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Abstract

Data mining is one of the important techniques in data science and has been effectively and
efficiently used to extract useable, previously unknown, comprehensible, useful, and
actionable knowledge from a large database whether structured or unstructured. Data
mining is important for supporting crucial business decisions, identifying disease
diagnostics, and predicting what may happen in future academics as well. This paper
presents the application of Apriori algorithm of data mining to mine associate rules among
the marks scored by students in prerequisite and successor mathematics courses in an
engineering degree program. The analysis of rules reveals that students who scored better
marks in the prerequisite courses will 100% maintain their same performance in the
successor courses. The mined rules also revealed that association rule mining could be used
effectively for predicting grades and also adapting the teaching methodologies to teach
mathematics courses.
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increasing attention towards Artificial

Introduction

The most important targets of any
educational system are to provide students
with the required knowledge and skills to
implement them in successful professions
within a specified period. How global
educational systems effectively meet this
goal is a major determinant of both
economic and social progress.Baker, R. S.
(2014) mentioned that in recent years, the

Intelligence (Al) inspired the development

of data mining and analytics in the
pedagogical domain. Data mining is the
method to obtain additional characteristics
and models from a large data set. It uses
the methods of machine learning, statistics
and database systems. Fayyad, U. et al
(1996) mentioned that data mining is a
field of knowledge discovery in databases
(KDD), which is the area of detecting
individual and hypothetically
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advantageous information from a large
amount of data set. The data mining that
concentrates on the educational area is
called Educational Data Mining (EDM).
EDM refers to the techniques, tools, and
research designs utilized to obtain
information from educational records,
typically online logs, and examination
results, and then analyse this information
to formulate conclusions. Berland, M. et al.
(2014) mentioned that EDM is theory-
oriented and focuses on the connection to
the pedagogical theory. Papamitsiou, Z. and
Economides, A. A. (2014) mentioned that
presently, little empirical evidence exists to
support a theoretical framework that is
able to gain wide acceptance in the
scientific community. Given that in the real
world there is a great diversity of different
learning contexts, they determine the
analytical approaches utilized by EDM.
Therefore, how EDM can be beneficial in
real educational practices, as demonstrated
in the research, could be crucial.

The website International Educational Data
Mining Society (2011) mentioned that
Educational Data Mining, one of the
important techniques in data science, is an
emerging field, concerned with the rising
procedures for discovering exclusive and
progressively large-scale data attained
from educational surroundings, and uses
those methods to better understand
students and the settings in which they
learn. Koedinger, K. et al. (2008) state that
EDM permits users to extract knowledge
from students’ data. This experience can be
used in different ways such as to
substantiate and assess an educational
system, enhance the quality of T & L
processes, and lay the groundwork for a
more effective learning process.

EDM can provide universities with a clear
picture of specific hindrances to student
learning. For example, students can fail in
advanced subjects because they did not
learn the basic information from the
prerequisite subjects. Using data mining
(DM) techniques to analyze students’
information can help identify possible
reasons for students’ failures. Data mining
delivers many procedures for data analysis.
The enormous quantity of information

presently in students’ databases surpasses
the human capability to evaluate and
obtain the most useful information without
help from  computerized  analysis
procedures. Knowledge discovery (KD) is
the process of nontrivial extraction of
implicit, unknown and potentially useful
information from a large database. Data
mining has been used in KDD to discover
patterns with respect to a user’s needs. The
pattern definition is an expression in
language that describes a subset of data. An
example of a KDD pattern definition was
use by Agrawal, R. (1993).

Section 2 presents association rule mining.
Section 3 presents the data and methods,
and a discussion of the results is presented
in section 5, followed by a conclusion.

Association Rule Mining

The association rule mining was
introduced by Agrawal, R. (1993) in 1993
in an international conference on
Management of Data, and since then it has
received a notable attention of the
researcher in every domain of life. The
association rule mining is one of the mostly
used machine learning algorithm for
hidden patterns discovery in a large
database. Association rule mining, in brief,
employs the use of machine learning
models to analyze data for hidden patterns
or co-occurrences in a database. It
identifies frequently occurring if-then
associations that are called association
rules. An association rule is composed of
two parts; an antecedent (if) and a
consequent (then), and are written as
“antecedent 2 consequent”. The antecedent
is an itemset in the database and the
consequent is an itemset in the database
that occurs in combination with the
antecedent.

To understand the association rule mining,
the terms from Lustgarten, |. L. et al. (2008)
are worth mentioning, as follows:

Itemset - a set of one or more items i.e.
{Butter, Bread, Milk} in a transaction
database.
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K-itemset - an itemset which contains K
items. For example, {Butter, Bread, Milk} is
a 3-itemset.

Support (denoted by ‘s’) - is the frequency
or occurrence of an itemset X. It is one of
the measures of interestingness that tells
about the usefulness and certainty of a rule.
A 5% support means total 5% of
transactions in a database following the
rule.

Frequent itemset -an itemset X is
frequent if the support of X is no less than a
minimum support threshold.

Customers
buy
laptop

Confidence (denoted by ‘c’) - a conditional
probability that a transaction having X also
contains Y.

Strong rule - an association rule having
support greater than or equal to the user-
specified minimum support threshold and
confidence greater than or equal to a user-
specified minimum confidence threshold.

An association rule Laptop > Wireless
Mouse is presented in Figure 1.

Customers
buy
wireless mouse

Customers laptop and wireless mouse

Fig. 1: Laptop > Wireless Mouse association rule

This direct applicability to business
problems together with their inherent
understandability (even for non-data
mining experts) made association rules a
popular mining method. Moreover, it
became clear that association rules are not
restricted to dependency analysis in the
context of retail applications, but are
successfully applicable to a wide range of
business problems.

To predict grades in a course on the basis
of performance in the prerequisite
course(s), the Apriori algorithm described
in Markus, H. (2005) was used, which is a

quite favorite algorithm for frequent
itemset mining and for the identification of
association rules over transactional
databases. It proceeds by identifying the
frequent individual items in the database
and extending them to larger and larger
itemsets as long as those itemsets appear
sufficiently often in the given database. The
frequent itemsets determined by Apriori
algorithm can be used to determine the
association rules which highlight general
trends in the dataset. An example of few
transactions in the database is presented in
Table 1.
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Table 1: Example transactions database

Transaction ID Items bought
T100 {A,B,D,K}
T200 {A,B,C, D, E}
T300 {A,B,C E}
T400 {A, B, D}
Given that the minimum support is 60% Step 1: Scan the database for 1-itemsets
and the minimum confidence is 80%. candidates and frequent 1-itemsets.
1-itemsets candidates (C-1) Frequent 1-itemsets (L-1)
Itemset | Support (%) Itemset | Support (%)
{A} 100 _ {A} 100
{B} 100 {B} 100
&} 50 {D} 75
{D} 75
{E} 50
{K} 25

Step 2: Scan the database for 2-itemsets candidates and frequent 2-itemsets.

2-itemsets candidates (C-2) Frequent 2-itemsets (L-2)
Itemset | Support (%) Itemset | Support (%)
{A, B} 100 —) {A, B} 100
{A, D} 75 {A, D} 75
{B, D} 75 {B, D} 75

Step 3: Scan the database for 3-itemsets candidates and frequent 3-itemsets.

3-itemsets candidates (C-3) Frequent 3-itemsets (L-3)
Itemset Support (%) — [temset Support (%)
{A,B,D} 75 {A, B, D} 75

Muhammad Abaidullah Anwar and Rashmi Rani, The MENA Journal of Business Case Studies,
DOI: 10.5171/2020.467550



The MENA Journal of Business Case Studies

Step 4: Extract all strong association rules from the database.

The strong association rules that satisfy the
minimum support (60%) and confidence
(80%) thresholds are given in Table 2.

Frequent Support Candidate Confidence
Itemsets (%) Rules (%)
{A} 100 R A->B 100
{B} 100 B >A 100
{D} 75 A>D 75
{A, B} 100 D>A 100
{A, D} 75 J B—>b 75
(B, D} 75  |— D>B 100
{A, B,D} 75 AB—>D 75
A, D>B 100
B,D>A 100
A>B D 75
B>AD 75
D>AB 100

Table 2: Strong association rules

Candidate rule Support (%) | Confidence
(%)
A->B 100 100
B>A 100 100
D>A 75 100
D ->B 75 100
A D>B 75 100
B,D>A 75 100
D>AB 75 100

Data and Methods

Data Collection

The data consists of the total marks (0 -
100) scored by the forty-four students who

passed the second course in Calculus (SC)
and Differential Equations (DE) course of

an engineering degree program taught by
the same instructor in two consecutive
semesters of fifteen weeks. The course
Preliminary Calculus is a prerequisite of
the Differential Equations course. The
sample marks data is presented in Table 3.
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Table 3: Sample dataset

S. No. Marks scored by students
2rd Course in Calculus | Differential Equations
1 63.7 76.3
2 68.5 70.5
3 76.2 81.3
4 62.8 81.5
5 63.0 62.8
6 66.3 76.5
7 76.8 91.3
8 81.9 76.5
9 76.1 70.3
10 54.2 63.0

Data Cleaning

There is a number of data cleaning
techniques in the literature such as filling
missing values, binning, regression, and
clustering - some are mentioned in Kiron,
D. etal. (2012). The authors did not use any
algorithm or technique to handle the
missing values in the marks dataset. The
data of the students who passed a Calculus
course in the preceding semester but did
not pass the DE course in the successor
semester was not included in this study.
The students who did not register to a
course taught by the same instructors in
the two consecutive semesters were also
not included in finding the association
rules.

In educational systems, assessment is a
predictable component as it has a wide
impact on learning. The student’'s
performance in a course is also based on
the teaching methodology, the faculty’s
behavior towards the student, and the
faculty’s tone and communication style in
the classroom. These factors influence the
participation of the student in a class. If a
different faculty will teach the course, the

student’s association in class will be
affected, and hence it affects the student’s
grades. The value of the data in this study is
that one faculty taught the prerequisite as
well as the successor courses to the same
students. This ruled out the above
mentioned side effects of two courses
taught by two different faculties.

Data Discretization

The Apriori algorithm works on nominal
attributes that require the discretization of
any numerical data in the datasets.
Discretization is a typically preprocessing
step for machine learning algorithms that
transformed a continuous-valued feature
to a discrete one as mentioned in
Lustgarten, J. L. et al. (2008). Cios, K. J. et al.
(2007) state that the goal of discretization
is to reduce the number of possible values
a continuous attribute takes by partitioning
them into a number of intervals. The marks
scored by students in two courses in this
study are numerical, and the authors have
converted them to a nominal data
consisting of ten categories using MS Excel.
The categories and their corresponding
range are presented in Table 4.
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Table 4: Numerical to nominal - range and category

Sr. No. Marks Range Category
1 90 < Marks <= 100 C-10
2 80 < Marks <= 90 C-9
3 70 < Marks <= 80 C-8
4 60 < Marks <= 70 C-7
5 50 < Marks <= 60 C-6
6 40 < Marks <= 50 C-5
7 30 < Marks <= 40 C-4
8 20 < Marks <= 31 C-3
9 10 < Marks <= 20 C-2
10 0 < Marks <= 10 C-1

A sample of the scored marks of the
students in two courses transformed into
categorical data is presented in Table 5.
Now, the scored marks have been made to

be eligible for applying mining association
rules, since association rule mining
supports nominal data only in Weka.

Table 5: Scored marks transformed to Nominal Data

Marks Numerical Data Marks as Nominal Data
2md Course in | Differential | 2rd Coursein | Differential

Calculus Equations Calculus Equations
63.7 76.3 C-7 C-8
68.5 70.5 C-7 C-8
76.2 81.3 C-8 C-9
62.8 81.5 C-7 C-9
63.0 62.8 C-7 C-7
66.3 76.5 C-7 C-8
76.8 91.3 C-8 C-10
81.9 76.5 C-9 C-8
76.1 70.3 C-8 C-8
54.2 63.0 C-6 C-7

Results and Discussion

The Apriori algorithm was applied on the
dataset using a publically available free
data mining tool developed at Waikato
University

and available at Weka (2019). The Weka
tool allows users to apply most of the data
mining algorithms on a given dataset. The
summary of the performance categories of
students in two courses produced by Weka
is presented in Figure 2 (a) and Figure 2

(b).
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Current relation

Selected attribute

Attributes

|| Name

1 W 2nd Course in Calculus
2 [ Differential Equations

Relation: MAT-112-114-Weka Aftributes: 2 Name: 2nd Course in Calculus Type: Nominal
Instances: 44 Sum of weights: 44 Wissing: 0 (0%) Distinct: 5 Unigue: 0 (0%)
[No.  [Label_ | count | weignt ]
[ 1 c7 15 15.0 [a]
2 c8 5 50
All J [ None J l Invert J l Pattern ] | 3 Cco 10 100 D
4 C8 4 40 Iv|

| {C\ass Differential Equations (Mom)

v || visualize A »

15

Status

oK

1 i
- - . 4 .
Log W:U

Fig. 2 (a): Summary of 2 Course in Calculus data

Current relation Selected attribute
Relation: MAT-112-114-Weka Altributes: 2 Name: Differential Equations Type: Nominal
Instances: 44 Sum of weights: 44 Missing: 0 (0%) Distinct: 4 Unigue: 0 (0%)
Attributes No. | Label | Count | Weight
1 C-8 6 8.0
2 Cc9 13 130
| A || nNone || mvet || Patem | 3 o7 14 140
4 C-10 1" Y
[ o || Name |
1L 2nd Course in Calculus {C\ass Differential Equations (Nom) 'Jl Visualize All

Status.

oK

14
13
11
Log w *0

Fig. 2 (b): Summary of Differential Equations data

The Weka generated a set of association
rules with the minimum confidence of 70%
and minimum support of 20%, as follows:

Number of cycles performed to mine the
association rules = 18

The generated sets of large itemsets are as
follows:

Size of set of large 1-itemsets = 9
Size of set of large 2-itemsets = 4

The strong rules of interest selected from
the association rules mined with a different
combination of supports and confidences
are presented in Table 6.

Table 6: Strong association rules mined

Rule Antecedent - Consequent - Confidence
No. 2nd Course in Calculus Differential Equations (%)
1 C-10 C-10 100
2 C-6 c-7 100
3 C-9 C-9 80

The analysis of rules reveals that students
who scored marks in the range of 80 <
marks <= 90 and 90 < marks <= 100 in the

Muhammad Abaidullah Anwar and Rashmi Ra
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prerequisite course will 100% maintain
their same performance in the successor
course i.e. Differential Equation.
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There is only one strong rule that reveals
that the authors are 80% confident that
students who scored marks in the range of
50 < marks <= 60 in the prerequisite
course i.e. 2nd Course in Calculus, can
improve their performance in the
successor course. i. e. Differential Equation.

The analysis of the data disclosed that
there are only two students (2/44*100 =
4.5%) whose performance was lowered in
the successor course as compared to the
performance in the prerequisite course, but
it was not mined as a strong rule.

Conclusion

The Apriori algorithm proved to be
successful in finding the hidden association
among prerequisite and successor courses
in mathematics to predict grades. The
association rules generated in this study
were later verified by the expert
instructors involved in teaching the related
course. The study can further be extended
to finding association rules among the
related courses in a given baccalaureate
program in any discipline.
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