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ABSTRACT

Early dyslexia prediction is difficult because of its varied behavioral signals and the need for timely, reliable screening in educational
settings. This study proposes a soft-voting ensemble framework that integrates multiple boosting classifiers (AdaBoost, Gradient
Boosting, XGBoost, and CatBoost) to improve predictive performance while maintaining interpretability. The model is evaluated
using stratified 10-fold cross-validation on a publicly available dataset derived from gamified cognitive assessments, with minimum
Redundancy Maximum Relevance feature selection and SHapley Additive exPlanations analysis used to enhance transparency.

Experimental results reveal that the ensemble outperforms individual models and recent methods, achieving 91.6% accuracy, 90.7%
precision, 91.6% recall, and a 90.9% F1-score using 165 selected features with class weighting, thereby supporting its practicality for

explainable early dyslexia screening.

Keywords: dyslexia detection, ensemble learning, boosting classifiers, soft voting

1. INTRODUCTION

Dyslexia is a common neurodevelopmental learning disorder
affecting an estimated 10-15% of the global population, impair-
ing the acquisition of reading, spelling, and phonological process-
ing skills despite normal intelligence and adequate educational
exposure'. In Saudi Arabia, its reported prevalence is approxi-
mately 7%~. If left undiagnosed, dyslexia can result in academic
underachievement, reduced self-esteem, and social exclusion,
making early detection essential for timely intervention and edu-
cational support.

Traditionally, dyslexia is diagnosed by trained professionals
through comprehensive psychometric evaluations encompassing
a broad spectrum of cognitive and linguistic abilities, including
phonological processing, word reading accuracy, reading fluency,
text comprehension, spelling, working memory, and processing
speed. Although clinically reliable, such evaluations are time-
consuming, costly, and difficult to scale for large populations.
Their dependence on specialized expertise further limits their
feasibility in low-resource settings °. These constraints have moti-
vated the search for automated, scalable alternatives.

In recent years, artificial intelligence (AI) and machine
learning (ML) techniques have received increasing attention
for dyslexia detection. Existing approaches utilize diverse data
modalities, from linguistic and cognitive measures to neurophys-
iological signals such as electroencephalography (EEG), eye-
tracking, and behavioral interaction data®*. Although many of
these models report promising performance, a considerable num-
ber rely on single classifiers, including support vector machines

(SVM), random forests (RF), and neural networks, Such stan-
dalone models may be prone to overfitting, particularly when
trained on noisy or imbalanced datasets >>°.

Ensemble learning, which combines multiple base learners to
enhance predictive accuracy and generalization, offers a com-
pelling alternative. Techniques such as bagging, boosting, and
stacking have demonstrated strong performance across biomed-
ical and educational applications’, with boosting-based methods
such as AdaBoost, Gradient Boosting (GB), and XGBoost being
particularly effective because of their sequential error-correction
mechanism°. However, most dyslexia-related ensemble studies
are limited to individual boosting models or simple aggregation
strategies like majority voting®, failing to fully leverage classifier
diversity. Moreover, interpretability—an essential requirement
in educational diagnostics—is often insufficiently addressed.

To overcome these limitations, this paper introduces a robust
ensemble framework for early dyslexia detection that integrates
multiple boosting classifiers through a soft voting mechanism.
The proposed approach is evaluated on a publicly available
behavioral dataset using 10-fold cross-validation. To enhance
transparency and interpretability, we incorporate minimum
Redundancy Maximum Relevance (mRMR) feature selection
and employ SHapley Additive exPlanations (SHAP) ? analysis to
explain model predictions.

The remainder of the paper is organized as follows. Section
2 reviews related literature. Section 3 presents the proposed
methodology. Section 4 details the experimental results and anal-
ysis. Section S concludes the study and outlines directions for
future research.
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2. LITERATURE REVIEW

Several ML techniques have been proposed for dyslexia detec-
tion, utilizing diverse data modalities such as eye-tracking signals,
EEG recordings, gamified interaction logs, and linguistic fea-
tures 10713, Although conventional classifiers (e.g,, SVM, RF, and
logistic regression) have achieved encouraging results''°, they
have several practical limitations.

To enhance generalization, ensemble learning strategies have
been explored. Boosting-based methods are especially effec-
tive because of their iterative focus on correcting misclassified
instances '°~'%. Nevertheless, many existing studies restrict them-
selves to single boosting models and fail to exploit integra-
tive ensemble strategies that could leverage model diversity for
improved robustness®.

Interpretability remains an underexplored dimension in
dyslexia-related ML research. Although dimensionality reduction
and feature ranking techniques like correlation attribute evalua-
tion and principal component analysis (PCA) are widely used '?,
few studies employ more advanced methods such as mRMR,
which balances feature relevance against redundancy, or model
explanation tools such as SHAP?, which provide instance-level
feature attributions, despite their increasing adoption in biomed-
ical AT applications. Reproducibility is another concern, because
many studies do not share open-source code or follow standard-
ized evaluation procedures, limiting the reliability of compar-
isons.

To bridge these gaps, this study proposes a robust, inter-
pretable ensemble framework for dyslexia detection. Its main
contributions are as follows: (i) a soft-voting ensemble of het-
erogeneous boosting models (AdaBoost, GB, XGBoost, and
CatBoost), where CatBoost enables native handling of categor-
ical features without one-hot encoding; (ii) a feature-efficient
learning framework using mRMR, which jointly optimizes fea-
ture relevance and redundancy, reducing the feature space from
196 to 165 while maintaining stable performance; (iii) an inter-
pretable modeling pipeline integrating SHAP analysis, providing
both global and instance-level explanations for model predic-
tions; (iv) a comprehensive, reproducible benchmarking frame-
work demonstrating consistent improvements in Fl-score and
balanced performance compared to prior methods; and (v)
open-source implementation to support transparency and repro-
ducibility (https://github.com/Shujaat123/Dyslexia).

3. METHODOLOGY

The architecture of the proposed ensemble-based classification
framework for dyslexia detection is depicted in Figure 1.

3.1. Dataset Description. The dataset employed was
derived from Rello et al.’s research ! exploring the use of interac-
tive digital assessments to evaluate the risk of dyslexia in children.
It comprises detailed interaction logs of participants who com-
pleted an online gamified test designed to measure cognitive
and linguistic abilities associated with dyslexia. In addition to
demographic attributes such as age, sex, and native and other spo-
ken languages, the dataset includes behavioral metrics recorded
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Figure 1. Overview of the proposed ensemble-based dyslexia detection
framework

across 32 interactive trials, each capturing detailed performance-
related measures reflecting participants’ responses and interac-
tion patterns during the assessment tasks: number of user clicks
(Clicks1-Clicks32), correct responses (Hits1-Hits32), incor-
rect responses (Misses1-Misses32), and calculated task-specific
metrics such as score, accuracy, and miss rate (Scorel-Score32,
Accuracyl - Accuracy32, Missrate1l-Missrate32).

Each record in the dataset also includes a binary label
(Dyslexia) indicating whether the participant is at risk of dyslexia.
The dataset comprises 3644 samples, with 392 labeled as at-
risk (Dyslexia = 1) and 3252 as not-at-risk (Dyslexia = 0),
indicating a significant class imbalance (approximately 89:11),
which can influence model learning and evaluation. The dataset
contains 196 features: 192 task-level interaction features and 4
demographic attributes. The “Dyslexia” column is excluded from
the feature set and serves as the target label. The original data,
licensed for academic use, was accessed via the supplementary
dataset published with the article.

3.2. Proposed Soft Voting Ensemble of Boosting Clas-
sifiers. The mRMR method selects a subset of features that
maximizes relevance to the target variable while minimizing
redundancy among features. Formally, the objective is:

maxs | = D1 {f2) ~ 7 2 1(635)

fies fifi€S

where I (+; -) denotes mutual information.

The proposed model integrates four boosting-based classi-
fiers AdaBoost'®, GB'7, XGBoost'®, and CatBoost? into a
soft voting ensemble to enhance predictive performance. D =
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{(x,v, yi) }fil denotes the dataset, where x; € R? represents the
feature vector and y; € {0, 1} is the class label.

M denotes the number of base classifiers, where each classi-
fier f,, (x) outputs the probability of class membership. The final
prediction of the soft-voting ensemble is defined as:

1 M
5/ = argmaXie(o,1} M ZPm (y = k|x)
m=1

where P, ()/ =k| x) represents the predicted probability of class
k by the m-th classifier.

This ensemble strategy leverages the strengths of individual
models, reduces variance, and improves overall robustness.

3.3. Evaluation Protocol. To assess the performance
of the proposed model, we employed stratified 10-fold cross-
validation to preserve class proportions across folds, which is
particularly important given the dataset’s class imbalance. The
results were averaged across all folds to ensure robustness. The
model was evaluated using the following standard classification
metrics: accuracy, precision, recall, F1-score. Using the F1-score
as the primary metric ensures that model performance is not
biased toward the majority class. To prevent data leakage, feature
selection using mRMR was performed within each training fold
during cross-validation, ensuring that no information from the
validation data influenced feature selection or model training,

4. RESULTS AND DISCUSSION

Extensive comparisons were performed with state-of-the-art clas-
sifiers, analyzing cross-validation results and assessing the stabil-
ity and robustness of the proposed ensemble method.

4.1. Exploratory Data Visualization. To examine
whether behavioral feature groups exhibit discriminative pat-

terns between dyslexic and non-dyslexic participants, PCA serves

as a visualization tool to reduce each group of 32 features into
a single component (PC1). The resulting distributions of PC1
values are then visualized using histograms to compare class-wise
separability.

To visualize group-level differences in high-dimensional
behavioral features, PCA is applied as a dimensionality reduc-
tion tool. Figure 2 presents the class-wise distributions of the first
principal component (PC1) for each behavioral feature group,
allowing a visual assessment of separability between dyslexic
and non-dyslexic participants. The observable separation across
multiple feature groups suggests that these behavioral features
contain discriminative information, motivating their use in the
subsequent classification framework.

To quantify these observations and compare PC1 values
between the dyslexic and non-dyslexic groups, independent two-
sample t-tests were conducted. All results indicate statistically
significant differences: User Clicks (¢ = 10.73, p <0.001), Cor-
rect Hits (t = 8.20, p <0.001), Incorrect Misses (t = 4.64,
p <0.001), and Task Scores (¢t = 8.49, p <0.001). This rein-
forces the discriminative power of behavioral features for dyslexia
detection.

Figure 3 depicts the distribution of key demographic features,
stratified by dyslexia status. Although sex is approximately bal-
anced, males exhibit a marginally higher prevalence of dyslexia.
The majority of participants report Spanish as their native lan-
guage, with bilingualism (indicated by “Otherlang”) present in
a substantial portion of both groups. Age distribution reveals a
slightly younger mean among the dyslexic group, consistent with
the goal of early screening. These insights validate the relevance
of both behavioral interaction logs and demographic variables
in characterizing dyslexia risk, justifying the integration of both
types of features in subsequent classification models.

To identify a refined and compact feature subset for model
interpretability, the mRMR method was employed. A series of
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Figure 2. Distribution of the first principal component (PC1) for each behavioral feature group
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Figure 3. Demographic feature distributions by dyslexia status
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10-fold stratified cross-validation experiments were conducted
by selecting the top k features, where k € {5, 10,15, .. ., all}. For
each subset, the F1-score was recorded.

Figure 4 (left) reveals that model performance improves
as more features are added, peaking at around 165 features,
beyond which performance slightly declines. When all features
are included, the Fl-score reverts to a level similar to that
achieved with 165 features, suggesting that the top 165 mRMR-
selected features are sufficient to design an effective classifier
without introducing unnecessary complexity.

Figure 4 (right) compares the Area Under the Receiver
Operating Characteristic (AUC-ROC) performance for models
trained with all features versus the selected 165 features. Interest-
ingly, both configurations achieved an AUC of 89%, indicating
that the top 165 features sufficiently capture the essential pat-
terns in the data, with both models demonstrating comparable
sensitivity and specificity.

4.2. Baseline Classifiers and Experimental Setup.
The proposed method was compared with two baseline
classifiers—Logistic Regression (LR) and XGBoost—using
stratified 10-fold cross-validation to evaluate its effectiveness.
The results reveal a progressive improvement in F1-score from

83.19% (LR) to 89.77% (XGBoost). The proposed soft-voting
ensemble outperforms all baselines, achieving an Fl-score of
90.48%, which further improves to 90.51% when using the
reduced set of 165 mRMR-selected features. This corresponds
to a statistically significant 0.74% improvement over XGBoost
(paired t-test p-value = 9.3 X 107°), demonstrating the effec-
tiveness of the proposed approach in achieving superior and
balanced performance.

The computational efficiency of the proposed method was
analyzed in comparison with the XGBoost baseline on a Mac-
Book Pro M3 (16 GB RAM), evaluated over 10 cross-validation
folds for training and 1,000 runs for inference. The proposed
ensemble requires 16.97 seconds of training time compared to
1.21 seconds for XGBoost, making it approximately 14xslower
during training. For inference, the ensemble requires a mean
time of 40.33 ms (median: 34.43 ms), compared to 27.25 ms
(median: 23.54 ms) for XGBoost, corresponding to approxi-
mately 1.48xhigher inference cost. Despite this increase, the
inference time remains within real-time constraints, demonstrat-
ing a fair accuracy—efficiency trade-off for practical deployment.

Table 1 summarizes the key hyperparameters used for each
component of the proposed framework, along with the rationale
for each setting.
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Figure 4. (left) Fl-score variation with increasing number of mRMR-selected features; (right) Area Under the Receiver Operating Characteristic

curves for models trained with all features versus top 165 mRMR features

https://doi.org/10.64589/juri/231551

JURI 2(3A) (2026) 73—76


https://doi.org/10.64589/juri/231551

Journal of Undergraduate Research International

Table 1. Hyperparameter configuration for each component of the proposed ensemble framework

Model Parameter Value 4 Rationale
XGBoost n_estimators 100 (default) - sufficient for tabular data at this scale

max_depth 6 (default) - controls tree depth to limit overfitting

learning_rate 0.3 (default) - default step size for gradient updates

scale_pos_weight neg/pos ~ 8.1 - set to majority/minority ratio to handle class imbalance
BaggingClassifier estimator DecisionTreeClassifier(class_weight="balanced") - balanced DT base learner

n_estimators

10 (default) - default number of bootstrap aggregations

max_samples

1.0 (default) - each bootstrap uses 100% of training samples

max_features

1.0 (default) - each bootstrap uses all features

HistGradientBoostingClassifier max_iter

100 (default) - default number of boosting rounds

learning_rate

0.1 (default) - default shrinkage rate for gradient updates

class_weight

inverse-frequency dict - computed as total / (n_classes xclass_count)

CatBoostClassifier iterations 1000 (default) - default number of boosting iterations
depth 6 (default) - default symmetric tree depth
learning_rate auto (default) - CatBoost auto-selects based on dataset size
class_weights inverse-frequency list - computed as total / (n_classes Xclass_count)
VotingClassifier voting soft - averages predicted probabilities across base learners
weights [1,1, 1, 1] - uniform weights, all base models contribute equally
mRMR method MIQ - Mutual Information Quotient, balances relevance and redundancy
n_features 165 - optimal from sweep over 5-195 features (peak weighted F1)
StratifiedKFold n_splits 10 - standard 10-fold, preserves class distribution per fold
shuffle True - random shuffling before splitting

4.3. Comparison with Current State-of-the-Art Meth-
ods. Table 2 presents the evaluation using 10-fold cross-
validation. Prior works including those by Luz Rello et al.!!
,Vanitha et al.'” and Khan et al.?! demonstrate limited balance
between sensitivity and precision, with several classifiers yielding
high variance across metrics. The proposed model consistently
outperforms all baselines, achieving an Fl-score of 0.909, with
strong accuracy (0.916), precision (0.907), and recall (0.916),
representing a substantial improvement relative to Rello et al.
(e.g, F1 = 0.454), while also achieving balanced precision and
recall, unlike several prior methods that exhibit significant met-
ric imbalance. Importantly, many prior methods exhibit high
accuracy but extremely low recall for the dyslexic class, indicat-
ing bias toward the majority class in this imbalanced dataset. In
contrast, the proposed model achieves balanced precision and
recall, resulting in a substantially higher F1-score. The consis-
tency of results across cross-validation experiments suggests that
this improvement is not due to overfitting."

Table 3 evaluates the impact of class imbalance handling
strategies on the proposed ensemble across accuracy, precision,
recall, and Fl-score. Among the five strategies evaluated—No
Handling (Baseline), Class Weighting, Cost-Sensitive Learn-
ing, Synthetic Minority Over-sampling Technique (SMOTE),

and Adaptive Synthetic Sampling (ADASYN)—Class Weighting
achieved the best overall performance. Cost-Sensitive Learning
ranked second, closely followed by No Handling. Resampling-
based methods—SMOTE and ADASYN—produced slightly
lower results, suggesting that adjusting class weights directly is
more effective than synthetic oversampling for this dataset. The
superiority of Class Weighting may be attributed to the class
imbalance (approximately 89:11), where re-weighting the loss
function is sufficient to bias the model toward the minority class
without introducing noise from synthetic samples. These results
confirm Class Weighting as the optimal imbalance-handling
strategy. The corresponding metrics are reported as the primary
performance figures throughout this paper.

4.4. Featurelmportance Analysis using SHAP. Figure
S presents the SHAP summary bar plot, ranking the top 25 fea-
tures by their mean absolute SHAP values. Interestingly, Age
was the most influential feature, followed by Nativelang, and
trial-specific interaction features such as Clicks24, Clicks28, and
Missrate8. The prominence of behavioral features—particularly

1 Re-implemented by the authors on the dyslexia dataset; Khan et al.'© originally
proposed DeepLSE for anticancer peptide classification. Results in Table 1 reflect this
re-implementation.
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Table 2. Comparison of the proposed ensemble model with existing state-of-the-art methods

Year Method Classifier(s) Used Accuracy Precision Recall F1-Score
2020 Rello etal. ! Random Forest 0.791 0.316 0.806 0.454
2023 G. Vanitha & M. Kasthuri '’ C4.5 0.868 0.376 0.342 0.358
Logistic Regression 0.898 0.542 0.347 0.423
2024 Khan etal.?! DeepLSE 0.901 0.556 0.614 0.577
Proposed Soft-Voting Ensemble (165 Features) 0.9155 0.9072 0.9155 0.9086
Table 3. Effect of class imbalance handling strategies on ensemble performance (10-fold cross-validation)
Strategy Accuracy Precision Recall F1-Score
No Handling (Baseline) 0.9103 0.8972 0.9103 0.8935
Cost-Sensitive Learning 0.9144 0.9046 0.9144 0.9078
SMOTE 0.9078 0.8939 0.9078 0.8961
ADASYN 0.9062 0.8903 0.9062 0.8927
Class Weighting 0.915S§ 0.9072 0.9155 0.9086

click counts, accuracy, and miss rates—underscores the critical
role of temporal task engagement in the model’s decision-making
process. These results indicate that the model relies heavily on
trial-level dynamics and engagement patterns.

The beeswarm visualization in Figure S reveals that higher Age
values (red points) tend to increase the likelihood of positive
classification, suggesting that older individuals are more likely to
be identified as dyslexic by the model. Similarly, the presence
of Nativelang contributes positively to classification. Conversely,
high miss rates in certain trials (e.g, Missrate8, Missrate31)

are associated with a negative contribution, reflecting error-
prone behavior. Positive SHAP values for features like Clicks24,
Clicks28, and Accuracy29 further underscore the importance of
user interaction and task success in driving accurate predictions.

5. CONCLUSIONS

This paper presents a robust ensemble-based classification frame-
work for early dyslexia detection. By integrating four boost-
ing classifiers through a soft voting strategy, the proposed
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Figure S. SHAP-based interpretability analysis of the proposed ensemble model. (Left) Average magnitude of feature contributions across all test
samples, where higher bars indicate greater overall impact; (right) each dot represents a single instance, with horizontal position indicating impact on

model output and color representing feature value (red = high, blue =low)
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method achieves strong, balanced performance across key met-
rics, including accuracy, precision, recall, and Fl-score. The
results from 10-fold cross-validation demonstrate its superior-
ity over individual base learners and several recent state-of-the-
art methods. These findings highlight the proposed model’s
potential as a reliable, scalable tool to support clinical and educa-
tional practitioners in early screening and intervention planning.
A limitation of this study is its reliance on a single publicly avail-
able dataset, which may restrict the generalizability of the results.
Future research should focus on validating the proposed frame-
work on additional datasets and real-world educational settings
to further assess its robustness and applicability.
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