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Abstract: Education data mining is one of the new emerging research areas in intra data mining domain. The
main objective of applying data mining to educational data is to analyse educational data contents, models to
summarize/analyse the learner’s discussions, etc. Education data mining concentrates on the computing
process models which focus on education context. Researchers proposed a new approach in deriving new
association rules for optimal learning sequence of students and tutors using K-means Clustering algorithm; here
data’s are visualized and processed. The methodology increases the performance with the fast support
calculation and other sigmficant techmiques are mtroduced to unprove the efficiency of the association rule
based mining process using K-means. The new approach 13 compared with Aprion algorithm and the
comparison results presented here shows the algorithm is optimal than the traditional Apriori algorithm.
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INTRODUCTION

Educational data mining fully focus on educational
context and to resolve the context with the research
1ssues. Now a days education relational databases are
developed in large numbers, various data stores to store
student data’s in repositories about that how student
learn effectively. Education system through online
learning (e-Learning) has reached the market level at high
instances. Even though the smart pervasive devices focus
towards the educational content which was already
pre- fetched in the device is for sale in the market (for
example, HCL Ul Tablet with I[IT JEE 2013, Penta 703C
with IIT JEE 2013, Karbon smart Tabwith IIT JEE). By
means of various research methods EDM seeks the
traditional methods to make use of large data base in
learning and learmng methods. Various countries follow
the e-Learning and field learning methods for students.
Basic educational system follows various researches in
learning methods which are short listed as:

Traditional teaching methods: Traditional education
tries to communicate knowledge and skills based on
person to person contact and also study internally on
how humans leam (Chen et al., 2012).

e-Learning: e-Leaming Method provides online learning,
traiming, instructions to the students. Learmng 15 revised

through wvisual commumcation, collaboration, report
generation, etc. Data sets are mined in web to maintain
the log’s and databases for student data and learning
resources (Chen et al., 2012).

Online tutoring system: Online tutoring system is
widely followed by various universities all over the
global. Approach fully focus on web based where
all the study materials are hosted n the web,
student can avail and make use of it (Chen et dl,
2012).

Intelligence tutoring system: Intelligence tutoring system
is an alternative approach to web based learning, data
mining technique is used to maintain the data, logs and
databases.

The EDM process converts raw data coming from
educational systems into useful information which have
a great influence on educational research and training. Tt
follows the same process of traditional data mining
technique pre-processing data and post
processing data in DM. EDM allows to discover new

such as
knowledge on particular domain and its domain
constramts based on student’s active presentation mn the
domain (Chen et al, 2012; Carmona et al., 2010,
Brtka et al., 2012; Parack et al., 2012; North et al., 2007)
(Table 1).
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Table 1: EDM participants adopted from EDM review

Users Objective for using EDM

Tearners To generalize the web based learning methods, e-Learning Methods, etc. To recommend necessary activities to the learners and
researchers. To provide ultimate resource to all the learners, to provide hints and t develop learning path

Teachers To get necessary statemnent from the leamers, getting back the feedback about the instructions. To analysis the student’s performance,
student support and to classify the student and group them to find the frequent mistake and analysis

Researchers To improve student performance, educational quality measures, to evaluate the course content, to evaluate student activity, to specify

the particulars and data, to design the data model
Administrators
motto’s and learning bench marks
Universities/Colleges
and streamlining it

To develop the organization in the best way and to utilize the resources. To develop the organization by enhancing the research

To make perfect decisions, maintaining training data sets for both students and tutors. To make effective decision making process

RECENT TRENDS TOWARDS
EDUCATIONAL DATA MINING

The basic generalized traditional data mining
techniques:

Clustering-determines the separation or grouping of
data
Classification-classifies orders into predefined
classes

Association rule mining-used to determine the data
that can be classified into the same group. This
technique is also known as modelling data

Visualization-graphical representation of the data

Data mining techniques and their applications are
widely recognized as powerful tools in various domains
(Brtka et al., 2012). Chen et al. (2012) proposed research
reveals, the development of a predictive model that can
predict student performance in a class to assist lecturers
in improving student’s learning process. The predictor
variables that can be used in the predictive model
(Chen et al., 2012). The predictor variables of this model
are based on attributes from different educational settings
such as coursework marks, psychosocial factors and
Course Management System (CMS) log data (Chen ef al.,
2012; Brtka et al., 2012; North et al., 2007, Ding ef al.,
2008). Carmona et al. (2010) says about the application
ofsub group discovery which scope is to extract rules
describing relationships between the use of the
different activities and modules in the
elearning platform and the final mark obtained by the
students.

available

CLUSTERS

EDM focuses fully on educational context hence,
cluster formation are also performed in same way
(Ahmad and Shamsuddin, 2010). Here, grouping is made
by means of categorizing learners/tutors and researchers
based on their performance, skills and domain:
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Fig. 1: K-means basics; a) Initializing mean value; b)
assign to the nearest representatives, c¢) re-
estimating mean value and d) clustered part

Learners/Students: clustered by means of class and
subjects

Tutors: clustered by means of experience and domain
Researchers: clustered by means of area of research
Universities/Colleges: clustered based on level sets
(active levels)

Learner analysis: active learner, average learner, slow
learner

K-means Clustering algorithm

Basic K-means: In this study, researchers summarize
about the popular K-means clustering algorithm which is
used in various data mining applications. Given a set of n
data points on Sd and an integer K, the problem is to
outline a fixed set of k points 5d called centers, so as to
reduce the mean squared distance from each data to its
nearest center. For example, K-means is shown in Fig. 1.

K-means operation:

Algorithm:

Step 1: Predict the number of clusters and their mean distance.
Step 2: Assign the interval Data.

Step 3: Initialize the mean by picking k samples at random.
Step 4: Perform iteration with following:

Step 4.1: Assign each point to nearest mean.

Step 4.2: Move the mean to the center of the cluster.
Objective function:

Step 5:
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Relationship mining

Deriving association rule using K-means: Researchers
can formulate the association rule mining model as
follows. Let T be the set of all items and T be the set of all
transactions 1 = {(f, v)|f = Tutor/Faculty, v
(record set 1, record set 2,..., record setn)t, T = {Leamers
set}.

value

Definition 1: Allowable item sets (OLS sets) are item sets
of the form, Dataset 1 xDataset 2= xDatasetn=[[_,
Dataset 1, where Dataset 1 15 an interval of values in tutor
content i (some of which may be un restricted, i.e., [0-26;
0-9; 0-255]). Ak-Tutor OLSset (K-dataset) is an OLSset
i which k of the Dataset 1 intervals are restricted (1.e., in
k of the Tutors(n) the intervals are not all of [n values]).
Researchers use the notation [a, b] i for the interval [a, b]
mn tutors 1. For example, [00, 10] mdicates the mterval
[00, 10] (which 1s [0, 150] in decimal) in Tutor 1. It clearly
states that the interval between [00, 10] denotes the
multimedia as well as text files in sequence (Ding et al.,
2008; Derrac et al., 2011).

The root count of an OLSset is equivalent to the root
count of its K-means: Various kind users are interested in
various kinds of rules and some users may be mterested
i some specific kinds of rules. For an Educational DM
(Chen et al., 2012, Carmona et al., 2010; Brtka et al., 2012)
based rule prediction, there is a little interest in rules of
the type. Imitially the record sets where Alphabets<<26,
Numbers<<10, RGB-Red=48, Blue<74, Green<134.
Researchers define a rule restrictions known as rules of
interest fordistinct rules such rule may be of interesting
fact or may be of non-interesting fact, all depending upon
the measures of support and confidence.

Researchers propose a new algorithm called OLS, to
mine association rules on learning sequences from the
given trained data’s. The algorithm is similar to Classic
Aprior algorithm. The Apriori algorithm uses a level wise
approach to raise all the frequent item sets, starting with
frequent item sets level 1 of item set 1. Based on the
datum, 1f an item set 1s frequent, all its subset must also be
in frequent, the Aprion algorithm generates candidate
(It )-item sets from frequent k-item sets and then
calculates the support for each candidate (Ik+1)-item set to
form frequent (k+1)-item sets (based on Classic Aprior
algorithm).

Similarly, in the OLS algorithm, researchers try to find
all OLSsets that are frequent and of-interest. Researchers
start by partitioning the data into intervals. Then,
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researchers find all frequent 1-OT Ssets by checking the
root count of the corresponding K-means (EPIC, 2003,
Yu et al., 2002a, b). The candidate k-OT Ssets are those
whose (k-1)-OLSset subsets are frequent. The essential
difference between the OLS algorithm and the Apriori
algorithm is how the candidate OLSsets is counted. In
OLS, OLSsets are counted by performing mean value
operations on corresponding basic K-means while in
Apriori, 1t 18 done by scanning the entire data. In addition,
a set of prumng techmiques can be used to further
improve the efficiency (Ding et al., 2008, Derrac ef al.,
2011; Sachin and Vyay, 2012; Karpuk, 2006).

The OLS algorithm assumes a fixed precision in all
datas/records. In the Apriori algorithm, there is a function
called “apriori-gen” (based on Classic Apriori algorithm)
to generate candidate k-Datasets from frequent
(k-1)-Datasets. The OLS-generate function in the OLS
algorithm differs from the apriori-gen function in the way
pruming is done (Ding et al., 2008; Derrac et al., 2011;
Agrawal and Srikant, 1994, Aumann and Lindell, 2003;
Breiman, 1984). Researchers use pruming in the
OLS-generate function. Since, no value can be m multiple
intervals simultaneously, joiming among mtervals from the
same datas can be avoided. For example, even if [00, 01]1
and [11, T1]1 are frequent, there is no need to join them to
form a candidate OTSset ([00, 00, 11, 11, 01, 10J1x
[11,11]1). OLS-generate only joins items from different
datas (Ding et al., 2008). Two frequent (k-1)-OL Ssets will
be joined into a candidate k-OTLSset only if the first (k-1)
items of both OLS sets are the same. The order of the last
itemn 1s compared to avoid the generation of the duplicate
candidate OLS set. The rootcount function i1s directly
used to calculate OLS set counts by predicting the
appropriate basic K-means instead of scanning the whole
databases. For example, in the OLSsets, {B1[0, 64),
B2[44, 117)}, denoted as [00, 0011 =[10, 01, 00, 11]2, the
count is the root count of P1(00)--P2(01). This provides
fast calculation and is useful for huge data OL Ssets and
eventually improves the mining performance (Ding et al.,
2008; Derrac et al., 2011).

PRUNING BASICS

Root count margin based pruning: To determine if a
candidate OLSset is frequent or not, researchers need to
AND appropriate K-means to get the root count. In fact,
researchers can tell the margins for the root count by
observing at the root counts of two K-means by without
performing AND operations (Ding et al., 2008). Suppose
researchers have two K-means for 26 alphabets
*10Integers*255 bit files with the first K-means having
root count 32 and the level-1 count 16, 16, 0 and 0 and the
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Fig. 2: Denotes the pruning root count

second K-means having rootcount 38 and the level-1
count 12,12, 10 and 4 (Ding et al, 2008; Derrac et al,
2011; North ef al, 2007). By looking at the root level,
researchers know that the root count of ANDing result
will be at most 38. If researchers go one more level,
researchers can say that the root count will be at most
severy calculated by min(16, 1)+(12, 53+(0, 16)+(1, 14)
where min(x, y) gives the minimum of x and y. If the
support threshold 1s 30%, the corresponding OLS set will
not be frequent since 9/75<0.3 (Ding et al, 2008,
Derrac et al,, 2011). As researchers progress to a deeper
level, the range to estimate the root count narrows but the
cost mncreases (Ding ef al., 2008; Derrac ef al., 2011). In
the system, researchers provide an option for the user to
specify the number of levels (from 0-3) used to estimate
the root count before actually calculating the value
(Ding et al., 2008) (Fig. 2).

EXPERIMENTAL RESULTS AND
PERFORMANCE ANALYSIS

Researchers compare the OLS algorithm with the
Aprion algorithm (Agrawal et al., 1993). In other words,
pruning is not applied for the comparisons while the
performance of pruning is separately given. Researchers
obtained identical rules by runmng Apriori and OLS
algorithms. Researchers performed comparison of the
results for nearly 8 groups of various students. Total
number student n a cluster/group 1s about 300 where how
optimal the students are utilizing the resources effectively
are stated. The algorithm provides the sequence of about
0.956=0LS correlation value with less error tolerance than
the apriori algorithm. The OLS algorithm 1s more scalable
than apriori for large data sets as shown in Fig. 3. In
apriori, researchers need to scan the entire database each
time a livelihood (i.e., probability value is to be estimated)
calculated. This has a high cost for large databases.
However, in OLS, researchers compute the count directly
from the values of root count of a basic K-means and the
AND program. When data set size is doubled or dually
mcreased, only another single layer (one level) level 1is
added to each basic K-means. The cost is comparatively
very small when compared to the Aprion algorithm as
shown in Fig. 4.
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RESULTS

The result shows the OLS performance when
compared to threshold values of the datasets and minimal
support sequence. Figure 3 and 4 clearly denotes the
threshold sequence and the minimal support. Threshold
sequences of the Apriori algorithm leads same as OLS
where as there 15 slight deviation m OLS. Table 2
represents appropriate comparison between the two
algorithms where group 4 and 5 yields higher results
(Table 2). Figure 4 clearly defines the comparative results
of cost estimation; cost evaluation is denoted based on
minimal support value only. Minimal support of two
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Table 2: Comparison between Apriori and OLS algorithm

Apriori algorithm OLS algorithm

Text based Text based
Groups Off Web Visual ITS Off Web Visual ITS
1 124 64 122 222 122 64 144 144
2 22 100 222 100 32 24 200 140
3 34 44 33 250 10 100 190 222
4 245 100 100 200 22 99 144 250
5 150 20 142 148 44 100 168 256
6 100 15 152 158 88 48 145 144
7 20 50 162 144 80 58 200 158
8 8 50 174 155 78 120 222 98

ITS: Intelligent Tutor System

Table 3: Data sets for minimal and threshold sequnce and OLS

Table 4: Correlation value of Apriori and OLS data sets which are

Minimal support Threshold sequence OLS performance frequently used
1.753 -1.747 0.2380 Apriori OLS
1.709 0.297 0.3480 0.238 0.248
1.568 -1.558 0.3550 0.348 0.355
1.389 -1.373 0.4000 0.355 0.402
1.363 0.655 0.4550 0.400 0.425
1.275 0.747 0.4600 0.455 0.468
1.255 0.769 0.4660 0.460 0.470
2182 -0.152 0.4770 0.466 0.555
1.169 2.861 0.6550 0477 0.610
0.817 3253 0.6880 0.655 0.777
0.563 3.555 0.7020 0.688 0.870
0.283 1.917 0.7980 0.702 0.920
0.003 -3.497 0.0248 0.798 1.060
1.003 -0.409 0.3550 0.806 1.660
0.005 -3.121 0.4020 Total correlation value for Apriori = 0.930; comrelation value<0.930; total
0.008 -2.754 0.4250 correlation value for OLS = 0.989; correlation value<0.989
1.009 0.301 0.4680
1.011 0.483 0.4700 2.0 9 = OLS
1.012 0.526 0.5550 e Apriori
1.015 -1.319 0.6100 154
2.015 3707 0.7770
2.035 4.471 0.8700 B
2.059 5.051 0.9200 = 1.0
11 2734 1.0600 -

0.54
defined strategies which has less minimum support is
examined which was represented by group 1-Visual and 0 2 3 1 s 6 7 s o0 1 o
ITS (Table 2). Figure 5 denotes OLS performance which 1s Performance
clearly discussed i study.

Fig. 5. OLS performance

Performance analysis: In this study, the performance
analysis of the OLS algorithm and basic prumng CONCLUSION

techniques 1s given m Fig. 5. Here, OLS algorithm
predicts the frequent sets of learners who are all utilizing
the resources are classified and predicted Here, rules
are generated based on the learners classification and
co- relation of learners/tutors/teachers and researchers.
Researchers also performed trials on rootcount margin
based pruning using various levels. The results show
that using level-1 rootcount margin (Ding et al, 2008;
Derrac et al, 2011) based prumng typically provides
better performance than using level-O or level-2 or more
Table 3 and 4.
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In this study, researchers propose a new model to
derive association rules for optimal learning sequence for
learners using K-means. ITn the model, K-means structure
is spatial-inherent data mining structure which is used to
organize and represent datasets in the form of
Clusters/groups. For association rule mining, K-means
facilitate advantages such as fast computation and new
pruning techniques. Similarly the OLS algorithm has a
high mformation gain for ITS (Intelligent Tutor System)
acquired with high optimality than the Aprion algorithm.
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Frequent selection of datasets from the resources,
proper utilization of resources 18 made using OLS.
OLS algorithm can be applied m various data mimng
applications
communication, multimedia
(Chaudhuri and Dayal, 1997).

such as remote sensing, satellite

frame retrieval, etc.
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