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Abstract—Considering the negative impact dyslexia has on 

school achievements, dyslexia diagnosis and treatment are 

found to be of great importance. In this paper, a deep 

convolutional neural network was developed to detect dyslexia 

in children ages 7-13, based on gathered eye tracking data. The 

children read a text written in Serbian on 13 different color 

configurations (including background and overlay color 

variations) and the raw gaze coordinates gathered during the 

trials were formatted into colored images and used to train a 

deep learning model based on the VGG16 architecture. Several 

configurations of the convolutional neural network were 

evaluated, as well as several trial segmentation configurations in 

order to provide the best overall result. The method was 

evaluated using subject-wise cross-validation and an accuracy 

of 87% was achieved. The obtained results show that a 

combination of convolutional neural network and visual 

encoding of the eye tracking data shows promising results in 

dyslexia detection with minimal preprocessing. 

Keywords— dyslexia, reading, eye tracking, convolutional 
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I. INTRODUCTION 

Up to 20% of the general population are found to exhibit 
some degree of reading difficulties [1], while about 7% of 
people are affected heavily enough to qualify for a dyslexia 
diagnosis [2]. Early diagnostics is more than important for the 
benefit of the child, but also for the benefit of broader society, 
given that dyslexia is linked to an increased risk of low school 
achievement and even school dropout, and other adverse 
outcomes. It is important to note that there is a particular value 
of developing an objective diagnostic tool for dyslexia in the 
shallow orthographic systems (with high correspondence 
between phonemes and letters). In those cases, diagnosing 
dyslexia based on performance on behavioral reading tests can 
be even more challenging, and thus employing measures 
which can tap into the process, and not only the outcomes of 
reading become even more advantageous. 

Different methods for dyslexia detection have been 
implemented in recent studies. The analysis of eye tracking 
during reading have been of particular interest, as they provide 
a direct insight into the visual attention path of the subject, 
which can be analyzed to detect dyslexic tendencies [3], [4]. 

In [5] the authors claim to have performed the first attempt 
at dyslexia classification based on eye tracking features. The 
dataset in the paper contained data from 97 subjects, each 
reading 12 different texts in Spanish, each text with a different 
font type. All of the texts were presented on a white 
background with black letters. Each was represented by 12 
features, including the age of the participant, number of visits 
to the region of interest, mean duration of fixations, total 
number of fixations, etc. A Support Vector Machine (SVM) 
classification model was trained and evaluated using 10-fold 
cross-validation and the overall accuracy of 80.18% was 
achieved. 

The authors in [6] have performed dyslexia classification 
based on eye tracking features as well. They included a larger 
number of eye tracking features and performed the analysis on 
a dataset containing data from 185 subjects, where each 
subject read 8 lines of text (in Swedish) from a white piece of 
paper with high contrast. A total of 168 eye tracking features 
were considered, including data regarding the progressive and 
regressive fixations and saccades, i.e. the duration of an event, 
the distance spanning the event, the maximum range between 
any two positions, the accumulated distance over all 
subsequent positions, etc. Due to the large number of features, 
a feature selection algorithm was implemented and an SVM 
model was trained for dyslexia detection. The model was 
evaluated using 10-fold stratified cross-validation, repeated 
100 times in order to stabilize the estimates across the random 
partitions of the dataset. The best obtained accuracy was 
95.6% showing that a large pool of considered features can 
ensure an efficient dyslexia detection. 

The analysis of eye tracking data for the purpose of 
dyslexia detection was taken a step further in [7] using a 
holistic approach. The dataset used in the paper was the same 
as the one used in [6] but rather than extracting features, the 
paper used raw measurements, i.e. gaze coordinates. The 
classification was performed using a convolutional neural 
network and a variation of the cross-validation method in 
order to evaluate the model. A high accuracy of 96.6% was 
achieved, thus proving that a convolutional neural network 
can be successfully implemented in order to classify dyslexic 
subjects based on raw eye tracking data. 

Considering the research that has been performed in the 
field of eye tracking and dyslexia, it can be concluded that the 
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features describing eye tracking events, or even raw eye 
tracking data can be successfully used to detect dyslexic 
tendencies in subjects. Considering this, the goal of this paper 
was to introduce a new approach on detecting dyslexia using 
raw eye tracking measurements on a dataset containing data 
from subjects reading text written in Serbian on different color 
configurations. The proposed algorithm is based on 
visualization of reading data in the form of colored images and 
uses a 2D convolutional neural network (based on the VGG16 
architecture) that have been proven to be effective in image 
processing in a wide range of areas [8]–[11]. 

 

II. METHOD 

A. Dataset 

The dataset analyzed in this paper contains recordings of 
30 subjects (19 female, 11 male, ages 7-13), of which 15 
subjects were diagnosed with dyslexia and 15 participants 
were control subjects. The dataset and the detailed 
experimental protocol was described in [12]. However, six 
subjects from the original dataset from [12] were not adequate 
for this type of analysis due to a lower number of data 
segments and a short reading time (less than 5 s) indicating 
insufficient focus on the displayed text, resulting in a total 
number of 30 subjects that are used in this paper. During the 
experiment, the subjects were instructed to read the 13 
segments of the text (from the standardized story for 
elementary school “St Sava and the villager without 
happiness”) displayed on the computer screen, and to press the 
space bar when they have finished reading of each segment to 
start the display of the next segment of the text. The text 
segments had different color configurations in the sense that 
each segment had either black text with a colored background 
or a transparent colored overlay over a white background with 
black letters. The color order was randomly selected. The 6 
colors used were: red, orange, yellow, turquoise, blue and 
purple, each of them used both as a background (B) and an 
overlay (O), giving 12 configurations total with the white 
color background configuration being the 13th. The sensor hub 
was used for multimodal monitoring of different biometric 
parameters of the subject: heartrate, electroencephalography 
(EEG), electrodermal activity (EDA) and eye tracking data, 
with the goal of observing the cognitive, behavioral and 
emotional response of subjects when reading on different 
color configurations However, this study focused only on the 
eye tracking data recorded by SMI RED-m 120 Hz portable 
remote eye tracker (iMotions, Copenhagen, Denmark). The 
observed data was stored in the form of a series of gaze 
coordinate pairs (x,y) per text segment (so called “trial”). 

 

B. Algorithm description 

The overall methodology for eye tracking data 

preprocessing and classification is given in Fig. 1, with each 

step described in more detail in the following paragraphs. 

 

1) Data preprocessing and visualization 
Data preprocessing involved the elimination of eye blinks 

and points where the gaze was not registered, based on the 
status signal obtained directly from the eye tracker, as the first 
step. Secondly, each trial of each subject was divided into 𝑛 
nonoverlapped data instances of equal length. Three different 
values for 𝑛 were considered in this paper (3, 5 and 10) in 

order to investigate its impact on the classification 
performance. Each of the data instances obtained through the 
trial division was visualized in a two-dimensional plane 
showing the trace of the subject’s gaze in that particular time 
window. The data instance of the gaze was plotted using color 
coding, more precisely the jet color map, so that each line 
connecting two subsequent points (𝑥𝑘−1, 𝑦𝑘−1) and (𝑥𝑘 , 𝑦𝑘)  
is colored in accordance to its length, Fig. 2. (longer distance 
between the points representing fast movements and shorter 
distance between the points representing slower ones). 

 

Fig. 1. The block diagram of the suggested algorithm. 

 

This color-coded format makes it easier to differentiate 
quick and slow eye movements as the sample rate is fixed. The 
segment’s color, therefore, corresponds to the movement 
velocity. The implemented color coding of each of the data 
sequences can also serve as a substitute for eye tracking event 
detection, since longer/faster movements will be displayed in 
a different color than the short ones. Each plotted image was 
used as a single data instance, in combination with the 
appropriate label (dyslexic or control) to form the input dataset 
which was used for the training and evaluation of the deep 
learning models. 
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Fig. 2. Data visualization of data instance for control and dyslexic subject. 

2) Deep learning algorithm 
Several configurations of a deep convolutional neural 

network were implemented with the goal of obtaining the best 
possible results. The basic configuration is adopted as a 
modification of the VGG16 structure [13].  

The network consists of an input layer, three blocks, a 
flatten layer, and a single neuron at the output layer (Fig. 3.). 

 

 

Fig. 3. Modified VGG16 neural network architecture. 

The input of the network is a colored image obtained as a 
colored visualization of a data sequence, described in the 
preceding section. The input of the network has a shape of 
64×64×3 representing the (height)×(width)×(color channels) 
of an image. This image size was selected so that both 
complex and simple gaze patterns could be clearly observed, 
without having a redundantly high resolution. Each of the 
block layers contains two convolutions, followed by a batch 
normalization layer, a single max pooling layer and a dropout 
layer (dropout rate of 0.5). The number of filters varies from 
block to block, with Block A having 16 filters, Block B having 
32 filters and Block C having 64 filters. The strides of all 
convolution layers were (1,1) and the NAdam optimizer was 
used to train the network. All activation functions were ReLU 
except for the output neuron which had the sigmoid activation 
function. Several values for the kernel size of the convolution 
layers were evaluated separately (3, 5, 7), in combination with 
2 different max pool kernel sizes (2, 4).  

The entire implementation of the data processing and 
neural network design were performed in the Python 3 
programming language. More specifically, the neural network 
implementation was performed using the tensorflow (version 
2.8.0) library [14], and all the parameters for the neural 
network model that were not explicitly stated should be 
considered to be equal to the default values given in the 
functions of the mentioned libraries. 

3) Neural network evaluation approaches 
Each of the configurations of the neural network was 

evaluated on a data instance level as well as on the subject 
level. The data instance level signifies the classification results 
where each colored image is individually classified, and the 
average accuracy over all the data instances is displayed as a 
result. The subject level evaluation implies that all the class 
predictions for images belonging to a single subject, for a 
given color combination, are averaged, resulting in a total of 
13 predictions per subject (one for each color configuration). 
Following this, the average prediction for the 13 color 
configurations is obtained at it is compared to the true class of 
the subject.  

The evaluation was performed using leave-one-out 
subject-wise cross-validation (taking all the data from one 
subject as the test set and leaving the data from other subjects 
for the train set). The cross-validation contained 30 folds so 
that each subject’s data could be in the test set. For each of the 
30 folds, the train set was divided in a ratio of 80:20 in order 
to provide a true train set and a validation set used for early 
stopping. 

 

III. RESULTS AND DISCUSSION 

The results of the cross-validation on an instance level are 
given in Table I and the results on a subject level are given in 
Table II. 

It could be observed that the best overall achieved 
accuracy on the data instance level was 79% which was 
obtained for a 3-segment split per trial with the convolution 
kernel size of (7,7) and a max pooling kernel size of (2,2). The 
same configuration obtained the best results on a subject level, 
achieving an accuracy of 87%. The overall accuracy depends 
on the neural network configuration as well as the number of 
segments per trial but are consistently equal or greater than 
70 % for both data instance evaluation and subject evaluation. 
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TABLE I.  INSTANCE LEVEL RESULTS FOR ALL EXAMINED 

CONFIGURATIONS 

Model parameters 
Accuracy for 𝒏 segments per 

trial 

Convolution 

kernel size 

Max pooling 

kernel size 
𝒏 = 𝟑 𝒏 = 𝟓 𝒏 = 𝟏𝟎 

(3,3) (2,2) 0.72 0.74 0.73 

(3,3) (4,4) 0.73 0.75 0.73 

(5,5) (2,2) 0.75 0.73 0.72 

(5,5) (4,4) 0.76 0.74 0.75 

(7,7) (2,2) 0.79 0.76 0.76 

(7,7) (4,4) 0.78 0.76 0.74 

 

TABLE II.  SUBJECT LEVEL RESULTS FOR ALL EXAMINED 

CONFIGURATIONS 

Model parameters 
Accuracy for 𝒏 segments per 

trial 

Convolution 

kernel size 

Max pooling 

kernel size 
𝒏 = 𝟑 𝒏 = 𝟓 𝒏 = 𝟏𝟎 

(3,3) (2,2) 0.70 0.77 0.80 

(3,3) (4,4) 0.70 0.77 0.80 

(5,5) (2,2) 0.83 0.77 0.80 

(5,5) (4,4) 0.83 0.77 0.83 

(7,7) (2,2) 0.87 0.77 0.80 

(7,7) (4,4) 0.83 0.83 0.83 

 

In addition to the displayed accuracies in Table I, a 
statistical analysis in the form of a Wilcoxon sum rank test 
was performed on the neural network predictions on all 
combined test sets, for each given configuration, between the 
dyslexic and control class. The achieved 𝑝 value was lower 
than 0.001 for each configuration, indicating a clear 
separability between the classes given by the neural network 
predictions. 

The best obtained results were achieved for the smallest 
number of segments per trial (3) with the highest observed 
convolution kernel size and the lower max pooling kernel size. 
This indicates that the neural network which is given more 
data at the input in a single image, with less instances (3 
segments per trial) can obtain better results than the one with 
more instances, but less data per single image (5 and 10 
segments per trial). The largest convolution kernel size 
indicates that the focus area of each layer should be larger, and 
that the data reduction factor (corresponding to the max 
pooling kernel size) should be low, allowing for the maximum 
amount of data to be propagated through the network. The 
model with this configuration could possibly be expected to 
exhibit signs of overfitting but there were no signs of 
overfitting in this case. Overfitting was evaded using the early 
stopping in each fold. 

The achieved accuracy (87%) in this paper is less than the 
best achieved ones of 96.9% obtained by deep learning 
approach [7]. This is to be expected, as the text that was read 
within the experiment was written in Serbian, and the 

language used in the experiment in [7] was Swedish. The 
Serbian language has a much higher correspondence between 
phonemes and letters in comparison to Swedish, making 
dyslexia harder to diagnose. Some other research findings [5], 
[6], [15], [16] that automatically recognize dyslexia are based 
on feature extraction and traditional machine learning 
approaches that require more preprocessing in the form of eye 
tracking event detection, making their implementation more 
complex and sensitive to certain data anomalies. 

The holistic approach with minimal data processing 
presented in this paper, in combination with a color-coded 
image representation of data has proven to be quite effective 
when paired with modern deep learning algorithms that stand 
out in image classification. The image format of the data also 
makes the data easier to visualize and interpret, while enabling 
the visual detection of potential data impurities, such as eye 
tracker errors, nonregistered gaze data or pauses during 
reading. 

IV. CONCLUSION 

In this paper, a method for the classification of dyslexia 
using 2D convolutional neural networks was presented. 
Several configurations of the trial segmentation were 
examined in combination with several values for the 
convolution kernel size and max pool kernel size. 

The best achieved subject accuracy of 87% shows that the 
experiment design that includes eye tracking data during 
reading on a variety of color configurations can produce a 
higher accuracy than observing a single configuration. The 
best achieved accuracy on an instance level is 79% and the 
overall subject classification accuracy is higher by 8% 
because of the averaging of results for each subject over all 
the color configurations.  

The directions for future work would include the analysis 
of the signals acquired by other sensor systems (heartrate, 
EDA, EEG) as well as an in-depth analysis of the eye tracking 
data. The combining of the dataset in this paper with another 
dataset that includes measurements of biometric signals 
during reading will also be considered. 
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