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Abstract: Learning Disability (LD) is a neurological disorder that affects a child’s brain.  It causes trouble in learning and 
using certain skills such as reading, writing, listening and speaking.  This paper mainly focuses on the effect of feature 
selection in the prediction of learning disability in school aged children.  The process of feature selection reduces the 
dimensionality of the data and enables learning algorithms to operate more rapidly and effectively.  In this work, as a 
preprocessing step for classification, significant symptoms are selected from the LD dataset with the help of an RST based 
feature selection method.  The influence of these selected symptoms in the prediction of learning disability is then studied 
using two popular classifiers MLP and SMO available in Weka Data Mining took kit.  Experiments conducted on the LD 
dataset demonstrate the effectiveness of Rough Set Theory in selecting significant symptoms of LD.  The training on the 
original unreduced data and the results of the comparison established the efficiency of the approach to remove non-
significant symptoms from the dataset without affecting the classification performance.  
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I. INTRODUCTION 
 

Feature selection is a problem closely related 
to dimensionality reduction. The existence of 
irrelevant, noisy, redundant and misleading features 
in a dataset is the major reasons for the need of 
performing data reduction. The process of eliminating 
these types of features from a dataset is referred to as 
feature selection. In a dataset, the search for a good 
feature subset involves finding those features that are 
highly correlated with the decision feature but 
uncorrelated with each other. Feature selection 
process reduces the dimensionality of the dataset by 
preserving the significant features and hence enables 
learning algorithms to operate efficiently on the 
reduced dataset within a reduced computational 
effort.  

Rough Set Theory (RST), introduced by Z. 
Pawlak, is a mathematical tool to deal with 
uncertainty and vagueness in information systems 
using the granularity structure of the data.  The 
Rough Set approach provides efficient algorithms for 
finding hidden patterns in data, minimal sets of data 
(data reduction), evaluating significance of data and 
generating sets of decision rules from data.  In RST 
attribute selection process is done by using only the 
information available in the data set without requiring 
any additional information.  This is based on the data 
dependencies existing in between various attributes in 
the dataset.  Rough set based attribute selection 
provides a method to reduce the amount of 
knowledge involved in the original data prior to any 
processing needed to retrieve the actual information. 
The purpose of attribute reduction is to identify the 
significant features, eliminate the irrelevant or 
dispensable features such that the resulting reduced 
data set is consistent with the decision attribute.  This 
is helpful for building a good learning model by 

preserving the information content.  The benefits of 
the feature selection are twofold: it considerably 
reduces the running time of the classification 
algorithms and increases the accuracy of 
classification.   

In this paper, a rough set based Proportional 
Rough Set (PRS) relevance method [20] of feature 
selection is implemented as a new preprocessing 
approach with an objective to improve the 
performance of two popular supervised learning 
algorithms viz. Multilayer Perceptron (MLP) with 
back propagation and Sequential Minimal 
Optimization (SMO) for Support Vectors.  In this 
approach, the features are ranked according to their 
significance in the data domain by constructing 
various reducts from the dataset.  From the ranked 
feature set, significant features are selected by 
specifying a pre-defined size for the number of 
features to be selected or by specifying a minimum 
threshold value for the significance/priority of 
features and then fed to the learning algorithm.  In 
order to automate the feature selection process by 
defining a threshold for the significance/priority of 
features, in this work, Selection by Threshold (ST) 
strategy is used. Comparative analysis performed on 
the LD dataset consisting of the signs and symptoms of 
Learning Disabilities in school aged children show that, 
there are some non-relevant features in the dataset and 
the proposed method is effective and efficient for 
removing these redundant features without affecting the 
classification performance.  In the case of both the 
classifiers, the time taken to build the model is also 
promising when we consider the feature selection 
process.  

The rest of the paper is organized as follows.  
An overview of various RST based feature selection 
methods are given in Section 2.  A brief description 
about Learning Disability dataset is presented in 
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Section 3.  In Section 4, the proposed approach of 
classification and prediction is described together 
with the feature selection processes employed.  
Section 5 discusses the experimental analysis and 
results.  A detailed discussion regarding the presented 
results is given in Section 6.  Finally, Section 7 
presents the conclusions of the present research. 
 
II. REVIEW OF LITERATURE 
   

In this section, three different RST based 
approaches to feature selection are discussed. The 
outcome of the first reduction method is a set of 
minimal reducts of the dataset identified using a 
positive region based data dependency function. The 
second approach also gives the reducts of the dataset 
with the help of a decision-relative discernibility 
matrix defined from the dataset.  Finally a popular 
and more effective reduct based approach known as 
PRS relevance method [20] is presented.  In this 
method, the reduction is done with the help of 
relevance of each attribute/feature calculated by 
considering its frequency of occurrence in various 
reducts generated from the dataset.  
2.1 Positive Region based Attribute Reduction   

In RST, attribute reduction is possible by 
discovering the dependencies among the attributes of 
a data table. This is achieved by determining the 
degree of significance of each conditional attribute 
(or group of conditional attributes) in deciding the 
equivalence class structure induced by the decision 
attribute. The degree by which the decision attribute d 
depends on a subset P of the set of conditional 
attributes C, which is denoted as )(dP  , is 
calculated as the ratio of the cardinality of the P 
positive region of d by the total number of objects in 
the decision table.  The P positive region of d 
contains all objects of U which can be properly 
classified to various concepts of d employing the 
knowledge contained in P [2, 6].  If the calculated 
degree of dependence )(dP  is same as that of the 
degree of dependence )(dC , then the selected subset 
P is a reduct of the decision table and hence the set of 
attribute C-P can be eliminated from the decision 
table without affecting the classification performance.   

 When the number of conditional attributes 
becomes large, dependency degree based method is an 
expensive solution to the feature selection problem.  
This is because, examining exhaustively all possible 
subsets of set of features is NP hard. Hence this type of 
feature selection is practical only for small datasets.  
To eliminate the overhead incurred in examining all 
subsets of conditional features C for reduct 
computation, Chouchoulas and Shen suggested a 
QUICKREDUCT algorithm [9].  Most of the time, 
only one reduct is sufficient to reduce the given dataset 
and take decisions.  This algorithm attempts to 
generate a single minimal reduct without exhaustively 
generating all possible subsets.  The algorithm begins 

to construct the reduct from an empty set of features 
and adds in turn, one at a time, those conditional 
attributes that results in the greatest increase in Rough 
Set dependency degree. For a particular attribute x, 

)(dP < )(}{ dxP then P{x} becomes the new 
candidate reduct.  The process is repeated until the 
dependency degree of the resulting feature subset with 
respect to the classification induced by the decision 
attribute d becomes equal to )(dC .  If )(dC = 1, 
then the given dataset is consistent.  In this approach 
the heuristic used to add an attribute in the next 
iteration to the existing reduct candidate P is based on 
the significance of those attributes which belongs to 
the set C-P.  
2.2 Discernibility Matrix based Approach 

The concept of discernibility matrix in RST is 
useful for representing the knowledge regarding the 
discrimination between various objects of a decision 
table [21, 15].  This discrimination information is 
useful for selecting important features automatically.  
In this approach a decision relative discernibility 
matrix is commonly used for the purpose of feature 
selection.  The decision relative discernibility matrix D 
of a decision table T = (U, A, d) is a symmetric 
UUmatrix representing the discrimination 
information involved in all the conditional attributes of 
various object pairs of T, having dissimilar decision 
attribute values.  Its entries Dij are defined as follows: 





 

otherwise
xdxdifxaxaAa jiji

ijD
,

)()(),()(


   
To compute the reduct, a discernibility 

function can be defined form this matrix. The 
discernibility function fD is a function of various 
attributes a1, a2,…, an from the given dataset and is 
defined as  

fD(a1, a2, …, an) = {Dij1  i  j  n, cij  } 
By finding the set of all prime implicants of 
discernibility function, all the minimal reducts of the 
system can be determined. 

For example, consider a simple decision 
table shown in Table 1, where {u1, u2, u3, u4} 
represents the given objects, {a1, a2, a3} represents 
the conditional attributes and d represents the 
decision attribute.  The decision relative discernibility 
matrix obtained from Table 1 is shown in Table 2. 

Table 1: A sample decision table 

 
Table 2: Discernibility matrix of Table 1 
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Combining all single element entries of this 
matrix will produce the core of the given dataset, i.e., 
a3.  A discernibility function defined from this matrix 
gives information regarding how each object in the 
dataset may be distinguished from others. The 
decision relative discernibility function defined from 
Table 2 using Eq. 2 is  

fD(a1,a2,a3) = (a1a3) (a1a2a3) a3(a2a3) = 
a3 

Here a3 represents a minimal reduct 
representing the entire knowledge involved in the 
dataset given in Table 1.  As in dependency degree 
based attribute reduction, this method is also a costly 
operation rendering the method impractical even for 
medium sized datasets. 
2.3 Proportional Rough Set (PRS) Relevance 
Method 

This is an effective Rough Set based method 
for attribute selection proposed by Maria Salamó and 
López-Sánchez. The concept of reducts is used as the 
basic idea for the implementation of this approach.   
The same idea is also used by Li and Cercone to rank 
the decision rules generated from a rule mining 
algorithm. There exist multiple reduct for a dataset.  
The set of attributes which is common to all reducts is 
called the core. Each reduct is a representative of the 
original data. Most data mining operations require only 
a single reduct for decision making purposes.  But 
selecting any one reduct leads to the elimination of 
representative information contained in all other 
reducts. The main idea behind this reduct based feature 
selection approach is the following: the more frequent 
a conditional attribute appears in the reducts and the 
more relevant will be the attribute.  Hence the number 
of times an attribute appears in all reducts and the total 
number of reducts determines the significance 
(priority) of each attribute in representing the 
knowledge contained in the dataset.  This idea is used 
for measuring the significance of various features in 
PRS relevance feature selection approach [20]. With 
the help of these priority values the features available 
in the dataset can be arranged in the decreasing order 
of their priority and significant features can be 
selected from the feature set by setting a suitable 
threshold value [8]. For setting the threshold value, in 
this work, Selection by Threshold (ST) strategy 
suggested by Maria Salamó and López-Sánchez [20] 
is used.  

 
2.3.1 Selection by Threshold (ST) Strategy 

The main aim of this selection strategy is to 
maintain most relevant attributes always in the 
selection list.  In this strategy, to perform the 
selection a threshold value is calculated from the 
priority values representing the significance of each 
feature.  As per this selection strategy, an attribute 
aiA with priority value β(ai) is selected if: 

 
3

minmax
minai


                                                                 

 3 

where max and min respectively represent the 
maximum and minimum priority values in the 
ranking vector.   

This strategy is an attempt to provide a 
measure independent of the actual distribution of the 
priority values and to approximate the selection of 
features having their priority values larger than the 
median value.  In the case of a dataset satisfying 
normal distribution, the standard deviation can be 
used as a measure to define the threshold. But to 
make it applicable to any type of dataset the selection 
of the initial candidate feature is relaxed by defining 

the threshold
3

minmax
min


 . An advantage of 

using this measure is that it does not require any 
ordering of the priority values to identify the median 
value or computation of deviation of the priority 
values from their arithmetic mean as in the case of 
standard deviation.  But the experiments performed 
on various datasets having different attribute priority 
value distributions show that this strategy 
approximated the median. 
 
III. DESCRIPTION OF THE DATASET 
  

To apply the proposed methodology, a real 
world dataset consisting of the signs and symptoms of 
the LEARNING DISABILITIES (LD) in school age 
children is selected.  It is collected from various 
sources which include a child care clinic providing 
assistance for handling learning disability in children 
and three different schools conducting such LD 
assessment studies.  Learning disability is a 
neurological disorder that affects a child’s brain and 
weakens his ability to carry out certain skills such as 
reading, writing, listening, speaking, reasoning and 
doing math.  Learning disabilities affect children both 
academically and socially and about 10% of children 
enrolled in schools are affected with this problem.  
With the right help at the right time, children with 
learning disabilities can learn successfully.  This 
dataset is helpful to determine the existence of LD in 
a suspected child.  It is selected with a view to 
provide tools for researchers and physicians handling 
learning disabilities to analyze the data and to 
facilitate the decision making process.  

 
The dataset contains 500 student records 

with 16 conditional attributes as signs and symptoms 
of LD and the existence of LD in a child as decision 
attribute.  Various signs and symptoms collected 
includes the information regarding whether the child 
has any difficulty in reading (DR), any difficulty with 
spelling (DS), any difficulty with handwriting (DH) 
and so on.  There are no missing values or 
inconsistency exists in the dataset.  Table 3 gives a 
portion of the dataset used for the experiment. In this 
table t represents the attribute value true and f 
represents the attribute value false.  Table 4 gives key 
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used for representing the symptoms and its 
abbreviations.  

Table 3: Learning Disability (LD) dataset 

 
Table 4: Key used for representing the symptoms of 

LD 

 
 
IV. PROPOSED WORK  
 

 Consider a decision table T = {U, A, d}, 
where U is the non-empty finite set of objects called 
the Universe, A = {a1, a2, …, an} be the non-empty finite 
set of conditional attributes/features and d is the 
decision attribute.  Let {r1, r2,…, rp} be the set of reducts 
generated from T.  Then, for each conditional attribute 
ai  A, reduct based attribute priority/significance 
 ia  is defined as [20, 5, 3]:  

 
ni

p
pjrar

a jij
i ,...,3,2,1,

,...,3,2,1,
)( 




 
4 

where the numerator of the expression 4 gives the 
occurrence frequency of the attribute ai in various 
reducts. 

 
To explain the process of feature selection, 

consider the Iris [22] dataset, which contains three 
classes of iris plants namely setosa, versicolour and 
virginica.  In this dataset the reduct computation is 
based on four conditional attributes sepal length (sl), 
sepal width (sw), petal length (pl) and petal width (pw).  
Four reducts are generated from the dataset. These 
reducts are shown in Table 5. 

Table 5: Reducts from Iris data 
No. Reducts 
1 {sl, sw, pl} 
2 {sw, pl, pw} 
3 {sl, pl, pw} 
4 {sl, pl, pw} 

Based on these reducts, the priorities of each 
conditional attribute are calculated as follows: 

(sl) = 3/4 =.75  (sw) = 
2/4 = 0.5 

(pl) = 4/4 =1  (pw) = 
3/4 = 0.75 

From Eq. 4 it is clear that an attribute a not 
appearing in any of the reducts has priority value (a) 
= 0. For an attribute a, which is a member of core of 
the decision table has a priority value (a) = 1.  In 
Table 5, pl represents a core attribute and hence (pl) 
= 1.  For the remaining attributes the priority values 
are proportional to the number of reducts in which the 
attribute appear as a member.  These reduct based 
priority values will provide a ranking for the 
conditional attributes.  By setting the threshold value 
using the ST strategy, significant features can be 
selected automatically from the dataset. 

After identifying the significant features 
from the LD dataset, these features are used to predict 
the learning disability.  For this purpose, two 
classification algorithms viz. MLP and SMO are 
implemented to classify instances through Weka data 
mining tool kit [4].   In MLP, the significant features 
selected by the PRS relevance approach become the 
inputs to the classifier.  As a result, a neural network 
is generated containing the selected input nodes, a set 
of hidden neurons and output nodes.  In MLP, to set 
the number of hidden neurons a trial and error 
method is used and the number of output nodes 
corresponds to the number of class labels in the 
dataset.   

To train the support vector classifier, 
Sequential Minimal Optimization algorithm using the 
polynomial kernel is used in this work.   This 
algorithm is used for the prediction of LD because it 
is simple, easy to implement and generally faster. 
 
V. EXPERIMENTAL ANALYSIS AND 

RESULTS 
 
 In order to implement the PRS relevance 
approach to select the significant features, as a first 
step of the process various reducts are generated from 
the LD dataset.  For this purpose, the discernibility 
matrix approach of Rough Sets Data Explorer 
software package ROSE2 is used which generates 63 
reducts from the original LD dataset.  Then 
frequencies of various features occurring in these 
reducts are computed.  These frequencies are given in 
Table 6.  Based on these frequencies and by applying 
Eq. 4, the priority values of various features are 
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calculated.  Ranked features as per their priority 
values are shown in Table 7.   
Table 6: Frequencies of various attributes in reducts 

 
Table 7: Attributes with priority values 

 
Then by applying the ST strategy, a threshold is 
calculated in order to automate the feature selection 
process.  The calculated threshold is 0.5027 and the 
resulting significant feature subset selected by the 
process is {DR, ED, DM, DLL, DA, LM, DBA, RG, 
DS, DWE}.  These selected features become the 
inputs for the classifiers MLP and SMO.  Table 8 
contains the results obtained from the classifiers 
before and after the feature selection process. To 
determine the accuracy 10 fold cross validation is 
used.   
Table 8: Classification accuracy given by the 
classifiers 

 
 
VI. DISCUSSION 
 

From table 8, the classification accuracy of 
the LD dataset with all available features and the 
accuracies obtained after eliminating the least 
significant six features using the PRS relevance 
approach are same in both the classifiers.  This 
implies that from the classification point of view, 
both the classifiers are equally efficient in predicting 
the Learning Disability.  From the presented results, 
the data reduction obtained as a result of the 
application of the feature selection approach is 
37.5%.  It follows that the original LD dataset 
contains 37.5% redundant attributes and the feature 

selection approach used is efficient in removing these 
redundant features without affecting the classification 
performance.  From table 8, it is clear that after the 
feature selection process the time taken to build the 
learning model is also promising.  This shows that in 
an information system there are some non-relevant 
features and identifying and removing these features 
will enable learning algorithms to operate faster.  In 
other words, increasing the number of features in a 
dataset may not be always helpful to increase the 
classification performance of the data.  Increasing the 
number of features progressively may result in 
reduction of classification rate after a peak.  This is 
known as peaking phenomenon. 

 
CONCLUSION 
 
 In this paper, a popular rough set based 
attribute selection process, PRS relevance approach is 
implemented and is used to improve the predication 
of the Learning Disability in a cost effective way.  
The approach follows a ranking of the conditional 
attributes according to their importance in the data 
domain. To predict the Learning Disability within a 
reduced computational effort, the suggested method 
seems to be very effective.  The main contribution of 
the study is a method of assigning priorities to 
various symptoms of the LD dataset based on the 
general characteristics of the data alone.  Each 
symptoms priority values reflects its relative 
importance to predict LD among the various cases.  
The experimental results revels the need of feature 
selection in classification to improve the performance 
of classification such as speed of learning and 
predictive accuracy. 
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