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Abstract: Artificial intelligence (Al) based on deep learning, particularly convolutional neural networks (CNNs),
shows strong potential in handwriting recognition. However, their limited transparency constrains use in sensitive
domains such as dyslexia prediction. From a neurocognitive standpoint, dyslexia stems from atypical neural
processing reflected in handwriting irregularities, making handwriting prediction a neurocognitive inference task. This
study introduces a neurocognitively informed framework, Custom LiteBinaryNet, a lightweight CNN integrated with
Explainable Al (XAl) for transparent dyslexia prediction from handwriting. Custom LiteBinaryNet-CNN was
evaluated in baseline and tuned configurations, the latter optimized through aggressive augmentation and
hyperparameter tuning. Compared to LeNet-5 (60.49% accuracy, AUC 0.56), the baseline achieved 78.73% accuracy
and AUC 0.87, while the tuned model reached 83.36% accuracy and AUC 0.91. Loss analysis confirmed improved
stability and generalization. XAl methods, including Grad-CAM and Occlusion Sensitivity, revealed neurocognitive
interpretability by highlighting handwriting traits, such as letter reversals and spatial inconsistencies, which linked to
dyslexic motor patterns. These results align computational predictions with cognitive evidence, enhancing
transparency and diagnostic value. The proposed model offers a practical and explainable approach for early
neurocognitive prediction of dyslexia through handwriting analysis.
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1. INTRODUCTION

Dyslexia is a specific learning disability characterized by neurobiological differences in the
brain’s processing of written and phonological language, leading to difficulties in reading, writing,
spelling, and speech [1]. It affects approximately 5—10% of the global population [2], with around
five million school-aged children in Indonesia estimated to experience dyslexia [3]. Dyslexia can
negatively impact a student’s self-image, leading to insecurity and reduced self-esteem. Many
students with dyslexia develop a sense of inferiority, perceiving themselves as less capable than
their peers, which may ultimately discourage them from pursuing education [4]. However, dyslexia
is not linked to a lack of intelligence or motivation; rather, individuals with dyslexia can learn
effectively when provided with the right learning strategies.

Early identification of dyslexia is therefore vital, as it has profound academic, social, and
emotional implications. Early detection enables educators and parents to design personalized
interventions, improve learning outcomes, and enhance children’s long-term development.
Empirical evidence has revealed that handwriting patterns can serve as a potential indicator of
dyslexia. Studies on writing dynamics have reported significant differences in writing speed, pause
frequency, and pen pressure variation between dyslexic and non-dyslexic children [5]. Digital
analyses further show that handwriting features such as letter size variation and stroke irregularity
can distinguish dyslexic children with sufficient accuracy [6]. These findings support the idea that
handwriting can serve as an early detection tool before further clinical assessment. With the
assistance of computing technology and machine learning algorithms, handwriting patterns that
are difficult to observe manually can now be quantitatively extracted, opening new opportunities
for early dyslexia screening [6], [7].

Several studies have explored the use of artificial intelligence to detect dyslexia through
handwriting analysis. Asselborn et al. [6] employed traditional machine learning algorithms such
as Random Forest and Support Vector Machine to analyze digital handwriting dynamics, including
pen pressure, letter size, and stroke spacing, with encouraging results in distinguishing children
with graphomotor disorders and dyslexia. Aldehim et al. [8] applied deep learning based on
Convolutional neural networks (CNNs) to process handwriting images and reported high accuracy
in classifying dyslexic groups. Liu et al. [9] leveraged long short-term memory (LTSM) to develop
a CNN-Positional-LSTM-Attention (DysDiTect) model that combined CNN'’s spatial extraction

capabilities with LSTM sequential modeling and attention mechanisms, thereby increasing
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sensitivity to variations in graphomotor patterns. Such studies suggest the strong potential of CNNs
in handwriting recognition, as this approach can identify distortion patterns in handwriting,
including variations in letter shape, size, spacing, slant, thickness, spelling errors, and spatial
inconsistencies [8].

CNNss are widely used for computer vision tasks such as image classification, object detection,
semantic segmentation, image labeling, and visual question answering [10], [11]. CNN model
architectures have become research hotspots for solving text and image classification problems
[12], [13]. The CNN operates by performing a series of convolutions, pooling, and nonlinear
transformations, producing highly abstract feature representations that do not always correspond
to human-understandable concepts. The complexity of these layers makes it difficult to determine
which features are most important for making predictions. Thus, although CNNs often achieve
high predictive accuracy, their internal mechanisms are difficult for humans to interpret directly
[14]. This lack of interpretability hinders understanding of how specific cognitive or perceptual
patterns are encoded and processed by the network, limiting the model’s applicability in
educational and neurocognitive contexts.

Previous researchers have highlighted the limitations of CNNs in terms of model transparency
and interpretability [15], [16], [17]. For instance, among dyslexic children, confusion between
letters such as “b” and “d” is often observed. CNNs can extract and classify such visual features,
enabling automated analysis of handwriting patterns associated with dyslexia. However, when a
CNN classifies a piece of handwriting as “dyslexic,” it is not always clear which features most
influenced that decision. Questions arise as to whether the decision was driven by inconsistent
letter height, irregular spacing, or letter reversal tendencies. For professionals in education and
therapy, such interpretive precision is crucial: the model’s classification should not merely label
handwriting as dyslexic or normal but also provide neurocognitively meaningful insights into the
writer’s perceptual-motor processes.

From an Al perspective, addressing this “black box” problem is essential to ensure transparency
and interpretability in the decision-making process. Therefore, an approach is needed to simplify
and clarify the interpretation of CNN model architectures. Explainable Artificial Intelligence (XAI)
enhances model interpretability by providing insight into how decisions are made, identifying
model strengths and weaknesses, and offering explanations of learned representations [18]. XAl

enables researchers to visualize and understand the features learned from image data, ensuring that



LESTARI, WINARNI, PRIHANDHIKA, NUGRAHA, YUDHANEGARA

Al models recognize meaningful patterns rather than memorize superficial details. Early attempts
to integrate XAI methods have included applying Gradient-weighted Class Activation Mapping
(Grad-CAM) to highlight handwriting areas considered influential in the classification process.
Using transfer learning with pre-trained architectures such as MobileNetV3, these studies
successfully identified subtle handwriting patterns that are difficult to detect manually [19].
Although these approaches achieved high accuracy and improved interpretability, they remained
supplementary to the classification process and were not fully integrated into the CNN pipeline.

The literature review reveals that most prior studies have placed greater emphasis on enhancing
classification accuracy [20], whereas the clarity of prediction has been largely overlooked, despite
its critical importance for educational and psychological practitioners. Integrating XAl is proposed
as a solution to overcome the black box problem and increase the interpretive relevance of
prediction results in dyslexia detection. Combining CNNs with Grad-CAM provides heatmaps that
highlight handwriting regions most influential in classification decisions. Grad-CAM can clearly
visualize letter areas or strokes most relevant to CNN decisions, such as distortions in the letter “b”
or abnormal slanting in the letter “d.” In addition, Occlusion Sensitivity Analysis (OSA)
complements Grad-CAM by systematically occluding small regions of an input image and
measuring the resulting changes in prediction scores, thereby quantitatively identifying the areas
most critical to the model’s decision. Such analyses offer a clearer understanding of why CNNs
produce certain classification outcomes, helping researchers, psychologists, and educators
interpret handwriting error patterns in dyslexic children.

Given these considerations, it is essential to strengthen the mathematical and statistical
framework that supports the integration of XAI-driven Custom LiteBinaryNet-CNN to ensure both
reliability and interpretability in addressing the black box problem. Therefore, this study focuses
on the neurocognitive prediction of dyslexic handwriting patterns using an XAl-driven Custom
LiteBinaryNet-CNN architecture. The research questions guiding this study are as follows:

1. How can a CNN-based Custom LiteBinaryNet be designed and trained to predict
handwriting from children with and without dyslexia effectively from a neurocognitive
perspective?

2. How can XAl methods, such as Grad-CAM and Occlusion Sensitivity, be applied to open

the black box of CNN models and provide understandable visual explanations?
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3. How does the Custom LiteBinaryNet-CNN model integrated with XAl perform in terms of
accuracy and interpretability when predicting handwriting data from children with dyslexia?

This study introduces original contributions in three primary domains. First, it proposes an XAlI-
driven Custom LiteBinaryNet-CNN architecture, a lightweight yet efficient CNN variant
optimized for handwriting prediction in children. Second, it integrates XAl methodologies, namely
Grad-CAM and OSA, to mitigate the “black box” problem and provide interpretable,
neurocognitively meaningful visualizations. Third, the framework applies these methods to the
underexplored domain of neurocognitive prediction of dyslexic handwriting patterns, contributing
to both efficient CNN modeling and transparent interpretive analytics that can support early

dyslexia detection.

2. PRELIMINARIES
This section introduces the XAlI-driven Custom LiteBinaryNet-CNN framework designed to

predict dyslexic handwriting from a neurocognitive perspective. The method addresses three main
objectives: developing an efficient CNN-based architecture, applying XAl techniques such as
Grad-CAM and Occlusion Sensitivity to enhance interpretability, and evaluating the model’s
accuracy and transparency. This approach aims to bridge computational performance with
neurocognitive insight, supporting reliable early dyslexia prediction.
2.1 Research Design

The research method employed is an exploratory design, aiming to examine and explore a
relatively novel topic that has not yet been extensively studied. In this context, the topic under
discussion is XAl-driven Custom LiteBinaryNet-CNN for recognizing handwriting patterns in the
detection of children with dyslexia. The exploratory approach was adopted due to the fact that this
field is not yet fully developed, both conceptually and empirically. As such, an initial mapping of
the method's potential and practical implications was deemed necessary. This exploratory approach
is expected to make a significant contribution in two aspects. First, it will broaden the theoretical
understanding of the integration of CNN and XAI in the domains of education and child health.
Secondly, it will provide a practical framework with the potential to support educators,
psychologists, and health workers in the early identification of children with dyslexia. This will
allow for the provision of interventions that are more timely, precise, and evidence-based.

The methodological framework of this study comprised five sequential stages. All five stages

are illustrated in Figure 1. First, an extensive data collection process was initiated through the
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systematic search and selection of datasets comprising handwriting samples from dyslexic and
non-dyslexic (normal) children as a control group. The objective of this process was to obtain a
representative database, thereby enabling the model to differentiate between the distinctive
patterns of handwriting exhibited by children with dyslexia and the typical handwriting variations
observed in the general population. Second, the data were preprocessed with auto-orientation
based on EXIF metadata, conversion to grayscale, inversion of pixel values, and resizing to ensure
image quality and consistency of format. Third, a CNN model was developed as the core of the
prediction system. This model was trained to achieve high classification accuracy and was
integrated with the XAI framework to produce interpretable outputs. Fourth, post-mining
knowledge extraction focused on identifying clinically and educationally relevant handwriting
patterns from trained models. Finally, model interpretation involves generating visual explanations,
such as Grad-CAM and occlusion sensitivity maps, to support the prediction and early detection
of dyslexia.

Data Collection:
Dyslexia handwriting dataset

Data Preprocessing:
Image preprocessing, data
augmentation, data partitioning

Information

Model Development:
Training XAl-driven CNN model
with Custom LiteBinaryNet

Interpretation-oriented

Knowledge tasks

Post-mining Knowledge:

Model evaluation

Explainable Insights : Visual explanation for
) dyslexic handwriting
Model Interpretation: prediction

Heatmap Grad-CAM, Occlusion

Sensitivity map

FIGURE 1. Workflow of the modified data-driven approach for dyslexia handwriting analysis [21]
2.2 Dataset Description
The dataset used in this study was obtained from the Roboflow Universe platform in the

Dyslexia Classification project, which is available at https://universe.roboflow.com. The original

dataset contains 6954 handwritten images that have undergone preprocessing, including auto-
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orientation and adjustment of the image size to 640 X 640 pixels. The data is divided into three
subsets, including training data (70%, 4867 images), validation data (20%, 1390 images), and
test data (10%, 697 images). However, not all images were analyzed, since one subfolder included
images with ambiguous class information, making it impossible to reliably assign them to either
the dyslexic or the normal group. Therefore, only 5,513 images with an unambiguous label were
used for subsequent analysis, with a proportion of 70% training data, 17.5% validation data,
and 12.5% test data. Specifically, this study used 4,822 images for training and 691 images
for testing. Each included children's handwriting samples from dyslexic and normal children. The
training data was split 0.80:0.20 into training and validation sets, yielding 3,857 images for
training and 965 for validation. In the original version of the dataset, no augmentation techniques
were applied. This dataset was used to develop and evaluate a CNN-based classification model
designed to distinguish the handwriting of children with and without dyslexia.
2.3 Data Preprocessing and Augmentation

Prior to the analysis of handwriting images by CNN, a series of preprocessing steps must be
executed to ensure that the data is in a consistent format and meets the neural network input
standards. These steps are intended to normalize image variations, reduce irrelevant information,

and prepare the appropriate size and scale so that important features can be extracted optimally.
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FIGURE 2. Handwritten image preprocessing stages

Figure 2 outlines the stages of preprocessing handwritten images before their use in neural
network-based analysis. The stages include: (1) original, raw images that are scanned or

photographed, (2) auto-orientation to align the image for uniform positioning, (3) conversion to
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grayscale to simplify color information, (4) color inversion so that the handwriting appears white
on a black background, (5) resizing to 640 X 640 to adjust the large image size for feature
extraction needs, and (6) resizing to 28 X 28 to scale the image according to standard neural
network input formats, such as MNIST [22].

Data augmentation was performed during pre-processing to increase dataset diversity. Basic
data augmentation techniques, such as small rotations and translations, were applied in the baseline
model. For the tuned model, more aggressive augmentations were applied, including random
rotations up to 20°, random zooming in or out up to 25%, random horizontal and vertical
translations up to 25% of the total width and height, random shear transformations up to 20°,
nearest-neighbor interpolation, random brightness adjustments, and the addition of Gaussian noise.
Any augmentation that could alter the orientation of letters, such as horizontal flipping, was
avoided to preserve the handwriting attributes. Subject-wise data partitioning was performed to
prevent data leakage. The selected model was evaluated on the validation set, while the test set
was reserved solely for the final evaluation.

2.4 Convolutional Neural Network (CNN)

CNN s represent a particular type of deep learning architecture that learns directly from data
without the necessity of manually extracting features. CNN can also be viewed as an artificial
neural network that involves convolution. In other words, CNN = ANN + convolution. There are
three main layers of CNN, including the convolutional layer, the pooling layer, and the fully-
connected layer [23]. CNN works by extracting important patterns in the data, such as edges,
textures, and shapes, through filters or kernels in the convolutional layer. The pooling layer reduces
the dimensions of the data while retaining important information. This speeds up the computation
process and reduces the risk of overfitting. Finally, the fully-connected layer integrates the
extracted features to generate predictions or classifications according to the desired task [13].

Convolutional layers apply convolution operations to input images using small filters, or
kernels, typically 3 X 3 or 5 X 5. Each filter is designed to identify particular patterns, such as
edges, textures, or line orientations. These patterns are captured in the feature map, indicating their
positions at specific locations in the image. Despite their common origin in the same input image,
different filters will yield distinct feature maps because each one is "sensitive" to particular visual
characteristics. This process enables CNNs to construct hierarchical representations, from simple

features in the early layers to complex features in the deeper layers [22].
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Suppose the input image is a tensor X € RF*W*C

where H denotes the height dimension, W
denotes the width dimension, and C denotes the channel dimension. Each convolution layer uses
a kernel, also referred to as a filter, denoted by K € R™>*Wk*C with kernel size h;, and wj. The
convolution operation at location (i,j) is defined as

hy wn ¢

(1) (X * K)i,j = Z Z Z Xi+m—1,j+n—1,c ) Km,n,c-

m=1n=1c=1
To enable the model to learn more patterns, it is necessary to add the term b to Eq. (1):

() Zij=X=xK);;+b.
Thus, even if the input is zero, the output can still be non-zero, thatis Z; ; = b.

Following the convolution operation, a non-linear activation function is generally employed to
improve the network's representation capabilities. The Rectified Linear Unit (ReLU) is one of the
most common activation functions. From a mathematical perspective, ReLU is defined as a
function that converts all negative input values to zero, while preserving positive values unchanged.

3) ReLU = 4;; = f(Z;;) = max(0,Z; ).
According to Eq. (3), the ReLU function is comprised of two linear components. For Z; ; > 0,

f (Z i j) = Z; j is the identity function, and for Z; ; < 0, f (Z i ]-) = 0 is a constant. However, since
these two components are connected at zero without a smooth gradient continuation, the ReLU
function as a whole cannot be considered a linear function.

In the realm of artificial neural networks, the non-linear nature of the ReL U plays a pivotal role.
If only linear activation functions are used, such as f(Z) = aZ + b, even stacking multiple linear
layers will still yield a simple linear transformation. As a result, the network is unable to increase
its representation capacity and remains limited in its ability to learn complex data patterns.
Conversely, leveraging non-linear functions like ReLU enables the network to discern and learn
non-linear relationships between features in the data, leading to more comprehensive
representations. Compared to classic non-linear functions, such as sigmoid or tanh, ReL U has the
advantage of reducing the risk of vanishing gradients while speeding up the training process [24].
ReLU operates according to a simple rule, which maps every negative value to zero, while positive
values remain unchanged. This operation is applied to each element, or pixel, in the feature map.
Thus, ReLU improves computational efficiency and maintains gradient propagation stability.

Consequently, network training becomes faster and more effective at overcoming the vanishing
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gradient problem that often arises in deep neural networks.

Sobel Operator: ReLU Activation:
(-1x0)+(0x21)+(1x64)+ (-1x0)+(0x0)+(1x0)+
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FIGURE 3. Illustration of the convolution and ReL U activation on grayscale images

Figure 3 demonstrates the process of extracting features from grayscale images using the Sobel
X kernel. The pixel values in the source image are multiplied by the kernel weights to produce the
values in the feature map of the convolution layer. The convolution results can be positive or
negative. In this example, the convolution result is 208. The ReLU activation function in Eq. (3)
is then applied, ensuring that negative values —373 are mapped to 0, while positive values are
retained. This process helps the neural network extract edge features while preventing the
vanishing gradient problem.

When performing image convolution with a specific kernel, the calculated pixel values may fall
outside the standard grayscale intensity range of 0 to 255. This occurs because the multiplication
and addition operations performed on the kernel can produce negative values or values greater
than 255. This is especially true for kernels that emphasize edges or enhance contrast, such as
sharpening or Laplacian kernels. To maintain the validity of the image representation, two common
approaches are used. The first approach is the clipping method, which limits pixel values to remain
within the range from 0 to 255 such that the convolution results can be visualized as
conventional grayscale images. The second approach is normalization, which scales the
convolution result values into a specific range, such as [0,1] or [—1,1]. This range is more
suitable for further processing in a CNN. Therefore, it is important to handle convolution results
that fall outside the grayscale range not only to maintain image readability but also to ensure
stability and consistency in the machine learning process.

Two important concepts that determine the size and representation of convolution results are
stride and padding. Stride refers to the size of the kernel shift when performing convolution

operations on images. If the stride value is set to 1, then the kernel shifts one pixel each time,
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resulting in a relatively large and detailed feature map. Setting the stride value to greater than one,
such as stride = 2, causes the kernel to skip several pixels with each shift. As a result, the feature
map size is smaller, but the spatial detail is reduced. Padding is a technique of adding rows or
columns of pixels to the edges of an image before convolution is performed. Padding is important
in preserving output dimensions and avoiding significant reductions after each convolution
operation. The most common type of padding is "valid padding", which does not add any pixels.
In this approach, the size of the feature map decreases in proportion to the kernel size, which often
leads to the loss of information at the image edges. Alternatively, "same padding" maintains the
feature map size, allowing the CNN to learn patterns throughout the image area, including at the
edges [10]. The stride and padding settings significantly affect the balance between output
dimensions, computational efficiency, and the depth of spatial information captured by the network.

Consider an input feature map with dimensions (h;,, Wiy, Cin), Where h;, and w;, represent
the height and width of the input, respectively, and c;,, represents the number of channels. For
grayscale images, c¢;;, = 1, and for RGB (red-green-blue) images, c;, = 3. Given a kernel of size
(hy,wy) with a padding of p and the stride of s, the height and width of the output can be

formulated as follows:

4) hout =

hi, — hy + 2
lmfkpj+1 and Wy, =

lwm — Wi + ZpJ ‘1
S

where | - | denotes the floor function. In the convolution layer, the number of output channels
(cout) €quals the number of filters (k) used. Thus, the output size of the convolution result is
(hout» Wout, k). In the pooling layer, however, the number of channels does not change; thus, the
output of the pooling layer has (h,yt, Wout, Cin) dimensions. This formulation is important for
determining the CNN network architecture because it is directly related to computational

complexity and the number of parameters produced.
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TABLE 1. EXAMPLE OF IMAGE CONVOLUTION USING DIFFERENT FILTERS

Convolved Convolved
Input image  Operation/ filter ) Input image Operation/ filter )
image image

Identity: Sobel X:

0 0O -1 0 1

0 1 Ol [—2 0 2]

0 0O -1 0 1
Gaussian: Sobel Y:

11 2 1] [— 1 -2 - 1]
—|2 4 2 0o 0 o0
16 1 2 1 1 2 1
Laplacian:

0 1 o0

1 -4 1

0 1 o0

The choice of kernel function is crucial in determining the information that can be extracted
from an image. Kernels, or filters, serve as small matrices that move across an image to capture
specific local patterns [25]. For example, the identity kernel preserves the central pixel value
without altering the contribution of neighbouring pixels. The Sobel kernel detects horizontal or
vertical edges, which helps recognize object boundaries. The Gaussian kernel works as a
smoothing agent, reducing noise and making feature detection more stable. Conversely, the
Laplacian kernel detects sharp changes in intensity in various directions; therefore, it is often used
to extract complex edges. The sharpen kernel highlights fine details and contours, which can
enhance differences between objects. Table 1 provides a comparison of the results of handwritten
image convolution using several common filters in digital image processing. In the context of CNN,
the kernels used in the initial layers often resemble these classical functions. However, in practice,
the filters are learned automatically through the training process. CNNs have the capability for the
production of kernels with increased adaptability to specific data and tasks, varying from simple
edge detection to complex patterns such as textures or object shapes.

Similar to convolutional layers, pooling layers play an important role in CNN architecture.
Pooling layers primarily reduce the spatial dimensions of the feature map resulting from
convolution. This reduction process seeks to minimize computational complexity and the number
of parameters while reducing the risk of overfitting without losing important image information.

Hence, pooling layers contribute to training efficiency while strengthening the model's
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generalization capabilities. Max pooling and average pooling are the two most frequently used
types of pooling operations. Max pooling extracts the maximum value from the image area covered
by the kernel, emphasizing dominant features such as edges or strong textures. Meanwhile, average
pooling calculates the average value of the area, resulting in a smoother representation that retains
more comprehensive information. The choice of pooling type depends on the analysis objectives
and data attributes. Max pooling is generally used in the feature detection stage, while average
pooling is often applied to preserve the global information distribution.

Given a pooling P of size h, X w,. The max-pooling and avg-pooling operations are

determined by
Pj= max Aip ymjw,+n aNd Py = avg Aup imjwyn:
(5) o osmshy, LI Wp 7 0smsh,, prLIWp
0smswy, 0smswy

Max-Pooling Layer

Stride = 2 255 248 255

. ostride=1 g 08 255]ia 42 WO
padding = vahdﬂ__r_..--' 154/ 127] 60 134 255

1

242 255 255

nzl 64 104 50 7

1 20 73 181 204 205 63 3

0 0 0 0 0 EEEEEYAET]

203 162 163 128 92 106 202 14

80 255 255

el N\a‘«i“’oo\m% 208

242 70 | 13 208|255

10
2 0 2 .
80 52 42 Sell 154127N
4 0 1
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' . Kernel 2% 2, Lg‘POOHng
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" Convolutional Filter ’ Padding = valid

(Sobel X kernel) 186 1448 63.8

78 98 1275

Convolution Layer

(Destination pixel: feature map) )| ED B

Grayscale Matrix
(Source pixel)

Avg-Pooling Layer

FIGURE 4. The sequence of operations in CNN involving convolution and pooling

Figure 4 presents the feature extraction stages in CNN. First, the input digital image is converted
into a grayscale matrix and convolved with a Sobel X filter. The filter uses a stride of 1 and valid
padding to produce a feature map. Next, a pooling process is performed with a 2 X 2 kernel, a
stride of 2, and a valid padding. Max pooling takes the maximum value in each patch, while
average pooling takes the average value. This process aims to reduce dimensions, suppress
redundancy, and retain the input image's important characteristics.

Following the completion of the feature extraction stage, the CNN architecture transitions to
the classification stage. Before reaching the fully connected layer, a flattening process is employed,
which transforms the three-dimensional feature map resulting from convolution and pooling into
a one-dimensional vector [26], [27]. CNN's dense layer is only compatible with input in vector

form, not spatial matrices. In other words, flattening serves as a bridge that connects spatial
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representations to vector representations.
2.5 Proposed Architecture: Custom LiteBinaryNet

This study proposes Custom LiteBinaryNet, a lightweight model for binary classification of
handwriting (dyslexic vs. normal). The architecture is designed for a balance between
computational complexity and feature extraction capabilities. It generally consists of three main
stages, including feature extraction, regularization, and classification. The Custom LiteBinaryNet
architecture is structured into two main variants: a baseline model and a tuned model. The baseline
network consists of three convolutional-pooling blocks with ReLU activation, followed by a
flattening process and two fully connected layers for classification. To enhance performance, the
configuration is refined through hyperparameter tuning, including adjusting the number of neurons
in the dense layer, setting the dropout rate, and selecting an optimization algorithm.

In order to ensure optimal generalization performance, the proposed Custom LiteBinaryNet
architecture implements several regularization techniques, such as dropout, L2 weight decay, and
early stopping. These techniques are specifically designed to reduce overfitting by limiting model
complexity and stabilizing the training process. In addition, hyperparameter tuning is also
performed to optimize overall model performance. This adjustment involves searching for the best
configuration of parameters such as learning rate, batch size, number of filters, kernel size, and
regularization strength.

(kernel = 5x5, (kernel = 2x2, (kemel =33, (kernel = 2x2. (leernel = 3x3. (kemel = 2x2,
padding = valid, padding = valid, padding = valid, padding = valid, padding = valid, padding = valid,
stride = 1 stride = 2) stride =1, stride = 2) stride = l: ) stride = 2)
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FIGURE 5. CNN architecture for dyslexic handwriting classification using Custom LiteBinaryNet
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During training, dropout layers with rates of 0.5 and 0.25 were incorporated into the
architecture. As a regularization strategy, dropout randomly suppresses a proportion of neuron

activations, thereby reducing overfitting and mitigating excessive dependency on specific neurons

within the network. Suppose #; = f (yi(l)) is the activation of the i-th neuron in the hidden layer

that occurs after the ReLu activation function and before dropout, where f is the ReLU function.
The dropout can be conceptualized as a transition of #; to #; = ¢; - z;, where z; follows a
Bernoulli distribution with probability p, representing the probability of retaining the neuron.
For instance, when p = 0.5 or p = 0.75, as determined by the specified dropout rate.

In binary classification, the prevailing loss function is binary cross-entropy (BCE). This
function measures the difference between the true label in class i, denoted by y; € {0,1}, and the

predicted probability y; = 0(z); generated by the model. The BCE function can be expressed by

(0) Lpce (i, Y1) = —[yi-log(9:) + (1 —y;) - log(1 —P)].
The loss will decrease when J; is close to 1 if the true label is y; = 1 and when J; is close to
0 if the true label is y; = 0. For a dataset with N samples, the total loss is calculated using the

following average.

N
1

(7) Lpce =~ —[yilog(9:) + (1 —y;) - log(1 — )]
i=1

BCE is widely used for binary classification because it conforms to the Bernoulli probabilistic
model, making it mathematically equivalent to maximum likelihood estimation (MLE) in binary
distributions. L2 regularization (weight decay) was applied to specific layers to penalize large

weights. The total loss function is defined as
(8) Liotar = Lpce + AZ w?,
i

where w; is the network weight, and A is the regularization coefficient. This regularization
encourages an even distribution of weights, simplifying the model and enabling better
generalization. Additionally, early stopping is implemented as a callback, serving as a mechanism
for the early termination of the training process if the loss value in the validation data does not
manifest a significant improvement after a specified number of epochs. Early stopping can be

conceptualized as an optimal time selection function, denoted by t*.
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9) t* =arg mtin L, (0).

Here, L,4;(t) denotes the validation loss value at epoch t. This process yields a tuned model that
achieves higher classification accuracy without increasing network complexity. Collectively, the
baseline and tuned versions of Custom LiteBinaryNet demonstrate a trade-off between
computational efficiency and prediction accuracy in detecting handwriting patterns of children
with dyslexia. Furthermore, the model training process adopted the Adam (Adaptive Moment
Estimation) algorithm as the optimization method. Adam generated adaptive and efficient
parameter updates, thus assisting the performance of the Custom LiteBinaryNet architecture in
predicting the handwriting of children with and without dyslexia.

Moreover, the Custom LiteBinaryNet architecture was developed as a probabilistic predictive
model, rather than as a simple binary classifier. This model produces both discrete labels indicating
whether a child has dyslexia or not and continuous probability scores representing the likelihood
that a child has dyslexia based on handwriting input. Thus, this approach enables the system to
function as a screening tool that provides more informative risk estimates than conventional binary
outputs.

2.6 Evaluation Metrics

Model performance is evaluated using accuracy, precision, recall, F1-score, receiver operating

characteristic (ROC) curve, and area under the curve (AUC), which are calculated from the

confusion matrix. The calculation formulas are as follows in Egs. (10) to (13):

(10) A _ TP+ TN
Y =TP Y TN + FP + FN’
TP
11 ision = ——
(11) Precision TP + FP
(12) Recall = e
=T Y FN
Precision - Recall
(13) F1 — score =

Precision + Recall’

In this case, TP (true positive) and TN (true negative) represent the number of accurate
predictions for the positive and negative classes, respectively. FP (false positive) and FN (false
negative) indicate the number of incorrect predictions. Accuracy measures the proportion of
correct predictions compared to all test data. Precision shows the accuracy of the model in

classifying positive samples. Recall (sensitivity) measures the model's ability to detect correct
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positive samples to avoid false negative cases. F1-score is a measure that balances precision and
recall to assess model performance when the data is imbalanced. These metrics provide a
comprehensive overview of the model's performance. Additionally, the ROC curve is constructed

from pairs of true positive rate (TPR) and false positive rate (FPR) values at various thresholds t.

TP(7) True positives
(14) TPR(7) = = —
TP(t) + FN(t) All actual positives
FP(t False positives
(15) FPR(7) = @© P

FP(t) + TN(7) ~ All actual negatives’
By varying t from 0 to 1, the ROC curve is obtained as follows

(16) ROC = {(FPR(7), TP(7))|r € [0,1]}.

The area under the ROC curve is defined as

(17) AUC = [ TPR(FPR™'(1)) d<
The AUC value lies within the range of [0,1], where higher values reflect a greater discriminatory
capacity of the model. In the context of early dyslexia screening, AUC serves as a metric for
evaluating the reliability of the Custom LiteBinaryNet model, particularly in capturing the trade-
off between sensitivity and specificity.
2.7 Explainable Artificial Intelligence (XAI)

The CNN architecture has proven effective in extracting features and performing classification
on visual data via convolution layers, pooling, and fully connected layers. However, this model
frequently poses interpretability challenges due to the high computational demands of CNNs,
which hinder the transparent understanding of the connection between the input and output [14].
Building on these challenges, XAl has been developed to improve the transparency, interpretability,
and trustworthiness of Al models [16], [28].

One of the primary objectives of this study is to integrate XAl and CNN to enhance the
interpretability of the CNN model architecture, particularly the Custom LiteBinaryNet. In the
framework of handwriting prediction, it becomes suitable to apply the XAI post-hoc techniques,
such as Grad-CAM and OSA. The main idea behind Grad-CAM is to use the gradient information
from the target class score against the feature map on the last convolutional layer. Grad-CAM
generates a heatmap highlighting the areas of an image most influential to a CNN's decision [29].
For instance, Grad-CAM can demonstrate that the model focuses more on the lower curve than the

vertical stem of the letter "b." This visualization allows researchers to evaluate the importance of
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the features extracted by the CNN and provides a clearer interpretation of the classification process.
Meanwhile, OSA is a feature attribution-based post-hoc explanation method that evaluates the
contribution of each part of the input to the model’s prediction by occluding small regions of the
input image. It operates by systematically masking portions of the image and measuring the
corresponding changes in the model’s prediction. The more critical a region is for the model’s

decision, the larger the decrease in the prediction score when that region is occluded.

Dryzlexic Handwriting Non-dyslexic (Normal)
Dataset Handwrniting Dataset

Data Preprocessing:
Auto-orientation, grayscale conversion,
color nversion, resizing, and normalization

Preprocessed
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Train set (70%)

Validation set (17.5%)

Test set (12.5%)

Model Training and Validation

Standard CNN
(Lenet-3 Model): |
— Default data augmentation and True Model E_:\"ﬂlllil_iﬂﬂ:
default hyperparameter setting Label |, Confirsion matrix,
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T m'ld The CNN Tuned Custom
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FIGURE 6. XAI-driven Custom LiteBinaryNet-CNN flowchart for dyslexia handwriting prediction
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The proposed XAl-based CNN framework for predicting dyslexic handwriting is exhibited in
the flowchart in Figure 6. The process begins with data preprocessing, including auto-orientation,
grayscale conversion, color inversion, rescaling, and normalization, followed by splitting the
dataset into training, validation, and test data. The baseline Custom LiteBinaryNet model with
basic augmentation and the tuned Custom LiteBinaryNet model with aggressive augmentation and
hyperparameter optimization are compared with the standard LeNet-5 model employed as a
conventional CNN benchmark. The LeNet-5 architecture consists of two convolutional layers with
5 % 5 kernels, a subsampling layer with average pooling, and two fully connected layers with
sigmoid/tanh activation functions, without using dropout regularization or hyperparameter tuning

[30].

3. MAIN RESULTS

This section presents the findings of the proposed XAl-driven Custom LiteBinaryNet for
dyslexic handwriting prediction. The results are further compared with previous studies to
highlight methodological improvements and practical relevance in educational and clinical
contexts
3.1 Experimental Environment

The experiment was conducted in a computing environment with an NVIDIA A100-SXM4-
40GB GPU (40 GB VRAM) and CUDA 12.4 support. It was implemented using Python 3.10,
TensorFlow 2.12, and Keras 2.12.

3.2 Custom LiteBinaryNet Model Training Results

The Custom LiteBinaryNet model was trained to classify handwritten images of children with
and without dyslexia. During this process, key metrics, including training accuracy, validation
accuracy, and loss values, were generated and used to monitor the model's stability and
generalization capabilities. The training results curve depicted the convergence dynamics of the
model from one epoch to the next. These results are used to evaluate the final model before testing
on the test dataset.

The accuracy curves in Figure 7 provide a clear comparison of the three models. The LeNet-5
Model achieves moderate performance, with a maximum training accuracy of approximately 0.719,
while the validation accuracy remains relatively stable around 0.67-0.68, suggesting that the
model can learn the training data but with limited ability to generalize. The baseline model

achieves a considerably higher training accuracy, exceeding 0.90. However, the validation
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accuracy fluctuates significantly and does not follow the training trend, which strongly indicates
overfitting. In contrast, the tuned model demonstrates consistent improvement, as training
accuracy stabilizes at around 0.85, and validation accuracy increases progressively, surpassing
0.80 by the final epochs. These results highlight that the tuned model achieves the best trade-off
between training performance and validation stability, thereby providing the best generalization
capability compared to the other two models.

LeNet-5 Model accuracy Baseline Model accuracy Tuned Model accuracy

1 W W,
/N \ / | | ono \// \ /,“‘ \ ‘;‘/

— training — training \ / — training
validat
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FIGURE 7. Comparison of training and validation accuracy curves across three models: (a) LeNet-
5 model, (b) baseline Custom LiteBinaryNet model, and (c) tuned Custom LiteBinaryNet model,
across 15 training epochs

The loss curves in Figure 8 further support the findings from the accuracy analysis. For the
LeNet-5 model, training loss decreases steadily with epochs, while validation loss remains
relatively flat, which indicates limited overfitting but insufficient improvement on unseen data.
The baseline model shows a sharp reduction in training loss, whereas validation loss remains
nearly constant across epochs, which confirms the presence of overfitting observed in the accuracy
curves. In contrast, the tuned model presents a steady decrease in training loss together with stable
validation loss. Although the validation loss does not decrease significantly, the model's stability
is enhanced. In addition, the steadily increasing validation accuracy suggests that the model is

better optimized and more robust.
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LeNet-5 Model Loss Baseline Model Loss Tuned Model Loss
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FIGURE 8. Comparison of training and validation loss curves across three models: (a) LeNet-5
model, (b) baseline Custom LiteBinaryNet model, and (¢) tuned Custom LiteBinaryNet model,
across 15 training epochs

The quantitative results in Table 2 reinforce these observations. The LeNet-5 model exhibits
relatively low training from 0.603 to 0.719 and validation accuracies range from 0.510 to
0.617, with a minimal train-validation gap of about 0.001, which reflects limited learning
capacity. The baseline model achieves higher accuracies (training 0.656 — 0.906 and validation
0.673 — 0.824), but the train-validation gap is the widest, reaching about 0.097, which
substantiates the overfitting behavior observed in Figures 7 and 8. The tuned model, on the other
hand, reaches the highest accuracy ranges (0.688 — 0.875 for training and 0.535 — 0.810 for
validation), with a moderate train-validation gap of about 0.064, indicating a better compromise
between learning and generalization.

In terms of model complexity, the standard (LeNet-5) model has 25.61 million parameters
with a storage size of 97.71 MB. Despite its large parameter count, the model shows relatively
limited accuracy improvement and almost no train-validation gap (~0.001), suggesting
underfitting due to inefficient parameter utilization. The baseline model is more compact, with
13.07 million parameters and a storage size of 49.88 MB. However, the reduced complexity
comes at the cost of overfitting, as indicated by the wide train-validation accuracy gap (~0.097).
The tuned model represents the most complex configuration, with 39.22 million parameters and

a storage requirement of 149.64 MB. Despite this larger size, the model demonstrates the best
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trade-off between accuracy and generalization, supported by the integration of customized
regularization and systematic hyperparameter tuning. Techniques such as dropout, L2 weight
decay, and early stopping were employed to mitigate overfitting by preventing the model from
relying excessively on specific neurons, penalizing large weights, and halting training once
validation performance stagnated. Furthermore, hyperparameter tuning was carried out through
targeted adjustments of key parameters, including the learning rate, batch size, number of filters,
kernel size, and regularization strength. This combination of strategies led to a model that not only
achieved higher accuracy but also maintained more stable validation loss, thereby striking an
optimal balance between learning capacity and generalization.

TABLE 2. COMPARISON OF MODEL TRAINING RESULTS

Aspects Standard (LeNet-5) model Baseline model Tuned model
Training accuracy (min—max) 0.603 —0.719 0.656 — 0.906 0.688 — 0.875
Validation accuracy (min—max) 0.664 — 0.669 0.673 — 0.824 0.535 - 0.810
Last epoch accuracy (train/val) 0.668/0.667 0.806/0.709 0.838/0.774
Last epoch loss (train/val) 0.653/0.644 0.409/0.692 0.377/0.689
Gap train—val accuracy ~0.001 ~0.097 ~0.064
Trainable parameters 25,613,494 13,075,937 13,075,937
Non-trainable parameters 0 0 0
Total parameters 25,613,494 13,075,937 39,227,813
Model size (storage) 97.71 MB 49.88 MB 149.64 MB

Generally, the comparative analysis demonstrates that increasing model complexity alone, as in
the baseline model, does not guarantee improved performance, as it may exacerbate overfitting.
Instead, incorporating regularization techniques alongside hyperparameter optimization yields a
tuned model that achieves superior predictive accuracy, enhanced stability, and robust
generalization. From a practical standpoint, these findings highlight the critical role of careful
model tuning in producing architectures suitable for deployment in real-world applications, while
from a theoretical perspective, they reinforce the importance of principled regularization in the
mathematical modeling of neural networks.

3.3 Comparative Performance Evaluation of the Custom LiteBinaryNet

To further examine the classification capability of the proposed Custom LiteBinaryNet model,
a confusion matrix analysis is conducted and compared against the standard LeNet-5 and the
baseline configuration. Confusion matrices enable a more detailed inspection of class-level
predictions by highlighting the distribution of true positives, false positives, true negatives, and

false negatives. This comparison is crucial in the context of dyslexia prediction, where
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misclassification of either normal or dyslexic cases could lead to significant practical implications.
Figure 9 illustrates the confusion matrices of the three evaluated models, providing a visual
comparison of their predictive reliability and error distribution.

Standard Model (Lenet-5) Confusion Matrix Baseline Model Confusion Matrix Tuned Model Confusion Matrix
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FIGURE 9. Confusion matrices of the three evaluated models: (a) LeNet-5 model, (b) baseline
Custom LiteBinaryNet model, and (c) tuned custom LiteBinaryNet model

Figure 9 compares classification performance across models for dyslexia prediction. The
LeNet-5 (a) exhibits poor separation between normal and dyslexic classes, with high
misclassification of normal samples as dyslexic. The baseline Custom LiteBinaryNet (b) improves
class balance with fewer false negatives, though misclassification of normal cases remains
considerable. The tuned Custom LiteBinaryNet (c) achieves the most balanced performance,
reducing both false positives and false negatives, thereby yielding the highest predictive reliability.
From the confusion matrices, LeNet-5 misclassifies a substantial proportion of normal cases (178
out of 234) as dyslexic, leading to low specificity and an overall accuracy of 60.49%. The
Baseline Custom LiteBinaryNet markedly reduces this misclassification, correctly identifying
153 normal cases and 391 dyslexic cases, resulting in an improved accuracy of 78.73%. The
Tuned Custom LiteBinaryNet further enhances classification, correctly predicting 186 normal
and 390 dyslexic samples with only minor misclassifications, thereby achieving the highest
accuracy of 83.36%. These results confirm that the tuned model provides the best trade-off
between sensitivity and specificity, while ensuring more reliable dyslexia prediction compared to
both LeNet-5 and the baseline model.

TABLE 3. COMPARISON OF MODEL EVALUATION METRICS

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
LeNet-5 60.49 67.04 79.21 72.62
Baseline 78.73 82.84 85.56 84.18

Tuned 83.36 89.04 85.34 87.15
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The evaluation results in Table 3 show that the LeNet-5 model achieved only 60.49% accuracy
with an Fl-score of 72.62%, highlighting its limitations in handling dyslexia classification tasks.
The baseline Custom LiteBinaryNet demonstrated a substantial improvement, reaching 78.73%
accuracy and an F1-score of 84.18%, which indicates that a lighter architecture with regularization
provides better generalization. The tuned Custom LiteBinaryNet achieved the best performance
with 83.36% accuracy and an F1-score of 87.15%, while its precision reached 89.04% and recall
reached 85.34%, showing more balanced predictive capability. These results confirm that
hyperparameter optimization plays a critical role in enhancing model performance, making the
tuned Custom LiteBinaryNet more reliable for dyslexia prediction compared to the other two
models.

In addition, the predictive reliability of the models was further assessed through ROC curves
and their corresponding AUC values. These metrics provide a comprehensive evaluation by
capturing the trade-off between sensitivity and specificity across varying thresholds. The ROC and
AUC analysis highlights significant performance differences among the three models. The
standard LeNet-5 model shows limited discriminative capability with an AUC of 0.56, indicating
performance close to random guessing. The baseline Custom LiteBinaryNet substantially
improves the classification with an AUC of 0.87, reflecting the effectiveness of adopting a lighter
architecture with regularization. The tuned Custom LiteBinaryNet achieves the highest AUC of
0.91, confirming that hyperparameter optimization further strengthens the model’s ability to
separate positive and negative cases. These findings emphasize that the tuned Custom
LiteBinaryNet not only achieves the best accuracy and loss performance but also delivers superior

robustness in terms of overall discriminative power.

Receiver Operating Characteristic (ROC) Curve-Standard Model (Lenet-5) Receiver Operating Characteristic (ROC) Curve-Baseline Model Receiver Operating Characteristic (ROC) Curve - Tuned Model

FIGURE 10. ROC curves of the three evaluated models: (a) LeNet-5 model, (b) baseline Custom

LiteBinaryNet model, and (c¢) tuned custom LiteBinaryNet model
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However, the superior performance of the tuned Custom LiteBinaryNet cannot be explained by
numerical metrics alone, as these do not fully reflect the complexity of the model’s learning process
in handwriting recognition. To provide deeper insights, feature maps were visualized across
convolution and pooling layers. As shown in Figure 11, the tuned model progressively extracts
discriminative features from the image of the letter “K,” starting with the global outline in the early
layers and advancing to more abstract spatial representations in the deeper layers. This hierarchical
process enables the network to refine simple shapes, such as lines and branches resembling “K” or
“X,” into complex patterns that capture distortions commonly found in dyslexic handwriting.
These include disproportionate letter sizes, inconsistent strokes, unstable slanting, and letter
reversals, where letters deviate from standard forms or appear with incorrect orientation. Such
features, often observed in children with dyslexia, provide a crucial basis for distinguishing

between typical and dyslexic handwriting [7], [31].
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FIGURE 11. Feature map visualization of CNN layers in the Custom LiteBinaryNet architecture for
the letter “K”

In the context of dyslexia detection, the hierarchical mechanism is a pertinent factor, as it
enables the model to recognize variations in letter shapes and distinctive handwriting patterns,
such as disproportionate letter sizes, inconsistent strokes, unstable slanting, and distorted shapes.

Such distortions manifest in the form of letters deviating from the standard shape, incorrect
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orientation, or letter reversal, as exemplified by the letter "K" written with reversal, as seen in the
original image. These patterns are common characteristics of the handwriting of children with
dyslexia and are an important basis for the model to distinguish normal handwriting from dyslexic
handwriting.
3.4 Prediction Results of the Custom LiteBinaryNet Model

Among the three evaluated models, the tuned Custom LiteBinaryNet demonstrated the most
balanced and consistent performance, making it the most reliable for further analysis. Focusing on
this model ensures that the prediction results accurately reflect its ability to recognize handwriting
patterns associated with dyslexia, while avoiding potential biases from less optimized architectures.
A visual representation of classification outcomes is therefore provided to observe how the model
performs at the individual sample level. As illustrated in Figure 12, the predictions are displayed
alongside labels and probability scores, where values approaching 1 indicate strong confidence in

identifying a sample as dyslexic, and lower values correspond to normal handwriting.
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FIGURE 12. The tuned Custom LiteBinaryNet model prediction on handwritten samples

The tuned Custom LiteBinaryNet model, a machine learning algorithm designed to distinguish
dyslexic and normal handwriting, utilizes distinctive letter shape features to achieve this distinction.
In the context of dyslexic handwriting styles, observable characteristics include distorted and
disproportionate letter shapes, as well as inconsistent stroke directionality. Examples of such errors
include letters with excessively slanted, broken, or seemingly similar strokes that appear as other
letters. Conversely, normal handwriting is characterized by stable, proportional letter shapes and
consistent stroke directions, which leads to a lower classification probability within the dyslexia
category. The model's classification is predicated on the assumption that the distinguishing factors

include spatial characteristics, such as letter size, line straightness, curve consistency, and
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structural regularity. Following the presentation of true predictions on numerous handwriting
samples, it is imperative to examine instances of misclassification that arise within the model. This
analysis offers insight into the model's limitations by examining its misclassification and
highlighting its inability to recognize particular handwriting patterns and identify features prone

to ambiguity.

Examples of False Positives (Predicted: Dyslexic, True: Normal):
Prob Dyslexic: 0.67 Prob Dyslexic: 0.67 Prob Dyslexic: 0.65 Prob Dyslexic: 0.82 Prob Dyslexic: 0,69

(a)

Examples of False Megatives (Predicted: wormal, True: Dyslexic):
Prob Dyslexic: 0.34 Prob Dyslexic: 0.47 Prob Dyslexic: 0.32 Prob Dyslexic: 0.34 Prob Dyslexic: 0.21

(b)

FIGURE 13. Examples of false positives and false negatives in the tuned Custom LiteBinaryNet
model predictions

Despite the tuned Custom LiteBinaryNet model's promising performance in differentiating
between normal and dyslexic handwriting, the visualization outcomes depicted in Figure 13 reveal
instances of ambiguity that pose significant challenges for classification. The examples of false
positives, where normal handwriting was incorrectly predicted as dyslexic, and false negatives,
where dyslexic handwriting was classified as normal, highlight this limitation. These errors are
particularly evident in letters with unusual shapes, distorted contours, or variations in strokes that
visually resemble dyslexic handwriting, even when originating from normal samples. Conversely,
some dyslexic letters displaying only mild distortions or subtle differences in slant are mistakenly
identified as normal. Such patterns suggest that the model's predictions are influenced by

overlapping discriminative features between normal and dyslexic handwriting, especially when
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irregularities are not pronounced enough to trigger a confident dyslexia prediction. To mitigate
these errors, a comprehensive strategy is required, including hard example mining, data
augmentation specifically tailored to dyslexic handwriting patterns, and the incorporation of
supplementary features such as stroke direction and letter irregularity. By refining the feature space
in this way, the model could move beyond general shape recognition and demonstrate heightened
sensitivity to the subtle handwriting variations that often serve as critical indicators of dyslexia.
3.5 XAl-driven Custom LiteBinaryNet results

The performance of the Custom LiteBinaryNet model demonstrates the potential for favorable
outcomes. Nevertheless, the exclusive reliance on quantitative metric evaluation may not provide
a comprehensive understanding of the model's decision-making processes. In this regard, XAlI-
based analysis is employed to identify specific regions of the handwriting that are prioritized by
the model. The visual explanation enables the evaluation of the concordance between the model's
predictions and the observed patterns in the handwriting of dyslexic children. This approach offers

intuitive explanations, thereby enhancing the interpretability of the classification results.

Index: 485, True Label: Normal, Predicted Label: Normal, Predicted Probablllty 0.4800 Index: 259, True Label: Dyslexic, Predicted Label: Dys\ex:c Predicted Probab

Index: 623, True Label: Normal, Predicted Label: Dyslexic, Predicted Probability: 0.5949 Index: 299, True Label: Dyslexic, Predicted Label: Normal, Predicted Probability: 0.4361

III

FIGURE 14. Grad-CAM visualization for dyslexia prediction through handwriting classification

The Grad-CAM visualization in Figure 14 illustrates how the tuned Custom LiteBinaryNet
model directs its attention when classifying handwriting samples of dyslexic and normal children.
For correctly classified cases, the heatmaps show strong activation along the primary structures of
the letters, such as dominant curves and consistent horizontal strokes, which enables the model to
capture meaningful patterns and produce accurate predictions. In contrast, misclassified cases

reveal clear deviations in attention. False positives occur when the model emphasizes peripheral
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edges or additional visual artifacts that resemble dyslexic features, causing normal handwriting to
be incorrectly labeled. False negatives appear when activation is concentrated on less informative
fragments of the letter, which prevents the model from recognizing the distinctive distortions of
dyslexic handwriting, such as irregular shapes, unstable strokes, or letter reversals. These findings
suggest that although CNNs can extract discriminative handwriting features, they remain
vulnerable to overlapping patterns between classes.

The Grad-CAM heatmaps not only provide interpretability by revealing the model’s focal
regions but also highlight attention biases that contribute to classification errors. Such insights are
valuable for guiding improvements in architecture design and the application of targeted data
augmentation strategies. Building on this interpretive analysis, the subsequent step involved
occlusion sensitivity mapping to further evaluate the contribution of each image component to the

model’s classification decisions.

Index: 485, True Label: Normal, Predicted Label: Normal, Index: 259, True Label: Dyslexic, Predicted Label: Dyslexic,
Predicted Probability: 0.4800 Predicted Probability: 0.9558

Index: 623, True Label: Normal, Predicted Label: Dyslexic, Index: 299, True Label: Dyslexic, Predicted Label: Normal,
predicted Probability: 0.5949 Predicted Probability: 0.4361

FIGURE 15. Occlusion sensitivity map visualization in handwriting classification of dyslexic and
normal children

Figure 15 displays the prediction results of a handwriting classification model using the
Occlusion Sensitivity method. Each output shows the original image (left) and the occlusion
sensitivity map (right). Figure 15(a) presents correct predictions, classified as true positive or true
negative, while Figure 15(b) exhibits incorrect predictions, classified as false positive or false
negative. The intensity of the red color on the sensitivity map indicates the areas of the letter that

most influence the model's decision. The occlusion sensitivity map visualization illustrates how
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the CNN model utilizes specific components of the letter image to generate predictions. Moreover,
in the handwriting example delineated in Figure 15(a), the model exhibits the capacity to furnish
correct predictions for both normal and dyslexic handwriting. The sensitivity map provides a visual
representation of the relevant features of the letter, including the main curves and horizontal lines.
These features are identified as significant elements in the analysis and are considered
discriminatory characteristics. In contrast, misclassification occurs in Fig. 16(b). A false positive
prediction is characterized by an excessive allocation of model attention to additional areas or
edges of the letter that bear resemblance to the predominant pattern characteristic of dyslexic
handwriting. As a consequence, this leads to an incorrectly predicted normal handwriting. A false-
negative prediction is characterized by the model's inability to discern specific characteristics of
dyslexic handwriting, such as unstable shapes or additional strokes. Instead, the model's attention
is fragmented on smaller, less relevant parts of the letter, resulting in a misclassification. Generally,
the occlusion sensitivity map explains that the model's performance is contingent on its ability to
prioritize informative regions of the letters, thereby highlighting its deficiencies in accommodating
shape variations across classes.

The findings derived from the XAl-driven CNN with the Custom LiteBinaryNet model yield a
visual representation that accentuates the handwriting elements that exert a pronounced influence
on the classification process. Grad-CAM projects the model's focus on specific parts of the letter
that are considered discriminatory, while Occlusion Sensitivity demonstrates the change in
prediction when part of the image is occluded. The integration of these two approaches generates
a coherent representation that the model assimilates, demonstrating its capacity to discern not only
the global configuration of the letter but also the local characteristics, such as stroke direction, line
proportions, and distortion patterns that are characteristic of the handwriting of children diagnosed
with dyslexia.

3.6 Implications and Limitations

The findings of this study show that the proposed XAlI-driven Custom LiteBinaryNet functions
as a lightweight CNN architecture that effectively predicts handwriting patterns in children with
and without dyslexia from a neurocognitive perspective. The model not only classifies handwriting
with consistent accuracy but also reflects underlying neurocognitive mechanisms associated with
dysgraphia related behaviors such as irregular letter formation, spacing inconsistencies, and motor

instability. Its compact structure allows efficient computation even with limited datasets while
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maintaining high predictive performance. In addition, the use of XAI methods such as Grad CAM
and Occlusion Sensitivity enhances model transparency by revealing spatial attention regions that
correspond to neurocognitive handwriting traits. These visual explanations illustrate the difference
in attention patterns between correct and incorrect predictions, contributing to a more interpretable
understanding of how dyslexia affects handwriting.

From an applied perspective, this study carries important implications for education and
healthcare, particularly in supporting early neurocognitive screening for dyslexia. XAl-driven
Custom LiteBinaryNet provides both quantitative prediction results and visual explanations that
can be interpreted by educators, psychologists, and clinicians. This strengthens its role as a
practical diagnostic support tool that connects computational predictions with neurocognitive
insights. Furthermore, because of its lightweight nature, the model can be implemented on devices
with limited resources, such as tablets or school-based digital learning platforms, making it suitable
for early screening applications in educational environments.

However, several limitations should be noted. First, the study relies on secondary data, which
limits control over the accuracy of annotation and the neurocognitive validity of the labels. Second,
the dataset lacks demographic diversity, which restricts the generalization of findings across
broader populations. Third, the neurocognitive interpretations generated by the model have not yet
been systematically validated by experts in cognitive psychology or neuroscience.

Future research is encouraged to develop more representative datasets that capture the
neurocognitive variability of dyslexic children. Combining handwriting data with multimodal
sources such as writing dynamics, eye movement, or neural activity recordings may further
enhance model accuracy and neurocognitive interpretability. Exploring additional XAl techniques,
such as Layer-wise Relevance Propagation or SHAP, could also strengthen the understanding of
the relationship between brain processes and handwriting behavior. Finally, validation in real
educational and clinical settings is essential to evaluate the ethical, practical, and diagnostic

implications of Al-based neurocognitive prediction systems for dyslexia.

4. CONCLUSION

This study developed a Custom LiteBinaryNet-based CNN model capable of performing
neurocognitive prediction of dyslexia through handwriting analysis. Compared with the
conventional LeNet-5 benchmark, the proposed architecture demonstrated superior performance

and computational efficiency, achieving an accuracy of 83.82%. The integration of XAl methods,



32
LESTARI, WINARNI, PRIHANDHIKA, NUGRAHA, YUDHANEGARA

including Grad-CAM and Occlusion Sensitivity, provided transparent neurocognitive
interpretability by visualizing attention regions corresponding to letter structures and motor control
patterns. Correct predictions reflected focused activation on stable features, while errors revealed
dispersed attention consistent with dysgraphic irregularities. These results indicate that the XAI-
driven Custom LiteBinaryNet not only enhances predictive performance but also bridges deep
learning with neurocognitive understanding of handwriting formation. Consequently, this
framework offers a practical, interpretable, and efficient approach to early dyslexia prediction,
supporting educational and clinical decision-making with transparent, neurocognitively

meaningful insights.
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