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Abstract— Educational process mining is an emerging fieloni  on educational process monitoring and improvemeimgu
the educational data mining discipline, concermed ith  performance analysis, conformance checking andegsoc
discovering, analyzmg, and improving educatlona_l mcesses as  model extension techniques. We take as a case study
a whole, based on information hidden in educationafiatasets professional training dataset of a consuling campa
and event logs. In this paper, we demonstrate thepalicability involved in the training of professionals. This Wois

of process mining techniques, implemented in the BM . L A
framework, to monitor and analyze educational procsses in motivated by the fact that training mangers airgam more

the field of professional trainings. Furthermore, ve extended  INSight in employees’ training paths and motivatemthey
the discovered training processes with performance Ccan offer more personalized training courses, aftogrto
characteristics and decision rules using performare and  the job market needs. Therefore, our aim is toafiglyze
decision mining techniques. training processes and their conformance with éstedul
curriculum  constraints, educators’ hypothesis and

Keywords- - Educational Process Mining; Conformance  prerequisites and (2) to enhance training procesdets

Ckecking; Decision Minin; Performance Analysis; ProM. with performance indicators such as execution time,
bottlenecks and decision points. We use the prooésisig
| INTRODUCTION tool ProM as an execution framework in our study.

Given the ever changing needs of the job markets, The remainder of this paper is organized as follows
education and training centers are increasinglyd helSection Il reviews related works. Section Il sumiznes
accountable for student success. Therefore, educatid Process mining techniques. In Section IV, we presem
training centers have to focus on ways to streamiiveir ~ motivating example and we show the use of ProMgipis
offers and educational processes in order to aehttbe for the analysis and the enhancement of traininecess
highest level of quality in curriculum contents andmodels. Finally, Section V concludes the paper.
managerial decisions. To respond to these requirttme
education and training centers promote more flexihd
personalized curriculums where students are frezhtmse In [8], process model discovery and analysis tegies,
the skills they want to develop, the way they wantearn ~ Were used to investigate the students’ behavidnguwmline
and the time they want to spend. This tendencgiifarced ~ Multiple choice examinations. In [14], the authasse
by the emergence of "e-learning”, which represemts Process mining technigues to analyze a collabaatisiting
increasing proportion of the in-company traininggile ~ Process and how the process correlates to thetyjodlthe
addressing ever wider populations [10]. EducationaProduced document. In [16], the authors proposed a

systems support a large volume of cata, coming fron£CTIIUE ebing on a st of recefned patenmales o
multiple sources and stored in various formats atd P

. ) examination traces (i.e., by searching for locateguas and
dlffgrent granularity levels. '!'hese data_ can _béyalad from their further assembling into a global model).16,[17], the
various levels and perspectives, showing diffeesptects of authors developed the first software prototypeacademic
educational processes from the view points of thdesits,

i : curriculum mining, built on the ProM framework. Ehiool
the educators or the directors of education ceflérs1l].  monjtors the flow of curriculums in real-time andturn

Recently, Educational Process mining has emergead asarnings to students if prerequisites are not fiatis Two
promising and active research field in EducatioDa@ta clustering approaches were proposed in [4], graupin
Mining [11], dedicated to extracting process redate students relying on their obtained marks and tiné@raction
knowledge from educational datasets. The basic mfea with the Moodle’s course. Performance analysis rieghes
process mining [2] is to discover, monitor and ioy® real  were used to detect bottlenecks in students’ megish
processes by extracting knowledge from event logprocesses in [3]. Finally, in our previous work ,[5}e
(recorded by an information system). In this paperfocus showed how social mining techniques can be used to

Il. RELATED WORKS
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examine and assess interactions between trainiogiders ~ This company has around 6 000 employees that aeetér
and courses. We also proposed a two-step clusteringhoose different training courses aligned with itipeofiles,
approach for partitioning training processes depgndn an  during their careers. These training courses aveigied by
employability indicator. In comparison with our piuS internal or external training organizations. Thetada
works, we focus in this paper mainly on educatigatess  collected for analysis reports all the 16 260 frajncourses
monitoring, using performance and conformance &mly followed by 3440 employees, during the last threary,
techniques. We also _stud|ed the appl|c_ablllty qbcpss performed by 494 training organisations. This datdudes
model extension techniques such as decision miwinigh the employees’ profiles (identifier, function, andmber of

have never used in the context of educational BECE, ... of senyice), their careers (ie., the jobsgions they
mining. Our goal is to show the advantages of thesg. - .
id) and their training paths.

techniques for the analysis of professional trajmnocesses

in particular and also their limitations regardithg size of TABLE I. EXAMPLE OF AN EDUCATIONAL EVENT LOG
the analyzed event logs. This study help us uraledstvhich
H9 H a Matricul ~ Profil Trainng 1d  Training Lzbel Training Orga Id  SteiDate EndDate
.are the mOSt rellevant procles_s mlnlng teChanuwegrate T CONSULTANT Tr830 EXCEL ELEARNING Org 15 T10720011 31122011
in our interactive and distributed platform, taédr for g CONSULTANT Te76  QFTEST Org 133 0201 WL
educational process discovery and analysis, andhwis b CONSIIANT T2 NIRCUTRAL = Oglss OLOTA0LL OLOTNE
currently under construction. INDIA )
y 10 CONSULTANT Tr260 SELENIUM Org 133 23102011 261102011
I” EDUCATIONAL PROCESSV“N|NG 1 CONSULTANT Tré8i2 T&%—YSISFL'.\C‘I'IOKAL Org 133 24102011 271102011
.. 12 CONSULTANT Tr774 DESIGN PATTERNS AND  Org 135 087122011 09122011
Process mining focuses on the development of afset b covuTa e ATHCATIONC omiss s o5
intelligent tools and techniques aimed at extrgcprocess- 14 COZ\'SLIT:&\”T TrSI; c—.bvx\'cm 0&133 0404301; osm;m;
related knowledge from event logs [2]. Aevent log 13 CONSULTANT Tr20l4  XMLEASICANDXPATH Org 135 004202 11042012
X i 14 CONSULTANT Tri282 DESIGN PATTERNS AND  Org 135 13/092012 14092012
corresponds to a set of processtances(i.e., traces)

3 3 APPLICATIONIN C++
following a business process. Each recordeentrefers to

anactivity and is related to a particular process instance. A .

event can have imestampand aperformer(i.e., a person A Dotted Chart Analysis

or a device executing or initiating an activity)ypical ~ The dotted chartshows the spread of events over time by
examples of event logs in education may includeestits’  plotting a dot for each event in an event log thllswing to
registration procedures and attended courses, ratade gain some insight in the underlying process, it$gmance
examination traces, use of pedagogical resources amnd some interesting patterns [15]. The chart hes t
activity logs in e-learning environments. The thmaajor  orthogonal dimensions: time and component types.tifhe
types of process mining techniques are: difcovery (2) is measured along the horizontal axis of the chane
conformanceand (3) extension Process model discovery component types (e.g., instance, originator, tag&nt type,
takes an event log and produces a complete praoseds|  etc.) are shown along the vertical axis. Figurdlustrates
able to reproduce the behaviour observed in thig. lo the output of the dot chart analysis (implementedPioM
Conformance checkingaims at monitoring deviations 6.4 as a plugin) of the training log example usprgcess
between observed behaviours in event logs and rivena instances as component type. In this chart, every r
process models [12].Compliance checkingaims at corresponds to a particular case of the traininggss, i.e.,
measuring the adherence of event logs with preeefin all the trainings followed by one employee durihg tast
business rules or Quality of Service (QoS) defamisi [1].  three years.

Process model extensi@ms to improve a given process
model based on information (e.g., time, performamese (P
attributes, decision rules, etc.) extracted fromeaant log B
related to the same procesthe ProM Framework is the
most complete and powerful process mining toolhveh

extendable pluggable architecture, aimed at proces . iwerum]
discovery and analysis from all perspectives [18joM
supports a wide range of techniques for proceSOWSY, [
conformance analysis and model extension. In ERCH |
however, ProM presents certain issues of flexibilind

scalability, which limit its effectiveness in haimdj large | B
logs from complex industrial applications [9]. o |Gl

IV. CASESTUDY: AUDITING TRAINING PROCESSES$JSING
PROCESSMINING TECHNIQUES

Our motivating example is based on real-world Esienal
training databases from a worldwide consulting camp

Figure 1. Dotted chart showing all events of tlaéning log
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Each training course is represented by a dot. A8 t
instances (one per trainee) are sorted by thedirshts of
trainings i.e., trainings are sorted by the firatedof their
occurrence. Figure 1 shows that each year, therefeav
training courses scheduled around the last threathmo
(circled in black), probably because the entire dautdis

The bottom panel depicts the consensus sequencéndor
alignment (i.e., the major activity in each coluamd can be
considered as a back-bone sequence for the proddss)
consensus sequence for this example dOb3d2dladb6e6a
corresponds to a well conserved training pattemethal

Tool Delivriz, Project Management Module 1, Project

consumed around the end of November. Also, almost nManagement Module 2 and Project Management Module

training is scheduled during the summer (circlecki).

B. Trace Alignement

Let us note that in a dotted chart, common pattameng
different cases are not clearly visible. For analys

3". Figure 2 shows also that the training “Intérii@ol
Delivriz” (encoded b3) is a concurrent activity. r@orrent
activity manifests in mutually exclusive traces sy
different columns in the alignment. Trace alignmalhws
us to see such similarities between training tracdacing

common pattems between the training paths of thesteresting training patters. Given the great fugleneity
company’s employees of our case study, we follo® thin training traces, only few clusters produced bg uide

technique presented in [6] and implemented as ptugi
ProM 6, where the first step is based on tBeide Tree

tree miner allow us to obtain a good trace alignmienfact,
the challenge of trace alignment is to find anrafignt that

Miner' plugin and the second steps are handled by thg as simple and informative as possible when wayas

“Trace Alignment with Guide Tree'plugin (both
implemented in ProM 6.4). The guide tree miner plug
requires an event log as input. This plugin impleteghe
agglomerative hierarchical clustering algorithm fthre
generation of the guide tree akdvent logs, one for each
cluster. TheTrace Alignment with Guide Treglugin takes
as input a guide tree generated by the guide trimerm
plugin and generate an alignment of traces for eacster.
In our example, we have split the training everg ioto
sixteen clusters. Figure 2 depicts the trace algtrfor one
of the 16 clusters where every row correspondspoaess
instance and time increases from left to right. ibezontal
position is based on logical time rather than tieaéstamps.
When two rows have the same activity name in theesa
column, the corresponding events are aligned. &figoanel
depicts the employee identifier (i.e., process ans¢
identifier) and identifiers with a grey backgroumtlicate
traces that have identical duplicates. In Figurth@re are 8

event log with such heterogeneity as the ones erered in

the education domain. To achieve this, some tripia-

processing techniques such as the filtering ofesdgased
on their length may help produce a better alignment

C. Performance Analysis

Performance analysis with Petri nglugin of ProM can
extract the Key Performance Indicators from an eveg,
summarizing them in an intuitive way, and grapHical
present them on a Petri net describing the prooeser
consideration. When calculating the different perfance
metrics, all process instances in the input evegt dre
replayed in the input Petri net. We apply this ptugn our
training courses dataset in order (1) to predietriers’
training path duration, (2) to predict necessaryotgces
(i.e., trainers) at any moment within the trainprgcess and
(2) to improve the training process by analysing th
bottlenecks. Identifying bottlenecks in traininghmcan be

employees who follow the same training path tha th used to better schedule training sessions to redbee

employee with the identifier 29784. Also, the tracare
sorted based on the training dO (i.e., Internall Toaivriz).

Consequently, training traces with dO in columna¥ehthe
first priority in the ordering.
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Figure 2. Trace alignment of traces in the trairérgnt log example for
one of the clusters.
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waiting time of trainees. Let us note that givee tjreat
heterogeneity in training traces, we can't use the
performance analysiplugin on our complete training event
log [9]. To get past this limitation, we apply the
performance analysis plugin on only a subset ofthiaing
dataset example containing learning paths with ¢imdysix
most frequent trainings. The result of the analysipartly
shown in Figure 3 displaying the bottlenecks (retbured
places) and the routing probabilities on each Ascshown,
6% percent of the employees chose to take theirtain
management project-M1 while 10% followed the tnagni
Information Technology Infrastructure Library (IT)IL
Foundation. The average waiting time between two
successive trainings is 45 days and the maximatingai
time is one year. Moreover, the average durationaof
training path is 78 days while the longest trainipgth
lasted more than one year.
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Figure 3. Results of applying the Performance aislyith Petri net
plugin

D. Conformance Analysis

In what follows, we propose to use ProMZX®onformance
Checkerand LTL Checkerplugins in a training tailored
procedure (see Figure 4) to check whether traipaths, as
they are really followed by employees, are confdion
established constraints in the training curricular.

Trone
Prires O optonnl

Training — | Process
program <m<m ——— | model
[ = discovery "3::2;‘”‘;
py — Db
4
Translation p— Conform model
. —
A 4 Conformance |@ /Conform traces
W checker —
— o1 o—
e ¥ B 0
—_— / e
@ Process
— LTL model — Q— model
— OR —
checker discovery B, B
= o—|| mmp-=r i
event logs A g‘ ®
TEg Exception model
e ) non
prerequisites, business conforming
rules, questions, ... traces

Figure 4. The proposed procedure for conformanedysis of training
paths

model checker plugin of ProM. It is also possildetailor
the LTL checker plugin to express specific types
constraints encountered in the educational dondinthese
properties can be easily coded using the LTL lagguaf
the plugin and imported as a LTL file into the usgerface.
In what follows, we want to check if the ruld’rbject

of

Management-Module-%training must be taken before a
Project Management-Modul@ can be taken” was always

respected (prerequisite check). We define this gntgpas an
LTL formula as follows:

formula c2_is_a_prerequisite_of _cl

cl: ate.Wrkfl owvbdel El enent,

c2: ate.Wrkfl owbdel El enent) :=

{<h2> Is the training C2 a prerequisite for the
trai ning Cl1? </ h2>}
(<>(activity==c2)/\(activity!=c2 _U
activity==cl));

Fig 5 shows the result displayed when this propésty
checked.

Checked formula : course_c1_respect_the_prerequisite_c2

| =

=

| Correct process instances (3420 | Incofrect process instances (20) |

T NE NEAIET MANLLE 2

[ name (nr similar) :
19444 (1)
21293 (1)
37292 (1)

16583 (1)

WANAGEMENT DE PROJET - MODULE 1 Intit_Formation = 26 ~]
omplete [ =
2012-02-D8 00:00:00.000 +01:00

Tl »

WANAGEMENT DE PROJET - MODULE 2 COMMUNIZATION

2012.03.27 08:00:00.000 +02:00

criginator| |
Grigin
WANAGEMENT DE PROJET - MODULE 2 COMMUNICATION Intit_Form

camplate
20120328 02:00:00.000 +02:00

Visualize selected I I i I

MANAGEMENT DE PROJET - MODULE 3 Origihstor=23

20120502 02:00:00.000 +02:00

[4]

[»]

Figure 5. The results returned by the LTL Checlegip of ProM 5.3
while verifying the Project Management prerequisite

We can see that there are 3420 trainees that ysahisf
property and 20 trainees who took the training €ubj

Management—-M3 while they didn't take the Project

Management -M1 training before.

The conforming and non-conforming traces producgd b 2) Conformance Checking

these two kinds of analysis can be used to extractorm
training process models and exception training gssc
models underlying these traces (respectively).

1) Linear Temporal Logic (LTL) Analysis

Training advisors and directors of training orgamgsoften
need to check (off-line or on-line) whether traisiepaths
conform to established career paths, trainings'qopaisites
or business rules. For this purpose, we use.TheChecker
plugin of ProM that allows us to check whether aarg log
satisfies a given set of properties expressedrimgef LTL
logic [1]. There is a set of predefined formulasttie LTL

Copyright (c) IARIA, 2015.  ISBN: 978-1-61208-415-2

The Conformance Checkegrlugin supports analysis of the
model fithess, precision and structure via log agpktate
space analysis, and structural analysis [12]. Iatvibllows,
we apply the conformance checker on the trainintsa
example to verify if the ITIL training program (engssed as
a curriculum pattern) is always respected. Our gedb
extract the real ITIL process model as it is folemvby
trainees during the last three years. We fist applfjiter
plugin of ProM on the training log to keep only ttraces
containing ITIL courses. In a second step, we appby
conformance checker plugin of ProM taking as infhe
filtered training log and the ITIL training programodelled
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as a Petri net. In this program, the training ceurEIL
Certification Foundation is mandatory. There i®asset of
optional training courses: ITIL PPO (Planning, [eotion &
Optimization), ITIL OSA (Operational Analysis Suppo
and ITIL MALC (Managing Across the LyfeCycle), ITIL

event log, decision points are identified and dateabutes

of this log are analysed to determine how case data
influence the choices made in the process basegash
process executions [13]. In what follows, we analys
choices in training processes to find out whichperties of

RCV (Release, Control and Validation) and ITIL SOA trainee’s profile might lead him/her to take cert#iaining

(Service Offerings & Agreement). From the conforghand

paths. To achieve this, we carry out a decisiontpamalysis

non-conforming traces produced by the conformancesing theDecision Minerplugin of the ProM framework.

checking plugin, we mine the process models unitgrly
these two types of traces using theuristic Minerplugin of
ProM (see Figure 6). In Figure 6, the numbers anlibxes
indicate the frequencies of the training coursés decimal
numbers along the arcs show the probabilities afditions

This later analysis the choice constructs of Redtiprocess
models using the well-known concept of decisioedreThe
decision miner plugin of ProM takes as an input&rimet
and a corresponding event log. Given the great eurob
distinct traces in the training log example, we'tase this

between two training courses and the natural nusnbeiplugin on the complete training event log. We héikat to

present the number of times this order of trainiogsur.

START
(complete)
2

0,667

0,667

(b) Non-conforming training
model

(@) Conform training
model

Figure 6. ITIL process model mined from the tragevent log example

The obtained result showed that trainees followiag
learning path conform to the training ITIL programver
took the optional courses ITIL PPO, ITIL OSA andUT
MALC. Moreover, there are also some trainees wtak to
the same courses as the ITIL program but not insdrae
order. These results may help training advisorguewing
the original ITIL training program. They may studlye
usefulness of some optional courses and proposenals
variants of the ITIL training curriculum.

E. Decision Mining in Educational Processes

In a (business) process model, a decision poirresponds
to a point where the process is split into alteweapaths
(e.g., a place with multiple outgoing arcs in arfedt) [13].
Decision mining (i.e., decision point analysis) siwt the
detection of data dependencies that affect thamguif a
case. Starting from a process model and a corrésppn

Copyright (c) IARIA, 2015.  ISBN: 978-1-61208-415-2

pre-process this log to reduce its size in ordefatdlitate
the mining of the underlying Petri net model. Wartgtd by
filtering the training log example, using th&imple
Heuristic Filter plugin of ProM. We obtained a reduced
training log containing employee’s training patleferring
to the six most frequent training courses in thg [Bhen,
we extract the training process model (represeased Petri
net) corresponding to the filtered training log ngsithe
Alpha Minerplugin of ProM (see Figure 7).

complete

MANAGEMENT PROJET MODULE 3

O+

OUTE NTERNE DELMVERT

1
MANAGEMENT PROVET MODULE 3

MANAGEMENT PROUET MODULE 3
=l corn e

OUTL NTEANE DELVERIZ
o et

OUTL NTERNE DELVERIZ

RECYCLAGE 85T
complete

Figure 7. A fragement of the Petri net model undegl the filtered training
log containing the six most frequent training cesrs

The generated Petri net model is then introducedgathe
filtered training log as inputs in tHeecision Minerplugin.
We choose to study the decision pgigt(in a green square
in Figure 7) which appears after the training ceutgIL
certification foundation” to explain the employe&sioices
between three alternative training paths (Project
Management Module 3, Internal Tool Deliviriz or Reling
test). We rely in this analysis on the two caseilattes
describing an employee profile (i.e., function, rnen of
years of service). Figure 8 shows the decisionesalt for
the decision poinpy, from which we can now infer the
following rule. The training course “Internal Tool
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Deliveriz” is chosen by an employee if he/she hasnbin  [4]

the company less than 47 months or more than 53hwon
Correctly Classified 85 62.5 % [5]

it N Incorrectly Classified 51 37,5 %
7
S e
gy 6

S 71

ﬁ [ UEDLE 2R
Figure 8. Decision tree result for analysis decigoint p0 i8]
8
An employee is more likely to choose the trainifydject
Management-Module3” if he/she has been in the compa

between 47 and 53 months. The discovered rule has g
accuracy of 62%.

V. CONCLUSION

The aim of our research is to develop an interactind
distributed platform tailored for educational prege
discovery and analysis. In this paper, we showed ho
conformance checking, performance analysis andepsoc [11]
models enhancement techniques can be used to manio
improve educational processes in the field of msifal
trainings. However, performance analysis with Peiet,
conformance checking and decision mining, as they a
actually implemented in ProM, can’t handle heteregeis
and large scale event logs encountered in the gsiofeal
training field [7, 9]. The adoption of filteringbatraction or
clustering techniques may help reducing the conitylesf
the discovered process models, and hence the atpficof
advanced analysis techniques [7]. To enhance titailifng of
our platform, we have also to work on designingremnitive
graphical interface for non-experts that automdyicsets
parameters and suggests suitable types of analysis.

[10]

[12]

[13]

(14]
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