TS
\\ a2
/\'\

/
\

X |
_<

Region R = (X,Y,c) corresponding to place pi: X ={al,a2,cl} =
transitions producing a token for pg, Y ={b1,b2,c1} = transitions

consuming a token from pg, and c is the initial marking of pg.



Basic idea: enough tokens should be

present when consuming

///,/ ——~_ A place is feasible if it

~al 2N >y AN can be added without
f ~ -~ !'lc1 \\ AN disabling any of the
P e g '\ '\ \ traces in the event log.
s T O
— A,
|
e 7 d
Prad I
e 7\
\/\\
foranyo €L ke {l,...,|o|}, 01 =hd" '(0),a= o(k), 0 = hd*(6) = 01 B a:

€1 Z amultiset (Gl )(t) o Z amulti.s‘el (62) (T) Z 0.

teX teY



Process mining Is about connecting things

Data — Process

Business —IT

Business Intelligence — Business Process Management
Performance — Compliance

Runtime — Design time

NETWT.0.07 0z (2 g) |
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Processes are not just about control-

flow!

'7 It’s a data-flow
| Fan! perSDECtive time 1

g:uu perspective

cost
perspective

| - A ‘ | | It’S |
It’s a 5 5 ‘. \ .
Spear! / ! P
= o | , » Z— Rope! |
.\“\' { ’ .‘ ;\. ;.’.‘_:\.‘ shiitd
f”::‘) 4 -l I
AN 4 X
R W37 <
«‘ | v

control-flow ]

x_‘-.l perspective
.
" a Snake!
energy ‘~ resource
perspective perspective
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Process mining spectrum

people 1] ” organizations
_ business  world
machines

processes documents

models

information system(s)

event lo

‘pre
mortem”|

‘post
mortem”

recommend
based on goal

predict perf.,

risks, costs, ...

check
conformance
performance
analysis

compliance

de jure models

discover

T
o

control-flow

T
R

data/rules

—

resources/
rganizatio

de facto models

Ty
o A

control-flow

Ty
o A

data/rules

Ty

resources/
rganizatio

Online and offline (near
realtime).

All perspectives.

De facto models are
descriptive/predictive.

De jure models are
normative/prescriptive.

Process discovery is just
one element: Aligning
model and reality is the
key thing.
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process cubes



Process discovery is like applying

a function

compute average

> 4.56

(freq., sum, variance, mode, ...)

create model

p |

(alpha, heuristic, fuzzy, social,
dotted, compliance, etc., etc.)
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2 dimensions: model = number

passed

failed

TU/e HSE QUT
hours: 50.5 hours: 48.5 hours: 23.2
number: 32 number: 55 number: 49
hours: 23.5 hours: 10.5 hours: 24.5
number: 23 number: 4 number: 8
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Process models are computed on two

dimensional event data

TUle HSE QUT

TP I S
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What are the differences?




Example: Hertz has 8,650 rental locations
and different types of customers




Example: All Dutch municipalities need
to handle building permits

COSELOG




Example: Suncorp has different brands
and different types of insurance

SUNCORP

B —— (o)
G“' bingle .
[ °';§£

Wi/ @
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Example: students watching recorded

video lectures and making exams

Technische Universiteit
e Eindhoven
University of Technology

Where innovation starts

mark

{1,2,3,4}

{5,6,7}

{8,9,10}
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Process Cubes (OLAP for processes)

process cube I z ) y

New behavior

I
I

/ / / /II I process cell
I

male
Ne— — -

-«—Student.gender—»
o\
)
@)
G

T & |
£ &7 Jan-Aug-
< > 2011
QO German
O
Dutch Chinese German /
-«——Student.nationality—» oo
[ 2 2 ]
w
cell sublo
ee e -
[ = == ]
*0—9
time

process mining
results per cell

i) I =
- =D
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Overview data for a particular course

time runs from left to

right (period of F )
g =icrs o v " Lk 'tj . approximately 3 years)
an event (6744 - e . u U —
events in total) a s =
s . g *8cs
| ] | ]
. LY ] . [ ]
'l. ' of ce (B
( L LB (] ]
1 .
C @ :
5 = .
every horizontal line ‘\ e L]
corresponds to a
student (287 students) s
2 L)
.-
A L B - I | ]
course instance I I s O = .' =
running from January . C:
2011 until August 2011 - ] = -
"
“' - =
- 2 — r .
CepCe ‘(“ g ——=
¥ (i =
a red dots refers to an LT '
a non-red dots refers to a student exam attempt T 3 o
L]

viewing a particular lecture (each
lecture has a unique color) ‘ts




Students that passed

Students that did not pass

Drilling-down Into a course instance

Dutch students

International students

-—een

LR




Comparing processes

Fitness of event
log wrt idealized
model is 0.37

Fitness of event
log wrt idealized
model is 0.28
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Overview of approach

1. Store events in the
process cu be process cube.

2. Materialize the events
in a cell as an event log
that can be analyzed.

3. Automatically discover
models per cell (e.g., a
BPMN or UML model).

4. Check conformance by
replaying event data on
normative (process)

models.
event Iogs 5. Compare discovered
(per ceII) models and normative
models.

6. Compare discovered
models corresponding
to different cells.

7. Compare different
behaviors by replaying
event data of one cell
on another cell's model.

normative models

discovered models (per cell)




splitting event logs






What 1f? there are

T

acefgijkl ©
acddefhkjil
abdefjkgil process
acdddefkhul discovery
acefgijkl
abefgjikl
T b
skip extra
insurance

O c

in bookegr  ¢c1  addextra  c2
insurance

there are more
than 1.000.000
cases?

than 100.000.000
events?

conformance

more

checking

d change
booking

gy

confirm c3

initiate
check-in

add extra
insurance

skip extra
insurance

c5

select car

ﬁgg

check driver’s

charge credit

PAGE 66

there are more than
1000 different
activities?

j

license

k

card

c8
c9
10
cl0 Supply out
car
cll



Decompose event log!

vertical or horizontal

i' Ay

sets of
cases

sets of
activities

= Ay
! . o
PAGE 67



Vertical distribution I:

Split cases arbitrarily

sets of
cases

abcdeg abdcefbdcefbdceg
abcdeg abdcefbcdeg abcdeg
abdcefbcdeg abdceg abcdefbcdefbdceg
abdceg abcdefbcdeg abcdefbdceg
abcdefbcdeg abdcefbdceg abcdeg
abdcefbdceg abcdefbdceg abdceg
abcdefbdceg abcdeg abdcefbcdeg
abdceg
abdcefbdcefbdceg
abcdeg
abcdefbcdefbdceg
abcdefbdceg
abcdeg
abdceg
abdcefbcdeg
abcdeg
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Vertical distribution Il

Split cases based on a specific feature

>

abcdeg abcdeg abdcefbcdeg
abdcefbcdeg abdceg abcdefbedeg
abdceg abcdeg aEdSEEgCEg
abcdefbedeg abdceg abcdelbdced
abdcefbdceg abcdeg abcdefbdceg
abcdefbdceg abcdeg abdcefbcdeg
abcdeg abdceg
abdceg \&H““xhhaﬁgfﬂfgf,,xf”f/}
abdcefbdcefbdceg /d
abcde%
abcdefbedetbdceg v
abcdefbdceg
ggﬁggg abdcefbdcefbdceg
abdcefbcdeg abcdefbedefbdceeg

abcdeg
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Horizontal distribution sets of

activities

T

U

abcdeg abeg bcde
abdcefbcdeg abefbeg bdcebcde
abdceg abeg bdce
abcdefbcdeg abefbeg bcdebcde
abdcefbdceg abefbeg bdcebdce
abcdefbdceg abefbeg bcdebdce
abcdeg abeg bcde
abdceg abeg bdce
abdcefbdcefbdceg abefbefbeg bdcebdcebdce
abcdeg abeg bcde
abcdefbcdefbdceg abefbefbeg bcdebcdebdce
abcdefbdceg abefbeg bcdebdce
abcdeg abeg bcde
abdceg abeg bdce
abdcefbcdeg abefbeg bdcebcde

abcdeg abeg bcde
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Horizontal distribution: The key idea

projected on

a,b,ef,g

abeg
abefbeg
abeg
abefbeg
abefbeg
abefbeg
abeg
abeg
abefbefbeg
abeg
abefbefbeg

abefbeg
abeg

abeg

abefbeg
abeg

(@) —

in

cl

c2

———— o

¢

c3

projected on

-0

c6 out

\/

b,c,d,e

bcde
bdcebcde
bdce
bcdebcde
bdcebdce
bcdebdce
bcde
bdce
bdcebdcebdce
bcde
bcdebcdebdce

bcdebdce
bcde

bdce
bdcebcde
bcde
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Two foundational ways of spitting event

data: horizontal or vertical

XNOTRWNE

Asplit merge
horlzontally 1: ACDEG horizontally
2: BCFG
£ ACEDG
split G?A)A\CCEFDGG ESRERE merge
vertically g ESEES vertically

N
N

1: ACDEG
4: ACEDG
6: ACEDG

N
e

7: BCEDG
8: BCDEG

S

@O~ O~ O~ O~ ]~O
ZEBCFG
~
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decomposed
process mining



Decomposing Conformance Checking

e.g., maximal decomposition, passage-based e.g., A* based alignments, token-based replay, or
decomposition, or SESE/RPST-based decomposition simple replay until first deviation

conformance
checking
technique

decompose .
model o O ... o o

decomposition
technique

yields a (valid) activity partitioning

{}

= =
decompose
sublog sublog sublog

)
-

N N N

conformance diagnostics

@

See "divide and conquer"
framework by Eric Verbeek.




Example of a valid decomposition

Log can be split in the same way!

PAGE 75




Example of an alignment for observed
trace a,b,c,d,e,c,d,g,f

l.. - > I 112(4(5|7(8 1 (3|2

1|2]3|4]5|6]7|8]9|10/11]12 o 2 b
dolcldlelc>ld>g 7> = 12 = albl|d|e|>|d 3 = ajelele
yq = : a a|bld|e|T|d alclele
albleidie|ciTIdITIg| ]| T tl tL|E3[t5[t6|t2]t5 t1[t[t6|t4
t1{E3|t4|tH|t6|t4|t2|tH|tT |19 |t8|111 l
314|168 415819 [10]11 1011} 12
4 _|eldleld| 5 |dleld>|g|f| ¢ _|g|f|>
B eldleld] 2 T ldleld|rlglf| P T |g|f|T
t4{t5(td|th IS[E6|EH[tT|1D |18 t9|t8|111
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Conformance checking can be

decomposed !!!

« General result for any valid decomposition: Any
event log or trace is perfectly fitting the overall
model if and only if it is also fitting all the individual

fragments

Wil van der Aalst, Decomposing Petri nets for process mining:

A generic approach. Distributed and Parallel Databases,
Volume 31, Issue 4, pp 471-507, 2013




Example

(work with Jorge Munoz-Gama and Josep Carmona)

S Diagnose Subprocess pr Fmo6

!4’4*
S e Detect an unfitting subprocess,
{ S e-@ e -@ -o-h
“‘ -._-::: T analyze it in isolation,
{ - and diagnose the cause of the problems

r‘ ::
V@ P e Sian ] Wyof .
4 AT, y P agn Clans SR
’ il ol il e XV TS,
2 ’ '\
/ e e S i Tt T 0. - ()
P T T e e 3 Y\
Rl i Y o e 1, SO Bt YIS
 IPCIF OGRS o e =i, T g - e 3 o o S P e
\ - o’ . \ e . il % . 1
\ B e me TR W g e g oo e R =
P == T ot P ey, SRRt
\,\ ,"":’4 :4_< 4 .‘:”:_.'..\. ‘ v‘::’:.;.. ..’ X
\ T oYt - R PR e e
\ S / ! N o Y P
\ R LN 3 .
\ el R R g el “:.-,-.’h
< - s e eaceTieuk o saar ,.-—-o--o @@ -eDM-e-@ -+  -W-e-C-e4
Y Diagnose Non Fitting Net - e 5
e e R e .
N - . B T .
ol Detect all unfitting subprocesses, -

compose the net that contains all them,

and diagnose the cause of the problems.

n/a

2743 3566

- LA

time (s)




Decomposing Process Discovery

e.g., causal graph based on frequencies is e.g., language/state-based region discovery,
decomposed using passages or SESE/RPST variants of alpha algorithm, genetic process mining

process
discovery
technique

- - B -
- @ - e e - @
discovery discovery discovery

Vs Vs
Ml MZ e 0o 0 0 0 o Mn

submodel submodel submodel

decomposition
technique

yields a (valid) activity partitioning

oo

compose

See "divide and conquer"
framework by Eric Verbeek. PAGE 79




conclusion
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Process Mining: Data Science in Action

https://www.coursera.org/course/procmin

TU/e ===

Process Mining: Data
science in Action

First Massive Open
Online Course (MOOC)

P — on Process Mining
M » A 1M \ agn e QA
a '} L e ey AN
x wape Bl i KGrhe AN gt
] w ™
statistics algorithms
About the Course Sessions stochastics databases

Data science

machine
Iearning/ -7
I/ data

Frocess mining unages the gip Detween radmonal model-Sased

PrOCess anatysis (@ § SIMUIAtoN and Sther DUsIness RIOCELS Massgement

tochn t-oonie Saiss sl b aicelde Eligible for mining data

CAMIQUES| ANG SIR-COMING ANAlYWN 1OCNNIGUES SUCHh 38 MACTune learmang

ang Gata mining 2 v " Ape taemant Of ACCampiisivmend | busi science domain
Course ot o Glance 77 pt::::ssss knowledge
8 6 works of study , intelligence L
© 4.4 tour of won | week / process - visualization
O Engiwt '/ mining /IarEe scale visual
B [njish subetes \ distributed analytics
Instructers = TT—=-- computing
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OUrsera




Wil M. P van day Aalst

Process Mining

Discowery, Conformance and Enhancement of Business Processes

More and more information about business processes is recorded by information
systems in the form of so-called "event logs”. Despite the omnipresence of such data,
most organizations diagnose problems based on fiction rather than facts. Process
mining is an e merging discipline based an process model-driven approaches and data
mining. It not only allows organizations to fully benefit from the information stored
in their systems, but it can also be used to check the conformance of processes, detect
bottlenecks, and predict execution problems.

Wil van derAalst delivers the first book on process mining. t aims to be self-contained
while covering the entire process mining spectrum from process discovery to opera-
tional support. In Part I, the suthor provides the basics of business process modeling
and data mining necessary to understand the remainder of the book Part I focuses on
process discovery as the most important process mining task. Part 111 moves beyond
discovering the cantrol flow of processes and highlights conformance checking, and

organizational and time perspectives. Part IV guides the reader in successfully applying
process mining in practice, including an introduction to the widely used open-source

toal ProM. Finally, Part V takes a step back, reflecting on the material presented and
the key open challenges,

Overoll, this book provides a comprehe nsive overview of the state of the art in process
mining. It is intended for business process analysts, business consultants, process
manoge s, graduate students, and BPM researchers,

Features and Benefits:

« First book on process mining, bridging the gap between business process
modeling and business intelligence.

+ Written by one of the most influential and most-cited computer scientists
and the best-known BPM researcher.

+ Self<contained and comprehensive overview for a broad audience in academia
and industry.

« 'The reader can put process mining into practice immediately due to the
applicability of the technigues and the availability of the open-source process
mining software ProM.

15|ey 19p ueA

I\ 5592014

burul

= O I\[

process mining workbench

Wil M. P.van der Aalst

M . .
Discovery, Conformance and
Enhancement of Business Processes

WWW.processmining.org

Computer Science

ISBN 978-3- A 2-19344-4

» springer.com
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