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Abstract. Dyslexia is a neurological disorder associated with difficul-
ties in reading and decoding. Neuroimaging studies have shown that in-
dividuals with dyslexia exhibit altered brain connectivity during reading-
related tasks. However, existing works have not studied the temporal dy-
namics of neural interactions during reading tasks. This study integrates
Dynamic Functional Connectivity (DFC) analysis with Explainable Ar-
tificial Intelligence (XAI) to investigate dyslexia-related alterations in
brain networks using task-based fMRI (functional Magnetic Resonance
Imaging) data. Sliding window-based ROI-to-ROI connectivity features
were extracted from 200 cortical parcels for classification. SHapley Ad-
ditive exPlanations (SHAP) were employed to identify the most infor-
mative connectivity patterns. The proposed framework achieved a clas-
sification accuracy of 0.758 £ 0.091 using XGBoost. A gender-stratified
evaluation further revealed differences in classification performance, with
RBF-SVM achieving 0.819 + 0.053 for males and XGBoost achieving
0.840 4 0.150 for females. SHAP analysis identified connectivity involv-
ing left-hemisphere language-related and parietal regions, and their con-
nectivity with default mode, salience, and cognitive control networks,
as key discriminative features for dyslexia classification. These findings
support interpretable dyslexia screening and highlight the importance of
gender-specific evaluation in neuroimaging-based dyslexia classification.
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1 Introduction

Dyslexia is a learning disorder characterized by reading difficulties that can lead
to long-term academic, emotional, and social consequences [8]. It affects up to
17.5% of children and is associated with alterations in brain connectivity during
reading and language-related tasks [6]. Understanding these neural differences
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is critical for supporting educators and clinicians in providing appropriate inter-
ventions. Functional magnetic resonance imaging (fMRI) enables the investiga-
tion by analyzing brain activity and connectivity patterns during reading tasks
[15]. However, most studies rely on static functional connectivity, which captures
average connectivity patterns but does not represent the temporal dynamics of
neural interactions that occur during reading [10, 1, 2]. Dynamic Functional Con-
nectivity (DFC) addresses this limitation by modeling time-varying changes in
brain connectivity during reading.

Machine learning models applied to dyslexia classification operate as black boxes,
producing predictions without interpretable justification. In a clinical and educa-
tional screening context, interpretability is not optional, practitioners, educators,
and clinicians need to understand which neural patterns drive a classification de-
cision in order to trust and act on it. Explainable artificial intelligence (XAI)
methods bridge this gap by identifying the important connectivity features for
classification decisions. Integrating DFC with XAI enables the identification of
which brain connectivities are most discriminative for dyslexia, providing deeper
insight into the neural basis of reading difficulties.

Another limitation of existing studies is the assumption that all participants
exhibit similar connectivity patterns. Prior research has reported gender-related
differences in brain connectivity [14,17], suggesting that dyslexia-related neu-
ral signatures may vary between male and female participants. Consequently,
gender-stratified evaluation may provide a more informative characterization of
dyslexia-related connectivity patterns than a single population-level model.

In this work, we propose a framework that integrates Dynamic Functional
Connectivity analysis with SHAP (SHapley Additive exPlanations) to investi-
gate dyslexia-related alterations in brain networks using task-based fMRI data.
Time-varying ROI-to-ROI connectivity features are extracted and used for clas-
sification, while a gender-stratified evaluation examines whether classification
performance and connectivity signatures differ across genders. By identifying
the most discriminative ROI-to-ROI interactions and their temporal dynamics,
the proposed framework provides an interpretable characterization of dyslexia-
related brain connectivity.

The major contributions of this work are as follows:

— We extract time-varying ROI-to-ROI connectivity features from task-based
fMRI data and demonstrate their effectiveness for dyslexia classification.

— We introduce a gender-stratified evaluation framework that reveals differ-
ences in classification performance between male and female participants.

— We employ SHAP-based explainability to identify neurobiologically mean-
ingful connectivity patterns associated with dyslexia, providing interpretable
insights into classification decisions.

2 Related Work

Dyslexia classification has been extensively studied using both traditional di-
agnostic methods and machine learning approaches. Existing machine learn-
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Fig. 1: Overview of the proposed DFC-based dyslexia classification and explain-
ability framework.
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ing-based studies on dyslexia classification employ diverse data modalities, in-
cluding handwriting, eye-tracking, EEG, MRI, and fMRI [10],[2],[3],[9] to capture
behavioral, neural, and visual processing differences associated with dyslexia. In
this section, we focus on fMRI-based dyslexia classification studies.

Several studies have applied deep learning techniques to fMRI-based dyslexia
classification. CNN-based approaches typically treat fMRI volumes as images
by converting 3D scans into 2D slices and extracting deep features using archi-
tectures such as Bayesian-optimized CNNs, ShuffleNet V2, and MobileNet V3
[10, 1, 2]. Multimodal frameworks combining fMRI with MRI, diffusion MRI, or
EEG have also been explored, utilizing deep learning or ROI-based activation
features for dyslexia identification |2, 5].

Task-based and resting-state fMRI have also been explored for dyslexia classifi-
cation. Deep learning approaches, including 3D CNNs and CNN-LSTM architec-
tures, have been used to learn spatial and temporal patterns from reading-related
brain activity, while multimodal frameworks have combined structural MRI and
fMRI to improve classification performance [16, 7|. Functional connectivity-based
studies have further demonstrated the importance of interactions among large-
scale brain networks, particularly attention-related systems, for distinguishing
individuals with dyslexia from controls [13].

Although substantial research has been conducted on dyslexia detection, existing
studies lack interpretability of brain connectivity patterns during reading tasks,
and gender-specific evaluation remains underexplored in fMRI-based classifica-
tion. These limitations motivate the proposed framework, which integrates XAl
to interpret time-varying neural interactions during reading, alongside a gender-
stratified evaluation to examine differences in dyslexia-related brain connectivity
between male and female participants.

3 Methodology

3.1 Dataset Description and Preprocessing

The dataset [4] includes 3T fMRI data from 58 children (34 males, 24 females):
22 typical readers, 16 with isolated spelling deficits (SpD), and 20 with dyslexia.
Participants read 60 words and 60 pseudohomophones aloud in an event-related
design across three runs. For binary classification, typical readers and SpD chil-
dren were combined into a single control class. Preprocessing was performed
using fMRIPrep (version 23.2.1) with spatial normalization to MNI space. Fig-
ure 1 shows the overview of the proposed framework.
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3.2 Feature Extraction

DFC analysis was performed using the Schaefer 200 atlas [12] to define 200
cortical ROIs. For each ROI, voxel-wise BOLD (Blood-Oxygen-Level Dependent)
signals were averaged and z-score normalized. Time-varying connectivity was
captured using a sliding-window approach (window = 30 TRs, step = 1 TR),
with pairwise Pearson correlations computed within each window:

(w) _ A(w) A (w)
FC;;” = corr (:Ei T ) (1)
, where igw) and igw) denote the windowed, detrended, and z-score normalized
time series of ROIs ¢ and j, respectively. For each ROI pair (7, j), the temporal

mean and variance of the connectivity strength across all sliding windows were
calculated to characterize stable and dynamic connectivity patterns:
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, where W denotes the total number of sliding windows. p;; is the temporal
mean, and Ufj is the temporal variance.

To reduce redundancy, only the upper triangular elements of the connectivity
matrices (excluding the diagonal) were retained. The final feature vector for each
subject was constructed by concatenating the mean and variance values of all
unique ROI-ROI pairs and was used as input for subsequent machine learning
and explainability analyses.

DFC = [{uij}i;» {o3},)] (3)

3.3 Classification and Explainability

DFC features were used to classify subjects into dyslexia and control groups. A
5-fold stratified cross-validation was employed. Within each fold, features were
standardized and dimensionality was reduced using principal component analysis
(PCA) while retaining 99% of the variance. XGBoost was selected as the final
classifier because it achieved the highest classification performance among all
the evaluated machine learning models. It is modeled as an additive ensemble of
decision trees:

K
i =Y ful(xi) (4)
k=1

, where K denotes the number of trees and f; represents the k-th decision tree
in the ensemble. SHAP was applied to quantify feature contributions to model
predictions [11]:

d
f(m):¢o+z¢j (5)
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Fig.2: SHAP-important ROI-ROI connectivity features for dyslexia classifica-
tion

, where ¢ is the baseline expected output and ¢; is the contribution of feature
j. Gender-stratified models were further trained separately for male and female
participants to examine gender-specific classification performance and connec-
tivity patterns.

4 Results and Discussion

A systematic evaluation was conducted to assess the performance of the pro-
posed framework for dyslexia classification. All experiments were implemented
in Python using traditional machine learning models. XGBoost and RBF-SVM
classifiers were implemented using the Scikit-learn library, and SHAP was em-
ployed for feature importance visualization and model interpretation. A strati-
fied 5-fold cross-validation procedure was employed, with predictions aggregated
across folds such that each subject contributed exactly one prediction.

Table 1: Model-wise Classification Performance

Model Accuracy (Mean + Std)
Decision Tree 0.5394 + 0.1842
RBF-SVM 0.6667 £ 0.0332
Logistic Regression 0.6818 +0.1323
KNN 0.6848 £ 0.0680
XGBoost 0.7581 + 0.0913

Table 1 presents the classification performance across all evaluated models.
XGBoost achieved the highest mean accuracy of 0.758 + 0.091, demonstrating
superior performance compared to RBF-SVM (0.666 + 0.033), Logistic Regres-
sion (0.681 + 0.132), and KNN (0.684 & 0.068), while Decision Tree exhibited the
lowest performance (0.539 + 0.184). These results indicate that ensemble-based
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methods are more effective in capturing discriminative DFC patterns associ-
ated with dyslexia, likely due to their ability to model non-linear interactions
among time-varying connectivity features. Figure 2 illustrates the most influen-
tial ROI-ROI DFC features identified through SHAP analysis, ranked by their
mean absolute SHAP values. Both mean and variance measures of ROI-ROI
connectivity are identified as discriminative, where the mean captures sustained
coupling strength and the variance reflects temporal instability of neural con-
nectivity.

The most influential feature involves functional connectivity between the left
temporal default mode region (ROI 79: Default Temp 5) and the left medial
prefrontal default mode region (ROI 93: Default PFC_10). The left tempo-
ral default mode region is associated with semantic processing, language com-
prehension, and conceptual knowledge, whereas the left medial prefrontal de-
fault mode region is involved in self-referential processing, semantic memory
retrieval, and higher-order cognitive functions. Both regions are components of
the Default Mode Network (DMN), which has been reported to exhibit altered
functional connectivity in individuals with dyslexia, reflecting atypical integra-
tion of language-related and higher-order cognitive processes. Another impor-
tant feature involves functional connectivity between the left parietal control
region (ROI 64: Cont Par 3) and the left parietal default mode region (ROI
83: Default Par 4). The left parietal control region contributes to executive
control, attention allocation, and working memory, while the left parietal de-
fault mode region is associated with internally directed cognition and memory-
related processing. Altered functional connectivity between the executive con-
trol and default mode networks has been associated with the increased cogni-
tive effort and compensatory processing observed during reading in individu-
als with dyslexia. In addition, the variance of functional connectivity between
the left cingulate control region (ROI 73: Cont Cing 1) and the right medial
salience/ventral attention region (ROI 159: SalVentAttn Med 3) emerged as
an important discriminative feature. The left cingulate control region is involved
in cognitive control, conflict monitoring, and task regulation, whereas the right
medial salience/ventral attention region supports salience detection, attentional
reorientation, and dynamic switching between large-scale brain networks. Previ-
ous neuroimaging studies have reported atypical functional connectivity within
the cognitive control and salience networks in dyslexia, suggesting altered at-
tentional regulation and executive control during language and reading tasks.
Figure 3 illustrates group-wise ROI-ROI DFC differences between dyslexic and
control participants. In most cases, individuals with dyslexia exhibit higher mean
connectivity and greater temporal variability compared to controls, reflecting
widespread disruption across default mode, control, and attentional networks
characterized by increased and poorly regulated connectivity particularly within
left-hemisphere language networks.

Table 2 reports the gender-wise classification performance. The gender-wise
analysis shows that RBF-SVM achieves optimal performance for male partici-
pants (0.819 %+ 0.053), while XGBoost performs best for females (0.840 £ 0.150),
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Fig. 3: Group-wise differences in ROI-ROI connectivity between subjects with dyslexia
and typically developing controls

demonstrating that no single classifier uniformly captures dyslexia-related con-
nectivity patterns across genders. Furthermore, the gender-specific connectivity
pattern analysis shown in Figure 4 confirms that the underlying neural signatures
associated with dyslexia differ between male and female participants. This moti-
vates a broader personalization hierarchy for dyslexia classification. At the first
level, demographic-level personalization tailors feature extraction and classifier
selection to gender-based subgroups, as demonstrated in this work. At the second
level, age-stratified personalization would extend this framework to developmen-
tal subgroups. Age-wise connectivity patterns are visualized in Figure 5, a full
age-stratified classification analysis is not pursued here due to the limited number
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Fig. 4: Gender-wise differences in ROI-ROI connectivity patterns between control
and subjects with dyslexia
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Control Group: Age-wise ROI-ROI Connectivity

— Ages
Age 9

03 | /\\

01 ~.
A ~ A
ﬁ o o ©
2 pr

& © o
o 3 B By >
B & P & ks

Mean Connectivity Strength

"
o 5 &

4 s ks &
ROI-ROI Connection

(a) Control group

Dyslexia Group: Age-wise ROI-ROI Connectivity

—— Age 8
Age 9
Age 10
/\ N\
B o ® ® © ® o> ® © &
& & » b ; B
< & k4 & & & & &

Mean Connectivity Strength
e o o o o o
28 8 8 & &

°
°

& &

(b) Dyslexia group
Fig.5: Age-wise differences in ROI-ROI Connectivity for Control and Dyslexia
groups

of subjects per age group in the present dataset At the third level, individual-
level personalization would involve dedicated pipelines per participant, requiring
substantially larger longitudinal datasets than currently available, and is identi-
fied as an important future direction.

Table 2: Gender-wise Classification Performance

Gender| Model |Accuracy (Mean + Std)
Male RBF-SVM 0.819 + 0.053
Male | XGBoost 0.690 + 0.051
Female | RBF-SVM 0.750 £ 0.150
Female| XGBoost 0.840 £0.150

5 Conclusion

This work analyzes dynamic functional connectivity for dyslexia—control classi-
fication using machine learning with SHAP-based interpretability. The results
demonstrate that classification is primarily influenced by functional connectivity
within left-hemisphere language-related and parietal regions, and their connec-
tivity with the default mode, executive control, and salience/attention networks.
SHAP analysis identified both the mean and variance of dynamic functional con-
nectivity as important discriminative features, suggesting that both sustained
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connectivity patterns and their temporal variability contribute to distinguishing
individuals with dyslexia from typical controls. Beyond overall classification, this
study advances personalized dyslexia modeling through gender-stratified evalu-
ation, showing that different classifiers and distinct connectivity patterns for
males and females underscore the value of demographic-aware approaches as a
principled first step toward broader personalization frameworks.
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