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Intrcduction

EDM inters ects data mining wlth pedagogy. Pedagogy contributes with the knowledge of

learning processes, while data mining adds analysis and modeling techniques. Among the

most used techniques arc clusteting, association rules andpatlerns analysis.

ElucationalData Mining has specific rcqufuements, which are not present in other

domains, hkepedagogical aspects of teacherc, students andthe system itself.

There are some problems in EDM, andwe can start by the dataminrngtools, that are

still rather difficult to use, especially for teachers [a0]. These tools must suffer an

improvement, to have a more intuitive and easy intefiace, with simple conftgwation and

execufion andwlthgood visualization of the results.

There is also a need to standardrze methods and data for EDM, since there are no

generaltechniques to apply to different educati}nal systems.

Another problem is the fact that it is difficult, or even impossible, to compare

different methods or measures previously and decidewhich are thebest [40]. It is necessary

to experiment for knowing which is better, although the experimentation phase is difficult

in the educational fieldbecause data is very dynamic, tt canvary a lot between samples, and

teachers just cannot dftprd the time or the technical experience to do these tests on each

sample, especially in real time.

The lack of completeness from students is also a problem; they usually ask the

questions and express their information needs incompletely. Consequently, the attomatic

classification of student questions, with the goal of ultimately providing automated tutonal

responses is a challenging problem in EDM.

The problem s of data rcdwdancy and inherited corcelation between many attnbutes,

compltcatethe discovery of truly interesting patterns in the data.To avoidit, we could try to

define appropriate interestingness measures for the patterns to be mrned, integtate pnor

domain knowledge into the Data Mining techniques and adapt Data Mining technologr

towards the EDM needs in general.

Thus, our goal is to build mining modelo t6 prcdict some educational situafions,

based on the information discovered.



lntroduction

The rest of the document is organized as follows, the First chapter has a small

dercription of Data Mining and a detailed description of the work on FAucattonal Data

Mining. There is a revision of what was done in this area, vmth special attention to

classification, as it is the focus of this work. Also some main apphcations and open issues in

tlis area are presented.In chapter two, we present datawarchouse techniques, rncluding

how to use it in Flucation. The theird chapted has a description the capabihties of data

mining and its applicattons in higher education Institutions would like to know, for

example,which sfudents will enroll inparticular course programl andwhich students will

need assistance in order to graduate. Are some sfudents more likely to transfer than otherc?

What groups of alumni. are most likely to offer pledges? In addition to this challenge,

tradittonal issues such as enrollment management andtime-to-degtee continue to motivate

higher education institutions to search for better solutions. Finally, we conclude with

developing an Analysis Services Project using Business SQL server Intelligence Development

Studio 2008, we implement datawarehouse and Mining Structures (Naive Bayes' Decision

Trees)., the results achieiedand suggesting some guidelines for fufilre research.



Concfusions and Eeafiire Work

In this thesis, we have been able to demonstrate the process of designing and

developing data-warchouse and data mining appltcattons using SQL server

business intelligence Development tools using a case study in an academic

envirsnment It is to be noteA however that this tectmique can be apphed to any

oryanization wishing to implement business intelligence as part of their strategic decision

srpport operations. The power of. Data-Warehousing tn data analysis is tremendous and

data-minngcandiscoverhiddentreasuresinthedata-warchouse.

Some of the main conclusions and contributions of the work are summadzed, and some

possible future development lines are commented.

As it has bgrJn emphasized, the most important oint of this research is the acquisition of

knowledge from sfudents' academic petformance. The maimpurpose is to ptovidepridective

miningmodele for studentS. ''

We found that using data mrning, it is possible to devlop a model representing thebehaviot

of students in their way through different academic itineraries. This facilitates aptper vision

of tlre behavior and pefiormance of. the groupe of students at certain university carcet and,

atthesame time, allows feedingthe systeme to offer recommendation with the courses to be
(

enrolling on- ' 
,

One of the most attractive future works is to collect latge data set from the universify

databax. and apply these classification methods on such data. Several other new

classification methods can also be applied to test the most suitable method for student

data&t Le.lazy learners, Classification via regression etc. These classification methods can

alsobe apphedto prnedict other student outcomes such as dropouts or alumnipledges.
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Abstract

tn recent )€ars, decision support systems otherwise called business Intelligence [BI] have

become an integnl part of organization's decision making strategy' Data warehousing and Data

Miniry are rxytt- plarying a significant role in strategic decision making' It helps companies make

b€ffi decisions. srreanline work-flows, provide better customer services, and target market their

produqs and serrices.. This work is all about developing data warehouse and data mining

M€thods ft}r rnenagement using the University of M'sila Student database as a case study' It

describes the process of data warehouse design and development data mining structures using

Micrmoft sQL Serr.er Analysis services. It also outlines the development of a data cube as well as

apdiction of online Anatytical processing (oLAP) tools and Data Mining tools in data analysis'

Keyrords: Data *anehouse, Data Mining, Dimensional modeling' OLAP

resrune

ces dernieres ann6es; les systdmes de soutien des ddcisions autrement appeld Business

lnd$ence [BI] sont devenus une Paltie intdgrante de la ddcision de I'organisation de stratdgie de

prise- L'enneposage de donndes et Data Mining, jouent ddsormais un rdle important dans la prise

de cldcision stratqique. Il aide les entreprises i prendre de meilleures ddcisions, de rationaliser les

flru de trarailler, de foumir de meilleurs services i |a clientdle, et le march6 cible de leurs produits

et ssrices .. Ce trarail consiste i crder des entrep6ts de donndes et mdthodes d'exploration de

donnees po|[ la gction de l'aide de I'universitd de base de donndes des dtudiants de lvl'sila

connnee{r-rde de cas. Il d6crit le processus de I'entrepdt de donndes de conception ec de

derdoppement des srructures d'exploration de donndes en utilisant Mrclosoft sQL Server Analysis

Senices- Il decrit egalement le ddveloppement d'un cube de donndes hinsi que I'application de

t,.iment ana\tique en rigne (otAp) des outils et des outils d'exploration de donndes.

Mots-cl€s: enEepdt de donndes, Data Mining,la moddlisation dimension-nelle, ol-AP
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