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Abstract—Educational Process Mining constitutes a new
opportunity to better understand students’ learninghabits and
finely analyze the complete set of educational presses. In this
paper, we investigate further the potential and chdlenges of
Process Mining in the field of professional trainimg. Firstly, we
focus on the mining and the analysis of social netwks
between course units or training providers. Secong| we
propose a two-step clustering approach for partitioing
educational processes following key performance inchators.
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l. INTRODUCTION

Recently, education and training centers have estart
introducing more agility into their teaching cutiem in
order to meet the fast-changing needs of the jotkehand
meet the time-to-skill requirements. In fact, mader
curriculums are no longer monolithic processesd&tits can
pick the courses from different specialties, magode the
order, the skills they want to develop, the levibrh

beginner to specialist), the way they want to learn

(theoretical or practical aspects) and the time tlvant to
spend. This need for personalized curriculum haseased
with the emergence of collaborative tools and ae-li
training which often supplement and sometimes epla
traditional face-to-face courses. The broad nurobepurses
available and the flexibility allowed in curriculumpaths
could create, as a side effect, confusion and ridsgee.
Students may be overwhelmed by the offer and kuomre
the time required to enter and remain in the jolrketa
Moreover, teachers and educators may lose contrttheo
education process, its end-results and feed-bauok.ue of
information and communication technologies in
educational domain generates large amount of détah
may contain insightful information about studemsofiles,
the processes they went through and their exaromati
grades. The deriving data can be explored and iéeglby
the stakeholders (teachers, instructors, etc.)ngerstand
students’ learning habits, the factors influencittgeir
performance and the skills they acquired [6] [18ather
than relying on periodic performance tests andsfeatiion
surveys, exploiting historical educational data hwit
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the

appropriate mining techniques enables in-depthyaizabf

students’ behaviors and motivations [6] [Educational

Data Mining (EDM) is a discipline aimed at developing

specific methods to explore educational. EDM meshoan

be classified into two categories — (1) Statistiasd

visualization (e.g., Distillation of data for humamgmeny,

and (2) Web mining (e.g., Clustering, Classificafi®utliers

detection, Association rule mining, Sequential gatt

mining and Text mining) [15]. However, most of the
traditional data mining techniques focus on datasiomple
sequential structures rather than on full-fledgedcess
models with concurrency patterns [20] [21]. Prdgisthe
basic idea ofrocess mining1] is to discover, monitor and
improve real processes (i.e., not assumed nor dtadc
processes) by extracting knowledge from event tegsrded
automatically by Information Systems. Our reseatichs to
develop generic methods which could be appliedetoegal
education issues and more specific ones concerning
professional training or e-learning fields for:

» The extraction of process-related knowledge from
large education event logs, such as: process models
and social networks following key performance
indicators or a set of curriculum pattern templates

« The analysis of educational processes and their
conformance with established curriculum
constraints, educators’ hypothesis and preregsisite

« The enhancement of educational process models
with performance indicators: execution time,
bottlenecks, decision point, etc.

e The personalization of educational processes a th
recommendation of the best course units or learning
paths to students (depending on their profilesy the
preferences or their target skills) and the on-line
detection of prerequisites’ violations.

In this paper, we focus mainly on (1) process model

discovery, deriving from Key Performance Indicatof®)

social network discovery between training coursesl a

training providers. We used the ProM framework.(iz

“pluggable” environment for process mining) [7] famocess

discovery and analysis from event logs. For th& fime, to

our knowledge, the present approach handles agsiofeal

training dataset of a consulting company involvadthie

training of professionals. The rest of this paseoliganized
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as follows. Section Il introduces process mininchteques
and their application in the educational domaircti®a Il|

Interpretation of results by the end usevssualization
techniques and notation simplification is a majtake to

presents our approach for social networks mining anfacilitate interpretation by the end users, usingtable

process models discovery. Section IV describedlribe
PHIDIAS platform. Finally, section V concludes thaper.

The purpose of Process Mining is to develop autethat
techniques to extract process-related knowledga &reent

EDUCATIONAL PROCESSMINING

logs [1]. An event log corresponds to a set of process

instances following a business process. Each redozgent

refers to anactivity and is related to a particular process

instance. An event can havetimestampand aperformer
(i.e. a person or a device executing or initiatimg activity).
Moreover, in such logs, events are assumed to tadlyto

ordered. The scope of Process Mining includes poce

discovery (i.e., extracting process models from exent
log), conformance checking (i.e., monitoring dedias by
comparing model and log), social network/organceai

mining, automated construction of simulation models

model extension, model repair, case prediction, lasidry-
based recommendations. Educational
(EPM) or Curriculum Mining refers to the applicatiof
process mining techniques in the education domabj [
[21]. Beyond limitations of EDM, EPM enables greate
insights into underlying educational processesillstrate,
process mining techniques were used by Pechenétka).
[13] to investigate the students’ behavior duringlire
multiple choice examinations. Southavilay et aB][Lsed
process model discovery techniques to mine andyzaal
collaborative writing process. Analysis techniquese also
applied to check the conformance of a set of pieddf
constraints (e.g., prerequisites) with event logal].
However, the application of Process Mining techeiin
the education domain faces numerous challengetedeta
event logs’ specificities:

Voluminous Dataevent logs in the education domain,
particularly those coming from e-learning enviromtse

contain massive amounts of fine granular events an

process-related data. Real-life testing showed ithast of
the current process mining techniques/tools areblent
handle massive event logs [12] [14] [17].

Heterogeneity and complexitgducational processes are
complex and flexible by nature reflecting the hijkersity
of behaviors in students’ learning paths. Consetyien
traditional process discovery techniques genenatécate
models (spaghetti) which are often very confusingl a
difficult to analyze [22].

Process Minin

academic notation or lists of recommendations [14].

Ill.  CASE STUDY: ANALIZING TRAINING PROCESSES

USING EPM TECHNIQUES

A. Data description and preprocessing phase

In our case study, the dataset encompasses the
employees’  profiles their careers (i.e., their
jobs/assignments history) and theitraining paths

(performance and satisfaction surveys throughout th
different training phases). The data being scatteire
several databases, we had first to rebuild a citated
event log (using an ETLExtract, Transform and Load
containing the following information: Employee Id,
Training Id, Timestamp, Training provider Id, Trag
Costand thelList of all theemployees’ missiorsver a three
years period. Secondly, we transformed this evegtihto
MXML (Mining eXtensible Markup Language) format by
sing theProM Import plug-in [7], with the condition that
) an employee identifier corresponds to a progestance
identifier (i.e., an employee training path cor@sgs to a
process instance), (2) a training identifier cqpoexls to a
task identifier tagging ‘start’ and ‘end’ eventsitiwvarious
attributes (grades, satisfaction, employee proéite.,).

B. Social network mining

Social Network Analysis (SNA) refers to the colleat

of methods, techniques and tools in sociometry ragnat
the analysis of the structure and compositionexf in social
networks [4]. In our case, we conducted mining analysis
of the key interaction patterns between trainingvjaters
and training courses, using social mining techrsque
deriving from the process mining field. These teghes
aim to extract social networks from event logs Hase the
observed interactions between performers and dépgod
how process instances are routed between thesarpers

]1[3]. These interactions can be generated falgwone of

ese five metrics: (1handover of work(2) delegation or
subcontractingof tasks, (3) frequent collaboratiowdrking
togethej (4) similarity in executed tasks and (5)
reassignmenbf tasks. In order to generate social networks
between training courses, we replaced originatos Hy
training IDs of the same events (i.e., trainingajig the
event log conversion step iroM import Social mining
plug-ins generate graphs where each node represents
training provider (resp. a training course) whédre hames
have been anonymized for privacy reasons. The shabe
of the nodes in a graph (see Figures 1 and 3) NMysua

Concept drift in the education domain, subjacentexpresses the intensity of in and out connecti@mewws)

curriculum and trainings may evolve over time andpetween the nodes:

occasionally undergo major changes. Concept dféirs to
a situation where the process will change whilengpei
analyzed [5].
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a higher proportion of ingoing
(outgoing) arcs lead to greater vertical (horizdnta
distortion of the oval shape (see Figures 2 andMB.use
different views (a ranking view, a stretch by degratio,
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etc.) and two key SNA indicators when generatingséh
graphs, depending on the patterns we want to eéxf{fae

key SNA indicators [4] we used are: @egree Centrality
of a node (i.e. the number of nodes that are cdaddo it):

it represents the popularity of a node (e.g., tngircourses
or training providers) in a community (e.g., traigipaths or
curriculums). (2) Betweenness Centralityof a node:
representative of the enabling power of a nodectmnect
two different groups (i.e., two different trainirngaths or
curriculums). A node (i.e., training provider oritring

course) with high betweenness centrality value md¢hat it
performs a crucial role in the network. We applgdsh five
metrics to mine social networks between trainingvjaters
and training courses, giving the following outcome:

1) Handover of workwithin a process instance, there is
a handover of work from individualto individual j if there
are two subsequent activities where the first immeted by
i and the second by In our case, this metric allowed us to Figure 2. Social network showingandoversetween training courses
discover the flow of trainees (specified by theediion of using (1)a rancking view on degreand (2) astretch by degree ratio
the arrows) between training providers and cour$es.
instance, in Figure 1, two providers are conneéteohe (63
performs a training causally followed by a training
performed by the other provider. We distinguishe t
groups of providers strongly related to each ofokistered Q
in cliques) following their causal involvement irainhing
paths. Training providers without arc are thoseciwhiffer
very stand alone trainings without causal depengevith
others. In Figure 2, the most important trainingurses
(trainings with ID 4 and ID 1) appeared to play entcal

roles in training paths. In Figure 3, the size wHirting
courses (with high betweenness) indicates theiciaruole @ 8
as a bridge (i.e., intermediate trainings) betweddferent e
types of trainings. We can deduce that: =
e Training providers or courses witiigh degreeare @
the most popular ones. Training providers or cairse
with no connection with others represent outliers, L 2
providing very specific skills, not involved in
training paths. Figure 3. Social network showingandoversetween the top 60% of

followed training courses, usinganking on betweenness centrabifyd a
size by rankingiew.

* Nodes with no incoming arcs are training providers
(or training courses) who only initiate learning
processes (i.e., give the basics), while nodes math
outgoing arcs are training providers (or courses) w
perform only final trainings (i.e., complete traigi
paths with the most required skills).

« Training courses strongly connected to each other
hint popular or typical curriculums (or learning
paths). The direction of the edges gives the oofler
training courses followed by students in such
curriculums.

) @ » Training courses or providers wittigh betweenness

b S centralityrepresent the ones playing a crucial role as

@ a bridge (i.e., offering intermediate trainings)

connecting different types of learning paths.
Figure 1. Social network showing handovers between providétise top 9 yp 9p
80% of followed training courses usingiae by rankingiew.
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2) Subcontracting metricA resourcei subcontracts a

3) Working together metricThis metric ignores causal

resourcej, when in-between two activities executed iby dependencies but simply counts how frequently two
there is an activity executed hyln this case, the start node recourses are performing activities for the samse daee

of an arc represents a contractor and the end medms a
subcontractor (see Figures 4 and 5). In this casiysthis
metric allow us to extract complementary patteresMeen
training courses and providers. Using SNA measwes,
deduce that:

Nodes (i.e., training providers or courses) with a
high out-degree of centrality (indicated by a
horizontal oval shapes) usually play the role of
contractors (the main providers or trainings which
give basic skills in these training paths).

Nodes (i.e., training providers or courses) with a
high in-degree of centrality (indicated by a veatic
oval shapes) usually act as subcontractors (provide
or trainings which give complementary notions or
skills allowing to enhance the notions given by
contractors in these training paths).
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Figure 4. Social network showingubcontractingoetween training
providers of the top 90% of followed training coess

Figure 5. Social network showingubcontractig between the top 80% of
followed training courses.
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Figure 6). We can deduce from this social netwbekrmost
popular curriculums (training providers or courtiest work
together i.e., are involved together in traininghg The
difference with the handover metric is that thédiagives us
the order followed by students in such curriculums.

Figure 6. Social network based amorking togethebetween training
courses using rancking view on degree

4) Similar task metric: This metric determines who
performs the same type of activities in differeases. In our
case study, this metric makes sense only to generat
relationship between training providers. Therefirallows
us to detect training providers who perform the sdmd of
trainings in curriculums.

This experience shows that social networkyamimbased
on event logs is a powerful tool for analyzing atination
patterns between training courses and training ipeos.
Such an approach can also be used to mine intggesti
patterns about students’ behaviors in on-line emvirents
based on resources’ usage logs and various intandoigs
(e.g., in the case of an intelligent tutoring sgste

C. Process discovery using Clustering Techniques

Clustering techniques can be used as a preprogestsip to
handle large and heterogeneous event logs by diyidn
event log into homogenous subsets of cases folpwhirir
similarity. One can then discover simpler processl@fs for
each cluster. For this purpose, several clustdeogniques
have been developed and implemented in ProM [1idh s
as the Trace Clustering plug-in [9] [17], the Sewmee
Clustering plug-in [22] and other clustering appioes
based on time [11]. Clustering of event logs sélnains a
subjective technique. A desired goal would be teotfuce
some obijectivity in partitioning the log into honewus
cases. In this paper, in order to identify the Kesining
paths, we propose a two-step clustering approackrevh
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training paths are firstly partitioned followingparformance In the second stedor further simplification, we group
indicator then they are partitioned following thstructural  training paths (traces in log events) from eacthefclusters
similarity. The first stepconsists of creating clusters of discovered in the first step, following their stural
similar trainees’ profiles based on a training pathsimilarity using the Sequence clustering technipraposed
performance indicator expressed via two criteria) ( DY Veiga and Ferreira [22]. Each cluster is basedao
employability(matching degree between skills required by aProbabilistic model, namely a first-order Markovaah The

mission and skills obtained via training) and (@)ration ~ Sequence clustering technique is known to gensiaipler

between the training end and new job start. Based 0models than trace clustering techniques develapg2P]. In

trainees’ profiles, three clusters are created gqushe k- ?eucrhn?xﬁgnFc))lr?’thve\lhseenconvde ?gﬁlyOm?air?gg:mfﬁ\m?usée”ng
means technique. The optimal number of these chiste d group a3

. - . employability (i.e., the second cluster of thetfistep), we
(t_hree) Is determined using a method based on ubege obtain three more clusters (cluster 2.1, clustra?d cluster
silhouette of many clustering where the number loé t

; . ) . 2.3). Figure 9 shows the training model obtainemmfrthe
clusters is varied [16] [19]. For more details bistmethod  ¢)ster 2.1 obtained above, where only transitiocmsirring
we refer the reader to [10]. Figure 7(a)-(b) présen apove the threshold of 0.05 are represented.
respectively, the clusters we obtained and theosdtie

used to determine the optimal number of clusters. asis A
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Figure 7. (a) Three clusters obtained  (b) silhouetteluse . N " e .
determines the optimal number of clusters Figure 9. The process model describing the training pathshef first
cluster of the second group of trainees (Clustg), &ith an edge threshold
Let us note that the first cluster groups trainsghb the 0f0.05
best employability factor and the shortest duratetween
trainings’ end and new missions. Cluster 2 and t€fu8 IV. PHIDIAS: A PLATFORM FORDISTRIBUTED
group less optimal training paths regarding empidiyn EDUCATIONAL PROCESSMINING
factor and period of unemployment. We use the fuminyer imol h ) devel
plug-in of ProM (given its robustness to noisesyiscover To implement our approach, we aim to develop an

the process model from the training traces of tagmees INteractive platform tailored for —educational prsse
grouped in the first cluster. We obtain clearlyritibable ~ diScovery and analysis. This platform will allowffelrent
training paths, as illustrated in Figure 8. Letnate that education centers and institutions to load theitadand

these traininag paths correspond to the highestongi access advanced data mining and process miningcegry
ones regargin% employatﬁlity factor a%d pgﬁodg ofSuch a platform has to addr.ess. several issuegdeiat (1)
unemployment. the heterogenelty of the applications and the stathgces; (2)
the connection to some web portals and desktopcapiphs
to allow users dealing with the data and exploitamglysis
results; (3) the ability to add new data sources amalysis
services; (4) the possibility to distribute heavyalysis
computations on many processing nodes in ordeptimze
and enhance platform response time. To reach thegets
we adopt a Service Oriented Architecture using atefprise
Services Bus (ESB) depicted in Figure 10. This igecture
is composed of the following elements: data sources
i Enterprise Service Bus, business applications aold,tweb
Ldd services, web portals and connectors. The corehisf t
o architecture is the application bus which guarantdee
interoperability and integration of the data soarcand
applications. We have chosen to use ESB archiedtur
order to have a flexible architecture allowing Bagiugging
Figure 8. A fragment of the process model showing all thening ~ Of new applications, data sources and web portals.
patterns of cluster 1

Copyright (c) IARIA, 2014.  ISBN: 978-1-61208-364-3 57



IMMM 2014 : The Fourth International Conference on Advances in Information Mining and Management

Student and
Trainer
portals

Training
analysis
application

]

Web Services Center

&

a8

Web

connector

e
®Mm

Trainer
Data bases

Service 1
Specific
applications
Service 2 & tools
i (ProM, R,
H SAS, ete.)

Data
connector 1
J IN2Y32 RO
a3lnmaS

gs Juuomwid

Application
Data bases.

Seivice n

L]/

Data
comector n

Usage Logs

U mRRaULoD
amag

Figure 10.PHIDIAS Architecture

V.  CONCLUSIONAND FUTUR WORK
In this paper, we showed how social mining techegu

(6]

(7]

(8]

9]

[10]

(11]

can be used to examine interactions between tgainin

providers and training courses, involved in stugieinfining
paths. We also proposed a two-step clustering apprdéo
extract the best training paths depending on ariamipility
indicator. Our future work will continue in sevethtections.
Firstly, we intend to combine the approach propdeadine
interaction patterns with other mining techniquekicl
allow to discover interaction patterns between eisl in
their collaborative learning tasks, communicatioticms and
online discussions [2]. Secondly, we intend to wpible
conformance checking techniques to check if prasies,
other kinds of constraints and training path tertgslavere
indeed always respected. Thirdly, we plan to irgast
further clustering techniques in event logs pantitig to
extract typical or atypical training paths depegdion
domain specific performance indicators and/or oset of
predefined training path templates. Finally, theposed
architecture will be implemented and deployed astied on

[12]

[13]

[14]

(15]

[16]

a distributed environmentonnected to several data sources

and applications. We plan also to conduct a casgydhat
would illustrate the feasibility of process miniagproaches
in an on-line education setting.
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