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ABSTRACT
In machine learning the classification task is commonly referred to as supervised learning. In supervised learning there is a
specified set of classes and objects are labeled with the appropriate class. The goal is to generalize from the training objects that
will enable novel objects to be identified as belonging to one of the classes. Evaluating the performance of learning algorithms is a
fundamental aspect of machine learning. The primary objective of this thesis is to study the classification accuracy using feature
selection with machine learning algorithms. Feature selection is considered successful if the dimensionality of the data is reduced
and accuracy of a learning algorithm improves or remains the same. Hence our contribution in this research is to prepare an
educational dataset with real time feedback from students and try to apply the same with weka tool to measure the classification
accuracy. Some part of implementation is compiled with weka, which is written in java and experiment with weka explorer.
Keywords: Feature Selection, One R, PART, K-means algorithm, RELIEF algorithm

1. INTRODUCTION
Data mining is a term coined to describe the
process of sifting through large databases for interesting
patterns and relationships. With the declining cost of disk
storage, the size of many corporate and industrial
databases have grown to the point where analysis by
anything but parallelized machine learning algorithms
running on special parallel hardware is infeasible. Two
approaches that enable standard machine learning
algorithms to be applied to large databases are feature
selection and sampling.
In 1991 it was alleged that the amount of stored
information doubles every twenty months. Unfortunately,
as the amount of machine readable information increases,
the ability to understand and make use of it does not keep
pace with its growth. Machine learning provides tools by
which large quantities of data can be automatically
analyzed. Fundamental to machine learning is feature
selection. Feature selection for clustering or classification
tasks can be accomplished on the basis of correlation
between features, and that such a feature selection process
can be beneficial to a variety of common machine learning
algorithms. A technique for correlation-based feature
selection, based on ideas from test theory, is developed and
evaluated using common machine learning algorithms on a
variety of natural and artificial problems. The feature
selector is simple and fast to execute. It eliminates
irrelevant and redundant data and, in some cases, improves
the performance of learning algorithms.
Walters and Soyibo [36] conducted a study to
determine Jamaican high school students' (population
n=305) level of performance on five integrated science
process skills with performance linked to gender, grade

level, school location, school type, student type, and socioeconomic background (SEB). The results revealed that
there was a positive significant relationship between
academic performance of the student and the nature of the
school.
Khan [37] conducted a performance study on 400
students comprising 200 boys and 200 girls selected from
the senior secondary school of Aligarh Muslim University,
Aligarh, India with a main objective to establish the
prognostic value of different measures of cognition,
personality and demographic variables for success at
higher secondary level in science stream.
Hijazi and Naqvi [38] conducted as study on the
student performance by selecting a sample of 300 students
(225 males, 75 females) from a group of colleges affiliated
to Punjab university of Pakistan. The hypothesis that was
stated as "Student's attitude towards attendance in class,
hours spent in study on daily basis after college, students'
family income, students' mother's age and mother's
education are significantly related with student
performance" was framed.
Kristjansson, Sigfusdottir and Allegrante [39]
made a study to estimate the relationship between health
behaviors, body mass index (BMI), self-esteem and the
academic achievement of adolescents. The authors
analyzed survey data related to 6,346 adolescents in
Iceland and it was found that the factors like lower BMI,
physical activity, and good dietary habits were well
associated with higher academic achievement.
Moriana et al. [40] studied the possible influence
of extra-curricular activities like study-related (tutoring or
private classes, computers) and/or sports-related (indoor
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and outdoor games) on the academic performance of the
secondary school students in Spain.
Cortez and Silva [46] attempted to predict failure
in the two core classes (Mathematics and Portuguese) of
two secondary school students from the Alentejo region of
Portugal by utilizing 29 predictive variables. Four data
mining algorithms such as Decision Tree (DT), Random
Forest (RF), Neural Network (NN) and Support Vector
Machine (SVM) were applied on a data set of 788
students, who appeared in 2006 examination. It was
reported that DT and NN algorithms had the predictive
accuracy of 93% and 91% for two-class dataset (pass/fail)
respectively. It was also reported that both DT and NN
algorithms had the predictive accuracy of 72% for a fourclass dataset.

2. FEATURE SELECTION SYSTEM
ARCHITECTURE
A simple three step feature selection approach is
explained below. The goal of this architecture is to reduce
a large set of features (on the order of thousands) to a
small subset of features (on the order of tens), without
significantly reducing the system’s ability. The basic three
steps of this system are:




In first step the irrelevant features are
removed.
After that the redundant features are
removed.
And finally a feature selection algorithm is
applied to the remaining features.

In this approach each step is working as a filter
that reduces the number of candidate features, until finally
only a small subset remains.
Object Models

Data

Feature
Acquisition
Feature Set
Irrelevance
Filter
Relevant Features
Redundancy
Filter
Non-redundant
Features
Feature Selection

Feature Subset

Fig 4.1: Feature Selection System Architecture

The first filter removes irrelevant features using a
modified form of the Relief algorithm, which assigns
relevance values to features by treating training samples as
points in feature space. For each sample, it finds the
nearest “hit” (another sample of the same class) and “miss”
(a sample of a different class), and adjusts the relevance
value of each feature according to the square of the feature
difference between the sample and the hit and miss. There
are several modifications to Relief to generalize it for
continuous features and to make it more robust in the
presence of noise. This system adopts Kononenko’s
modifications, and modifies Relief again to remove a bias
against non-monotonic features, as described in [13].
Within this feature selection system, Relief is
used as a relevance filter. Therefore it threshold the
relevance values, to divide the feature set into relevant and
irrelevant features. This can be done either by threshold
the relevance value directly, or by selecting the highest n
values and discarding the remaining features. In either
case, relief does not detect redundancy, so the remaining
feature set still contains redundant features.
The second step is a redundancy filter that uses
the K-means algorithm [14] to cluster features according to
how well they correlate to each other. When feature
clusters are discovered, only the feature with the highest
Relief score is kept; the other features in the cluster are
removed from the feature set. This is an unusual
application of K-means clustering, in that features are
clustered (instead of samples), and correlation is used as
the distance measure.
The third and final filter is a combinatorial feature
selection algorithm. The following algorithms are used for
to perform the above mentioned operations.
2.1

RELIEF algorithm
RELIEF is considered one of the most successful
algorithms for assessing the quality of features due to its
simplicity and effectiveness. It has been recently proved
that RELIEF is an online algorithm that solves a convex
optimization problem with a margin based objective
function.
The simple intuition behind the RELIEFF algorithm is that a good feature is a feature with little
within class variance and generous amounts of betweenclass variance. A bad feature is characterized by withinclass and between-class variances of magnitudes roughly
equal. The computation of the weight vector is done in an
iterative fashion, with all weights initially set to 0. All
features in the training set are normalized (all values are
set within the range [0 ... 1]) and thereafter used to update
the weight vector as follows.
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On each iteration a random instance is chosen.
The nearest hit is located, where hit is an instance of the
same class as that of the randomly chosen instance. The
nearest misses of all the classes but that of the randomly
chosen instance is located, where a miss is an instance of a
class different from that of the randomly chosen instance.
If the difference between the attribute of the chosen
instance and the nearest hit is lower than the corresponding
value for the miss (es) then the weight value will be
increased.

Ranking of features determines the importance of
any individual feature, neglecting their possible
interactions. Ranking methods are based on statistics,
information theory, or on some functions of classifier's
outputs [40]. Algorithms for feature selection fall into two
broad categories namely wrappers that use the learning
algorithm itself to evaluate the usefulness of features and
filters that evaluate features according to heuristics based
on general characteristics of the data [39].
2.3

2.2

K-means Algorithm
The main idea is to define k centroids, one for
each cluster. These centroids should be placed in a cunning
way because of different location causes different result.
So, the better choice is to place them as much as possible
far away from each other. The next step is to take each
point belonging to a given data set and associate it to the
nearest centroid. When no point is pending, the first step is
completed and an early group age is done. At this point it
is in the need to re-calculate k new centroids as bar centers
of the clusters resulting from the previous step. After take
these k new centroids, a new binding has to be done
between the same data set points and the nearest new
centroid.
A loop has been generated. As a result of this
loop, notice that the k centroids change their location step
by step until no more changes are done. In other words
centroids do not move any more. Finally, this algorithm
aims at minimizing an objective function, in this case a
squared error function. The objective function

Machine Learning Algorithms
The following are the classification algorithms
used in the preprocessing data through three classifiers
such as OneR, Naïve bayes and PART in WEKA.
2.3.1 One R
OneR, short for “One Rule”, is a simple
classification algorithm that generates a one-level decision
tree. OneR is able to infer typically simple, yet accurate,
classification rules from a set of instances. Comprehensive
studies of OneR’s performance have shown it produces
rules only slightly less accurate than state-of-the-art
learning schemes while producing rules that are simple for
humans to interpret.
OneR is also able to handle missing values and
numeric attributes showing adaptability despite simplicity.
The OneR algorithm creates one rule for each attribute in
the training data, then selects the rule with the smallest
error rate as its ‘one rule’. To create a rule for an attribute,
the most frequent class for each attribute value must be
determined. A rule is simply a set of attribute values bound
to their majority class; one such binding for each attribute
value of the attribute the rule is based on.
2.3.2

where

is a chosen distance measure between

a data point
and the cluster centre
, is an indicator
of the distance of the n data points from their respective
cluster centers.
As the dimensionality of a domain expands, the
number of features N increases. Finding an optimal feature
subset is intractable and problems related feature selections
have been proved to be NP-hard [44]. At this juncture, it is
essential to describe traditional feature selection process,
which consists of four basic steps, namely, subset
generation, subset evaluation, stopping criterion, and
validation [39]. Subset generation is a search process that
produces candidate feature subsets for evaluation based on
a certain search strategy

Pseudo-code for the One R Algorithm
 For each attribute A,
 For each value VA of the attribute, make a
rule as follows:
 count how often each class appears
 find the most frequent class Cf
 create a rule when A=VA; class attribute
value = Cf
 End For-Each
 Calculate the error rate of all rules
 End For-Each
 Chose the rule with the smallest error rate

The error rate of a rule is the number of training
data instances in which the class of an attribute value does
not agree with the binding for that attribute value in the
rule. OneR selects the rule with the lowest error rate. In the
event that two or more rules have the same error rate, the
rule is chosen at random.
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OneR, short for "One Rule", is a simple, yet
accurate, classification algorithm that generates one rule
for each predictor in the data, then selects the rule with the
smallest total error as its "one rule". To create a rule for a
predictor, construct a frequency table for each predictor
against the target. It has been shown that OneR produces
rules only slightly less accurate than state-of-the-art
classification algorithms while producing rules that are
simple for humans to interpret

3. PART
Projective Adaptive Resonance Theory (PART) is a
class of ANN that is capable of self learning, PART1 type
accepts binary inputs used primarily in pattern
classification applications like text clustering (Carpenter
and Grosberg, 1987), where documents are presented as
binary strings characterizing the occurrences of features,
including: taxonomy generation, topic extraction and
search engines hits grouping, which are quite useful in
many modern applications like hierarchical web search.
Although the supervised Text Categorization (TC) is the
best for such applications in terms of quality, it lacks
adaptability, requires expert’s intervention and occasional
retraining.
An interface layer neuron Xi (i = 1, …, n), where
n is the number of input units, is connected to
each
neuron of Y layer Yj(j = 1,..., m), where m is the
maximum allowed number of clusters, by two weighted
pathways. Signals broadcast from neurons of layer X to
neurons of layer Y over connections pathways with
bottom-up weight matrix bij and from neurons of layer X
to neurons of layer Y over connections pathways with topdown weight matrix tji (i = 1,.., n and j = 1,..,m).

with close-end questions. The responses give demographic
details, family details, socio-economic details, previous
academic performance at secondary level from different
schools and other environmental details. A total of 150
higher secondary students from different schools in
different districts of the state Tamil Nadu, India, supplied
the details. The proposed work notice that the original
feature vector of student performance data consisted of 35
features that were predictive variables. Besides, there was
a two-case class variable result (pass / fail), which was
considered as response variable. All these predictive and
responsive variables shown in Table 1 belonged to the type
of nominal data.
Feature selection is normally done by searching
the space of attribute subsets, evaluating each one. Greedy
search method was performed to find out the best feature
sets and they are listed below for reference:
a.
b.
c.
d.
e.
f.

Correlation-based Attribute evaluation (CB),
Chi-Square Attribute evaluation (CH),
Gain-Ratio Attribute evaluation (GR),
Information-Gain Attribute evaluation (IG),
Relief Attribute evaluation (RF) and
Symmetrical Uncertainty Attribute evaluation
(SU)

These entire filter techniques mentioned above
could assess the relevance of features [16] on the basis of
the intrinsic properties of the data. Feature selection often
increases classifier efficiency through the reduction of the
size of the effective features. Therefore, there is a need to
verify the relevance of all the features in the feature vector.
In this connection, all the above six feature selection
techniques based on different measures to choose the best
subsets for a given cardinality are performed. The
measures like ROC Values and Macro-Average F1Measure values are used in the present investigation.

5. ASSESSING CLASIFICATION
PREFORMANCE

Fig 1: ART1 structure

4. RESULTS & DISCUSSION
The main source of data for this study is the
responses obtained from students through a questionnaire

It is known that there is no such thing as the best
classification algorithm, when considering a broad scale of
classification problems. It is the type of problem, prior
knowledge, and other information that determines which
type of classifier should provide the best performance. An
important aspect thus, when confronted with a specific
classification task is the evaluation and comparison of the
performance of various classifiers and their parameters. To
get a more or less reliable result, the trained classifier
should be test on an independent set of patterns.
The performance of the classifier can be analyzed
by considering the errors that have been made on the
validation sets. For two-class classification problems, the
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performance of a classifier can be summarized in four
numbers.





TP (True Positives) : actual positive patterns
predicted as positives
TN (True Negatives) : actual negative
patterns predicted as negatives
FP (False Positives) : actual negative patterns
predicted as positives
FN (False Negatives) : actual positive
patterns predicted as negatives

From these numbers a series of performance
measures have been derived, all aiming at summarizing the
four numbers into one, to make it easier to compare
classifiers:








Error Rate
Accuracy
TP rate/recall sensitivity
FP rate
Precision / specificity
Correlation coefficient
Approximate correlation

These methods have been commonly used in
machine learning research, yet have one main drawback:
they assume a balanced class distribution. However in
many real world datasets like biological datasets, the class
distribution is highly imbalanced. An example negative
patterns magnitudes higher than the number of actual sites.
Imagine a dataset with 98% negative patterns and classifier
always outputs the class negative. A measure that was
recently introduced to incorporate content balancing for
imbalanced dataset is the q9 measure.

Curve (ROC), introduced in 1997 by Provost and Fawcett.
On such a curve, the FP rate is plotted on the x-axis versus
the TP rate (sensitivity or recall) on the y-axis. By varying
the decision threshold, several values can be obtained for
these rates.

6. RESULTS
This section discuss about the results of feature
selection techniques applied in educational data mining.
The primary objective of this research is to evaluate the
performance prediction of feature selection in EDM with
respect to different dataset. It is an extension of existing
research by M.Ramaswami work with 1500 records that
was reduced to 150 in this work by using feature selection
method. I try to confirm the quality dependents on
dimensions or data. The dataset contains 150 records
which were collected from college students.
The following table shows weighted mean ROC
value of selected evaluation filters. the efficiency is not
always extracted from the same sequence.
F1- Measure, which is another measure for
evaluating the effectiveness of feature selection
techniques, is the harmonic mean of the precision and
recall and this metric is more relevant for evaluating the
performance of the classifier.

Another way to evaluate the performance of a
classifier is by analysis of the so-called Receiver Operator
Table1: Peak ROC Values
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Table1: Peak ROC Values
Our Results
Feature Selection Evaluation Filters

Previous Results

No. of
Attributes

ROC
Value

No. of
Attributes

ROC
Value

Chi-square Attribute

6

0.894

5

0.726

Gain Ratio Attribute

6

0.898

7

0.721

Information Gain Attribute

7

0.812

7

0.729

Relief Attribute

10

0.846

12

0.714

Symmetrical-Uncert. Attribute

8

0.822

6

0.721

It is observed from the above table that high ROC
value (0.898) is identified in Gain Ratio Attribute
evaluation, which is the optimal dimensionality in the
dataset among selected filters. In the previous study,
Information Gain attribute has

The generated macro-averaged F-measures,
which are presented in Table 5.2, could show each of the
feature selection attributes considered for this study and
also shows the previous results.
The following table shows the peak values of f1measure between newly extracted results and existing
results.

Table 5.2: Peak Values of F1-Measure
Our Results
Feature Selection Evaluation Filters

Previous Results

No. of
Attributes

F1 Value

No. of
Attributes

F1 Value

Chi-square Attribute

14

0.635

12

0.584

Gain Ratio Attribute

14

0.680

12

0.592

Information Gain Attribute

14

0.678

12

0.588

Relief Attribute

14

0.681

12

0.582

Symmetrical-Uncert. Attribute

14

0.680

12

0.592

It is evident from the above table that among the
selected evaluation filters, newly extracted result shows
relief attribute has high value 0.681.

The following Figure 1 shows the peak values of f1-measure
of existing results.
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feature extraction and selection is to pre-multiply a
projection matrix to pattern vectors with the aim to optimize
a certain criterion function.
Feature weighting considered as well-established
optimization techniques and allows for efficient algorithm
implementation. Among the existing feature weighting
algorithms, RELIEF is considered one of the most successful
ones due to its simplicity and effectiveness. It has been
recently shown that RELIEF is an online algorithm that
solves a convex optimization problem aimed at maximizing
a margin-based objective function.

Fig 1: F1 Value of existing results
Further, the new performance results were
compared using paired t-test about the overall classification
accuracy between Naivebayes, OneR and PART.
Naivebayes extracted 78.93%, OneR extracted 96% and
PART extracted 95.27%. The naivebayes method found
significant difference with OneR and PART.
Independent t-test is applied to evaluate the
significant performance difference among newly extracted
result and existing result. The t-test result
confirms there is no significant difference among the EDM
dataset performance.
The following Figure 5.6 shows the peak values of
f1-measure of newly extracted results.

Fig 2: F1 Value of existing results

We first present a brief review of RELIEF. Let D =
f(xn, yn)N n=1 Ri  {1} be a training dataset, where xn is
the n-th data sample and yn is its corresponding class label.
The basic idea of RELIEF is to iteratively estimate feature
weights according to their ability to discriminate between
neighboring patterns. In each iteration, a pattern x is
randomly selected and then two nearest neighbors of x are
found, one from the same class (termed the nearest hit or
NH) and the other from the opposite class (termed the
nearest miss or NM). The weight of the i-th feature is then
updated as: wi = wi +|x(i) – NM(i )(x)| – |x(i) – NH(i)(x)|, for 1
≤ i ≤ I. We provide a mathematical interpretation for the
seemingly heuristic RELIEF algorithm. We define the
margin for a pattern xn as Pn = d(xn–NM(xn)) – d(xn –
NH(xn)), where NM(xn) and NH(xn) are the nearest miss and
hit of xn, respectively, and d() is a distance function. For the
purpose of our proposal, we define d(x) = i |xi|, which is
consistent with the distance function used in the original
RELIEF algorithm.
The modified chi-square evaluator tested through
java implementation. According to the result, we try to
compute the difference among original chi-squared evaluator
and modified one, which shows an effective performance.
Since, the modified algorithm using RELIEF weighted
correlation. Hence, irrelevant / classification error can be
reduced. The following figure exhibits the performance of
modified chi-squared attributor evaluator with classification
error sequence.

Compare to the above figure it clearly shows the
difference in no of attribute and increase value in F1
measure between existing and newly extracted results.

7. PROPOSED FEATURE OPTIMIZATION
Feature extraction and selection are two
fundamental problems in machine learning research. Nosst
only can their proper design reduce system complexity and
processing time, but they can also enhance system
performance in many cases. A commonly used method for
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The modified algorithm is playing a significant role
in reducing classification error. It is still need to be
evaluated with other attribute evaluators to ensure the
consistent quality of the RELIEF over other algorithms.

8. CONCLUSION
Feature selection has been an active and fruitful
field of research area in pattern recognition, machine
learning, statistics and data mining communities. The main
objective of feature selection is to choose a subset of input
variables by eliminating features, which are irrelevant or of
no predictive information. This study contains educational
data mining dataset with 150 records and total of 34
attributes finally considered and out of which HSC grade is a
response variable and other variables are predictive
variables. This study result reveals that consideration of
feature selection model is effective, but the efficiency is not
extracted in the same sequence always. Hence it is suggested
to reconstruction of this model is required for consistent
performance in educational data mining dataset. The F1measure also confirms its variation in result. In order to
evaluate the performance difference, independent t-test is
applied. It shows that there is a significant difference among
the EDM performance among previous work.
Reconstruction of existing model is not quite easy
job. Hence, we focused on classification errors for
enhancement. It is observed from the result that all
algorithms are having minimum level of classification errors.
The RELIEF is an optimization algorithm, which is used to
improve the quality of feature selection. This concept has
been tested with chi-squared attribute evaluator and the
result shows significant improvement in reducing the
classification errors. It is suggested to test the same sequence
to other feature selection techniques to ensure the quality.
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