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ABSTRACT

This paper analyzes the possibilities of applying data mining techniques in order to improve
predicting of student performance. Predicting student performance is one of the most popular
applications of data mining in education. Different techniques and models are applied like neural
networks, Bayesian networks, association rules, rule-based systems, regression, and correlation
analysis to analyze educational data. This analysis helps in predicting student’s performance i.e. to
predict about his success in a course and to predict about his final grade based on features extracted
from data stored in database of university.

In order to get required benefits from large data volumes stored in databases or data warehouses and
to find hidden relationships between data, authors used association rules, one of the data mining
techniques. Association rules are “if ... then” statements that help uncover relationships between
seemingly unrelated data in a database, data warehouse or other data repository.

In this paper authors analyzed data related to students’ performance on exams. By using data mining
technique — association rules — authors analyzed if there is relationship between failures on exam
from one subject with failure on another one.

Keywords: Data Mining, Student Performance, Association Rules

1. INTRODUCTION

Data mining methods have become very effective data analysis tools in various application domains,

primarily because of their ability to deal with large volumes of structured and unstructured data and

their ability to discover relevant and non-trivial information without prior knowledge [3].

Data mining in higher education is a recent research field and this area of research is gaining

popularity because of its potentials to educational institutes [5]. It was identified as one of the six

emergent technologies in the NMC Horizon Report: 2013 Higher Education Edition [13]. The
educational data mining was defined as “the process of converting raw data from educational systems

to useful information that can be used to inform design decisions and answer research questions” [6].

It is an innovative field of research which is being implemented in education with several promising

areas for data mining suggested and partially put into practice in the academic world. The main

domains of data mining implementations in higher education are following [4]:

- Analysis and visualization of data is used to highlight useful information and support decision
making. It can help in analyzing the students’ course activities and getting a general view of a
student’s learning.

- Predicting student performance is the most popular application of data mining in education.
Different techniques and models are applied like neural networks, Bayesian networks, rule-based
systems, regression, and correlation analysis to analyze educational data. This analysis helps in
predicting student’s performance i.e. to predict about his success in a course.

- Outlier analysis has been used to detect and, where appropriate, remove anomalous observations
from data [4].
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- Grouping students means creating groups of students [15] according to their customized features,
personal characteristics, etc. These clusters/groups of students can be wused by the
instructor/developer to build a personalized learning system which can promote effective group
learning.

- - Enrolment management is frequently used in higher education to describe well-planned strategies
and tactics to shape the enrolment of an institution [1] and meet established goals. Such practices
often include marketing, admission policies, retention programs, and financial aid awarding.

- Management and generation of strategic information is the process of application of the IT i.e.
mature strategic information system (SIS). SIS can be applied to facilitate academic and
administrative activities in educational institutions. The aim is to put forward a way to understand
the students’ opinions, satisfactions and discontentment in the each element of the educational
process [2].

- Target marketing uses data mining algorithm to generate target set which is used by marketing agent
to organize promotion and marketing campaigns. The case study [7, 8] predicts the alumni pledges
and helps universities to develop a cost-effective method to identify those alumni most likely to
make pledges.

In this paper authors used association rules in order to discover hidden relationships between

seemingly unrelated data in a database of students. Although association rules come from market

basket analysis they are increasingly used in educational data mining [10, 11, 17].

Association rules capture information such as “if customers buy book X, they also buy book Y. This

can be written as X—Y [9].

An association rule has two numbers that express the degree of uncertainty about the rule: support and

confidence.

Let |X , Y| denotes the number of transactions that contain both X and Y. The support of that rule is

the proportion of transactions that contain both X and Y: sup(X—Y) = | X, Y| /n. This is also called

P(X, Y), the probability that a transaction contains both X and Y. The support is symmetric:

sup(X—Y) = sup(Y—X) [9].

Let |X| denotes the number of transactions that contain X. The confidence of a rule X—Y is the

proportion of transactions that contain Y among the transactions that contain X: conf(X—Y) = |X, Y|

/|X|. This also could be written as P(Y/X) - the probability that a transaction contains Y knowing that

it contains X already. The confidence is not symmetric, usually conf(X—Y) is different from

conf(Y—X), and gives its direction to an association rule [9].

LetI={I1,,12,..,Ip} be aset of p items and T = {t1, , t2, ...,tn}be a set of n transactions, with each ti

being a subset of I. In that case, an association rule is a rule of the form X—Y, where X and Y are

disjoint subsets of I having a support and a confidence above a minimum threshold [9].

This paper presents analysis of data related to students’ performance on exams. By using data mining

technique — association rules — authors analyzed if there is relationship between courses which

students did not pass in academic year when they first time registered for them, but they had to
register for the same courses once again in the next academic year.

2. METHODOLOGY

RapidMiner Studio 6 is used for modelling association rules (Figure 1). Data is finalized in Microsoft
Excel. Namely, for each course which students did not pass in academic year when they first time
registered for, it was put TRUE, otherwise FALSE. Analysis was done with following measures:
support>0.4 and confidence>0.6.
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Figure 1. Modeling association rules in Rapid Miner

3. RESULTS
After data is finalized and imported in RapidMiner where modelling of association rules was done,
some of obtained results were presented in Table 1 and Table 2.

Table 1. Association rules: Bachelor level — passing form the first to the second study year

Ac;(::l:uc It Rule Then Support Confidence

2011/12 STATISTICS MATHEMATICS 0.415 0.800
BUSINESS ORGANIZATIONS MATHEMATICS 0.429 0.818

2012/13 BUSINESS ORGANIZATIONS MATHEMATICS 0.416 0.755
STATISTICS MATHEMATICS 0.476 0.629

2013/14 BUSINESS ORGANIZATIONS MATHEMATICS 0.424 0.658
STATISTICS MATHEMATICS 0.427 0.645
ECONOMIC SOCIOLOGY MATHEMATICS 0.322 0.607

2014/15 STATISTICS MATHEMATICS 0.452 0.677
BUSINESS ORGANIZATIONS MATHEMATICS 0.409 0.720

All BUSINESS ORGANIZATIONS MATHEMATICS 0.418 0.646
STATISTICS MATHEMATICS 0.423 0.674

Table 2. Association rules: Bachelor level — passing form the second to the third study year

Ac;‘::‘:"c I RuleThen Support Confidence

2012/13 PUBLIC FINANCE ACCOUNTING 0.494 0.600
BUSINESS FINANCE ACCOUNTING 0.244 0.600

PUBLIC FINANCE ACCOUNTING 0.420 0.686

2013/14  MANAGEMENT ACCOUNTING 0.411 0.688
ACCOUNTING PUBLIC FINANCE 0.412 0.733

PUBLIC FINANCE ACCOUNTING 0.412 0.786

2014/15  ACCOUNTING PUBLIC FINANCE 0.411 0.624
All ACCOUNTING PUB:LIC FINANCE 0.417 0.661
MANAGEMENT RACUNOVODSTVO 0.424 0.696

It is obvious from Table 1 and Table 2 that analysis was done by particular academic year and for all
academic years together. Results presented in Table 1 show if students who passing from the first to
the second year did not pass statistics, also did not pass mathematics. It could be said that this result
was expected. As presumed, students who enrolled into first year at study of economics have different
foreknowledge, especially of mathematics, because they were coming from different secondary
schools. In that case, faculty could take actions to help those students in order to fulfil gaps in their
knowledge. One action could be engaging better students to help their colleagues. However, it was
interesting to discover that students who did not pass business organizations also did not pass
mathematics. This rule is not easy to explain without additional analysis. Analyse could be done
through research of students’ opinion (questionnaire) about that rule and reasons behind it.

Table 2 shows rules for passing from the second to the third year of study. One association rule is that
student who did not pass public finance, also did not pass accounting, and vice versa (it is symmetric
rule), while other rule is that student who did not pass management, also did not pass accounting.
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Since course accounting is in both rules, additional analysis of students’ structure by secondary
schools was made. That analysis showed that the most of students (over 60%) was coming from
secondary schools that were not economic schools (gymnasiums, technical, medical schools etc.). It
means that those students first time met with accounting course at the faculty. In this case, faculty
could take action like initiating additional instructions to help those students to learn accounting and
pass exam easier.

4. CONCLUSION

The results of research presented in this paper show that there is a significant space for use of data
mining techniques in order to improve quality of the teaching process. Namely, association rules could
be very useful in discovering hidden relationships among data. As it is shown in previous examples
(Table 1 and Table 2), in order to understand some association rules it is necessary to do some
additional analysis. But, in any case, it was shown how discovered rules could be used in taking
specific actions, all with the same goal — to improve teaching and learning process at the university.
Consequently, association rules show that could be very good tool which management of university
could use in order to improve overall quality, and especially quality of teaching process.
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