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Abstract

This paper presents the application of a procetluerive managerial knowledge from an
educational web-based information system. The phaee applies a knowledge discovery
approach for mining historical databases of theagrling activities of students at a virtual
campus. The web activities include events as coassess, email exchange, forum
participation, news reading and chats. The teclesgapplied were principal component
analysis, independent component analysis, unsigeehdlustering and generation of decision
rules. Learning styles of the students were deteated knowledge of global and specific
content was found. Those findings were well evaddiy academic experts and they were
used to propose some preliminary strategies towapdove academic management and the e-
learning system.
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1 INTRODUCTION

Nowadays there exist significant strategies of nmfation systems that use Internet as
technological platform for their operations. Busia¢o business (B2B), business to customer
(B2C), business to government (B2G), and citizergd@ernment (C2G) are some of the
implementations of web-based information system&i(®y Daniel, Ward, & Wilson, 2007),
(Garrity, Glassbert, Kim, Sanders, & Shin, 200&}th{er, Hadaya, Talbot, & Cadieux, 2006),
(Paliwal, Adam, Atluri, & Yesha, 2003), (Hof & Rdistadter, 2004). In the education field
the web-based information systems have made pessible-learning in virtual universities.
The e-learning activities of the students usingviniial campus information system generate
a lot of information that can be exploited in a Whedge discovery process.

This paper presents a case study on knowledge véiscaesearch carried out on data of
graduate and undergraduate courses at the UniadrEidlitécnica Abierta (UPA) site and the
proposal of some preliminary strategies derivednfritie knowledge found. The UPA is a
virtual campus at Universidad Politécnica de Vailerand currently it has more than 6000
students registered in about 230 courses, Figusbolvs a general schema of the virtual
campus learning environment. The study pursued iid knowledge about academic
performance success and failure of the studentsnalyzing the e-learning event activity at
the campus web to recognize patterns on learniigssof the students. Events covered the
personal and collaborative use of the web resourcesurse activities, including such as
content consulting, email exchange, forum partibgra etc. The underlying hypothesis was:
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there is useful hidden knowledge in data from edie® web activities for academic
management or evaluation of the e-learning system.

Data from the use of the UPA web facilities inclddde following information about e-
learning event activity: course access, agendagusiews reading, content consulting, email
exchange, chats, workgroup document, exercise ipeaatourse achievement, and forum
participation. Date and time for each event alscevevailable. Besides of the information on
the web activity, the exercises achieved and gratigsned by the UPA’s students were tried
in the knowledge discovery process. The data welteated from the virtual campus web in
the period from January 2002 to March 2005, tatadi2’391,003 records.

The process of knowledge discovery covered thevoilg stages:

« Building a reliable datawarehouse, by filtering alainconsistencies, solving data
heterogeneity problems and processing data.

» Obtaining and interpreting patterns of the studsgttaviour in e-learning activities by
using independent component analysis, neural nksaaord linear regression analysis.

» Obtaining homogeneous data groups by applying exlungf processing and selecting data
groups, sorted out by research topics, for thendifn of decision rules.

» Applying a knowledge representation on selectedggasing decision trees to obtain the
decision rules of the factors that influence ordacaic achievement success and failure.

» Evaluating knowledge findings by experts, from theint of view of their validity,
novelty, and simplicity.

« Outlining strategies for the improvement of e-léagracademic processes.
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Figure 1. Virtual campus learning environment atAIP

2 BACKGROUND

Knowledge discovery or data mining from web datalfmining) is a new research area that
tries to understand the information flow at the wsbmeans of automated techniques for
searching knowledge. This area has a wide rangenwrgent applications including e-

learning, e-commerce, automated information as#istand many applications that operate
through the web (Srivastava, Cooley, Deshpande,ak, 2000). Particularly there is an

increasing interest in data mining from web datel{mining) of the e-learning data, some
examples are: predicting drop-out on demographta @sex, age, marital status, etc.) and
course data in the first half scores of the coksasiantis, Pierrakeas, & Pintelas, 2003),
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predicting the course score processing successsuateess at first try, number of attempts,
time spent on the problem, etc. (Minaei, Kashy, t&mreyer, & Punch, 2003), combining
several weak classifiers by boosting to prediclfscore (Zang & Lin, 2003). Recently, new
holistic webmining approaches considering extractiearning styles from the web
navigational behaviour of the students have bedimed (Mor & Minguillon, 2004), (Xenos,
2004), (Garcia, Amandi, Schiaffino, & Campo, 2005).

A learning-style model classifies students accagdm where they fit in a number of scales
corresponding to the ways in which they receive pratess information. One of the most
accepted learning style taxonomy for engineeringestts is (Felder & Silverman, 1988), see
Table 1 (one learning style is conformed by the loimtion of one feature in each dimension,
for instance, intuitive-visual-deductive-activedgét). This model was used in the present
research.

Preferred Learning Style Corresponding TeachinggSty
Sensory-Intuitive| Perception Concrete-Abstract  €onht
Visual-Auditory | Input Visual-Verbal Presentation
Inductive- Organization | nductive- Organization
Deductive 9 Deductive 9
Active-Reflective| Processing Active-Passive Stuqle_nt .
participation
Sequential- Understanding Sequential-Global | Perspective
Global
Table 1. Dimensions of Learning and Teaching St{felder et al., 1988) pp. 675.

3 DATA PREPROCESSING

A reliable datawarehouse was created from the éstio(2001-2005) web data of the UPA.
Figure 2 shows a simplified scheme of the datdiesatat the UPA.The total number of events
in the analyzed period was 2’391.003, the projectb the event table on the student code
was a 8909 records table. For each student, thhespmmding total instance counter of each
kind of event was calculated, and a normalized e/éli+100 scale) of student event activity
was calculated with the following equation,

eventotal instance, e 100

even_actiiy =— -
- suden " instancemaximum,,,

GROUP
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Figure 2. Structure of the web data.
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The student activity data were added as fieldh¢odatawarehouse. From the grades table,
the average grade for a student was calculatecadddd to the datawarehouse. Because all
the virtual courses do not make evaluation, only3L8f the rows of the datawarehouse had a
value for the variable average grade. To obtairflitatize descriptions of the student event
activity, various tables were defined to obtain aliggions of the event activities of the
students, see Table 2. Depending on the eventitgctimue for student, the corresponding
gualitative event activity description was assigned

Type gc;)nnstﬁlr:;[ng Type | Chats Type | Agenda using

1 Almost never 1 Not very 1 Does not use it or use|it
active a little

2 Occasionally 2 Fairly active 2 Average use

3 Usually 3 Very active 3 Use it a lot

4 Very frequently

Table 2. Qualitative description of the studentrg\aetivity.

4 INDEPENDENT COMPONENT ANALYSIS (ICA)

ICA is a powerful statistical technique that had hasuccessful application in different areas
of signal processing (Hyvarinen, 2001). ICA assuried there is an M-dimensional zero-
mean vector s(t) =[s/(1),...,s, (§]', such that the components (t) are mutually

independent. The vecta(t) corresponds to M independent scalar-valued saigoalss (1) .
The multivariate probability density function (d.yl.of the vector can be rewritten as the

product of marginal independent distributiong)(s):lﬂllp(s). A data vector

x() =[x (1)... x, ()] is observed at each time pointsuch thatx(t) = As(t) where A is called
mixture matrix and it is full rank N x M, (Hyvarine 2001).

ICA was applied on the UPA data in order to idgntifdependent “sources” (independent
event activity), i.e. searching those event agtitlitat can separate by an ICA algorithm as a
source. After analyzing the results from ICA applieo the different data subsets and
considering additional information about the coaraad students in the campus, we can infer
the following conclusions:

» Email exchange was independent in some casesuld e due to weakness in teaching
strategies for promoting the student interactivithen email exchange is transformed in
email review done as a routine.

* In courses with no grades, the workgroup documeentwas independent. The lack of
evaluation and grades discourage the participati@iudents in collaborative tasks.

* In some datasets the content consulting event meependent as reflect of the distributed
passive learning (DPL) nature of the web platfofithus content consulting becomes a
routine consisting in download materials with ntemactive learning process.

» [Exercise practice and course achievement also fearel as independent events for some
datasets. It could be due the profile of some sttsd¢hat includes information and
telecommunications background and knowledge abmutse contents. For those students
participating in those event activities would believant.
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5 PRINCIPAL COMPONENT ANALYSIS (PCA) AND ICA

PCA is a very well known technique that reduceswvdmgéable order in statistical multivariate
analysis (Hardle & Simar, 2006). We applied PCA ¢pouping the events of the web
activity in learning dimensions taking into accouhe Felder's framework (Felder et al.,
1988). PCA reduced 12 variables (10 event actia®grage grade and connection time) to 6
components or factors. After analyzing the resoltthe different outputs of PCA, we found
the following relationship between learning stylmeénsions and event activity variables, see
Table 3.

Learning Style Web event activity

Sensory-Intuitive| Perception chats, forum partitigpg course access

Visual-Auditory | Input news reading, forum particijpm, email
exchange, chats

Inductive- Organization | agenda using, exercise practice

Deductive

Active-Reflective| Processing course access, workgrdocument, contemt
consulting, exercise practice

Sequential- Understanding course achievement, forum participation,

Global average grade

Table 3. Dimensions of Felder's Teaching Styles@ated with web event activities.

Note that some web events are associated with thareone dimension; it has sense because
a web activity could demand several capabilitiethefstudents used in their learning process.
Allowing that kind of relationship we can obtain raaeal and versatile descriptions of the
student learning styles, besides of includingtal dimensions of the learning framework. In
(Garcia et al., 2005) just three dimensions of Feéder's model were considered and the
Bayesian network proposed constrained relationsifipthe web events with just one
dimension of the learning model.

We applied ICA to the 6 components obtained by PE#yures 3 and 4 show sources
obtained by ICA, respectively, for the grade andgrexde graduate course datasets. Figure 3
displays three labelled characterised zones inlébming style space: 1.) Represents the
learning style more important in the populationeTkarning for the students in this zone
emphasizes global understanding, active processind, deductive logic (natural human
teaching style), and high grades. 2.) This learsiyte is focused on inductive logic (natural
human learning style), with sequential understamdamd relative active processing. Students
within this style could have natural skills fortdal education. 3.) It is characterised by global
understanding, deductive logic, and reflective pesing. Students within this style would
have higher abstraction skills that need of teaghin
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Figure 3. Sources 1-3 in a learning style spacegi@duate courses with grades.
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Figure 4. Sources 1-3 in a learning style spacegfaduate courses without grades.

We can conclude that dimension of understandindlesato project clearly the learning

styles, and its principal components are assessamahtgrades. This finding confirms the

assumption that the more quickly way to changddhening style of the student is to change
the assessment style, i.e., expected evaluatios b@av the student learns (Elton &

Laurillard, 1979). Conversely, Figure 4 does ndbvalforming learning style groups and

show all the subjects within a unique learning estyhs understanding and organization
dimensions do not discriminate projection of tharhéng styles, only the dimension of the

processing provides some discrimination. Then thique learning style emphasise reflection
over actuations, it would be the content consuliing exercise practice components of that
dimension. The conclusion is the lack of assessmdeets not allow developing student

learning styles.

6 CLUSTERING ANALYSIS

The fuzzy c-means was applied using a fuzzinessedegf 1.3 (exponent m). Validity
measure was the partition coefficient and the makimumber of classes used in training was
16. The calculation was carried out for all classes the best number of classes was
determined and validated by checking the evoluttoough the class number range of the
partition coefficient (pc) vs. the classificationtepy (pe). The application of the fuzzy c-
means algorithm on the data subsets generatedu@&id or groups. Besides of the fuzzy c-
means, the conjunctive conceptual algorithm wagl us® the qualitative variables to get
logical conjunctions of relations between the Malga. From the analysis of the obtained
cluster centroids, the following conclusions weegived.

For the regular career courses with grades:
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» The student group with the best grades shows dasiagtivity level in the different event
types, except in course achievement where it lagheer activity than the other groups.

» The student group with the worst grades shows laehigxercise practice proportion than
the other groups; however the course achievemealagvely low.

» The intermediate academic performance groups shounbalance in the proportion of
activities, focusing in email exchange and agersiiagu

» This data subset does not use events that requieeactivity among several students.
Those events are chats, forum participation andkgvoup documents.

» The students with worst grades are devoted mamlyetvs reading, content consulting
and email exchange but they do not undertake tcsecachievements.

» The relation cluster-grade follows a normal disttibn respecting to the average grade
decision variable. Being the best and worst gradags the less numerous ones.

For the graduate courses with grades:

* There are not significant differences in the acadgrarformance of the clusters.

» The worst grade group is the highest course acinentone.

» The best grade group shows a similar proportioevery event activity, being this group
the highest course access.

* In this data subset the events that require intiefgcamong students were used, but its
activity was lower than the events that do not negstudent interactivity.

» The best grade group was the second most numenassamd the worst grade group was
the less numerous ones.

* The best grade groups used the email more frequiath the others.

For the regular career courses without grades:

» Every group exhibited a good utilization of theeirsctivity events forum and chats but
workgroup documents.

» Every group showed similar proportion in exercisacgice and course achievement
events.

For the graduate courses with grades:

» Every group showed a high utilization of interaitfivevents; even the workgroup
documents activity was high.

» There was a group with high values for the threeractivity activities, but the value for
exercise practice event is very low like in theeptbroups.

7 MINING ASSOCIATION RULES

Average grade was defined as decision variablarfiming association rules. 250 decision

rules were obtained applying the C4.5 algorithmif@un R.J, 1992) to the clusters of the

graduate and regular career course data subset® ahd group consisting of the union of

both data subsets. Association rules involve glamaltent or specific content knowledge.

Some of the mined association rules are listedwabaluding the success percentage of the
rule.
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For graduate courses:

Rule No 9: If Agenda using = Average useule No 16: If Content consulting = Very

and frequently and

News reading = Does not use it or use it @ourse achievement = Usually and
little and Forum patrticipation = Average Then
Content consulting = Usually and Average Grade GOOD [77.24%)]

Forum participation = Average Then
Average Grade GOOD [80.65%)]

For the regular career courses:

Rule No 115: If Course = Economic anBule No 116: If Course = Economic and
Financial System and Financial System and
Average time = Evening and Average time = Evening and
Email exchange = Usually exchange it and News reading = Average use it and
Course achievement = Very frequently Thei€ontent consulting = Usually and
Average Grade FAIR [73%)] Chats = Fairly active Then
Average Grade FAIR [81.5%)]

The findings of knowledge obtained in the reseamshre evaluated by academic
administration experts of the university in aspestish as validity, novelty, and simplicity,
obtaining general score of 8.2 points on a scalaft to 10.

8 STRATEGIC ACTION OUTLINE

The following are some preliminary strategies thate proposed based on the results of the

knowledge discovery process.

« To empower collaborative informatics to include qgti@al virtual labs. Some of the
technical subjects to be included are: workgrouprkilow, data mining, searchers,
multimedia, and customer research management.

» To collaborate with other educational networks otual platforms in order to reinforce
teaching quality promoting the creation of virtledrning networks.

* To design and to implement a pedagogic coursetsydldor students to understand e-
learning education. The appropriate utilization ioformation and communications
technologies helps to educate more and better.

» To adapt the roles of counsellors, teaching, supmpiand administrative staffs to the
classes in the cyberspace.

» To promote the knowledge of the virtual campusliithe university to generate synergic
relationship between university people. This camdpce positive feedback to the virtual
campus as new students and teachers, e-learnijggipcoeation, and communications for
improvements.

 To propose special events for diffusion of the uatt university as conferences and
workshops on-line, in order to obtain participatadrthe students.

» To make enable a virtual library with bibliograpluientents referenced in virtual courses.
In addition of the basic modules and annexes ofcth@ses, access to bibliographical
electronic resources allowing research activitiesiil be provided.
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9 CONCLUSIONS AND FUTURE WORK

The proposed methodology applied to a real cade lwige historical data obtained promise
results in detecting student learning styles iedsarning environment. All the dimensions of
the Felder’s learning framework were modelled using adaptive approach. The versatility
of the approach consists in integrated descripthadelling using several techniques for
processing quantitative and qualitative data. ledelent component analysis, a technique
normally used in signal processing, has been usefuletecting patterns in e-learning data.
Despite of the possible problems of discretizatiomprovement of interpretation capabilities
has been shown. Modelling learning dimensions asmbination of web event activities
enhanced the detection of the student learningstyl

The knowledge discovery from e-learning webdatanébwseful knowledge (of global or
particular content) on academic performance ofsfuglents at the Universidad Politécnica
Abierta (UPA). Among the findings are the following Events of synchronous interactivity,
such as, chats and forum participation and evengsynchronous interactivity empower the
student academic performance; ii.) In the coursiéis grades, academic student performance
could be improved by motivating students to haverse achievement. Some students show
good values for the different event activities, revan exercise practice, but do not have
evaluations.

General results of the research were well evalubyedcademic experts taking into account
the validity, novelty and simplicity of the knowligel. All these knowledge of global and
particular contents could be used to improve tHeaeing system in different aspects.
Strategies to encourage interactivity between siisdstrategies to design an assessment style
to reinforce the student learning style detecteald @lobal improvements of different
components of the e-learning system towards a rdsteibuted interactive learning were
proposed.

As a prototype, the study has yielded encouragasylts on the application of knowledge
discovery to e-learning analysis. Neverthelesprater to obtain a complete application of
this analysis is necessary to complement the dagdnease with more variables. Thus the
complexity of the research topic analysis can beemealistically modelled. Student’s data
among these variables could be, gender, age, docanrolment date, likes and dislikes, and
so on. Besides of teacher’s data, such as, cowssergy results, research topics, and so on.
Those variables would be collected through questoes, or transferring automatically from
databases.

The teaching part of the Felder’s learning framéwaranother model has to be incorporated
in the proposed methodology. The tuning of therieay and teaching styles to obtain a good
performance in the outcome of the process woulchbéelled.
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