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Abstract: With the advancement in the software field, 

diagnosing dyslexia in earlier stages among children is highly 
possible. It helps them to take necessary measures to rise above the 
problem. This paper intends to develop an uncertainty handling 
model using neutrosophic logic inference system. This system’s 

functionality is enhanced by introducing paraconsistent logic with 
whale behavior based optimization. Paraconsistent logic is used to 
discover the degree of certainty and contradiction of generated 
rules. Pruning the population of rules is handled by a nature 
inspire algorithm known as whale behavior based rule 
optimization. Dyslexia dataset consists of both vague and crisp 
values. Treating them as such will often lead to high false alarms 
in the detection process. To overcome this issue the neutrosophic 
model is used to denote them in terms of membership degree of 
truthiness, indeterminacy, and falsity. The paraconsistent 
analyzer works with the favorable and unfavorable degree of 
evidence of each rule to handle the inconsistency and uncertainty 
among dyslexia detection. The potential rules are selected by the 
encircle prey model of the whale optimization algorithm. The 
simulation results proved that the performance of the proposed 
model produces high detection rate in the detection of dyslexia. 
 

Index Terms: Dyslexia, Neutrosophic inference system, 
Paraconsistent, Uncertainty, Whale Optimization 

I. INTRODUCTION 

A specific learning disability, which is caused by a 
complex neurobiological origin, is known as dyslexia. 
Dyslexia among children inhibits them from learning 
disabilities, with issues in fluent or accurate word recognition 
and by poor decoding and spelling abilities. Generally 
dyslexic children are characterized by an unexpected dispute 
inadequate intelligence, education, normal senses, and social 
environment. The shortfalls in phonological components 
evoke problems which are commonly unforeseen in relation 
to other abilities of cognitive measures, thus providing 
inefficient classroom commands. The dyslexic children has  
issues in reading comprehension and reduced reading 
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experience that can encumber the progress of vocabulary and 
background knowledge [1]. Dyslexics have abnormal 
anatomy in which language processing area of the brain is 
critical [2, 3]. Side effects of dyslexia are not identical and 
can vary by language. It affects individuals of all age groups 
and doesn’t depend on someone’s IQ. Diagnosing the 
presence of dyslexia can be done with the experts and is 
expensive due to vagueness in determining it.  
     All of these children who are at risk of reading disabilities 
need help, but due to limited resources, logistics, and social 
stigma, they are unable to get the training that they require. 
With this conspicuous need in research and practice, this 
research was conducted to provide early diagnosis to 
children.  Given the lack of expertise in the area of diagnosis, 
this work proposed an uncertainty handling method Whale 
behavior based Rule Optimization on Paraconsistent 
Neutrosophic Classification Model for prediction of Dyslexia 
(WBRO-PNC) by devising a neutrosophic logic inference 
system which represents them in terms to the degree of 
membership of truthiness, falsity, and indeterminacy. This is 
based on a diagnostic and classification system. The 
paraconsistent rules are discovered and they are used for 
uncertainty handling and the generated rules volume is 
pruned to strengthen the classification model by adapting the 
knowledge of whale behavior based optimization. 
 

II. RELATED WORK 

Luz Rello et al [4] performs the early detection of dyslexia 
using machine learning approaches which observers the 
interactivity of people with a web based linguistic game 
known as dytective. They trained the model with 100 
participants and produces 83% accuracy in prediction of 
dyslexia.  Geurts et al [5] developed a tool to predict the 
possible chance of dyslexia among children, the tool is 
termed as DIESEL-X. This tool comprised of three different 
mining games which assist to measure the indicators of 
dyslexia. Gaggi et al. [6] in their work uses six various 
auditory and visual games with 24 participants of the kinder 
garden to discover the dyslexia children and train different 
skills hidden inside them. This game model not only predicts 
the possibility of dyslexia at the same time it also discovers 
unique skill among those children’s and tune them 

accordingly.Maria Rauschenberger et al [7] exposed in their 
work about eight game measures for detecting dyslexia 
among Spanish children's.  
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It is a web application for the easy screening process and 
suggests them the assistance they need.   
Hassanin et al [8] developed a computing system for 
diagnosis of dyslexia considering each individual complexity 
with speaking, reading, writing, and spelling. Based on the  
Gibson test they analyzed the participants' records to discover 
the possibility of dyslexia. With 80 children's, three 
classifiers namely K-means, ANN, and Fuzzy are 
implemented and these classify the dataset into "normal 
(none dyslexic)", or "dyslexic", or "other disorders. Such 
classifiers; will be used to implement the computerized 
proposed analytical model.Athanasios et al [9] stated that 
Artificial intelligence methods are used to discover special 
education needs learners to form dyslexia and to discover 
their excellence. Julie et al [10] developed a prediction model 
which mainly focuses on missing value issues and 
dimensionality reduction by validating using neuro-fuzzy 
classifier in the field of discovering learning disabilities 
among school children. Manghirmalani et al [11] introduced 
a learning vector quantization which classifies whether the 
children's have dyslexia or not using rule-based model and it 
also classifies them into types of learning disabilities. Kohli 
et al. [12] devised a soft computing approach using an 
artificial neural network to discover dyslexia at an early 
stage. It uses back propagation algorithm to categorize the 
given input data as dyslexia or no dyslexia.  

III. NEUTROSOPHIC INFERENCE SYSTEM 

While working with dyslexia dataset, the uncertain, 
unacceptable and adequate situations that are declared by the 
decision maker cannot be successfully handled by fuzzy sets 
and the intuitionistic fuzzy system. But neutrosophic system 
[13] handles incomplete, inconsistent and uncertain instances 
of dyslexia dataset by reflecting membership on truthiness, 
indeterminacy, and falsity much better than fuzzy and 
intuitionistic fuzzy set.Neutrosophic logic is an extension of 
fuzzy and intuitionistic fuzzy which is devised by 
Smarandache [14], who described a variable z is represented 
by triple values z= (t, i, f) where the triplets denote truthiness, 
indeterminacy, and falsity in terms of membership function 
[15]. Existing expert systems are restricted with several 
limitations while neutrosophic expert system not only 
depends on truth value. 

It also includes both falsity and indeterminacy. Thus, the 
neutrosophic logic t, i and f are independent to each other and 
they don’t have any lim  itation on their summation as follows 
[16]: 
 
0 <= t + i + f <= 3                      ……….. (1) 
 
Definition 1: (Neutrosophic Set) A set A    in the universal 
discourse Z, which is signified commonly by z, is referred to 
be a neutrosophic set if A    = {〈z; [υA   (z), πA   (z), 
γA   (z)]〉⋮ z∈Z} , where υA   (z), is membership degree of 
truth known as confidence, πA   (z) is the membership degree 
of indeterminacy membership know as uncertainty, γA   (z) 
is the membership degree of falsity known as skepticism and 
the 4tr5edz Z value lies between the interval of [0,1]. 
υA  u(z), πA   (z) and γA   (z) show the subsequent relation:  

 
0 ≤ υA  u(z) + πA   (z) + γA   (z) ≤  3    ………...  (2) 
 
Definition 2: A Neutrosophic set A    is considered as 
single value neutrosophic set if z is a single-valued 
independent variable thus A   = {〈z; [υA   (z), πA   (z), 
γA   (z)]〉⋮ z ∈ Z}, where the truth membership, 
indeterminacy membership, and falsity membership are 
signified as υA   (z), πA   (z) and γA   (z) respectively. 

 

IV. PARACONSISTENT LOGIC 

The paraconsistent logic is a non-classical logic which 
inhibits the principle of non-contradiction and allows the 
contradictory signal handling in its theoretical way [18]. It is 
formulated using proportional formulas known as annotation 
each of them is represented and using attribute values to its 
corresponding proportional formula. It represents each input 
to different degrees namely Favorable degree of Evidence 
() and Unfavorable degree of evidence (). 

 
 
 
 
 
 
 
 
 

(a)                   (b) 
Figure 1: Lattice Representation of Paraconsistent Logic for both a) 
logical representation and b) Annotation (,) where, 
T(inconsistent),  (Paracomplete or Indeterminate), F (false) and t 
(true) 

In Figure 1 Paraconsistent logic is signified using £: Lattice  
in a new coordinate system in values of favorable degree of 
evidence () and the values of unfavorable degree of 
evidence () for each coordinate system the annotations are 
identified with different points in the plane. Thus, it is 
associates T to (1, 1),  to (0, 0), F to (0, 1) and t to (1, 0). 
Using the neutrosophic membership values the Degree of 
certainty Dgc and Degree of contradiction Dgct. Values lies 
between the range of +1 and -1. 

Degree of certain Dgc and Dgct is obtained by, 
 

Dgc =  -                        ……………    (3)       

Dgct =  +  -1            ……………..  (4) 
 
The knowledge of paraconsistent logic is greatly helpful in 
analyzing the dyslexia dataset. While constructing the 
neutrosophic expert system the classifier generates a 
voluminous number of rules and it becomes a wearisome 
process to execute the entire rules without having proper 
proof of evidence of those rules. 
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 In the field of artificial intelligence, the confirmation of truth 
or falsehood factors in presence of uncertainty is probably 
handled by introducing a degree of certainty and degree of 
contradiction about the rules are augmented easily by the 
paraconsistent analysis. Mostly, the features of an evident 
logic are suitable for uncertain knowledge. Since, in an 
examination, the argumentations are well balanced to 
proclaim that the properties establish only fractional 
indications, as their assumptions are measured to make the 
study. The following situations show the deciding 
prominence of paraconsistent analysis. 
IF    Dgc      =    +1 then the subsequent logical state of the                         
                           paraconsistent analysis is True. 
IF    Dgc   =     -1 then paraconsistent analysis is False. 
IF    Dgc t   =    +1 then paraconsistent analysis results in      
                           Inconsistent. 
IF   Dgc t   =     -1 then paraconsistent analysis is  

Indeterminate. 
 

Paraconsistent logic PL(x,y) = ( - ,  +  +1)  ……. (5) 
  
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Basic System Model of Paraconsistent Analysis 
 
Figure 2 shows the basic functioning model of Para-analyzer 
which is comprised of three different phases.  

In the first phase, the Para-analyzer system receives the 
true information generated by sensors or experts. They are 
two independent variables favorable degree of evidence and 
unfavorable degree of evidence whose values varies between 
0.0 and 1.0. 

The degree of certainty and contradiction is obtained in its 
second phase using the formulas as follows 

 
To find the degree of contradiction value 

    Dct =  +  -1               ………… (6) 
 
To find the degree of certainty value 

Dc =   +              ………… (7) 
 
In its third phase, the system concludes that if the 

contradiction degree is high then there is no certainty 
regarding the decision and it is essential to provide new 
evidence. Else if the contraction degree is low then degree of 
certainty will be high. High degree of certainty and 
contradiction may be positive or negative. These values can 
be measured in the systems and the limits that define the high 
or low is a decision that depends on the exclusiveness of the 

limit values reputable by the external modifications. 

V. WHALE OPTIMIZATION ALGORITHM 

Hof and Van Der Gucht [17] states that whales have common 
cells in specific areas of their brain like a human which is 
known as spindle cells. The whale has such cells twice higher 
than humans and thus it is the main cause of their smartness. 
The whale has the ability to communicate, think, judge, learn 
and even deliver emotions. Whales lives in groups and rarely 
alone. Their special hunting method in which they can 
recognize the prey location and encircle them is marvelous. 
Though the optimum position of search space is not defined 
earlier, the WOA algorithm considers that the current best 
candidate solution as target prey or it is close to the optimum 
solution. After defining best search agents, other search 
agents will try to update their position towards the best search 
agent. This kind of behavior is denoted using the equation as 
follows 

 
     = |  . x*(t) – x(t)|               ………….  (8) 
   x (t+1) =x*(t) -    .              ………….  (9) 

 
where t represents current iteration, x* denotes best 
solution’s position vector which is obtained , x* is the 

position vector of the best solution have been found so far 
iteration t, x is the position vector of each agent, | | is the 
absolute value, a dot(.) is an element-by-element 
multiplication. The coefficient vectors    and   are computed 
as follows: 

 
   =2  .r=                             …………  (10) 
                                       …………  (11) 

 

where    is linearly decreased from 2 to 0 over the course 
of the iteration and r is a random number [0,1]. 

 

 
Figure 3: Representing the best solution space 

 
The Figure 3 depicts the best solution space obtained by a 

whale, moving from the position (X, Y) to (X*,Y*) whose 
distance is denoted by Di’ . It chooses best position among its 
search space depending on shortest distance. 
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VI. PROPOSED METHODOLOGY OF 

This research work Whale Behavior Based Rule 
Optimization On Paraconsistent Neutrsophic Classification 
(WBRO-PNC) For Prediction of Dyslexia performs the 
dyslexia prediction by well handling the presence of 
vagueness and uncertainty by devised a robust classification 
model known as whale behavior based rule optimization on 
the paraconsistent neutrosphical classifier. To perform this 
process the dataset is collected from Knowledge Extraction 
based on Evolutionary Learning (KEEL) dataset [19] termed 
as dyslexic-12_4 dataset. Figure 4 represents the overall 
framework of the proposed system. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4: Overall Framework of WBRO-PNC for 
dyslexia detection 

 
The dataset values are in various ranges and they are 
normalized to the same range of value between [0-1]. The 
input of the dyslexia dataset is passed to the neutrosophic 
inference system based on the knowledge base namely 
membership degree of truthiness, indeterminacy, and falsity. 
The neutrosophic rules are generated. The generated rules 
undergo paraconsistent analysis to determine the resultant 
rules come under certainty or contradictory. The 
contradictory rules handle the problem of uncertainty and 
those instances which fall under this condition are treated as 
an abnormal condition other than dyslexia.  At the same time, 
the rules generated by the neutrosophic inference system are 
very high and they are not guaranteed to contribute for 
accurate classification. Thus, this work uses the knowledge 

of whale behavior optimization algorithm to search for best 
rules which involve more in the classification process and 
contributes more accuracy rate. Finally, it produces the 
pruned rules which are well suited to produce less false 
alarm and high dyslexia detection rate. 

A. Neutrosophic Inference Model for Dyslexia Detection 

As shown in the figure 5 Neutrosophic inference system 
comprised of Neutrosophication Interface which accepts the 
crisp input of dyslexia dataset and assigns the suitable 
membership functions of truth, indeterminacy, and falsity, 
neutrosophic Inference Engine maps the input to output 
variable, and Deneutrosophication Interface maps 
neutrosophic value to crisp value. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5: Process of neutrosophic inference system to 

generate rules based on dyslexia dataset 
 

The measure of the truth, indeterminacy, and falsity are not 
dependent: A Triangular Single Valued Neutrosophic 
number is defined as ANeu = (p1, p2, p3; q1, q2, q3; r1, r2, r3) 
whose truth membership, indeterminacy and falsity 
membership is defined as follows 
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where, 0 ≤     

 (z) +     
(z)+     

(z) ≤ 3, z∈    .  
 
The parametric formula is represented as, 

(    ) π, υ, γ = [    1(π),     2(π);     1(υ),     2 (υ);  

    1(γ),     2(γ)]   
where, 
    1(π) =  1 + π ( 2 −  1) 
    2 (π) =  3 − π ( 3 −  2) 
    1(υ) =  2 − υ ( 2 −  1) 
    2(υ) =  2 + υ ( 3 −  2) 
    1(γ) =  2 − γ ( 2 −  1) 
    2(γ) =  2 + γ( 3 −  2) 
 
here, 0 <π ≤ 1, 0 <υ ≤ 1, 0 <γ ≤ 1 and 0 <π+ υ+ γ≤ 3 

 
Figure 6 is the triangular Representation of Neutrosophic 
Membership of truthiness, indeterminacy and falsity. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6: Graphical Triangular Representation of Neutrosophic 
Membership of truthiness, indeterminacy and falsity 

B. Neutrosophic Rule Generation 

Each record of dyslexia dataset has to be represented in three 
different classes namely dyslexia, no dyslexia, and 
uncertainty about dyslexia. Each instance of dyslexia dataset 
consists of n + 1 attributes. The first n attributes (monitored 
parameters) describes the characteristics of instances and the 
last attribute describes the class where the instance fits to. 
The neutrosophic classifier has a set of three rules normal 
class[], abnormal class[] and indeterminacy class[]. 
Neutrosophic classifiers are denoted by a set of rules and if 
there are n different types of classes then n rules are 
generated. Example 
 
R1:   IF condition1 THEN data is class1       . . . 
Rn:   IF conditionm THEN data is classn 
 

The condition part is defined using the monitored parameters 
and the conclusion part is the classification attribute.  

Few running examples of neutrosophic rules for 
elements of membership are, 
RuleN:  

if ind1 is low and ind2 is low and ind3 is medium and ind4 
is low and ind5 is medium and ind6 is low and ind7 is low 
and ind8 is low and ind9 is low and ind10 is low and ind11 
is medium and ind12 is low  

then pattern has no dyslexia [0.4] 
RuleA: 
if ind1 is high and ind2 is high and ind3 is high and ind4 is 
medium and ind5 is high and ind6 is medium and ind7 is high 
and ind8 is high and ind9 is high and ind10 is high and ind11 
is high and ind12 is medium  

then pattern has dyslexia [0.6] 
RuleI:  

if ind1 is medium and ind2 is medium and ind3 is medium 
and ind4 is medium and ind5 is low and ind6 is medium 
and ind7 is medium and ind8 is medium and ind9 is low 
and ind10 is medium and ind11 is medium and ind12 is 
medium then pattern has indeterminacy [0.3] 

The truth value of neutrosophic logic is computes by 
multiplying the condition or rule’s truth value by the weight 

assigned to it 
Truth_Value(RuleN) = Truth_Value(Condition) * weight 

    …... (16) 
There are many methods to discover in which class the object 
belongs to. In this work maximum technique is used to 
classify the objects as the class in the condition part of the 
rule which has the maximum truth value. 
Class =  
 

No Dyslexia: IF Truth_value(RuleN) >Truth_value (RuleA) >          
                            Truth_value (RuleI)           
Dyslexia      : IF Truth_value (RuleA ) >Truth_value(RuleN) >  
                            Truth_value (RuleI) 
Indeteministic: IF Truth_value(RuleI)> Truth_value(RuleN) >           

                                Truth_value (RuleA)  
 

Where N: Represents the dyslexia class, A:  Represents the No 
dyslexia class and I:  represents the Indeteministic class. 
After rules are generated by neutrosophic inference system 
its favorable degree of evidence and unfavorable degree of 
evidence is determined using its weight ratio. Suppose the 
favorable and unfavorable degree of evidence of a particle 
rule Ri is calculated as 
NeuRn(,)  = (0.94,0.27) 
Dc = - = 0.94–0.27 = 0.67 
Dct =  +  -1 = 0.94 + 0.27 -1 = 0.21 
This specifies that the value of the degree of certainty is 
higher than the degree of contradiction. So this rule has the 
certain possibility of detection of a specific class mentioned 
in its conclusion part. Suppose if the value of contraction is 
high then the rule falls to paradox and special treatment has to 
be considered and the instances belong to this rule is 
considered as uncertain or indeterminacy to detect dyslexia.  
 
 
 
 

………………   (14) 

…….  (15) 
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But even though the uncertainty is handled very intelligently 
by using paraconsistent logic the rules generated by 
neutrosophic inference system is voluminous and all the rules 
generated doesn't contribute to the detection of dyslexia. To 
overcome this issue the populated rules has to be pruned and 
the potential rules which involve in classification and 
increases the accuracy of dyslexia detection are performed by 
using whale optimization algorithm which overcomes the 
local optima and discovers best set of rules.  
 
 
 

C. Rule optimization using Whale Behavior Optimization 
for dyslexia Detection 

Input:  Dyslexia Dataset 
  Initialize the population of whales Xi(i = 1, 2,...,n) 
  Calculate the fitness of each search agent 
  X*= the best search agent 

While (t < max_no_of_iterations) 
For each search agent 

Update a, A, C, l and p 
If(p< 0.5) 

If(|A|<1) 
Update the position of the current search agent 
by the following equation 
   = |  . x*(t) – x(t)| 
else if(|A1|>=1) 

Select a random search agent (Xrand) 
Update the position of the current search 
agent by the following equation 
x(t+1) =     

        .   
end if 

    else if(p>=0.5) 
Update the position of the current search by the 
Equation 

x(t+1) =            π         
end if 

end for 
Check if any search agent goes beyond the search space 
and amend it 
Calculate the fitness of each search agent 
Update x* there is a better solution t=t+1 

end while 
  return x* 

 

VII. EXPERIMENTS AND RESULTS 

The proposed model WBRO-PNC performance is analyzed 
by deploying it using MATLAB software. The dataset is 
collected from dyslexic_12_4 data set available in KEEL 
repository [19]. This dataset consist of both crisp and vague 
values. Each attribute can be either continuous or discrete, so 
that it is represented using neutrosophic domain value of 
degree of truthiness, falsity and indeterminacy. The dataset 
consists of 65 instances with 12 attributes. The instances are 
classified using four different class labels such as No 
dyslexic, control and revision, dyslexic and intention, 
hyperactivity or other issues which is considered as uncertain 
condition. 

A. Evaluation Metric used for performance analysis 

Precision: It is measured as fraction of correctly predicted 
instances among positive observation by the algorithm to the 
entire predicted positive observations.  
Precision = TP/TP+FP          ……….    (17) 
Where TP represents when the actual class value is yes and 
the predicted value is also yes and the FP denotes when actual 
class value is no but the predicted class is yes. 
Recall: It is the measure of fraction of correctly predicted 
positive observation to all observations in actual class is yes.  
 
 
Recall = TP/TP+FN                …………. (18) 
Where FN refers to when actual class is yes but predicted 
class is no 
F-Measure: It is the weighted average of both the measure 
precision and recall 
 

F(CLr, CSi)  =   
                       

                 
       …………. (19) 

 

B. Figure Confusion matrix 

Table1 illustrates the formation of true positive, False 
positive, True Negative and False Negative formulated by 
confusion matrix. 
True positive rate (TP rate) = diagonal element/ sum of 
relevant row  
False positive rate (FP rate) = non-diagonal element/ sum of 
relevant row 
 

Table 1: Performance Comparison of Four different 
model based on TP rate and FP rate to Detect Dyslexia 

P
re

d
ic

te
d

 V
al

u
es

 

                              Actual Values 

Positive(1) TP FP 

Negative(0) FN TN 

 
Table 2: Performance Comparison of Four different 

model based on TP rate and FP rate to Detect Dyslexia 

Classifier Models TP rate FP rate 

FISC 0.763 0.382 

IFISC 0.804 0.275 

NISC 0.902 0.069 

WBRO-PNC 0.982 0.019 
 
From the table 2 and figure 7 it is observed that the 
performance of WBRO-PNC achieves better result while 
comparing other three approaches Fuzzy Inference System 
Classifier ( FISC), Intuitionistic Fuzzy Inference System 
Classifier (IFISC) and  Neutrosophic Inference System 
Classifier (NISC).  
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The reason behind this is the knowledge of paraconsistent 
analyzed which provides the degree of certainty and 
contradiction on each rule generated by neutrosophic 
inference system highly involves in the detection of 
uncertainty in decision making about when the instances do 
not belong to both dyslexia and non-dyslexia, where it may 
be a symptom of some other abnormalities. 
 

 
Figure 7: Performance Comparison of Four different 

model based on TP rate and FP rate to detect Dyslexia 
 
Table 3: Performance measure based on Precision, recall 

and F-measure 

Classifier 
Models 

Precision Recall F-measure 

FISC 0.785 0.762 0.769 

IFISC 0.804 0.793 0.799 

NISC 0.896 0.877 0.885 

WBRO-PNC 0.987 0.979 0.982 
 

 
Figure 8: Performance measure based on Precision, 

recall and F-measure 
 
From the table 3 and figure 8, it is examined that 
WBRO-PNC produces better results due to the rule 
optimization and uncertainty handling in dyslexia detection 

more optimally. The rule optimization of this proposed model 
is done using nature inspire algorithm known as whale 
behavior based optimization which assist in the selection of 
potential rules which contribute more in producing accuracy 
during the classification process. With its nature of encircling 
prey model the rules which have highest best possibilities are 
discovered by it and thus it increases the efficiency of 
classification model in a precise way and handles the 
voluminous of rules generated by neutrosophic inference 
system. Where the other three algorithms FISC, IFISC, and 
NISC suffers from a high volume of rules generation with no 
guarantee that all the resultant rules will produce an accurate 
result. Thus, they fail to handle both contradictory and 
optimization of a rule in dyslexia detection. 

VIII. CONCLUSION 

The ultimate objective of this paper is to develop an 
optimized model for predicting dyslexia among children by 
handling the presence of uncertainty in classification. The 
neutrosophic system is enhanced by applying paraconsistent 
logic to determine the importance of the rules generates by 
the proposed model in terms of the degree of certainty and 
contradiction based on the evidence of the rules. As the 
inference system produces voluminous rules, to regulate and 
fine-tune its classification accuracy, this proposed work 
introduces the knowledge of whale behavior optimization 
which overcomes the over fitting problem of rules by 
selecting only the best set of rules with the process of rule 
pruning. Thus, the model WBRO-PNC achieves better 
detection rate while comparing the three standard models 
FISC, IFISC, and NISC. From the simulation results, it is 
observed that the process of uncertainty, rule pruning, and 
optimization are achieved by the proposed model more 
efficiently in the process of dyslexia detection and 
classification. 
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