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Abstract 

Dyslexia is a medical disorder due to which children have difficulties in learning and Reproducing the learnt 

concepts. In this context the children are mostly considered to be not interested or negligent towards their 

studies. So there is a need to diagnose, the difficulties faced by the students and analyse the area of their 

difficulties to train them. Learning Disability (LD) can be classified based on the difficulty in a typical manner, 

usually caused by an unknown factor or factors. LD affects about 15% of children enrolled in schools.  The 

prediction of learning disability is a complicated task since the identification of LD from diverse features or 

signs is a complicated problem. The problems of children with specific learning disabilities have been a cause 

of concern to parents and teachers for some time. Its challenging for the teachers and educationalists to 

differentiate students with LD and other students . Various machine learning algorithms help in dignoising LD. 

In this paper, a comparative study on Supervised machine learning  methods which are  well know artificial 

intelligence techniques like Naive Bayes Classifier, Support Vector Machine,  Decision tree, it is made, based 

on the 16 signs and symptoms for diagnosis in various learning difficulties. 

 

Index Terms -  Supervised Machine Learning, Learning Disability,Naive Bayes Classifier, 

Support vector machine and Decision tree. 

I Introduction 

Supervised machine Learning  algorithms searches for patterns within the value labels assigned to 

data points.Unlike unsupervised organize the data into a group of clusters to describe its structure and 

make complex data look simple and organized for analysis. 

When a LD is suspected based on parent and/or teacher observations, a formal evaluation of the child 

is necessary. A parent can request this evaluation, or the school might advice it. Parental consent is 

needed before a child can be tested [16]. Many types of assessment tests are available. Child's age and 

the type of problem determines the tests that child needs. Just as there are many different types of 

LDs, there are a variety of tests that may be done to pinpoint the problem. 
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To analysis or preprocess the learning disabilities in children’s must required  data collection and data 

sets has different checklists containing general signs and symptoms or attributes related to LD are 

used for the general assessment of learning disability, where such LD assessment studies are generally 

conducting, are selected and with the help of Doctors and other Professionals / Resource Persons 

engaged there, the various LD assessment methods are studied and after subsequent evaluation with 

the help of these professional and from the experience gained,  16 prominent attributes are selected as 

below  shown table-1  

The list of attributes is shown in  Table I below. 

Table I List Of Attributes 

Sl. 

No. 

Attribute Signs & Symptoms of LD 

1.  DR Difficulty with Reading 

2.  DS Difficulty with Spelling 

3.  DH Difficulty with Handwriting 

4.  DWE DWE Difficulty with Written Expression 

5.  DBA Difficulty with Basic Arithmetic skills 

6.  DHA Difficulty with Higher Arithmetic skills 

7.  DA Difficulty with Attention 

8.  ED Easily Distracted 

9.  DM Difficulty with Memory 

10.  LM Lack of Motivation 

11.  DSS Difficulty with Study Skills 

12.  DNS Does Not like School 

13.  DLL DLL Difficulty Learning a Language 

14.  DLS DLS Difficulty Learning 

15.  STL Slow To Learn 16   

16.  RG Repeated a Grade  

 

 

1.1 Data Distribution - The percentage distribution of the 16 attributes present in the data set 

is considered by the various researchers shown in Figure below.  Among the cases in the 

dataset, 72% cases (children) are having LD (LD – True) and the remaining 28% cases 

(children) have not LD (LD – False) as represented [3].     
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Figure 3 Significane of attributes in LD prediction. 

 

1.2 Data Normalization - Data usually collected from multiple resources and stored in data 

warehouse. Resources may include multiple databases, data cubes, or flat files, during integration of 

data that we wish to have for mining and discovery, so data integration must be done carefully to 

avoid redundancy and inconsistency that in turn improve the accuracy and speed up the mining 

process[4]  Data is transformed or consolidated into forms appropriate for mining. Data 

transformation involves data smoothing, data aggregation, data generalization, data normalization and 

data attribute construction or feature construction.  

 

1.3Attribute normalization - Normalization is particularly useful for classification algorithms 

involving neural networks, or distance measurements such as nearest-neighbor classification and 

clustering. Min-max normalization performs a linear transformation on the original data. Min-max 

normalization preserves the relationships among the original data values. An attribute A are 

normalized based on the mean and standard deviation of A. This method of normalization is useful 

when the actual minimum and maximum of attribute A are unknown. The number of decimal points 

moved depends on the maximum absolute value of A. Min Max Normalization transforms a value A 

to B which fits in the range[C, D]. The attribute data is scaled to fit in a specific range.  
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The main method used is the min-max normalization. In data normalization, the attribute data are 

scaled so as to fall within a small specified range, such as -1.0 to 1.0 or 0 to 1.0 [5] 

 

II Naïve Bayes classifier 

Naïve Bayes Classifier is amongst the most popular learning method grouped by similarities, that 

works on the popular Bayes Theorem of Probability- to build machine learning models particularly 

for disease prediction and document classification. It is a simple classification of words based on 

Bayes Probability Theorem which states  theprobability of an event, based on prior knowledge of 

conditions that might be related to the event for subjective analysis of content. 

posterior = prior × likelihood evidence 

evidence  

The system comprises of a student study data set which is further categorized as Name, Attributes, 

and Record data. Based on the ranking of each symptom provided, the diagnosed result suggests the 

possibility of a particular difficulty. It also gives the detail of identified difficulty. 

As per the naïve bayes probability theorem the prior knowledge is necessary for the prediction of LD. 

But as the data sets are for LD are not 100% quantifiable though small text classification exhibits 

good performance , it fails with respective to large text and withour prior knowledge.  

III. SUPPORT VECTOR MACHINES  

 

SVM algorithm for the diagnosis of the disorder. The major advantage of using SVM is that it helps in 

controlling the complexity of the problem of diagnosing.  

We [5] used SVM to train a classifier to distinguish between subjects with and without dyslexia of the 

first sample (http://www.csie.ntu.edu.tw/~cjlin/libsvm/). The SVM classifier was trained on using 21 

randomly selected subjects with dyslexia (of 22) and 21randomly selected subjects without dyslexia 

(of 27). The vowels used during the training stage were determined by subtracting the average VBM 

transformed brain of the selected controls from the average VBM 
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transformed brain of the dyslexia group and z-transforming the resulting difference image. Next, we 

estimated the linear hyperplane that maximally separates the subjects with and without dyslexia using 

those vowels that surpassed a z-threshold of 3, 3.5, 4 and 4.5. We used 

the default values for training a linear classifier, one-class classifier. 

This procedure yielded four classifiers which performance was evaluated using the one remaining 

dyslexic subject and one of the (randomly selected) six controls and we repeated this procedure 

10,000 times. Thus, we applied a cross-validation procedure in which each subject 

was classified many times on the basis of a hyperplane acquired with 21 subjects with and 21 subjects 

without dyslexia. The z-threshold of 4 and 4.5 yielded the highest classification performance and we 

subsequently also tested a threshold value of 4.25. This z-value controls 

how many vowels are used for classification and resulted in these conditions into a value of 759 

vowels. The procedure using the z-threshold of 4.25 yielded the highest classification performance 

and only these results were used for subsequent analysis. This result yielded many classifications of 

each subject as either dyslexic or control that could either be correct or incorrect.  

SeeFig. 1for the classification scheme. 

 
For each subject, group membership was determined by the majority of hits or misses. Thus, when the 

proportion of hits for a particularsubject was ≥ 0.5, the subject was considered correctly classified. 

Thisalso yielded, per subject, a continuous score representing the classifcation accuracy for each 

subject. The prediction accuracy of the trained 

classifier was estimated with the proportion of correctly classified sub-jects. We quantified the 

estimated sensitivity with the proportion ofcorrectly classified subjects with dyslexia, and the 

estimated specificitywith the proportion correctly classified subjects without dyslexia. Wecalculated 

d-prime with Z (proportion hits)Z (proportion falsealarms). 

In a second analysis, we repeated the classification procedure described in the previous paragraph but 

using 20% of the selected vowelsper iteration. For each voxel, we subsequently scored the 
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percentageof times a classification was successful for that drawing of vowels. Thisyielded after 

100,000 iterations, for each voxel, a count for the numberof times that a voxel was selected and the 

number of times that this selection resulted in a correct classification. In this way we expressed 

theimportance of a voxel for classifying dyslexia.Next, we examined the relation between brain 

regions of the vowelsthat were most reliable for classification and the behavioural measures(spelling, 

phonology, short-term memory, whole-word reading and visual/attentional confusion) with bivariate 

Pearson correlations. We alsocalculated the Pearson correlation between the classifcation accuracyfor 

each subject and severity of dyslexia.In the second sample, group membership of each subject was 

determined by the trained classifier which was acquired with thefirst sample. The accuracy of the 

trained classifierin this sample was estimated with the proportion of correctly classified subjects. We 

quantified the estimated sensitivity with the proportion of correctlyclassified subjects with dyslexia, 

and the estimated specificity with the proportion correctly classified subjects without dyslexia. We 

calculated d-prime with Z (proportion hits) Z (proportion false alarms). 

Results 

3.1. Classification of subjects with and without dyslexia (first sample)The SVM technique resulted in 

a total prediction accuracy of 39 /49 = 80%. Permutation testing, in which we repeated this entire 

procedure but now with permuted labels, revealed that in 1000 simulationsthis level of accuracy was 

never reached yielding a significance of 

Pb0.001. Furthermore, we found a sensitivity (proportion correctlyclassified subjects with dyslexia) of 

18 / 22 = 82%, and a specificity(proportion correctly classified subjects without dyslexia) of 21 / 

27 = 78%. We found that d-prime = 1.67. 

SeeTable 1 

Positive predictive value (proportion of all subjects classified as dyslexic who have infact dyslexia) 

was 75% and negative predictive value (proportion of allsubjects classified as not dyslexic whohave 

in factnodyslexia) was84% 
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IV Decision Tree 

 
Kannan Balakrishnan [4] proposed Implementation on classification method such as Decision Tree 

machine. Decision tree builds classification or regression models in the form of a tree structure. It 

breaks down a data set into smaller and smaller subsets while at the same time an associated decision 

tree is incrementally developed.  The final result is a tree with decision nodes and leaf nodes.[1] A 

decision node –specifies some test to be carried out on a single attribute-with one branch and sub tree 

for each possible outcome of the test., where each internal node denotes a test on an attribute, each 

branch of the tree represents an outcome of the test and each leaf node holds a class label [16]. The 

topmost node in a tree is the root node class label represents a classification or decision.    

The core algorithm for building decision tree called ID3 by J.R. quinlan which employs a top-down 

greedy search through the space of possible branches with no backtracking.  ID3 uses Entropy and 

information gain to construct a decision tree. [1]. 

 

The key requirements to do mining with decision tree are: attribute value description, predefined 

classes, discrete classes and sufficient data.    
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 Data mining techniques are useful for predicting and understanding the frequent signs and symptoms 

of behavior of LD.  If study the attributes of LD, they can easily predict which attribute is from the 

data sets more related to learning disability.   The first task to handle learning disability is to construct 

a database consisting  of the signs, characteristics and level of difficulties faced by those children. 

Then, Decision or Classification Tree is a tree associated with LD such that each internal node is 

labeled with attributes DR, DS, DH, DWE, etc.  

Each arc is labeled with predicate, which can be applied to the attribute at the parent node. The basic 

steps in the decision tree are building the tree by using the training data sets and applying the tree to 

the new data sets.  

(i)Attribute List- DR,DS, DH DWE, DBA, DHA, DA,         ED, DM, LM, DSS, DNS, DLL, DLS, 

STL and RG  

(ii) Attribute Selection Method by Gain Ratio  

The Information Gain Ratio for a test is defined as follows. IGR (Ex, a) = IG / IV, where IG is the 

Information Gain and IV is the Gain Ratio. Information gain ratio biases the decision tree against 

considering attributes with a large number of distinct values. So it solves the drawback of information 

gain.  

 (iii) Classification  

 As shown in the stratified cross-validation summary  98.24% cases are correctly classified and 1.76 

% cases are incorrectly classified.  

This decision tree can be used for making classifications. Here the J48 algorithm is used, which is a 

greedy approach in which decision trees are constructed in a top-down recursive divide and conquer 

manner. To illustrate this method, first partition the datasets into two subsets and choose one of the 

subsets for training and other for testing.[17] Then swap the roles of the subsets so that the previous 

training set becomes the test set and vice versa.  
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The rules are so popular because each rule represents an independent knowledge. New rule can added 

to an existing rule sets without disturbing them, whereas to add to a tree structure may require 

reshaping the whole tree.  The Rules extracted from the decision tree are given below[18]. R1 : IF DS 

= NO, DSS = NO THEN LD = NO R2: IF DS = NO, DSS = YES, DWE = NO THEN LD = NO R3: 

IF DS = NO, DSS = YES, DWE = YES THEN LD = YES R4: IF DS = YES, DWE = NO, DA = NO, 

RG = NO THEN LD = NO R5: IF DS = YES, DWE = NO, DA = NO, RG = YES THEN LD = YES 

R6: IF DS = YES, DWE = NO, DA = YES, ED = NO, DHA = NO THEN LD = NO R7: IF DS = 

YES, DWE = NO, DA = YES, ED = NO, DHA = YES THEN LD = YES R8: IF DS = YES, DWE = 

NO, DA = YES, ED = YES THEN LD = YES R9: IF DS = YES, DWE = YES THEN LD = YES   

Confidence and support are properties of rules. These statistical measures can be used to rank the 

rules and hence the predictions.  

Support: The number of records in the training data set that satisfies the rule.  

Confidence:  The likelihood of the prediction outcome, given that the rule has been satisfied.  

Table -5 Confidence of rules table as follows.  

Rules   Confidence  

R1    93%  

R2    92%  

R3    91%  

R4    90% 

 R5    91%   

R6   93%  

R7   91%  

R8   90%  

R9   92%  

 In decision tree the main objective of attribute evaluation is based on information gain. The wrong 

predictions obtained from decision tree for all inconsistent data sets can be lead to a limited accuracy 

of decision tree models. Also the formation of tree and rule generation becomes complex due to the 

increase of number of attributes. The extracted rules are very effective for the prediction. The wrong 

predictions obtained from decision tree for all inconsistent data sets can be lead to a limited accuracy 

of decision tree model. The main drawback noticed from this study is that the failure in handling 

inconsistent data. Also the formation of tree and rule generation becomes complex due to the increase 

of number of attributes.  

Conclusion: In this  paper, the prediction of learning disability in school age children is implemented 

through supervised algorithms. The main problem considered, in the work for analysis and solving, is 

the design of an LD prediction tool based on machine learning techniques. A containing 16 attributes 

and 1020 real data sets identified signs and symptoms or attributes related to LD are developed and 

used for the general assessment of learning disability.  A detailed study on the uses of different 

classification algorithms, Naïve bayes Decision Tree, and Support Vector Machine, used for the 
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prediction of learning disabilities in children. The main drawback found in all these classification 

algorithms is that, there is no proper solution for handling the inconsistent or unwanted data in the 

data base and also the classifier accuracy is low. Hence, the classification accuracy has to be increased 

by adopting new methods of implementation by proper data preprocessing.  
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