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Process Mining: X-Ray Your Business Processes

WIL VAN DER AALST, Eindhoven University of Technology

Recent breakthroughs in process mining research make it possible to discover, analyze, and improve busi-
ness processes based on event data. Activities executed by people, machines, and software leave trails in
so-called event logs. Events such as entering a customer order into SAP, checking in for a flight, chang-
ing the dosage for a patient, and rejecting a building permit have in common that they are all recorded
by information systems. Over the last decade there has been a spectacular growth of data. Moreover, the
digital universe and the physical universe are becoming more and more aligned. Therefore, business pro-
cesses should be managed, supported, and improved based on event data rather than subjective opinions or
obsolete experiences. The application of process mining in hundreds of organizations has shown that both
managers and users tend to overestimate their knowledge of the processes they are involved in. Hence, pro-
cess mining results can be viewed as X-rays showing what is really going on inside processes. Such X-rays
can be used to diagnose problems and suggest proper treatment. The practical relevance of process mining
and the interesting scientific challenges make process mining one of the “hot” topics in Business Process
Management (BPM). This article provides an introduction to process mining by explaining the core concepts
and discussing various applications of this emerging technology.
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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 [Aalst
2011a; 2011b]. Although event data are omnipresent, organizations lack a good un-
derstanding of their actual processes. Management decisions tend to be based on Pow-
erPoint diagrams, local politics, or management dashboards rather than an careful
analysis of event data. The knowledge hidden in event logs cannot be turned into ac-
tionable information. Advances in data mining made it possible to find valuable pat-
terns in large datasets and to support complex decisions based on such data. However,
classical data mining problems such as classification, clustering, regression, associ-
ation rule learning, and sequence/episode mining are not process-centric. Therefore,
Business Process Management (BPM) approaches tend to resort to hand-made mod-
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els. 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 prob-
lems and recommend treatment.

An important driver for process mining is the incredible growth of event data
[Hilbert and Lopez 2011; Manyika et al. 2011]. Event data is everywhere – in every
sector, in every economy, in every organization, and in every home one can find sys-
tems that log events. For less than $600, one can buy a disk drive with the capacity
to store all of the world’s music [Manyika et al. 2011]. A recent study published in
Science [Hilbert and Lopez 2011], shows that storage space grew from 2.6 optimally
compressed exabytes (2.6× 1018 bytes) in 1986 to 295 compressed exabytes in 2007. In
2007, 94 percent of all information storage capacity on Earth was digital. The other 6
percent resided in books, magazines and other non-digital formats. This is in stark con-
trast with 1986 when only 0.8 percent of all information storage capacity was digital.
These numbers illustrate the exponential growth of data.

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 [Mendling et al.
2007]. 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 Mani-
festo [TFPM 2012] recently released by the IEEE Task Force 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 min-
ing and business 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 log

model

conformance

checking
diagnostics

event log discovery model

event log

model

enhancement new model

Fig. 1. The three basic types of process mining explained in terms of input and output.
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Event logs can be used to conduct three types of process mining as shown in Fig. 1
[Aalst 2011a]. 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 dis-
covery is the most prominent process 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 times-
tamps in the event log one can extend the model to show bottlenecks, service levels,
throughput times, and frequencies.

2. PROCESS DISCOVERY
As shown in Fig. 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, re-
source 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 in-
stance) can be represented by a trace describing a sequence of activities. Consider for
example the event log shown in Fig. 2 (example is taken from [Aalst 2011a]). This
event log contains 1391 cases, i.e., instances of some reimbursement process. There
are 455 process instances following trace acdeh. Activities are represented by a single
character: a = 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 con-
sisting of five steps, i.e., the first line in the table corresponds to 455× 5 = 2275 events.
The whole log consists of 7539 events.

Process discovery techniques produce process models based on event logs such as
the one shown in Fig. 2. For example, the classical α-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, a is enabled in the initial marking of M1, because the
only input place of a contains a token (black dot). Transition e in M1 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 a in the initial marking corresponds to removing one token from start
and producing two tokens (one for each output place). After firing a, three transitions
are enabled: b, c, and d. Firing b will disable c because the token is removed from the
shared input place (and vice versa). Transition d is concurrent with b and c, i.e., it can
fire without disabling another transition. Transition e becomes enabled after d and b or
c have occurred. After executing e three transitions become enabled: f , g, and h. These
transitions are competing for the same token thus modeling a choice. When g or h is
fired, the process ends with a token in place end. If f is fired, the process returns to
the state just after executing a.

Note that transition d is concurrent with b and c. Process mining techniques need to
be able to discover such more advanced process patterns and should not be restricted
to simple sequential processes.
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Fig. 2. One event log and four potential process models (M1, M2, M3, and M4) aiming to describe the
observed behavior.

It is easy to check that all traces in the event log can be reproduced by M1. This
does not hold for the second process model in Fig. 2. M2 is only able to reproduce the
most frequent trace acdeh. The model does not fit the log well because observed traces
such as abdeg are not possible according to M2. The third model is able to reproduce
the entire event log, but M3 also allows for traces such as ah and adddddddg. Therefore,
we consider M3 to be “underfitting”; too much behavior is allowed because M3 clearly
overgeneralizes the observed behavior. Model M4 is also able to reproduce the event
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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 “overfitting” 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 Fig. 1, conformance check-
ing and enhancement relate model and log. The model may have been made by hand
or discovered through process discovery. For conformance checking, the modeled be-
havior and the observed behavior (i.e., event log) are compared. When checking the
conformance of M2 with respect to the log shown in Fig. 2, it is easy to see that only
the 455 cases that followed acdeh can be replayed from begin to end. If we try to replay
trace acdeg, we get stuck after executing acde because g is not enabled. If we try to
replay trace adceh, we get stuck after executing the first step because d 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 M1, a fitting trace σ1 =
adceg, a non-fitting trace σ2 = abefdeg, and the following three alignments:

γ1 =
a d c e g
a d c e g

and γ2 =
a b � e f d � e g
a b d e f d b e g

and γ3 =
a b e f d e g
a b � � d e g

γ1 shows a perfect alignment between σ1 and M1: all moves of the trace in the event
log (top part of alignment) can be followed by moves of the model (bottom part of align-
ment). γ2 shows an optimal alignment for trace σ2 in the event log and model M1. The
first two moves of the trace in the event log can be followed by the model. However, e is
not enabled after executing just a and b. In the third position of alignment γ2, we see
a d move of the model that is not synchronized with a move in the event log. A move
in just the model is denoted as (�, d). In the next three moves model and log agree. In
the seventh position of alignment γ2 there is just a move of the model and not a move
in the log: (�, b). γ3 shows another optimal alignment for trace σ2. Here there are two
situations where log and model do not move together: (e,�) and (f,�). Alignments γ2
and γ3 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 [Aalst 2011a]. 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 M1, M3 and M4 have a fitness of 1 (i.e., perfect
fitness) with respect to the event log shown in Fig. 2. Model M2 has a fitness 0.8 for the
event log consisting of 1391 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.
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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 (e,�) moves,
then it may make sense to allow for the skipping of activity e 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.
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Fig. 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., 1537 times a decision was made and 930 cases were
rejected.

For example, as Fig. 3 shows, it is possible to analyze waiting times in-between
activities. Simply measure the time difference between causally related events and
compute 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 fre-
quently 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 e (“decide”) 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.
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Figure 3 illustrates that process mining is not limited to control-flow 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 con-
sumers stored more than 6 exabytes of new data on devices such as PCs and notebooks
[Manyika et al. 2011].

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 soft-
ware package ProM [Aalst 2011a]. 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 Eco-
nomics and Business, Ulsan National Institute of Science and Technology, K.U. Leu-
ven, 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, Software AG, Futura Process Intelligence, Fluxicon,
Businesscape, Iontas/Verint, Fujitsu, and Stereologic.

5.1. Provide Insights
In the last decade, we have applied our process mining software ProM in over 100 or-
ganizations. Examples are municipalities (about 20 in total, e.g., Alkmaar, Heusden,
and Harderwijk), government agencies (e.g., Rijkswaterstaat, Centraal Justitieel In-
casso 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 pro-
cesses 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 performance-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 mu-
nicipality. 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.
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Fig. 4. Performance analysis based on 745 appeals against the WOZ valuation.

Each of the 745 objections corresponds to a process instance. Together these in-
stances generated 9583 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
Fig. 4, on average, 202.73 days pass in-between the completion of activity “OZ02 Voor-
bereiden” (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 average, takes less time.

Diagnostics as shown in Fig. 4 can be used to improve processes by removing bot-
tlenecks 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 [Aalst 2011a].

5.3. Ensure Conformance
Replay can also be used to check conformance as is illustrated by Fig. 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 Fig. 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
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Fig. 5. Conformance analysis showing deviations between event log and process model.

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 [Rozinat
et al. 2009].

The increased importance of corporate governance, risk and compliance manage-
ment, and legislation such as the Sarbanes-Oxley Act (SOX) and the Basel II Accord,
illustrate the practical relevance of conformance checking. Process mining can help au-
ditors to check whether processes are executed within certain boundaries set by man-
agers, governments, and other stakeholders [Aalst et al. 2010]. 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 discov-
ered misconfigurations of their eiStream workflow management system. People also
bypassed the system. This was possible because system administrators could manu-
ally change the status of cases [Rozinat and Aalst 2008].

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 Fig. 6. The model was discovered based on an event log containing 24331
events referring to 376 different activities. The event log describes the diagnosis and
treatment of 627 gynecological oncology 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 Spaghetti-like models. Just like using electronic maps
it is possible to seamlessly zoom in and out [Aalst 2011a]. While zooming out, insignif-
icant things are either left out or dynamically clustered into aggregate shapes – like
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(complete)

187

0,992
144

CALCIUM 377498A
(complete)

240

0,952
41

CRP 378452
(complete)

95

0,842
36

NATRIUM VLAM 377842C
(complete)

2

0,5
1

VANCOMYCINE 377410G
(complete)

2

0,5
1

VERV.CONSULT 411100
(complete)

676

0,944
69

CA-19.9 379414
(complete)

3

0,5
2

NO SHOW 380000
(complete)

2

0,5
1

BILI. GECON. 370401
(complete)

144

0,991
131

BILI TOTAAL 370401C
(complete)

193

0,952
29

BEAD.ANESTH. 40032
(complete)

4

0,5
1

AMYLASE 370415
(complete)

11

0,75
7

GENTAMYCINE 377410D
(complete)

4

0,5
1

0,975
137

HB FOTOELEKT 370407D
(complete)

410

LEUKO TELLEN 370712B
(complete)

289

0,967
266

HEMATOCRIET 370711
(complete)

39

0,923
26

FT 4     RIA 376406
(complete)

9

0,667
2

LWK       2R 383302
(complete)

1

0,5
1

0,992
151

HAPTO. 375101
(complete)

4

0,5
3

TROMB TELLEN 370715A
(complete)

263

0,977
177

DIFF.AUTOM. 370701
(complete)

284

0,966
62

ICC-KL.ANAES 413489
(complete)

11

0,5
1

BEAD.ANESTH. 40031
(complete)

4

0,5
1

CT PULMON.MC 385442
(complete)

2

0,5
1

G-GLUT-TRANS 372417
(complete)

185

0,991
136

KALIUM POTEN 370443
(complete)

490

0,958
50

CHLORIDE 370420
(complete)

52

0,929
31

SGOT KIN.  S 370489T
(complete)

3

0,5
1

NATRIUM VLAM 370135
(complete)

5

0,5
3

AANNAME LAB 370000
(complete)

2444

0,915
223

CEFALINETIJD 370737C
(complete)

29

0,917
20

ANTITROMB. 375553D
(complete)

4

0,5
2

ANF 375408B
(complete)

1

0,5
1

GLUCOSE 370402
(complete)

215

0,992
146

0,957
24

0,988
1212

LIGDAGTARIEF 40014
(complete)

1745

0,909
586

KRUISPR. 375075
(complete)

292

0,857
116

STAGLAP.OMCT 335512J
(complete)

4

0,5
4

INFUUS INBR. 339956
(complete)

33

0,727
29

B.O.Z.    1R 387001
(complete)

20

0,5
16

KALIUM POTEN 377842A
(complete)

3

0,5
3

ONDERZ.KWEEK 370504A
(complete)

228

0,941
121

HEUP R.   2R 389202R
(complete)

1

0,5
1

CT THORAX MK 386042
(complete)

24

0,75
18

MICR.ONDERZ. 370501F
(complete)

15

0,875
13

ALBUMINE SP 378453S
(complete)

53

0,816
49

ART.PUNCT.CR 339954A
(complete)

6

0,667
6

CT A.PULM.MC 385442A
(complete)

3

0,5
3

B.O.Z.    2R 387002
(complete)

4

0,5
3

CLOSTRIDIUM 378216A
(complete)

7

0,75
7

CHOLESTEROL 370425
(complete)

3

0,667
2

EIWIT COLOR. 370172
(complete)

4

0,667
4

THORAX    1R 386001
(complete)

6

0,667
5

DRL.THORAX 386000
(complete)

1

0,5
1

CPK 370488H
(complete)

7

0,667
7

AMMONIAK 370483
(complete)

1

0,5
1

BEKKEN LIGG. 389101
(complete)

3

0,5
2

ERY ELEC   S 377131S
(complete)

1

0,5
1

DUPLEX-VEN. 339849W
(complete)

6

0,5
5

LCR 378546
(complete)

5

0,8
4

ALUMINIUM 378437
(complete)

2

0,5
2

VIT. B1-THM. 378624
(complete)

4

0,5
3

AFWEZIGH.DAG 610002
(complete)

1

0,5
1

LYMFADENECT. 333727
(complete)

2

0,5
1

LAPAROTOMIE 335512C
(complete)

4

0,667
4

IMM.FIX. 377450
(complete)

1

0,5
1

IGA 370476B
(complete)

2

0,5
2

ICC-KL.UROLO 413406
(complete)

2

0,5
1

MYCOBAC PCR 378697F
(complete)

1

0,5
1

0,993
181

CREATININE 370419
(complete)

483

0,986
438

APCA 330398A
(complete)

2

0,5
1

MELKZUUR 376482C
(complete)

18

0,8
13

CA-125 MEIA 378619A
(complete)

188

CEA MEIA  BL 376400D
(complete)

107

0,957
96

CT THORAX ZK 386041
(complete)

5

0,5
3

CYTOL.DIVER. 355499
(complete)

2

0,5
1

CA 15.3 MEIA 378619E
(complete)

6

0,75
5

ANES.VERV. 339992Z
(complete)

1

0,5
1

PARAPROT.TYP 375128
(complete)

2

0,5
1

0,833
33

LDH KINET. 370488J
(complete)

184

0,979
159

NATRIUM VLAM 370442
(complete)

494

0,975
258

CDE FENOTYP 375003A
(complete)

13

0,5
1

0,857
38

0,978
156

MAGN.   DIV. 378858
(complete)

61

0,917
15

A1-FETOPROT. 378449
(complete)

8

0,75
4

TRIGLYCERIDE 370460E
(complete)

4

0,5
2

ORDERTARIEF 379999
(complete)

1443
0,992
891

OP. UTERUS 337105
(complete)

5

0,5
2

0,8
100

HIST.GR.PREP 356133
(complete)

54

0,8
37

0,909
61

HIST.KL.PREP 356132
(complete)

26

0,667
20

OP.BUIK 335519A
(complete)

3

0,5
1

TESTOSTERON 376487D
(complete)

2

0,5
2

ANESTHESIE 339090N
(complete)

2

0,5
2

HIST.BIOPTEN 356134
(complete)

49

0,75
27

ECHO NIER 388170
(complete)

10

0,667
8

ECHO GEN.INT 339486E
(complete)

30

0,75
17

B-SUBUN. HCG 370828A
(complete)

6

0,75
4

PACLITAXEL 686405
(complete)

50

0,889
30

ECHO ABDOMEN 387070A
(complete)

2

0,5
2

LYMFSC.SCH.W 302211F
(complete)

5

0,667
3

VULVECT.LIES 337440
(complete)

5

0,5
3

FACT. 8 ACT. 375552A
(complete)

1

0,5
1

EXC. UTERUS 337101B
(complete)

3

0,667
2

TITR.DIR.CMB 375012
(complete)

2

0,5
1

RENOGR.LASIX 307031G
(complete)

2

0,5
2

MR BIJNIER 388890
(complete)

1

0,5
1

RETI TELLEN 370716
(complete)

4

0,5
1

FQ1 - FQ2 710290
(complete)

6

0,75
4

OV.OP.CLITOR 337436
(complete)

1

0,5
1

BLD.GRP.KIDD 378610
(complete)

2

0,5
1

VULVECT.LIES 337451
(complete)

1

0,5
1

ICC-KL.INTER 413413
(complete)

1

0,5
1

EIWIT BEP. 700050
(complete)

3

0,667
3

EXC.ADNEX DZ 336950
(complete)

1

0,5
1

ECHO BUIKW. 387970
(complete)

1

0,5
1

PLEURAPUNCTI 332610
(complete)

1

0,5
1

ANTIST.KOUD 375009
(complete)

2

0,5
1

ECHO CAROT.L 381670L
(complete)

1

0,5
1

ECHO DOPPLER 339482A
(complete)

1

0,5
1

VIT. A 377439
(complete)

1

0,5
1

0,9
87

SGOT-ASAT 370488E
(complete)

215

0,994
201

UREUM 370403
(complete)

246

0,978
64

CREATININE 370129
(complete)

4

0,5
1

SGPT-ALAT 370488G
(complete)

217

0,984
207

0,993
169

CPK-MB     S 378403S
(complete)

6

0,5
1

TOT.EIW. 370480A
(complete)

7

0,75
4

FOLIUMZUUR 370465Q
(complete)

3

0,5
1

0,951
198

0,938
84

0,833
202

BNP 376425A
(complete)

6

0,667
4

IJZER 370437
(complete)

5

0,5
1

OSMOLALITEIT 372107
(complete)

1

0,5
1

FERRITINE 372454A
(complete)

5

0,5
1

MICROALBUM. 378173B
(complete)

1

0,5
1

ABO RH 370604
(complete)

286

0,929
199

BLD.GRP.KELL 375004
(complete)

16

0,75
6

IRREG.AS ERY 378609S
(complete)

12

0,833
5

ICC-KL.CHIR. 413403
(complete)

2

0,5
1

EIWITFRACT. 376478
(complete)

1

0,5
1

RH-D CENTRIF 370606
(complete)

286

0,981
273

CT B.BUIK MC 387042
(complete)

2

0,5
1

GEB. A.S.ERY 378609N
(complete)

3

0,5
1

CT HERSEN.MC 381342
(complete)

2

0,5
1

0,903
224

0,667
2

GEB. A.S.ERY 378609M
(complete)

6

0,667
2

CT HERSEN.ZC 381341
(complete)

3

0,5
1

EIW.SPEC.KWN 370433F
(complete)

2

0,5
1

0,8
31

COUPE INZAGE 355111
(complete)

40

0,8
8

TOTAAL T4 376406B
(complete)

1

0,5
1

CT ABDOM.MC 387042A
(complete)

90

HAEMOGLOB. S 370701S
(complete)

502

0,857
27

CYTOL.NIERC. 355426
(complete)

4

0,5
1

ZWARE DAGVPL 619700
(complete)

1

0,5
1

0,9
45

0,981
131

SHBG 377447
(complete)

2

0,5
2

GYN.-JAAR-KO 10307
(complete)

61

0,75
4

DAGVERPL. 619600
(complete)

64

0,75
12

ERYS ELEKTR. 378731
(complete)

1

0,5
1

BOTDICHT.LWK 304360E
(complete)

1

0,5
1

ECHO ROUTINE 339486G
(complete)

3

0,5
1

DUPL.BEEN EZ 389073F
(complete)

1

0,5
1

ELEKTROCARD. 330001B
(complete)

70

0,667
28

0,923
15

KLIN.KRT.ANS 20189
(complete)

8

0,5
2

KLASSE 3B 613000
(complete)

1388
0,923
618

REGIO-TOESL. 614400
(complete)

1065

0,824
560

STAGLAP.OMCT 335512N
(complete)

2

0,5
2

ONTSTEK.TOT. 302622H
(complete)

1

0,5
1

AS-HBS.  KWN 375140
(complete)

1

0,5
1

DIGOXINE 376454A
(complete)

2

0,5
2

AUD KRT 1.5 659030
(complete)

1

0,5
1

CYSTOSCOPIE 339161
(complete)

2

0,5
1

ECHO ONDBUIK 388070A
(complete)

1

0,5
1

VIT. B3 370474G
(complete)

1

0,5
1

0,909
276

0,984
1061

KLIN.OPNAME 610001
(complete)

312

0,942
292

STAGLAP.REDU 335512H
(complete)

7

0,667
3

CYTOL.LYMFEK 355409
(complete)

7

0,667
2

IRREG.AS ERY 378609R
(complete)

11

0,667
4

PROT-S.TOT. 375581J
(complete)

1

0,5
1

ECHO BO.BUIK 387070
(complete)

6

0,5
4

KATHET.STOMA 334899
(complete)

1

0,5
1

RIB STERN.2R 386802
(complete)

1

0,5
1

ICC-KL.LONGZ 413422
(complete)

1

0,5
1

ICC-KL.NEURL 413409
(complete)

1

0,5
1

CT RETROP.MC 388942
(complete)

1

0,5
1

CYTOL. BUIK 355435
(complete)

1

0,5
1

ANTI-HAV.IG 371115
(complete)

1

0,5
1

HOOGFR.AUDIO 657026
(complete)

1

0,5
1

OSMOLALITEIT 370496
(complete)

1

0,5
1

CYTOL.PLEURA 355454
(complete)

3

0,5
3

TZ1 710072
(complete)

2

0,5
2

CT HERSENEN 381343
(complete)

1

0,5
1

MR GR.HERSEN 381390
(complete)

1

0,5
1

VIT. B2 370474B
(complete)

1

0,5
1

0,941
122

LEUCO ELEC S 377121S
(complete)

294

0,954
272

SINUS     2R 382102
(complete)

1

0,5
1

0,838
197

CYTOL.ECTOC. 355201
(complete)

34

0,667
4

KLASSE 3A 612000
(complete)

250

0,8
35

IMM.PATH.OND 350503
(complete)

65

0,8
22

CONISATIE 337220
(complete)

4

0,667
2

ECHO BLAAS 339488A
(complete)

10

0,667
6

VULVECTOMIE 337452
(complete)

3

0,5
1

CYTOL. LEVER 355431
(complete)

2

0,5
1

AFW. VULVA 337419C
(complete)

5

0,667
2

NATRIUM    S 370135S
(complete)

3

0,5
1

EPI.ANALG.AN 339090B
(complete)

1

0,5
1

CYTOL.LONGP. 355411
(complete)

1

0,5
1

KLIN.KRT.INW 20113
(complete)

1

0,5
1

AFW. VAGINA 337319
(complete)

1

0,5
1

TROMBO     S 370715S
(complete)

290

PTT 370737S
(complete)

50

0,95
44

DIFF.HANDM. 379000A
(complete)

14

0,667
9

FDP DIMEER 376467E
(complete)

7

0,667
4

KALIUM     S 370136S
(complete)

2

0,5
2

PROTROMB.  S 370707S
(complete)

45

0,938
31

INR TROMBOPL 370737Z
(complete)

44

0,9
16

0,96
42

KALIUM     S 370443S
(complete)

379

CREATININE S 370419S
(complete)

206

0,955
176

MELKZUUR   S 376482S
(complete)

135

0,923
129

OVARIUMCARC. 337106A
(complete)

5

0,5
1

LYMFADENECT 333742
(complete)

1

0,5
1

NATRIUM    S 370442S
(complete)

373

0,975
141

MELKZUUR SP 370488T
(complete)

32

0,96
28

MAGN.DIV.  S 378858S
(complete)

25

0,917
13

O2-SATURATIE 378458
(complete)

229

0,835
143

ANTI-HIV 378644
(complete)

2

0,5
1

SGOT ASAT SP 370489S
(complete)

62

0,891
56

CAPNOGRAFIE 339832C
(complete)

14

0,667
5

UREUM      S 370403S
(complete)

78

0,839
69

URINEZUUR 370416
(complete)

4

0,75
3

TROPONINE-T 378468P
(complete)

7

0,667
2

0,833
5

GLUCOSE    S 370402S
(complete)

209

0,862
176

0,933
26

OVARIUMCARC. 337106
(complete)

2

0,5
2

EXC.ADNEX EZ 336930
(complete)

1

0,5
1

CALCIUM    S 370426S
(complete)

237

0,667
2

BLAASKATHET. 336272
(complete)

1

0,5
1

0,857
48

0,8
96

0,933
143

0,75
11

EC PUN.LEVER 387677
(complete)

1

0,5
1

LA2 710170B
(complete)

2

0,25
2

GEFILT.ERYT 710170
(complete)

187

0,667
14

MET-SULF-HB 370407C
(complete)

190

0,885
103

DARM SCINT. 306332C
(complete)

2

0,5
1

0,833
28

0,982
113

BICARBONAAT 370424
(complete)

214

0,8
19

0,827
145

0,923
27

ANTI-HEPAT-C 377479A
(complete)

2

0,5
1

0,75
18

VRIESCOUPE 355105
(complete)

10

0,667
6

0,833
31

0,909
49

PH-PCO2-BIC. 372414
(complete)

212

0,825
129

0,75
25

0,909
78

CO-HB 370440
(complete)

189

0,855
92

0,923
57

EXT. UTERUS 337105F
(complete)

3

0,75
3

OP.BUIK 335512
(complete)

1

0,5
1

0,857
42

0,776
147

HEP-B SURF. 375138A
(complete)

101

0,667
9

ALFA-AMYLASE 370117
(complete)

1

0,5
1

ICCV-KL.CHIR 414403
(complete)

1

0,5
1

0,817
115

CHLORIDE   S 370420S
(complete)

22

0,929
19

GAMMA-GT   S 372417S
(complete)

34

0,917
18

LIGDAG IC 40034
(complete)

9

0,667
7

OP.BUIK 335519B
(complete)

1

0,5
1

LIPASE 370415A
(complete)

1

0,5
1

0,857
16

0,833
21

0,947
26

GYN.-AANV.KO 10207
(complete)

36

0,75
3

BEZOEK 410500
(complete)

37

0,833
5

EC-BIOP.BEKK 389177
(complete)

1

0,5
1

COLON INLOOP 387511
(complete)

1

0,5
1

CITO HISTOL. 359999
(complete)

29

0,875
14

0,8
11

0,95
207

HEMATOCR.  S 370711S
(complete)

27

0,889
21

0,909
123

0,898
99

LISEXC.CERV. 337202
(complete)

1

0,5
1

DUO SCOP.ECH 339141J
(complete)

1

0,5
1

0,971
50

0,993
210

BSE 378729
(complete)

14

0,75
4

CHLORIDE 370119A
(complete)

1

0,5
1

0,8
17

0,82
445

0,944
350

THORAX ZAAL 386001Z
(complete)

22

0,667
9

VULVECTOMIE 337441
(complete)

1

0,5
1

ANTI-HBC-IAM 377478
(complete)

1

0,5
1

TOONAUDIOMET 657021
(complete)

1

0,5
1

0,875
41

0,667
8

0,667
3

UTERUSCURETT 337190C
(complete)

5

0,667
3

MORFOMETRIE 355107
(complete)

1

0,5
1

0,5
2

0,8
4

EXC. UTERUS 337101
(complete)

7

0,8
6

0,5
1

0,5
1

0,667
3

0,833
47

0,75
58

FSH EIA 372439
(complete)

3

0,5
1

TT 375518
(complete)

23

0,857
8

PROTROMBINET 378720
(complete)

28

0,875
16

IGG-A.CARD. 375421C
(complete)

1

0,5
1

FIBRINOGEEN 370487A
(complete)

2

0,5
1

0,909
20

0,75
23

IGM-A.CARD. 375421B
(complete)

1

0,5
1

0,667
3

MAAGONTL.VVL 306231E
(complete)

18

DARM SCIN.VV 306333C
(complete)

18

0,7
18

0,667
2

0,667
11

ECHO CAROT.R 381670R
(complete)

1

0,5
1

0,667
2

CREATININE 377847A
(complete)

2

0,667
2

UREUM 377840
(complete)

1

0,5
1

0,5
1

TSH EIA 372441
(complete)

12

0,667
12

0,5
4

0,5
4

FOSFAAT 370421
(complete)

35

0,917
21

0,857
13

0,875
12

0,974
41

CT ABDOMEN 387043A
(complete)

1

0,5
1

0,941
57

0,941
90

URINE ONDZ. 378149
(complete)

81

SEDIMENT   S 370111S
(complete)

47

0,947
46

RES.5 BEP. 370505A
(complete)

78

0,667
4

SEDIMENT 370111
(complete)

21

0,75
20

0,8
7

0,75
4

0,97
31

0,75
57

DOPPLER HART 339494C
(complete)

1

0,5
1

AMMONIAK   S 370483S
(complete)

1

0,5
1

0,792
42

ZWANGERSCH.S 370804S
(complete)

1

0,5
1

0,75
18

0,75
29

0,947
13

DIEET NNO 709999
(complete)

37

0,667
12

DUN.DARM MC 387411
(complete)

1

0,5
1

0,533
20

0,5
1

0,909
21

0,95
56

HS-CRP 378452A
(complete)

1

0,5
1

0,5
1

VAGINA-TOUCH 339988E
(complete)

34

0,857
14

AFW. VULVA 337480
(complete)

2

0,5
1

AFW. VULVA 337419
(complete)

1

0,5
1

0,857
8

0,75
14

0,8
4

LH     BLOED 372440A
(complete)

4

0,75
3

0,75
3
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Fig. 6. Process model discovered for a group of 627 gynecological oncology patients.

streets 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 [Aalst 2011a].
These machines record massive amounts of events. For medical equipment it is es-
sential 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 possi-
ble 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 par-
ticular “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.
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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 [Aalst 2011a].

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

This article introduced the basic concepts and showed that process mining can pro-
vide value in several ways. The reader interested in process mining is referred to the
first book on process mining [Aalst 2011a] and the process mining manifesto [TFPM
2012] which is available in 12 languages. Also visit www.processmining.org for sample
logs, videos, slides, articles, and software.
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ROZINAT, A., DE JONG, I., GÜNTHER, C., AND AALST, W. VAN DER 2009. Process Mining Applied to the
Test Process of Wafer Scanners in ASML. IEEE Transactions on Systems, Man and Cybernetics, Part
C 39, 4, 474–479.

Communications of the ACM, Vol. 99, No. 99, Article 99, Publication date: November 2011.


