
NováticaNováticaNováticaNováticaNovática, founded in 1975, is the oldest periodical publication
amongst those especialized in Information and Communication
Technology (ICT) existing today in Spain. It is published by ATIATIATIATIATI
(((((Asociación de Técnicos de InformáticaAsociación de Técnicos de InformáticaAsociación de Técnicos de InformáticaAsociación de Técnicos de InformáticaAsociación de Técnicos de Informática) ) ) ) ) which also
publishes REICIS REICIS REICIS REICIS REICIS (Revista Española de Inovación, Calidad  e
Ingeniería del Software).

<http://www.ati.es/novatica/>
<http://www.ati.es/reicis/>

ATI ATI ATI ATI ATI is a founding member of CEPIS CEPIS CEPIS CEPIS CEPIS (Council of European
Professional Informatics Societies), the Spain´s representative
in IFIP IFIP IFIP IFIP IFIP (International Federation for Information Processing),
and a member of CLEI CLEI CLEI CLEI CLEI (Centro Latinoamericano de Estudios en
Informática) and CECUACECUACECUACECUACECUA (Confederation of EuropeanComputer
User Associations). It has a collaboration agreement with ACMACMACMACMACM
(Association for Computing Machinery) as well as with diverse
Spanish organisations in the ICT field.
Editorial Board
Guillem Alsina González, Rafael Fernández Calvo (presidente del Consejo), Jaime Fernández Martínez,
Luís Fernández Sanz, José Antonio Gutiérrez de Mesa, Silvia Leal Martín, Dídac López Viñas, Francesc
Noguera Puig, Joan Antoni Pastor Collado, Víktu Pons i Colomer, Moisés Robles Gener, Cristina Vigil Díaz,
Juan Carlos Vigo López

Chief Editor
Llorenç Pagés Casas <pages@ati.es>
Layout
Jorge Llácer Gil de Ramales
Translations
Grupo de Lengua e Informática de ATI <http://www.ati.es/gt/lengua-informatica/>
Administration
Tomás Brunete, María José Fernández, Enric Camarero

Section Editors

Artificial Intelligence
Vicente Botti Navarro, Julián Inglada (DSIC-UPV), <{vbotti,viglada}@dsic.upv.es
Computational Linguistics
Xavier Gómez Guinovart (Univ. de Vigo), <xgg@uvigo.es>
Manuel Palomar (Univ. de Alicante), <mpalomar@dlsi.ua.es>
Computer Archiecture
Enrique F. Torres Moreno (Universidad de Zaragoza), <enrique.torres@unizar.es>
José Flich Cardo (Universidad Politécnica de Valencia, <jflich@disca.upv.es>
Computer Graphics
Miguel Chover Sellés (Universitat Jaume I de Castellón), <chover@lsi.uji.es>
Roberto Vivó Hernando (Eurographics, sección española), <rvivo@dsic.upv.es>
Computer Languages
Óscar Belmonte Fernández (Univ. Jaime I de Castellón), <belfern@lsi.uji.es>
Inmaculada Coma Tatay (Univ. de Valencia), <Inmaculada.Coma@uv.es>
e-Government
Francisco López Crespo (MAE), <flc@ati.es>
Sebastià Justicia Pérez (Diputación de Barcelona) <sjusticia@ati.es>
Free Software
Jesús M. González Barahona (GSYC - URJC), <jgb@gsyc.es>
Israel Herráiz Tabernero (Universidad Politéncia de Madrid), <isra@herraiz.org>
Human -Computer Interaction
Pedro M. Latorre Andrés (Universidad de Zaragoza, AIPO), <platorre@unizar.es>
Francisco L. Gutierrez Vela (Universidad de Granada, AIPO), <fgutierr@ugr.es>
ICT and Tourism
Andrés Aguayo Maldonado, Antonio Guevara Plaza (Universidad de Málaga),
<{aguayo, guevara}@lcc.uma.es>
Informatics and Philosophy
José Angel Olivas Varela (Escuela Superior de Informática, UCLM), <joseangel.olivas@uclm.es>
Roberto Feltrero Oreja (UNED), <rfeltrero@gmail.com>
Informatics Profession
Rafael Fernández Calvo (ATI), rfcalvo@ati.es>, Miquel Sarriès Griñó (ATI), <miguel@ati.es>
Information Access and Retrieval
José María Gómez Hidalgo (Optenet), <jmgomezh@yahoo.es>
Enrique Puertas Sanz (Universidad Europea de Madrid), <enrique.puertas@uem.es>
Information Systems Auditing
Marina Touriño Troitiño, <marinatourino@marinatourino.com>
Sergio Gómez-Landero Pérez (Endesa), <sergio.gomezlandero@endesa.es>
IT Governance
Manuel Palao García-Suelto (ATI), <manuel@palao.com>,
Miguel García-Menéndez (iTTi) <mgarciamenendez@ittrendsinstitute.org>
Knowledge Management
Joan Baiget Solé (Cap Gemini Ernst & Young), <joan.baiget@ati.es>
Language and Informatics
M. del Carmen Ugarte García (ATI), <cugarte@ati.es>
Law and  Tecnology
Isabel Hernando Collazos  (Fac. Derecho de Donostia, UPV), <isabel.hernando@ehu.es>
Elena Davara Fernández de Marcos (Davara & Davara), <edavara@davara.com>
Networking and Telematic Services
Juan Carlos López López (UCLM), <juancarlos.lopez@uclm.es>
Ana Pont Sanjuán (UPV), <apont@disca.upv.es>
Personal Digital Environment
Andrés Marín López (Univ. Carlos III), <amarin@it.uc3m.es>
Diego Gachet Páez (Universidad Europea de Madrid), <gachet@uem.es>
Software Modeling
Jesus García Molina (DIS-UM), <jmolina@um.es>
Gustavo Rossi (LIFIA-UNLP, Argentina), <gustavo@sol.info.unlp.edu.ar>
Students´ World
Federico G. Mon Trotti (RITSI), <gnu.fede@gmail.com>
Mikel Salazar Peña (Area de Jovenes Profesionales, Junta de ATI Madrid), <mikeltxo_uni@yahoo.es>
Real Time Systems
Alejandro Alonso Muñoz, Juan Antonio de la Puente Alfaro (DIT-UPM),
<{aalonso,jpuente}@dit.upm.es>
Robotics
José Cortés Arenas (Sopra Group), <joscorare@gmail.com>
Juan González Gómez (Universidad Carlos III ), <juan@iearobotics.com
Security
Javier Areitio Bertolín (Univ. de Deusto), <jareitio@deusto.es>
Javier López Muñoz (ETSI Informática-UMA), <jlm@lcc.uma.es>
Software Engineering
Luis Fernández Sanz, Daniel Rodríguez García (Universidad de Alcalá),<{luis.fernandezs,
daniel.rodriguez}@uah.es>
Tecnologies and Business
Didac López Viñas (Universitat de Girona), <didac.lopez@ati.es>
Alonso Álvarez García (TID) <aag@tid.es>
Tecnologies for Education
Juan Manuel Dodero Beardo (UC3M), <dodero@inf.uc3m.es>
César Pablo Córcoles Briongo (UOC), <ccorcoles@uoc.edu>.
Teaching of Computer Science
Cristóbal Pareja Flores (DSIP-UCM), <cpareja@sip.ucm.es>
J. Ángel Velázquez Iturbide (DLSI I, URJC), angel.velazquez@urjc.es>
Technological Trends
Juan Carlos Vigo (ATI), <juancarlosvigo@atinet.es>
Gabriel Martí Fuentes (Interbits), <gabi@atinet.es>
Web Standards
Encarna Quesada Ruiz (Virati) <encarna.quesada@gmail.com>
José Carlos del Arco Prieto (TCP Sistemas e Ingeniería), <jcarco@gmail.com>)

CopyrightCopyrightCopyrightCopyrightCopyright © ATI 2014© ATI 2014© ATI 2014© ATI 2014© ATI 2014
The opinions expressed by the autors are their exclusive responsability

Editorial Office, Advertising and  Madrid Office
Plaza de España 6, 2ª planta, 28008 Madrid
Tlfn.914029391; fax.913093685 <novatica@ati.es>
Layout and Comunidad Valenciana Office
Av. del Reino de Valencia 23, 46005 Valencia
Tlfn. 963740173 <novatica_prod@ati.es>
Acounting, Subscriptions and Catalonia Office
Calle Ävila 48-50, 3a planta, local 9, 08005 Barcelona
Tlfn.934125235; fax 934127713 <secregen@ati.es>
Andalucía OfficeOfficeOfficeOfficeOffice <secreand@ati.es>
Galicia OfficeOfficeOfficeOfficeOffice<secregal@ati.es>
Subscriptións and Sales <novatica.subscripciones@atinet.es>
Advertising Plaza de España 6, 2ª planta, 28008 Madrid
Tlnf.914029391; fax.913093685 <novatica@ati.es>
Legal depósit: B 15.154-1975 -- ISSN: 0211-2124; CODEN NOVAEC
Cover Page: "Mineral, Vegetable, Animal" - Concha Arias Pérez  / © ATI
Layout Dising: Fernando Agresta / © ATI 2003

    Special English Edition 2013-2014    Special English Edition 2013-2014    Special English Edition 2013-2014    Special English Edition 2013-2014    Special English Edition 2013-2014
    Annual Selection of Articles    Annual Selection of Articles    Annual Selection of Articles    Annual Selection of Articles    Annual Selection of Articles

editorial
ATI: Boosting the Future > 02
From the Chief Editor´Pen
Process Mining: Taking Advantage of Information Overload > 02
Llorenç Pagés Casas

monograph
Process Mining
Guest Editors: Antonio Valle-Salas and Anne Rozinat

Presentation. Introduction to Process Mining > 04
Antonio Valle-Salas, Anne Rozinat

Process Mining: The Objectification of Gut Instinct - Making Business
Processes More Transparent Through Data Analysis > 06
Anne Rozinat, Wil van der Aalst

Process Mining: X-Ray Your Business Processes > 10
Wil van der Aalst

The Process Discovery Journey > 18
Josep Carmona

Using Process Mining in ITSM > 22
Antonio Valle-Salas

Process Mining-Driven Optimization of a Consumer Loan Approvals Process > 30
Arjel Bautista, Lalit Wangikar, S.M. Kumail Akbar

Detection of Temporal Changes in Business Processes
Using Clustering Techniques > 39
Daniela Luengo, Marcos Sepúlveda

summary



10 novática Special English Edition - 2013/2014 Annual Selection of Articles

monograph Process Mining

monograph

1. Process Mining Spectrum
Process mining aims to discover, monitor
and improve real processes by extracting
knowledge from event logs readily available
in today’s information systems [1][2].

Although event data are omnipresent,
organizations lack a good understanding of
their actual  processes. Management
decisions tend to be based on PowerPoint
diagrams, local politics, or management
dashboards rather than an careful analysis of
event data. The knowledge hidden in event
logs cannot be turned into actionable
information. Advances in data mining made
it possible to find valuable patterns in large
datasets and to support complex decisions
based on such data. However, classical data
mining problems such as classification,
clustering, regression, association rule
learning, and sequence/episode mining are
not process-centric.

Therefore, Business Process Management
(BPM) approaches tend to resort to hand-
made models. Process mining research
aims to bridge the gap between data mining
and BPM. Metaphorically, process mining
can be seen as taking X-rays to diagnose/
predict problems and recommend treat-
ment.

An important driver for process mining is the
incredible growth of event data [4][6]. Event
data is everywhere – in every sector, in every
economy, in every organization, and in every
home one can find systems that log events.
For less than $600, one can buy a disk drive
with the capacity to store all of the world’s
music [6]. A recent study published in
Science, shows that storage space grew from
2.6 optimally compressed exabytes (2.6 x 10
18  bytes) in 1986 to 295 compressed exabytes
in 2007. In 2007, 94 percent of al l
information storage capacity on Earth was
digital. The other 6 percent resided in books,
magazines and other non-digital formats.
This is in stark contrast with 1986 when only
0.8 percent of all information storage capacity
was digital. These numbers illustrate the
exponential growth of data.

Process Mining:
X-Ray Your Business Processes

Wil van der Aalst
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Abstract: Recent breakthroughs in process mining research make it possible to discover, analyze, and
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ware leave trails in so-called event logs. Events such as entering a customer order into SAP, checking
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The further adoption of technologies such
as RFID (Radio Frequency Identification),
location-based services, cloud computing,
and sensor networks, will further accelerate
the growth of event data. However,
organizations have problems effectively using
such large amounts of event data. In fact,
most organizations still diagnose problems
based on fiction (Powerpoint slides, Visio
diagrams, etc.) rather than facts (event data).
This is illustrated by the poor quality of
process models in practice, e.g., more than
20% of the 604 process diagrams in SAP’s
reference model have obvious errors and
their relation to the actual business processes
supported by SAP is unclear [7]. Therefore,
it is vital to turn the massive amounts of
event data into relevant knowledge and
reliable insights. This is where process mining
can help.

The growing maturity of process mining is
illustrated by the Process Mining Manifesto
[5] recently released by the IEEE Task For-
ce on Process Mining. This manifesto is
supported by 53 organizations and 77 process
mining experts contributed to it. The active
contributions from end-users, tool vendors,

consultants, analysts, and researchers
illustrate the significance of process mining
as a bridge between data mining and busi-
ness process modeling.

Starting point for process mining is an event
log. Each event in such a log refers to an
activity (i.e., a well-defined step in some
process) and is related to a particular case
(i .e., a process instance). The events
belonging to a case are ordered and can be
seen as one "run" of the process. Event logs
may store additional information about
events. In fact, whenever possible, process
mining techniques use extra information such
as the resource (i.e., person or device)
executing or initiating the activity, the
timestamp of the event, or data elements
recorded with the event (e.g., the size of an
order).

Event logs can be used to conduct three
types of process mining as shown in Figure
1 [1]. The first type of process mining is
discovery. A discovery technique takes an
event log and produces a model without
using any a-priori information. Process
discovery is the most prominent process

mailto:t@tue.
http://www.vdaalst.com
http://doi.acm.org/10.1145/2240236.2240
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Figure  1. The Three Basic Types of Process Mining Explained in Terms of Input and Output.

Conformance checking can be used to check if reality,
as recorded in the log, conforms to the model and vice versa

mining technique. For many organizations it
is surprising to see that existing techniques
are indeed able to discover real processes
merely based on example behaviors recorded
in event logs.

The second type of process mining is
conformance. Here, an existing process
model is compared with an event log of the
same process. Conformance checking can
be used to check if reality, as recorded in the
log, conforms to the model and vice versa.
The third type of process mining is
enhancement. Here, the idea is to extend or
improve an existing process model using
information about the actual process
recorded in some event log. Whereas
conformance checking measures the
alignment between model and reality, this
third type of process mining aims at changing
or extending the a-priori model. For instance,
by using timestamps in the event log one can
extend the model to show bottlenecks, service
levels, throughput times, and frequencies.

2. Process Discovery
As shown in Figure 1, the goal of process
discovery is to learn a model based on some
event log. Events can have all kinds of
attributes (timestamps, transactional
information, resource usage, etc.). These
can all be used for process discovery.

However, for simplicity, we often represent
events by activity names only. This way, a
case (i .e., process instance) can be
represented by a trace describing a sequence
of activities.

Consider for example the event log shown in
Figure 1 (example is taken from [1]). This
event log contains 1,391 cases, i.e., instances
of some reimbursement process. There are
455 process instances following trace acdeh.
Activities are represented by a single
character:  = register request, b = examine
thoroughly, c = examine casually, d = check
ticket, e = decide, f = reinitiate request, g =
pay compensation, and h = reject request.
Hence, trace acdeh  models a reimbursement
request that was rejected after a registration,
examination, check, and decision step. 455
cases followed this path consisting of five
steps, i .e., the first l ine in the table
corresponds to 455 x 5 = 2,275 events. The
whole log consists of 7,539 events.

Process discovery techniques produce
process models based on event logs such as
the one shown in Figure 2. For example, the
classical -algorithm produces model M1
for this log. This process model is represented
as a Petri net. A Petri net consists of places
and transitions. The state of a Petri net, also
referred to as marking, is defined by the

distribution of tokens over places.

A transition is enabled if each of its input

places contains a token. For example,  is

enabled in the initial marking of , because

the only input place of  contains a token

(black dot). Transition  in  is only
enabled if both input places contain a token.
An enabled transition may fire thereby
consuming a token from each of its input
places and producing a token for each of its

output places. Firing  in the initial marking
corresponds to removing one token from
start and producing two tokens (one for

each output place). After firing , three

transitions are enabled: , , and .

Firing  will disable  because the token
is removed from the shared input place (and

vice versa). Transition  is concurrent with

 and , i.e., it can fire without disabling

another transition. Transition  becomes

enabled after  and  or  have occurred.

After executing  three transitions become

enabled: , , and . These transitions
are competing for the same token thus

modeling a choice. When  or  is fired,
the process ends with a token in place end.

If  is fired, the process returns to the state

just after executing .

Note that transition  is concurrent with

 and . Process mining techniques need
to be able to discover such more advanced
process patterns and should not be restricted
to simple sequential processes.

It is easy to check that all traces in the event
log can be reproduced by . This does not
hold for the second process model in Figure
2.  is only able to reproduce the most

frequent trace . The model does
not fit the log well because observed traces

such as  are not possible according

to . The third model is able to reproduce

the entire event log, but  also allows for

traces such as  and .

“ ”
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Figure 2. One Event Log and Four Potential Process Models (M1, M2, M3 and M4) Aiming to Describe the Observed Behavior.

Therefore, we consider  to be
"underfitting"; too much behavior is allowed
because  clearly overgeneralizes the

observed behavior. Model  is also able to
reproduce the event log. However, the model
simply encodes the example traces in the
log. We call such a model "overfitting" as the
model does not generalize behavior beyond
the observed examples.

In recent years, powerful process mining
techniques have been developed that can
automatically construct a suitable process
model given an event log. The goal of such
techniques is to construct a simple model
that is able to explain most of the observed
behavior without "overfi tting" or
"underfitting" the log.

3. Conformance Checking
Process mining is not limited to process
discovery. In fact, the discovered process is
merely the starting point for deeper analysis.
As shown in Figure 1 , conformance
checking and enhancement relate model and
log. The model may have been made by hand
or discovered through process discovery.
For conformance checking, the modeled
behavior and the observed behavior (i.e.,
event log) are compared. When checking the
conformance of  with respect to the log
shown in Figure 2 it is easy to see that only

the 455 cases that followed  can be
replayed from begin to end. If we try to

replay trace , we get stuck after

executing  because  is not enabled.

If we try to replay trace , we get
stuck after executing the first step because

 is not (yet) enabled.

There are various approaches to diagnose
and quantify conformance. One approach is
to find an optimal alignment between each
trace in the log and the most similar behavior
in the model. Consider for example process
model , a fitting trace , a

non-fitting trace , and the

three alignments shown in Table 1. 

shows a perfect alignment between  and

: all moves of the trace in the event log
(top part of alignment) can be followed by
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moves of the model  (bottom part of
alignment).  shows an optimal alignment

for trace  in the event log and model .

The first two moves of the trace in the event
log can be followed by the model. However,

 is not enabled after executing just  and

. In the third position of alignment , we

see a  move of the model that is not
synchronized with a move in the event log. A
move in just the model is denoted as

). In the next three moves model and
log agree. In the seventh position of
alignment  there is just a move of the

model and not a move in the log: ).

 shows another optimal alignment for

trace . Here there are two situations
where log and model do not move together:

) and ). Alignments  and

 are both optimal if the penalties for
"move in log" and "move in model" are the
same. In both alignments there are two 
steps and there are no alignments with less
than two  steps.

Conformance can be viewed from two angles:
(a) the model does not capture the real
behavior ("the model is wrong") and (b)
reality deviates from the desired model "the
event log is wrong"). The first viewpoint is
taken when the model is supposed to be
descriptive, i.e., capture or predict reality.
The second viewpoint is taken when the
model is normative, i.e., used to influence or
control reality.

There are various types of conformance and
creating an alignment between log and model
is just the starting point for conformance
checking [1]. For example, there are various
fitness (the ability to replay) metrics. A
model has fitness 1 if all traces can be
replayed from begin to end. A model has
fitness 0 if model and event log "disagree" on
all events. Process models ,  and

 have a fitness of 1 (i.e., perfect fitness)
with respect to the event log shown in Figu-
re 2 Model  has a fitness 0.8 for the
event log consisting of 1,391 cases.

Intuitively, this means that 80% of the events
in the log can be explained by the model.
Fitness is just one of several conformance
metrics.

Experiences with conformance checking in
dozens of organizations show that real-life
processes often deviate from the simplified
Visio or PowerPoint representations used by
process analysts.

4. Model Enhancement
It is also possible to extend or improve an
existing process model using the alignment
between event log and model. A non-fitting
process model can be corrected using the
diagnostics provided by the alignment. If the
alignment contains many ) moves,
then it may make sense to allow for the

skipping of activity  in the model.
Moreover, event logs may contain
information about resources, timestamps,
and case data. For example, an event referring
to activity "register request" and case
"992564" may also have attributes describing
the person that registered the request (e.g.,
"John"), the time of the event (e.g., "30-11-
2011:14.55"), the age of the customer (e.g.,
"45"), and the claimed amount (e.g., "650
euro"). After aligning model and log it is
possible to replay the event log on the model.
While replaying one can analyze these
additional attributes.

For example, as Figure 3  shows, it is
possible to analyze waiting times in-between
activities. Simply measure the time difference
between causally related events and compu-
te basic statistics such as averages, variances,
and confidence intervals. This way it is
possible to identify the main bottlenecks.
Information about resources can be used to
discover roles, i.e., groups of people
frequently executing related activities. Here,
standard clustering techniques can be used.
It is also possible to construct social networks
based on the flow of work and analyze
resource performance (e.g., the relation
between workload and service times).

Standard classification techniques can be
used to analyze the decision points in the

process model. For example, activity  ("de-

cide") has three possible outcomes ("pay",
"reject", and "redo"). Using the data known
about the case prior to the decision, we can
construct a decision tree explaining the
observed behavior.

Figure 3 illustrates that process mining is
not limited to control-f low discovery.
Moreover, process mining is not restricted
to offline analysis and can also be used for
predictions and recommendations at
runtime. For example, the completion time
of a partially handled customer order can be
predicted using a discovered process model
with timing information.

5. Process Mining Creates
Value in Several Ways
After introducing the three types of process
mining using a small example, we now focus
on the practical value of process mining. As
mentioned earlier, process mining is driven
by the exponential growth of event data. For
example, according to MGI, enterprises
stored more than 7 exabytes of new data on
disk drives in 2010 while consumers stored
more than 6 exabytes of new data on devices
such as PCs and notebooks [6].

In the remainder, we will show that process
mining can provide value in several ways. To
illustrate this we refer to case studies where
we used our open-source software package
ProM [1]. ProM was created and is
maintained by the process mining group at
Eindhoven University of Technology.
However, research groups from all over the
world contributed to it, e.g., University of
Padua, Universitat Politècnica de Catalunya,
University of Calabria, Humboldt-
Universität zu Berlin, Queensland University
of Technology, Technical University of
Lisbon, Vienna University of Economics
and Business, Ulsan National Institute of
Science and Technology, K.U. Leuven,
Tsinghua University, and University of
Innsbruck. Besides ProM there are about 10
commercial software vendors providing
process mining software (often embedded
in larger tools), e.g., Pallas Athena, Soft-
ware AG, Futura Process Intelligence,
Fluxicon, Businesscape, Iontas/Verint,
Fujitsu, and Stereologic.

A Petri net consists of places and transitions.
The state of a Petri net, also referred to as marking, is defined

by the distribution of tokens over places

Table 1. Examples of Alignment Between the Traces in the Event Log and the Model.

“
”
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It is also possible to extend or improve an existing process
model using the alignment between event log and model“ ”

Figure 3. The Process Model Can Be Extended Using Event Attributes Such as Timestamps, Resource Information and Case Data. The model
also shows frequencies, e.g. 1,537 times a decision was made and 930 cases where rejected.!

5.1. Provide Insights
In the last decade, we have applied our
process mining software ProM in over 100
organizations. Examples are municipalities
(about 20 in total, e.g., Alkmaar, Heusden,
and Harderwijk), government agencies (e.g.,
Rijkswaterstaat, Centraal Justitieel Incasso
Bureau, and the Dutch Justice department),
insurance related agencies (e.g., UWV),
banks (e.g., ING Bank), hospitals (e.g., AMC
hospital and Catharina hospital),
multinationals (e.g., DSM and Deloitte),
high-tech system manufacturers and their
customers (e.g., Philips Healthcare, ASML,
Ricoh, and Thales), and media companies
(e.g., Winkwaves). For each of these
organizations, we discovered some of their
processes based on the event data they
provided. In each discovered process, there
were parts that surprised some of the
stakeholders. The variability of processes is
typically much bigger than expected. Such
insights represent a tremendous value as
surprising differences often point to waste
and mismanagement.

5.2. Improve Performance
As explained earlier, it is possible to replay
event logs on discovered or hand-made
process models. This can be used for
conformance checking and model
enhancement. Since most event logs contain
timestamps, replay can be used to extend the
model with performance information.

Figure 4 illustrates some of the performan-
ce-related diagnostics that can be obtained
through process mining. The model shown
was discovered based on 745 objections
against the so-called WOZ ("Waardering
Onroerende Zaken") valuation in a Dutch
municipality. Dutch municipalities need to
estimate the value of houses and apartments.
The WOZ value is used as a basis for
determining the real-estate property tax. The
higher the WOZ value, the more tax the
owner needs to pay. Therefore, many citizens
appeal against the WOZ valuation and assert
that it is too high.

Each of the 745 objections corresponds to a

process instance. Together these instances
generated 9,583 events all  having
timestamps. Figure 4 shows the frequency
of the different paths in the model. Moreover,
the different stages of the model are colored
to show where, on average, most time is
spent. The purple stages of the process take
most time whereas the blue stages take the
least time. It is also possible to select two
activities and measure the time that passes
in-between these activities.

As shown in Figure 4, on average, 202.73
days pass in-between the completion of activity
"OZ02 Voorbereiden" (preparation) and the
completion of "OZ16 Uitspraak" (final
judgment). This is longer than the average
overall flow time which is approx. 178 days.
About 416 of the objections (approx. 56%)
follow this route; the other cases follow the
branch "OZ15 Zelf uitspraak" which, on avera-
ge, takes less time.

Diagnostics as shown in Figure 4 can be
used to improve processes by removing
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Figure 4. Performance Analysis Based on 745 Appeals against the WOZ Valuation.

bottlenecks and rerouting cases. Since the
model is connected to event data, it is possible
to "drill down" immediately and investigate
groups of cases that take more time than
others [1].

5.3. Ensure Conformance
Replay can also be used to check
conformance as is illustrated by Figure 5.
Based on 745 appeals against the WOZ
valuation, we also compared the normative
model and the observed behavior: 628 of the
745 cases can be replayed without
encountering any problems. The fitness of
the model and log is 0.98876214 indicating
that almost all recorded events are explained
by the model. Despite the good fitness,
ProM clearly shows all deviations. For
example, "OZ12 Hertaxeren" (reevaluate
property) occurred 23 times while this was
not allowed according to the normative model
(indicated by the "-23" in Figure 5). Again
it is easy to "drill down" and see what these
cases have in common.

The conformance of the appeal process just
described is very high (about 99% of events
are possible according to the model). We
also encountered many processes with a
very low conformance, e.g., it is not
uncommon to find processes where only
40% of the events are possible according to
the model. For example, process mining
revealed that ASML’s modeled test process
strongly deviated from the real process [9].
The increased importance of corporate
governance, risk and compliance manag-
ement, and legislation such as the Sarbanes-
Oxley Act (SOX) and the Basel II Accord,
i llustrate the practical relevance of
conformance checking. Process mining can
help auditors to check whether processes are
executed within certain boundaries set by
managers, governments, and other stake
holders [3]. Violations discovered through
process mining may indicate fraud,
malpractice, risks, and inefficiencies. For
example, in the municipality where we
analyzed the WOZ appeal process, we

discovered misconfigurations of their
eiStream workflow management system.
People also bypassed the system. This was
possible because system administrators
could manually change the status of cases
[8].

5.4. Show Variability
Hand-made process models tend to provide
an idealized view on the business process
that is modeled. Often such a "PowerPoint
reality" has little in common with the real
processes that have much more variability.
However, to improve conformance and per-
formance, one should not abstract away this
variability.

In the context of process mining we often see
Spaghetti-like models such as the one shown
in Figure 6. The model was discovered
based on an event log containing 24,331
events referring to 376 different activities.
The event log describes the diagnosis and
treatment of 627 gynecological oncology

Often such a ‘PowerPoint reality’ has little in common with
the real processes that have much more variability.

However, to improve conformance and performance,
one should not abstract away this variability

“
”
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Figure 6. Process Model Discovered for a Group of 627 Gynecological Oncology Patients.

Figure 5. Conformance Analysis Showing Deviations between Eventlog and Process.
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patients in the AMC hospital in Amsterdam.
The Spaghetti-like structures are not caused
by the discovery algorithm but by the true
variability of the process.

Although it is important to confront
stakeholders with the reality as shown in
Fig. 6, we can also seamlessly simplify Spag-
hetti-like models. Just like using electronic
maps it is possible to seamlessly zoom in and
out [1]. While zooming out, insignificant
things are either left out or dynamically
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and suburbs amalgamate into cities in Google
Maps. The significance level of an activity or
connection may be based on frequency,
costs, or time.

5.5. Improve Reliability
Process mining can also be used to improve
the reliability of systems and processes. For
example, since 2007 we have been involved
in an ongoing effort to analyze the event logs
of the X-ray machines of Philips Healthcare
using process mining [1]. These machines
record massive amounts of events. For
medical equipment it is essential to prove
that the system was tested under realistic
circumstances. Therefore, process discovery
was used to construct realistic test profiles.
Philips Healthcare also used process mining
for fault diagnosis. By learning from earlier
problems, it is possible to find the root cause
for new problems that emerge. For example,
using ProM, we have analyzed under which
circumstances particular components are
replaced. This resulted in a set of signatures.
When a malfunctioning X-ray machine
exhibits a particular "signature" behavior,
the service engineer knows what component
to replace.

5.6. Enable Prediction
The combination of historic event data with
real-time event data can also be used to
predict problems. For instance, Philips
Healthcare can anticipate that an X-ray tube
in the field is about to fail by discovering
patterns in event logs. Hence, the tube can
be replaced before the machine starts to
malfunction.

Today, many data sources are updated in
(near) real-time and sufficient computing
power is available to analyze events as they
occur. Therefore, process mining is not
restricted to off-line analysis and can also be
used for online operational support. For a
running process instance it is possible to
make predictions such as the expected
remaining flow time [1].

6. Conclusion
Process mining techniques enable
organizations to X-ray their business processes,
diagnose problems, and get suggestions for
treatment. Process discovery often provides
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new and surprising insights. These can be used
to redesign processes or improve management.
Conformance checking can be used to see
where processes deviate. This is very relevant
as organizations are required to put more
emphasis on corporate governance, risks, and
compliance. Process mining techniques offer a
means to more rigorously check compliance
while improving performance.

This article introduced the basic concepts and
showed that process mining can provide value
in several ways. The reader interested in process
mining is referred to the first book on process
mining [1] and the process mining manifesto
[5] which is available in 12 languages. Also
visit <www.processmining.org> for sample
logs, videos, slides, articles, and software.
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