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ABSTRACT 

UPDATED—23 December 2016. Developmental dyslexia is 

a learning disability that affects ability to code phonemes 

(individual speech sounds) within words and in accessing 

and manipulating these phonemic codes as required. Around 

10% to 20% of worldwide people has some degree of 

dyslexia. The complete diagnosis for dyslexia is costly and 

time consuming and is a complex process passing by many 

professionals from educational speech therapy and 

psychological areas. To assist in this process of diagnosis this 

work proposed a non-conventional method of dyslexic 

reading performance. Fixations from 20 subjects, 4 with 

dyslexia and 16 without dyslexia, were recording with an eye 

tracker, and the results treated in a php script and tested in an 

artificial neural network. The model proposed reached an 

accuracy of 86.78% in the classification between a dyslexic 

and not-dyslexic subject. 

Author Keywords 

Dyslexia, eye tracking, eye movements, diagnosis, detection, 

prediction, machine learning, artificial neural networks.  

ACM Classification Keywords 

K.4.2 [Computers and Society]: Social Issues—Assistive 

technologies for persons with disabilities; I.2.1 [Artificial 

Intelligence]: Applications and Expert Systems—Medicine 

and science. 

INTRODUCTION 
Developmental dyslexia is a learning disability that affects 

the ability to code phonemes (individual speech sounds) 

within words and in accessing and manipulating these 

phonemic codes as required (phonological processing[5]). 

Around 10% [7] to 20%[8] of people worldwide has some 

degree of dyslexia. The lack of treatment leads to great 

problems in scholar and personal development. The 

diagnosis of dyslexia is complex because it is a neurological 

condition that impacts on educational areas, speech therapy 

and psychological[7]. The diagnostic evaluation procedures 

are specific to each area and can lead to different results. 

Thus, currently, the complete diagnosis for dyslexia is costly 

and time consuming. In Brazil, we know the prevalence of 

dyslexics costs on average R$ 4,000.00 (US$ 1,000.00), and 

can take up to 6 months to be issued the final report. Several 

studies and techniques have been proposed in order to 

minimize time and costs in the diagnosis of dyslexics. 

Reading tests are widely used in ophthalmology in low 

vision rehabilitation to assess how reading performance 

depends on print size with the goal of prescribe optical aids.  

Recently, reading tests have been demonstrating to be an 

efficient tool when integrated with an eye tracking to 

evaluate dyslexics[3]. Also we can highlight the use of eye 

tracking tools look (Eye Tracker, ET) to assist in the 

detection and treatment of dyslexia. After an extensive 

literature review, it was found only one study that combined 

the use of an eye tracker with machine learning applied to the 

diagnosis of dyslexia. Rello & Ballesteros [7] used is a base 

of 1,135 readings of texts in Spanish (from 97 readers, 48 

dyslexic). From the capture of readings, and using Support 

Vector Machine was obtained an accuracy of 80.18% 

accuracy in automatic diagnosis of dyslexics. Within the 

results obtained in this study, and the relevance of the theme 

of dyslexia, it opens up possibilities for further research on 

the construction methods and tools involving ET and 

machine learning to facilitate the diagnosis of dyslexics. The 

objective of this work is to apply pattern recognition 
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techniques on data from ET on eye behavior of dyslexic 

readers. 

METHOD 

This study used to capture gazes with ET to automatically 

classify people with dyslexia. It was used an artificial neural 

networks for pattern recognition task. It was included 20 

people where 4 of them have positive diagnosis for dyslexia. 

Stimuli was programmed using Psychopy[6] (version 1.82), 

an open source application in Python. 

Stimuli consisted in three reading charts. Two of them were 

designed according to MNREAD - P (Minnesota Reading 

Acuity Chart, adapted to Portuguese - MNREAD – P)[2]) 

adapted to this study, presented in two different ways: 

MNREAD – P1L* (one- line – sentence) and MNREAD – 

P3L* (three – line sentence) The other chart was a Numerical 

Reading Chart (NCREAD) in which three numbers were 

clustered together and should be read as a centesimal 

number. Each reading chart had 13 sentences with letter size 

varying from 1.0 to -0.01 logMAR, Times New Roman font. 

Sentences were presented in a 19 inches LCD monitor (HP 

Compaq LA1951g, 1280x1024 resolution at 75Hz) which 

avoided specular reflections. Voice data was recorded using 

Macintosh and eye movements were recorded using a non 

commercial  Eyetracker (DEV 1.0).20 subjects successfully 

read the MNREAD – P1L*, P3L*. They were previously 

diagnosed as non – dyslexic (16 participants) and dyslexic (4 

participants). Subjects that accepted Free and Informed 

Consent performed visual acuity evaluation for near (40 cm) 

and far distances (4 meters), cover test for far and near, near 

point of convergence and ocular dominance to exclude 

possible strabismus or amblyopia. All these tests were 

performed using the best correction possible (glasses or 

contact lens). Subjects that had visual acuity worse than 

20/40 Snellen and illiterate were excluded from the study. 

They also performed auto refraction test and their spectacles 

were verified using an automatic lensmeter (Topcon CL 

300). After these visual tests, Eyetracker calibration was 

done for 40 cm, tested in 9 points to assure that role monitor 

was covered to record eye movements. Volunteers were 

asked to reading aloud the three charts using the head 

mounted eyetracker. All subjects were aware that reading 

tests and eye movements (fixation and saccades) were being 

recorded. Charts were randomly presented, sentences were 

presented just one time and subjects were asked to read 

sentences aloud.  

Artificial Neural Networks (ANN) are systems composed of 

simple processing units, interconnected together by weighted 

connections that perform operations in parallel and 

distributed manner[4]. Artificial neural networks can be 

implemented as tools semi-parametric statistical analysis 

data[1]. Their widespread use  in biomedical applications 

due to the fact that they represent generic tools to perform 

non-linear mappings between a set of input variables and a 

set of output variables[1]. For pattern classification task was 

used an ANN known as multilayer perceptron using the 

backpropagation algorithm. Weka software was used to 

perform the proposed ANN template. The used cross-

validation algorithm was 10-fold. The statistic used to 

measure the accuracy was the specificity (spec) and 

sensitivity (sens) calculation. After several tests, the ANN 

settings that obtained better accuracy (acc) was: Learning 

Rating: 0.3, Momentum: 0.2, Traning time was defined to 

500 iterations, 5 neurons in the hidden layer and 2 neurons 

in the output layer. The following variables were used as 

input: start_timestamp (st), duration (dur), start_frame (sf), 

end_frame (ef), norm_pos_x (x), norm_pos_y (y), dispersion 

(dis), avg_pupil_size (pup). 

RESULTS AND DISCUSSION 

Figure 1 shows a visual inspection of the variable 

"avg_pupil_size " of research subjects during a certain 

fixation. From Figure 1, lane  highlighted shows a variation 

of pupillary area with low presence of patients with dyslexia 

(blue color). Visual inspection tests were conducted to other 

variables, but was not detected visually apparent standards.   

 

Figure 1: Coordinates of start_frame (x-axis) by 

avg_pupil_size (vertical axis), subjects with dyslexia  (Blue) 

and without dyslexia (Red). 

After running the ANN, with all variables as input pattern 

was obtained the value of 0.66 of sensitivity, specificity of 

0.95 and 86.78% accuracy rate. In order to understand the 

relevance of each variable to the pattern recognition task, 

individual tests were performed with each variable, and 

removing the variable in question in the data set. Table 1 and 

Table 2 shows the values for this test. From Table 1 we can 

see that the set of variables "norm_pos_x and norm_pos_y" 

are the most relevant when used alone. In addition, this same 

data set showed greater loss of accuracy, compared with the 

other variables. As this set presents the information in that 

area the subject is performing a fixation, we can say that for 

the database analyzed, the mounting location is critical when 

analyzing eye behavior of dyslexics.  

 

Var just this variable 
 

Acc sen spe 



Dur 68.8 0 1 

Sf, Ef 68.8 0 1 

X, Y 77.0 0.4 0.9 

dis 68.8 0 1 

pup 68.8 0 1 

Table 1: accuracy, sensibility and specificity of each variable 

alone 

Var without this variable 
 

Acc sen spe 

Dur 87.1 0.6 0.9 

Sf, Ef 80.8 0.4 0.9 

X, Y 80.0 0.4 0.9 

dis 86.5 0.6 0.9 

pup 81.8 0.5 0.9 

Table 2: accuracy, sensibility and specificity without each 

variable 

Due the evaluated database has 16 non-dyslexic patients and 

4 dyslexic ones. This difference shows a bias for data 

analysis. Thus, there was a bootstrapping using the set of 

non-dyslexic subjects data. Besides that, four random tests 

were performed while maintaining the dyslexic 4 subjects. 

The following bootstrapping has been proposed: 4 subjects, 

8 subjects, 12 subjects and 16 subjects.As shown in Figures 

2, 3 and Table 3, the largest set of accuracy, sensitivity and 

specificity was achieved using 4 dyslexics subjects and 4 non 

dyslexics. As each person has about 500 fixations for each 

test, one can say that the proposed ANN model has a good 

power of generalization. As the amount of non-dyslexic 

patients is increased, the sensitivity is decreased, as well as 

accuracy. Thus, it is clear that the difference of dyslexics / 

non-dyslexic individuals has generated a bias in pattern 

recognition, inducing increased specificity. 
 

acc sen spe 

4x4 90.5 0.9 0.8 

4x8 89.7 0.8 0.9 

4x12 84.1 0.7 0.9 

4x16 86.7 0.6 0.9 

Table 3:Botstraping of data (dyslexics x non-dyslexics) 

 

CONCLUSION 

According to the findings of Rello[7], machine learning 

application with data from ET presents great potential to 

automatically perform diagnostic dyslexic children. 

Specifically, using the entire data set, an accuracy of 86.78% 

was obtained. Balancing the database (4 patients dyslexics 

and non-dyslexics 4 patients), the accuracy was 90.56%. 

From these preliminary results, it opens the possibility to 

better explore the construction of a tool capable of 

automatically assist in the diagnosis of dyslexic children. 

This tool is crucial to accelerate and cheapen the diagnosis 

of this disorder. Thus, to evaluate other methods to capture 

and process data as well as better study different machine 

learning algorithms are important to better explore and 

understand this phenomenon. 
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