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Abstract. A neurodevelopmental disorder Dyslexia has a global impact on millions 

of children with sloppy word comprehension and subpar reading abilities. Which 

affects their academic, emotional, and social well-being. Early detection of dyslexia 

can be highly beneficial for dyslexic children as their learning needs can be properly 

addressed. Machine learning methods have been implemented to recognize dyslexia 

with various datasets acquired from medical and educational organization. An 

innovative approach to early dyslexia detection By employing ensemble machine 

learning method, such as Logistic Regression, Random Forest, Nearest Neighbors 

(KNN), and a Support Vector Machine (SVM).In this research indicates that all 

models exhibit commendable performance, with Logistic Regression achieving the 

highest accuracy 89.59%, followed closely by KNN and Random Forest. Likewise, 

SVM demonstrates a commendable accuracy rate of 86.58%. With an impressive 

91.50 percent accuracy, the ensemble model, which outperforms individual models 

and demonstrates the efficacy of ensemble method. 

Keywords: Dyslexia, Logistic Regression, K-Nearest Neighbors (KNN), Support 

Vector Machine (SVM). 

1 Introduction 

Most Dyslexia, a neurological disorder characterized by difficulties in word comprehension 

and reading abilities, presents significant challenges for affected individuals, particularly chil-

dren [1]. With approximately 10% of the population affected by dyslexia [2], early detection be-

comes imperative for effective intervention and support. However, identifying individuals at risk 

of dyslexia during the early years of schooling remains a daunting task, necessitating innovative 

approaches for diagnosis and intervention [3]. 

Researchers have explored various methods for diagnosing dyslexia, leveraging data from 

diverse sources such as reading and writing assessments, online word games, and neuroimaging 

techniques like MRI and EEG scans. Among these methods, machine learning techniques have 

emerged as promising tools for dyslexia detection due to their ability to offer improved accuracy 

and predictive outcomes [4]. Despite the growing interest in dyslexia detection, there is a notable 

gap in the literature concerning machine learning approaches specifically tailored for this 

purpose [3, 5, 6]. 

Machine learning, as the name suggests, enables systems or machines to learn from data 

patterns using algorithms and models without explicit programming. By analyzing vast datasets 

quickly and effectively, machine learning algorithms can discern intricate patterns and make 

predictions beyond human capability. Ensemble machine learning, a subset of machine learning, 

combines multiple models or algorithms to enhance problem-solving efficiency, accuracy, and 

robustness. Through techniques like bagging, boosting, and stacking, ensemble learning 

harnesses the collective intelligence of diverse models to improve outcomes for complex tasks 

[6]. 
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Machine learning, as the name suggests, enables systems or machines to learn from data 

patterns using algorithms and models without explicit programming. By analyzing vast datasets 

quickly and effectively, machine learning algorithms can discern intricate patterns and make 

predictions beyond human capability. Ensemble machine learning, a subset of machine learning, 

combines multiple models or algorithms to enhance problem-solving efficiency, accuracy, and 

robustness. Through techniques like bagging, boosting, and stacking, ensemble learning 

harnesses the collective intelligence of diverse models to improve outcomes for complex tasks 

[6]. 

The literature review encompasses existing research on machine learning methods for dyslexia 

biomarker detection, emphasizing implementation details and challenges. Data collection, 

preparation, and pre-processing are crucial steps in machine learning model development, 

ensuring the quality and relevance of training data. Feature extraction and selection techniques 

further refine the dataset, extracting pertinent information for classification models. Model 

training and classification involve the utilization of diverse machine learning algorithms to 

predict dyslexia risk based on input data[6]. 

 

2 ML for Dyslexia Detection   

 

All Four phases are involved in utilizing machine learning approaches to diagnose develop-

mental dyslexia: (i) collecting data; (ii) preprocessing, , and feature selection; (iii) feature 

extraction (iv) training and classification.A schematic illustration of the steps that are covered 

here can be found in Fig. 1.   

 
Figure 1:. Design Flow For ML algorithm 

 

Every User research is performed as the initial stage in dyslexia detection in order to collect 

user data. In the context of traditional dyslexia detection methods, behavioral dimensions of 

participants' performance on standardized tests including reading and writing, phonological 

awareness, and working memory are assessed by psychologists. Dyslexic individuals are 

identified according to their subpar performance on said assessments.As the symptoms differ 

among individuals, these methods are frequently ineffective and time-consuming for large 

groups of participants. Scientists employ machine learning methodologies as a result, as they 

are frequently inexpensive and require less time. Reading [7–12,14,16–18], writing and typ-

ing [15], handwriting [19], and a web-based game [13] are among the many assessments uti-

lized to gather a variety of data types, including text [7,12,13,15], eye movement [8,9,17], 

MRI scans [10,11], EEG scans [14,15,18], and images [16,19]. The participants' ages ranged 

from seven to sixty two years, and their native tongues included Malay, English, Greek, 

Spanish, Hebrew, Swedish, Mandarin, French, German, Polish, and Spanish.In light of the 

fact that the majority of these studies were carried out exclusively in a particular language, a 

language-independent game-based test [20] would be a more suitable option. While [20] em-
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ploys a language-independent data capture approach, no machine learning algorithm was uti-

lized. Certain methodologies also necessitate the implementation of specialized equipment in 

a laboratory setting, including an EEG headset [15], a customized camera [17], an infrared 

ocular reflection system [9], an MRI scanner [10], and an eye tracker [8], in order to gather 

EEG or MRI scan data. While these methodologies attain superior precision, they are costly, 

limited in scope to a subset of users, and potentially induce atypical behavior among partici-

pants during testing or observation. Computer-based reading or writing assessments, in con-

junction with game-based methodologies, may offer greater advantages in this context. In 

light of the increasing prevalence of smart mobile devices, an app-based data acquisition 

method will additionally facilitate the expansion of the target user demographic. 

2.2. Preprocessing 

Wherever Prior to its application in machine learning methodologies, the gathered data must 

undergo preprocessing and filtration. In the first step, the data must be transformed into either a 

quantitative (numbers) or qualitative (textual categories) format. In order to ac-accomplish this, 

EEG scan data must be transformed into high pass and low pass filters. In this instance, various 

wavelet transform techniques are implemented; for instance, Fred et al. [14] implemented dis-

crete wavelet transform. Additionally, some of the studies employed manual preprocessing and 

feature extraction [12,16], whereas others utilized PANDA [10] and Free Surfer [11]. Prepro-

cessing is performed with the objective of identifying pertinent attributes and eliminating invalid 

values. And successively eliminates a number of features in iterations. When the computational 

complexity increases in proportion to the number of features, feature selection becomes a critical 

undertaking. Comparative performance analyses of various feature selection techniques, howev-

er, have not been included in prior research. Same line. 

 2.3 Feature Selection 

Wherever prior to its application in machine learning methodologies, the gathered data must 

undergo preprocessing, during which pertinent features are identified and designated a range of 

values. Consider both numeric and categorical values. The quantity of features exhibited varia-

tion among investigations, ranging from 12 to 226 [8, 13]. Identifying the set of prominent char-

acteristics that are most significant in determining the object's class is the following step. A few 

studies employed manual selection [14] in order to accomplish this, whereas others utilized 

methods including least absolute shrinkage and selection operator (LASSO) [17] SVM-RFE as 

well [9]. By effectively executing regularization and variable selection operations concurrently, 

LASSO can be utilized to enhance both accuracy and interpretability. These models are appro-

priate for regression purposes. Conversely, SVMRFE selects features based on their significance 

in facilitating the separation of classes by SVM classifiers. This method commences with an ex-

haustive feature set. 

 

2.4. Training and Classification 

 

Following the process of feature selection, machine learning algorithms are employed to perform 

system training and classification. Separated into training and testing subsets is the dataset. The 

majority of previous research employed 10-fold cross-validation, in which the dataset is divided 

into ten equal parts. Of these parts, nine were used to train the algorithm, while the remaining set 

was utilized to evaluate its performance [8, 11,13]. However, alternative splits such as fivefold 

[17], leave-one-out-cross-validation (LOOCV) [10, 11,18], and 70–30 [12] were also discussed. 

The utilization of supervised classification algorithms is limited to testing objectives, as the 

training dataset already comprises class information such as dyslexia or non-dyslexia. Support 

vector machine (SVM), Naive Bayes, Logistic regression, neural network, K-Nearest Neighbour 

(K-NN), and Linear Discriminant Analysis (LDA) were the prevailing machine learning algo-

rithms utilized in prior research to categories participants.SVM was the algorithm most frequent-
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ly implemented in numerous investigations. Identifying dyslexic and non-dyslexic users is essen-

tially a binary classification problem; there-fore, SVM is anticipated to perform well when the 

feature space is sparse and the number of dimensions exceeds the number of samples. Neverthe-

less, SVM interpretation is a difficult endeavor, and its performance degrades as the amount of 

noise in the dataset increases. A method like logistic regression, on the other hand, is simpler to 

implement and comprehend, and it is anticipated to yield an excellent solution for binary prob-

lems classification-related issues. In general, the choice of suitable classification methods would 

largely be determined by the data itself. Therefore, research should demonstrate the outcomes of 

various machine learning models through comparative performance analyses, as opposed to 

simply reporting the performance of a single model. Furthermore, the implementation of ensem-

ble methods may prove advantageous in attaining enhanced performances.  

For performance evaluation, MATLAB, WEKA, and Python-based tools were utilized in the 

prior literature. In this particular instance, the efficacy of dyslexia detection methods utilizing 

machine learning approaches was assessed utilizing a variety of metrics. The aforementioned 

metrics comprise the area under the receiver operating characteristic (ROC) curve, mean square 

error (MSE), positive predictive value (PPV), negative predictive value (NPV), accuracy, sensi-

tivity, specificity, and recall. Sensitivity and specificity quantify the proportion of correctly iden-

tified dyslexic and non-dyslexic users, respectively, whereas accuracy ranks the number of accu-

rately classified objects in relation to the total number of objects. Recall is the proportion of the 

total number of dyslexic users that were accurately identified, whereas recall, or positive predic-

tive value, denotes the proportion of dyslexic users that were accurately identified relative to the 

total number of dyslexic users identified. In various studies [15], EEG-based methods attained an 

accuracy ranging from 60% to 80%, whereas MRI scan-based methods attained an accuracy of 

83.61% [10] and game-based techniques attained an accuracy of 80.24% [8]. 

1. Dyslexia Detection using Ensemble Based  ML 

 
 

Figure 2: Proposed ensemble Model 

The Fig. 2 describes the proposed ensemble model for prediction of dyslexia. This section 

explains the details of implementation of the proposed model. Ensemble machine learning 

mixes various models or algorithms for a communal approach to problem-solving. Ensem-

ble approaches outperform individual models in terms of performance, accuracy, and ro-

bustness by taking advantage of the characteristics of various models. Predictions are com-

bined using bagging, boosting, random forests, and stacking. The benefits of ensemble 

learning include higher accuracy, robustness, and the capacity to handle complicated prob-

lems. Ensemble learning is adaptable and applicable to a variety of machine learning tech-

niques. It manages noisy data and lessens over fitting. In simpler words, Ensemble machine 

learning uses numerous models' collective intelligence to improve outcomes for machine 

learning tasks. 



 

Journal of Computational Analysis and Applications                                                                               VOL. 33, NO. 06, 2024 

 

Doi :  10.48047/jocaaa.33.6.1227 

 

                      1223                     Dr. K. Sunil Kumar 1219-1227 

 

Despite significant progress in dyslexia detection, research gaps persist, particularly in the 

development of ensemble machine learning models tailored for heterogeneous datasets and 

specialized deep learning architectures. Addressing these gaps holds the potential to signifi-

cantly impact dyslexia diagnosis and intervention, empowering individuals with dyslexia to 

achieve their full potential academically, socially, and economically. 

 

        In light of the pressing need for accurate and timely dyslexia detection, this study aims 

to develop machine learning models capable of identifying dyslexia risk with high accuracy. 

Leveraging ensemble machine learning techniques, the study seeks to enhance the perfor-

mance of baseline models like Random Forest and explore stacked models that combine the 

strengths of diverse machine learning approaches. By advancing the state-of-the-art in dys-

lexia detection, this research endeavors to make meaningful contributions to the field, ulti-

mately improving outcomes for individuals affected by dyslexia. We have implemented the 

Ensemble machine Learning-based model Random Forest (RF), Logistic Regression (LR), 

Support Vector Machine (SVM) and the K-Nearest Neighbors (KNN) compared them with 

the chosen Baseline Model. 

2. Experimental  Results 

The dataset used in the study consists of 196 features for each participant. Here's a 

breakdown of the features: 

 

1: Gender (Binary): Indicates the gender of the participant (Female or Male). 

2: Native language (Binary): Specifies whether the participant's native language is Spanish 

(Yes) or if they are bilingual with Spanish being one of the languages (No). 

3: Language subject (Binary): Indicates whether the participant has failed a language subject at 

school at least once (Yes) or if they have never failed that subject (No). 

: Age: Represents the age of the participant, ranging from 7 to 17 years old. 

 

The remaining features (5-196) are performance features derived from the participants' 

interaction while playing a test consisting of 32 questions. These features are divided into 

different categories based on the type of task and the skills targeted:[21] 

 

5-28: Alphabetic Awareness, Phonological Awareness, and Visual discrimination and 

categorization tasks related to questions 1 to 4. [21] 

29-58: Phonological Awareness, Syllabic Awareness, and Auditory Discrimination and 

Categorization tasks related to questions 5 to 9. [21] 

59-82: Lexical Awareness, Auditory Working Memory, and Auditory Discrimination and 

Categorization tasks related to questions 10 to 13. [21] 

83-106: Visual Discrimination and Categorization, and Executive Functions tasks related 

to questions 14 to 17. [21] 

107-130: Spelling tasks related to questions 18 to 21. [21] 

131-142: Visual Working Memory, Sequential Auditory Working Memory, and Auditory 

Discrimination and Categorization tasks related to questions 22 and 23. [21] 143-148: 

Lexical, Phonological, and Orthographic Awareness tasks related to questions 24 and 25. 

[21] 

149-154: Morphological and Semantic Awareness tasks related to question 24. [21] 155-

160: Syntactic Awareness tasks related to question 25. [21] 

161-172: Phonological, Lexical, and Orthographic Awareness tasks related to question 

26. [21] 

173-178: Rearranging letters and syllables tasks related to questions 27 and 28[21]. 179-

184: Word separation tasks related to question 29. [21] 
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 185-196: Sequential Visual Working Memory tasks related to question 30. [21] 

 

Additionally, the dataset includes dictation tasks for questions 31 and 32, involving 

writing words (working memory, phonological awareness and sequential auditory) and 

(orthographic awareness, auditory working memory and lexical), respectively. These 

features were used to assess participants' performance and target various cognitive skills 

and abilities related to language acquisition and processing. 

 

Tab 1: Accuracy Comparison of different models 

               Algo-

rithms 

                  Accu-

racy 

               Re-

marks 

RF Model 87.9% Baseline Model 

SVM Model 86.6%  

         LR Model 89.5%  

KNN Model 87.4%  

Stacked Model 91.3% Proposed Model 

 

Tab.1 gives Accuracy Comparison of different models LR achieved the highest accuracy 

score of 89.59%, followed closely by KNN and RF with accuracies of 87.40% and 

87.95%, respectively. SVM also demonstrated respectable performance with an accuracy 

of 86.58%. The stacked model, formed by combining the predictions of Logistic 

Regression, KNN, Random Forest, SVM, using a meta-learner, achieved a notable 

accuracy of 91.50%. This indicates that combining the strengths of multiple models 

through stacking can lead to improved predictive performance compared to individual 

models. We have used Area under Precision Recall curve and Area under ROC curve 

performance metrics to compare the performance of those models. 

 
Figure: 4 ROC LR 

 
Figure: 5 ROC RF 

 

Figure: 6 ROC Linear SVC 



 

Journal of Computational Analysis and Applications                                                                               VOL. 33, NO. 06, 2024 

 

Doi :  10.48047/jocaaa.33.6.1227 

 

                      1225                     Dr. K. Sunil Kumar 1219-1227 

 

 

Figure: 7   ROC KNN 

 

Figure: 8 ROC all Models without stack model 

 

Figure: 9. PRC all models without stack model (It plots the Precision vs Recall) 

 

Figure: 10 ROC all Models with stack model It plots the true positive rate (sensitivity) vs. false 

positive rate(specificity) . More the area under the ROC curve the better the model is. Stacked 

model has higher AUROC than Random Forest Model 
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Figure:11  PRC all Models with stack model ((It plots the Precision vs Recall. More the area 

under the PRC curve the better the model is. Stacked model has higher AUPRC than Random 

Forest Model)) 

3. Conclusion 

In this paper, based on the accuracy scores obtained from various classification algorithms for 

the task of classifying Dyslexia using the given dataset, several conclusions can be drawn. 

Among the individual models, LR achieved the highest accuracy score of 89.59%, followed 

closely by KNN and RF with accuracies of 87.40% and 87.95%, respectively .SVM also demon-

strated respectable performance with an accuracy of 86.58%. 

 

The stacked model, formed by combining the predictions of Logistic Regression, KNN, Ran-

dom Forest, SVM, using a meta-learner, achieved a notable accuracy of 91.50%. This indicates 

that combining the strengths of multiple models through stacking can lead to improved predic-

tive performance compared to individual models. The high accuracy scores obtained by Logistic 

Regression, KNN, Random Forest, and SVM suggest that these algorithms are well-suited for 

the classification of Dyslexia using the given dataset. the results demonstrate the effectiveness of 

Logistic Regression, KNN, Random Forest, and SVM in accurately classifying Dyslexia. Fur-

thermore, the stacked model, leveraging the diverse predictions of multiple algorithms, yielded 

even higher accuracy, highlighting the potential of ensemble methods in improving classification 

performance. 
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