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ABSTRACT: In this study, we evaluated the performance of three machine learning models—Random Forest, Gradient
Boosting, and Multilayer Perceptron—across three different dyslexia-related datasets: handwriting images, visual and phonological
assessments, and response-based behavioral performance. These datasets not only vary in their cognitive and biological relevance,
but also in their collection methods, their accessibility, and their noise content. By focusing on each data type, we aimed to evaluate
the contributions of each dataset for dyslexia classification and prediction. All three types of data contain dyslexia signals, but
their predictive power varies greatly. Handwriting data provided the highest accuracy, 99.5% from Random Forest, suggesting
that motor and visual aspects are strong indicators. Visual and phonological assessment data also performed well, especially with
neural network models, reflecting known issues in language processing. In comparison, response-based behavioral data had lower
accuracy and more variability, likely due to differences in individual context affecting performance. Overall, these findings support
the use of inexpensive and non-invasive data, especially handwriting and phonological measures, for early dyslexia prediction.
Despite limitations such as the absence of unified multimodal clinical datasets, this study demonstrates the potential of accessible

machine learning approaches to improve diagnostic efficiency and outcomes for individuals with dyslexia.
KEYWORDS: Biology, Neuroscience, Dyslexia, Machine Learning, Unimodal Data.

B Introduction

Dyslexia is a neurodevelopmental disorder, also known as
‘word blindness’, characterized by learning difficulties of read-
ing and writing. It is a dysfunction in learning-related brain
systems caused by the interaction of genetic and environmental
factors. Problems may include difficulties in reading, storing
memory, phonological or language processing, and more, de-
spite conventional instruction and normal intelligence.»? Its
etiology is rooted in the left hemisphere of the brain, respon-
sible for the language network, specifically Broca’s area (for
articulation and speech production), the parieto-temporal re-
gion (phonological decoding and letter-sound mapping), and
the occipito-temporal region (for rapid word recognition).**

The global prevalence of the disorder is estimated to be
almost 5-10% of the world’s population, while the school popu-
lation contributes to almost 15-20%, making dyslexia the most
common learning disability.>® The Dyslexia Association of In-
dia reports that 10-15% of children may suffer some form of
dyslexia, with over 250 million children, adolescents, and adults
suffering some form of learning disability.” Across countries,
the prevalence ranges from 3.9% to 27% with lifelong implica-
tions that may impact education, psychological well-being, and
overall quality of life.?

Traditional methods of diagnosis in dyslexia are heavily
reliant on the reactive approach, thereby missing out on the
critical window for the most effective early intervention.’ The
behavioral assessments, though effective, can only be identified
post-academic failure of the child, accounting for a huge men-
tal burden both on the child and their family. The diagnosis is

often subjective, heavily reliant on the clinical expertise avail-

able and behavioral observations, and is frequently delayed or
misdiagnosed, leading to an extended and painful diagnostic
odyssey.’? According to the Mayo Clinic, the current para-
digm of diagnoses includes questionnaires, comprehension,
vision, phonological testing, and academic skills/reading flu-
ency. These methods of identification of cognitive anomalies
for early intervention would include standardized tests of pho-
nological processing, Rapid Automatized Naming (RAN), and
reading fluency and comprehension.'* 3

The burden on children and families suffering from neuro-
developmental disorders leads to significant impairments to
their quality of life as they struggle with processing language
and reading skills needed in their day-to-day life.® The need
for early detection and the most effective early intervention is
an absolute must to alleviate the dyslexia burden from suffering
families.™*

The advent of neuroimaging techniques such as electroen-
cephalography (EEG), magnetic resonance imaging (MRI),
and positron emission tomography (PET) has proven to be
quite useful in illuminating the neural correlates of neurodevel-
opmental disorders, enabling objective and pre-symptomatic
risk assessment. This has paved the way for the identification
of aberrant neural patterns and familial risk for dyslexia early,
much before behavioral patterns emerge or formal school edu-
cation commences.”'* The problem now shifts to reliability in
understanding the high complexity and dimensionality of this
data, subject to clinical expertise and human interpretation.

Machine Learning (ML) and Artificial Intelligence (Al) can
be very effectively used to combat the challenges that individ-
ual interpretation and clinical expertise can bring in accurate
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diagnosis using neuroimaging techniques for neurodevel-
opmental disorders. ML models can effectively analyze vast,
complex data to identify subtle patterns that are indicative of
neurological disorders. These tools have become increasingly
useful in analysing and interpreting information, allowing for
accurate predictions.” The significance of machine learning
techniques in early dyslexia prediction through analysis of
multimodal data with an accuracy of 98.6% has been shown
in the study conducted by Alkhurayyif ez a/.'® Models such as
these can leverage different data types such as electrophysio-
logical signals (EEG/ERPs), structural and functional brain
images (fMRI) and behavioral assessments (RAN, phono-
logical tests, questionnaires), each offering a unique lens on
dyslexia’s underlying mechanisms facilitating unique, directed
and accurate early clinical interventions.”

One of the glaring limitations is the choice of dataset used to
train these models for dyslexia and other neurodevelopmental
disorder diagnoses. Unimodal data, as used by Da Silva ez a/. in
their study, where only fMRI data is used to train models for
dyslexia prediction, clearly demonstrates the limited ability of
the model to identify significant dyslexia biomarkers, severely
hampering the prediction accuracy. The unimodal approach
fails to capture the multifaceted nature and complex mecha-
nisms of neurodevelopmental disorders, which are defined by
a distributed network of cognitive and neurological deficits.
Every dataset type has its own markers that indicate dyslexia,
and the usage of the right ones when training and testing ML
models is imperative to ensure high accuracy when used in
practice.?!

A study conducted by R. Herndndez-Vasquez ez al." showed
that electrophysiological markers (ERPs) and functional/
structural MRI both highlight abnormalities in crucial yet
different areas in language-related networks (the left hemi-
sphere). Models trained on a unimodal dataset may often lack
robustness and generalizability as they are only able to capture
a fraction of the variance of the disorder and are inherently
flawed for accurate diagnosis.” The critical question, therefore,
is not only whether an Al can predict dyslexia, but rather it
is the understanding of which data modalities can effectively
capture the variance of the disorder and provide the most ac-
curate and reliable prediction.

The primary objective of this paper is to systematically
evaluate the relative importance of different data modalities
in machine learning models for dyslexia detection. Specifi-
cally, this study compares the predictive performance of three
unimodal data sources: handwriting images, visual and pho-
nological assessment data, and response-based behavioural
measures. We hypothesize that the handwriting data would
provide stronger predictive signals for dyslexia when analyzed
using machine learning techniques.

To investigate this, this study will evaluate multiple machine
learning classifiers trained on each dataset to assess the pre-
dictivity of each modality. By comparing model performance
across these unimodal datasets, this study aims to identify
which data types provide the most reliable signals for dyslexia
prediction. These findings could contribute to the develop-

ment of accessible tools that can support earlier identification
of dyslexia in educational and clinical settings.

B Methods

This study uses machine learning (ML) to evaluate the
potential for early dyslexia prediction. Three models were
utilized: Random Forest, Gradient Boosting, and Multilay-
er Perceptron (MLP). These models are the most prevalent
across neurological studies, especially those regarding neu-
rodevelopmental disorders, due to their high complexity.
These models were used across all datasets tested to conduct
a comprehensive analysis to understand the overall accuracy
of each dataset type. This would therefore make it possible to
gain invaluable insights, allowing for conclusions to be drawn
about the dataset type that allows for the most successful early
prediction of dyslexia. The methodology follows an organized
and logical approach from data collection, preprocessing, fea-
ture engineering, model development and selection, training,
testing, validation, and evaluation.

Data Collection:

The datasets were collected from Kaggle. Visual and au-
dio assessment data, performance-based behavioral data, and
handwriting image data were collected.

Visual and audio assessment data from Kaggle measured 6
parameters based on which a label of 0, 1, or 2 was designated.
0 corresponded to low risk of being dyslexic, 1 to moderate risk
of being dyslexic, and 2 to high risk of being dyslexic. The fea-
tures that were measured in this dataset included vocabulary,
memory, speed, visual discrimination, audio discrimination,
and survey responses. These parameters all correspond to vi-
sual and audio assessment, and therefore provide insight into
how accurately this dataset type can predict dyslexia with the
use of the different models.??

Performance-based data from Kaggle measured and calcu-
lated 5 parameters based on the sample’s performance on a
gamified test. The sample comprised 392 dyslexic individuals
(45.2% female, 54.8% male) and 3,252 non-dyslexic people
(49.7% female, 50.3% male). Every participant was aged 7 to
17 years. The test included 32 questions that targeted executive
functions of activation and attention, and sustained attention.
For every question response, the following was calculated: the
number of clicks, number of correct answers (hits), sum of
hits per set of exercises (score), number of hits divided by the
number of clicks (accuracy), the number of incorrect answers
(misses), and the number of misses divided by the number of
clicks (miss rate). This information provided an understanding
of the attention levels of dyslexic and non-dyslexic individuals,
allowing for a relation to be drawn by the models.”

The handwriting dataset from Kaggle included images for
each of the 26 letters of the alphabet under each folder (train,
test, and validation). Each folder included 8-100+ images for
each letter, likely from different dyslexic or non-dyslexic indi-
viduals. This dataset included individual images for each letter;
however, there were no clinical labels assigned to classify the
handwriting as dyslexic or non-dyslexic. Therefore, K-means
clustering was applied to identify latent handwriting pattern
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groups, which were used as pseudo-labels for supervised clas-
sification.?

Data Pre-processing:

Cleaning the Data.

The rows of data in all datasets were checked for missing
values, and if found, these rows were dropped to ensure that
the model would be able to process the data and accurately
predict dyslexia when given the features. This was done using
df.isnull() and dropna. Missing values were not found in any
of the data sets; they were all complete with every parameter
filled for every participant.

Label/Class Distribution:

For all datasets, the imbalance of the class sizes was checked,
and the same proportions were kept for both the training and
test sets. Imbalance was checked by understanding and plot-
ting on a bar graph the label distribution, as shown in Figure
1. The proportions of the classes and labels were kept constant
for the train and test sets to match the original dataset by using

stratify=y.

Label Distribution

200

count

100

0 1 2

Label
Figure 1: Bar plot of label distribution for visual and audio assessment data.
This bar chart displays the distribution of data for the visual and phonological
dataset used. The graph provides insights into the variation and constitution
of the dataset, which was required to maintain proportions in the train and
test sets.

Dimensionality Reduction:

Dimensionality reduction was applied to the handwriting
dataset using Principal Component Analysis (PCA) to reduce
the high-dimensional features generated by the ResNet50
convolutional neural network (CNN), enabling more efficient
and accurate model analysis. Through this, noise was reduced
while the important, characterizing features of the images
were retained, 95% of the original variance was kept. This was
a crucial step for the handwriting dataset to ensure efficiency
and accuracy.

Clustering:

Clustering was used for the handwriting dataset, which
lacked labels identifying images of handwriting that belonged
to a dyslexic or non-dyslexic individual. K-Means was there-
fore used to observe patterns such as smoothness, shape, and
pressure to split the dataset into 2 clusters: 0 (likely non-dys-
lexic) and 1 (likely dyslexic). After this, the silhouette score was
calculated to understand whether the clusters were well-de-
fined and made sense.

Model Development:

Three different models were developed and applied to all
the datasets. Traditional machine learning models used in-
clude Random Forest and Gradient Boosting. Along with this,
a neural network was used: Multilayer Perceptron (MLP). The
traditional ML models (n_estimators=100, random_state=42)
allowed for the reduction of overfitting and were suitable
for the complexity of the data, therefore ensuring that they
could capture the complexity of the relationships between
parameters. The neural network (hidden_layer_sizes=(100,),
max_iter=500, random_state=42) was compared against the
traditional models, which was done to assess and analyze the
accuracy and performance of prediction. Feature importance
plots were generated for each model.

Training, Testing, and Validation:

Model training was performed on 80% of the data, with the
remaining 20% used for testing. The proportions of the labels
were kept the same for the training and test datasets through
stratification. The 80-20 train-test split utilized hold-out val-
idation, which was maintained for all three models used. This
approach ensured consistent representation of labels while
also ensuring that the model had sufficient data to be trained
with, leaving some to be tested. This allowed for a verification
of whether the model overfitted on the training data. For all
datasets, an 80/20 train-test split was used. Preprocessing steps
were implemented using a scikit-learn pipeline to prevent data
leakage, ensuring that transformations were fitted only on
the training data and then subsequently applied to the held-
out test data. Specifically for the handwriting dataset, feature
scaling and dimensionality reduction (PCA) were fitted exclu-
sively on the training data, and the learned parameters were
then applied to transform the test set.

Software and Tools:

Table 1: Software and tools utilized. To develop the programs and generate
graphs and images, multiple tools and libraries were utilized, as shown in this
table. These were essential to ensure efficiency and success in data analysis.

Tool/Library Purpose Version

Python Programming language used for data preprocessing, feature | 3.13.7
engineering, model development, and analysis.

scikit-learn Importing machine learning algorithms (Random Forest, Gradient | 1.7.2
Boosting, MLP), train-test splitting, evaluation metrics, feature
selection, and preprocessing.

pandas Used for data manipulation and preprocessing. 233

NumPy Used to process the features and for numerical calculations. 233

Matplotlib Generation of plots: confusion matrices, ROC curves, and other | 3.10.6
visualizations.

Seaborn Visualization of statistical data through bar plots, heatmaps, and | 0.13.2

distribution plots.

torch /| To capture patterns in the image handwriting dataset. 2.9.0 /
torchvision 0.24.0

The code pipeline used for data preprocessing, feature
extraction, model training, and evaluation, along with the en-
vironment specifications, can be made available upon request
by contacting the authors.

DOI: 10.36838/IJHSR815.95



ijhighschoolresearch.org

B Results

Three dyslexia datasets were evaluated through three dif-
ferent models: 2 traditional ML models (GB and RF) and a
neural network (MLP). The accuracy of the models, as well as
other evaluation metrics (precision, recall, F1), was compared
to understand the variance between datasets in dyslexia predic-
tion and to understand which features are most informative for
distinguishing between groups of data. The handwriting data-
set utilized weak clustering due to the lack of clinical labels,
and therefore, the parameters were calculated based on how
well the models could discriminate between the two groups of
data that were created.

Handwriting:
Table 2: Classification performance metrics for the handwriting dataset.
This table showcases the performance of the handwriting dataset across the
three models tested. The parameters measured include accuracy, precision,
recall, and weighted F1-score.

Model Accuracy Precision Recall F1-score (weighted)
MLP 0.970 0.970 0.970 0.970
Gradient Boosting 0.985 0.985 0.985 0.985
RF 0.995 0.995 0.995 0.995
Gradient Boosting Confusion Matrix MLP Confusion Matrix Random Forest Confusion Matrix
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Figure 2: Model Performance (A) Gradient Boosting - Confusion Matrix
(B) MLP - Confusion Matrix (C) Random Forest - Confusion Matrix (D)
Gradient Boosting - ROC Curve (E) MLP - ROC Curve (F) Random Forest
- ROC Curve. This figure displays the confusion matrices and ROC curves
for each model. These graphs were created to understand exactly how well the
data allows for classification.

The handwriting dataset consistently achieved high accura-
cies across all models, which is visible in Table 2, with the lowest
accuracy being 97% for MLP and the highest being 99.5% for
RE. Gradient Boosting performed slightly better than MLP,
reaching 98.5% across all evaluation metrics, suggesting that its
ensemble structure captured the dataset’s patterns more effec-
tively. The Random Forest model performed the best overall,
obtaining 99.5% for accuracy, precision, recall, and F1-score.
This suggests that RE had no issues with overfitting. Over-
all, the consistent numbers observed in the parameters suggest
that the data were very easy to separate based on the images’
characteristics. The significant number of images of handwrit-
ing proved sufficient for the models to identify patterns in the
images to be able to distinguish between the groups created

through clustering. The confusion matrices and ROC curves
displayed show that RF had the best true negatives, no missed
dyslexic cases, and only one false positive.

Visual and Phonological:

Table 3: Classification performance metrics for the visual and phonological
datasets. This table displays the performance of the visual and phonological
dataset across the three different models. The parameters measured include
accuracy, precision, recall, and weighted F1-score.

Model Accuracy Precision Recall F1-score (weighted)
MLP 0.980 0.981 0.980 0.980
Gradient Boosting 0.930 0.930 0.930 0.930
RF 0.960 0.960 0.960 0.960
upCiasifer - Cofuson Matrix RandomForesclasifer - Confusion Hatrix radnseosaciser otosn e

Figure 3: Model Performance (A) MLP Classifier - Confusion Matrix
(B) Random Forest Classifier - Confusion Matrix (C) Gradient Boosting
Classifier - Confusion Matrix (D) MLP Classifier - ROC Curves
(Multiclass) (E) Random Forest Classifier - ROC Curves (Multiclass) (F)
Gradient Boosting Classifier - ROC Curves (Multiclass). This figure displays
the confusion matrices and ROC curves for each model. These graphs were
created to understand exactly the number of errors and correct predictions for
the visual and phonological data.

In the visual and phonological dataset, MLP achieved the
strongest performance, with 98% accuracy and correspondingly
high precision, recall, and F1-scores. This is evident in Table 3.
The confusion matrix and ROC curve in Figure 3 show perfect
classification for two of the three classes, with only two samples
from the third class being misclassified, indicating strong sepa-
ration between feature groups. RF performed almost equally as
well, with a 96% accuracy, and had 2 more misclassified samples
compared to MLP, as seen in the confusion matrix. Gradient
Boosting performed lower than both, with an accuracy of 93%.
There were misclassified samples under all three classes/labels.

Response Based:

Table 4: Classification Performance Metrics for Different ML Models for
Response-based Dataset. This table displays the performance of the response-
based dataset across the three different models. The parameters measured
include accuracy, precision, recall, and weighted F1-score.

Model Accuracy Precision Recall F1-score (weighted)
MLP 0.882 0.877 0.882 0.880
Gradient Boosting 0.915 0.903 0.915 0.901
RF 0.903 0.902 0.903 0.866
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Figure 4: Model Performance (A) MLP Classifier - Confusion Matrix (B)
Gradient Boosting - Confusion Matrix (C) Random Forest - Confusion
Matrix. This figure displays the confusion matrices for each of the three
models. These graphs were created to understand exactly the number of errors
and correct predictions for the response-based data.

In the response-based dataset, as we can see in Table 4, the
values for the three models were varied and slightly low. MLP
achieved the weakest performance, with an accuracy of 88.2%
and similarly low precision, recall, and F1-score values. The
confusion matrix in Figure 4 shows that the MLP frequently
misclassified both classes. It produced 39 false positives and
47 false negatives; this model struggled to separate data into
the classes. The Random Forest model achieved 90.3% accu-
racy, but it showed the lowest weighted F1-score (0.866) due
to an imbalance in how it classified the two groups. RF pro-
duced 70 false negatives and only 1 false positive, showing that
the model struggled to detect samples part of the “Yes” label
correctly. Gradient Boosting performed the strongest overall
on this dataset, achieving 91.5% for accuracy, precision, and
recall, with a slightly lower weighted F1-score of 0.901. Its
confusion matrix shows far fewer mistakes than MLP and REF,
misclassifying only 10 non-dyslexic cases and 26 dyslexic cas-
es, suggesting that GB was better at capturing the nonlinear
structure of the response patterns.

B Discussion

Comparative Predictive Power:

Our findings clearly indicate that the three different data
modalities, though all carrying dyslexia specific signals, had
very different predictive power. The Random Forest algorithm
applied to handwriting samples yielded the highest predic-
tion accuracy of 99.5%, surpassing the accuracy obtained from
neuroimaging-based models (PMC11232624).° This aligns
with more recent research that illustrates that there are spe-
cific and marked discrepancies, such as inconsistent letter size,
spacing differences, and reversals within dyslexic handwriting
that lead to near-perfect classification. The accuracy on the
visual and phonological variables was also high and reflective
of strong prediction skills (~98% accuracy on MLP), repre-
sentative of fundamental language network dysfunction, as
opposed to metrics tied to response variables (clicks, accuracy,
misses), which were suboptimal (~88-91%) and had a higher
variability/ noise due to task performance variability. In sum-
mary, variables that are associated more closely with motor/
language systems (handwriting and phonology) yielded more
robust models when compared to pure performance or atten-
tion-based variables.

Classif ier Performance and Feature Importance:

While comparing classifiers, we observed that ensemble
tree-based classifiers (Random Forest, Gradient Boosting)
generally performed the best. Random Forest achieved the

highest accuracy of 99.5% due to its robustness against
overfitting.* The deep neural network (MLP) performed ex-
ceptionally well on the dense visual and phonological data with
98% accuracy, but did perform poorly on sparse response data,
suggesting its sensitivity to sample size and feature complexity.
These observations mirror findings in related fields. Raatika-
inen ef al. achieved an accuracy of 89.7% using eye-tracking
data with a Random Forest-SVM hybrid, and Alkhurayyif
et al. used a deep learning multimodal approach, reporting a
98.6% accuracy.’®* The handwriting model achieved an accu-
racy of 99.5%, but this should be interpreted keeping in mind
that our handwriting labels were derived from unsupervised
clustering rather than clinical diagnosis.

We have extracted feature importances within these models
to emphasize key predictors such as phonological speed and
accuracy metrics, which emerged as top features in the visual
and phonological dataset, consistent with known strong mark-
ers of dyslexia (Letter-sound mapping deficits).”

The ROC AUC values were near perfect, which indicates
strong and effective dyslexia classification performance for
the visual and phonological dataset as well as the handwriting
dataset. The ROC curves and AUC values were computed us-
ing predictions on the held-out test set. The misclassifications
visible in the confusion matrices can be justified as the final
predictions depend on a fixed probability threshold, whereas
ROC AUC evaluates performance across all possible thresh-
olds. The relatively small dataset size amplifies the discrepancy,

as it could have inflated the AUC values.

Dataset Characteristics:

Our datasets differed in their method of collection and the
quality of the data itself. The handwriting images were eas-
ily acquired, where children simply wrote letters requiring
minimal to no instrumentation, but in this case, lacked clin-
ical labels. The handwriting dataset used in this study does
not provide metadata identifying individual writers. As a
result, it is not possible to control writer-level separation be-
tween training and test sets. This limitation does introduce
the possibility that stylistic similarities from the same writer
could appear in both sets. The silhouette score after apply-
ing K-means clustering was 0.1614, which indicates weak
but present cluster structure. This indicates weak but present
cluster structure, suggesting that handwriting features contain
detectable variation within the dataset, although the separa-
tion between groups is not strongly defined. Nevertheless, the
models trained on this data achieved high predictive perfor-
mance, suggesting that ML algorithms were able to capture
subtle patterns. The visual/ phonological dataset consisted of
questionnaires and test scores of vocabulary, memory, senso-
ry discrimination, etc., similar to standard dyslexic clinical
screening.® These features were carefully normalized (as the
case may be) so that speed, accuracy, and memory scores were
on comparable scales across individuals, a necessary step given
their different units. The response-based data came from an
online attentional task with thousands of participants, provid-
ing statistical power but also introducing noise - for instance,
motivation and fatigue. In this study's analysis of the imbal-
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anced response-based dataset, standard evaluation metrics
(Accuracy, Precision, Recall, F1-score, and ROC AUC) were
used to maintain consistency across the datasets examined in
this study, which allowed for efficient comparison. Neverthe-
less, the use of these metrics may not fully account for class
imbalance. Future work could incorporate imbalance evalua-
tion metrics such as balanced accuracy, AUROC, AUPRC, and
MCC, as well as class-weighting or resampling strategies. We
stratified the train/ test split in order to maintain class balance.
In summary, each modality entails trade-offs: handwriting and
visual tasks are fast and non-invasive, while response-based
measures are inexpensive yet indirect.

Clinical and Practical Implications of Early Screening and
Technology:

Our results emphasize how non-invasive assessments can
successfully identify a risk for dyslexic issues in a child. For
patients and families, these methods can be used as a first-lay-
er of intervention, causing little to no distress to parents or
children. Take an example of a simple exercise, such as a brief
handwriting exercise or a short computerised phonology game,
which individually might take a couple of minutes but prove
to be strong indicators in their diagnosis using a simple fore-
casting software predicting the likelihood of dyslexia.”® This
is less dependent on clinical assessment, giving families early
indicators of poor learning. Early identification means ear-
ly intervention, which is known to significantly impact the
quality of life as well as the self-esteem of suffering children
and families.® In practice, parents who can identify these early
signs of dyslexia/ learning difficulties could use computerized
screening tools (such as our model) at home, making this a less
emotionally taxing process (given the model has clinical labels
and is trained on the same).

These findings also indicate that the combination of ma-
chine learning tools with standard clinical practice could
dramatically improve the diagnostic accuracy and efficiency.
Clinicians may focus efforts on obtaining the most informative
data. Based on our analysis, handwriting samples and standard
phonological measures gathered alone can direct the clinician
to quickly assess the risk for dyslexia.?* Traditional steps of clin-
ical evaluation, such as sight word tests or RAN tasks, can then
be reserved for those cases requiring confirmation in suspect
cases. Machine learning can also give objective rankings to fea-
tures, providing the clinician with evidence for specific deficits
such as phonemic memory vs. visual discrimination, thereby
guiding directed and personalized clinical interventions or
clinical confirmatory tests. Al tools can therefore act as a ‘sec-
ond opinion’ or pre-screen that reduces the number of people
who may actually need expensive imaging or comprehensive
testing, thus shortening what is often a many-year-long ‘diag-
nostic odyssey’ that suffering families face.

This research, therefore, is a demonstration of how technolo-
gy can assist in the diagnostic journey and contribute to a better
quality of life for suffering children or families with dyslexia.
It is also an exemplification of how ‘everyday’ data provides
enough signal for a reliable prediction. By automating early
screening/pre-screening, we can reduce the stigma and stress

that surround the diagnosis of dyslexia. Our feature analysis
also provides a biological explanation, such as the prevalence
of strong signals in handwriting tasks, highlighting that the
left-hemisphere language network attributes more to someone
with dyslexia. This convergence of computational results with
the earlier studies in neuroscience strengthens confidence in
the validity and importance of such studies in dyslexia and oth-
er neuro-developmental disorders.

Limitations and Future Directions:

Our study certainly had limitations. This study utilizes data
that is primarily open-sourced, with no access to different
facets of data for the same subjects in the study. We did not
have brain imaging/EPS data for our subjects, so we cannot
check our hypothesis concerning the preeminence of neuroim-
aging. Other researchers have demonstrated that multimodal
models, IMRI/MRI/EEG, can achieve a vastly high degree of
accuracy (about 98% to 99%).* Incorporating such data would
have provided a much richer biological grounding covering all
aspects of causation and measurement that are imperative to
dyslexia identification. Unfortunately, no single existing dataset
collects handwriting, cognitive scores, and imaging from the
same individuals, ideal for such analysis and unified modelling
experiments. The scarcity of large, multimodal dyslexia datasets
is an obstacle well noted by others working in the domain.”
For future work, we plan to use such emerging datasets with
verified/available clinical labels that link behavioral and neural
markers, enabling evaluation of cross-modal synergies. We also
used a hold-out validation approach, applying cross-validation
or external replication that would strengthen claims of gener-
alizability and rule out overfitting."

Letter categories were not explicitly stratified across splits.
This means that some letters may be slightly over- or un-
der-represented in each split. Therefore, the model may
partially learn patterns related to specific letter shapes rather
than only dyslexia-related handwriting characteristics. Future
studies should control the distribution of letters across splits to
reduce this potential bias.

Model evaluation in this study was performed using a
single 80/20 train-test split. Since the datasets used in this
study contain limited sample sizes, this constrained the use
of cross-validation. The lack of publicly available datasets for
the data types being used here prevented external validation.
Future work should incorporate larger datasets and utilize
cross-validation and external validation to provide more robust
estimates of model generalizability.

Simpler models, such as logistic regression or linear SVM,
were not explored in this study, and systematic tuning proce-
dures were not implemented. This is because the primary aim
of this work was to evaluate the comparative predictive capac-
ity of different data modalities rather than to optimize model
performance. Future work could incorporate simpler baseline
classifiers and more complex hyperparameter tuning to further
validate the results.

Lastly, although our models are robust, the application of
our models to real-world scenarios is still necessary. This is be-
cause the labeling of the handwriting dataset in this research is
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created from clusters, but this is only a surrogate for real dys-
lexic patients. A real, clinically labelled handwriting dataset (or
a mobile application to obtain writing samples from patients
with known diagnoses) can be used for supervised learning
to validate this hypothesis. The reported high classification
performance reflects the separability of handwriting pattern
clusters rather than validated diagnostic detection of dyslex-
ia. Due to the lack of clinically labelled handwriting datasets,
pseudo-labels were used; therefore, the results should be inter-
preted as exploratory. Moreover, real-world application for fair
treatment (independent of language and demographics) is also
a requirement because patients with different types of writing
systems may have different types of dyslexic symptoms. De-
spite this, research such as ours is urgently required because,
by far, a diagnosis of a patient with a learning disorder such as
dyslexia has the longest path compared to other learning disor-
ders. Our research indicates that when cheap, fast data is used,
diagnoses with high accuracy are possible, which in turn leads
to shortening of the diagnostic odyssey.

B Conclusion

In conclusion, our research supports a targeted diagnosis ap-
proach, where patients are initially assessed with high-yield,
low-cost tests (handwriting, phonological skills), with further
comprehensive evaluation (imaging, etc.) offered only when
necessary, thereby enabling a more directive and personalized
diagnostic journey for affected individuals.
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