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Abstract

Reading speed is hypothesized to have distinct neural signatures across orthographically
diverse languages, yet cross-linguistic evidence remains limited. We investigated this by
classifying speed readers versus regular readers among Sinhalese and Japanese adults
(n = 142) using task-based fMRI and 35 supervised machine learning classifiers. Functional
activation was extracted from 12 reading-related cortical regions. We introduced Fuzzy C-
Means (FCM) clustering for data augmentation and Shapley additive explanations (SHAP)
for model interpretability, enabling evaluation of region-wise contributions to reading speed
classification. The best model, an FT-TABPFN network with FCM augmentation, achieved
81.1% test accuracy in the Combined cohort. In the Japanese-only cohort, Quadratic
SVM and Subspace KNN each reached 85.7% accuracy. SHAP analysis revealed that the
angular gyrus (AG) and inferior frontal gyrus (triangularis) were the strongest contributors
across cohorts. Additionally, the anterior supra marginal gyrus (ASMG) appeared as a
higher contributor in the Japanese-only cohort, while the posterior superior temporal
gyrus (PSTG) contributed strongly to both cohorts separately. However, the posterior
middle temporal gyrus (PMTG) showed less or no contribution to the model classification
in each cohort. These findings demonstrate the effectiveness of interpretable machine
learning for decoding reading speed, highlighting both universal neural predictors and
language-specific differences. Our study provides a novel, generalizable framework for
cross-linguistic neuroimaging analysis of reading proficiency.

Keywords: reading speed classification; fMRI; explainable AI (XAI); SHAP analysis; cross-
linguistic neuroimaging

1. Introduction
Functional Magnetic Resonance Imaging (fMRI) has emerged as a non-invasive tech-

nique to read out signals from the brain and interpret them to understand functional
tasks [1]. The signals extracted from blood-oxygen-level-dependent (BOLD) fMRI ac-
quisition have been a source of physiological information analysis in the vast field of
neuroimaging [2]. Within this scope, the task of reading, and especially speed reading,
has become a significant concern for researchers recently [3]. However, the quantitative
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extraction of signal values from the BOLD signal and its implications for focusing on the
speed-reading function are yet to be fully explored; hence, research regarding using eye-
tracking methodologies to examine how readers allocate visual attention across text [4,5],
the semantic processing of the brain, and the comprehension-based rating for reading [6,7]
have been conducted primarily for qualitative interpretations in previous research studies.

Reading is a complex cognitive process engaging distributed neural networks respon-
sible for visual processing, phonological decoding, and semantic integration [8]. Core
regions include the visual word-form area of the ventral occipitotemporal cortex (VWFA),
inferior frontal gyrus (IFG), superior temporal gyrus (STG), angular gyrus (AG), and mid-
dle temporal gyrus (MTG), which facilitate the translation of visual symbols into linguistic
representations necessary for comprehension [9,10]. Literacy acquisition fundamentally
reorganizes these networks, enhancing early visual processing in the occipital cortex,
increasing specialization within the VWFA for orthographic input, and strengthening
connectivity between phonological and graphemic representations [11,12]. Reading pro-
ficiency is supported by the integration of visual input with phonological and semantic
systems, and the efficient functioning of these networks is a hallmark of skilled readers [13].
Longitudinal studies reveal that as reading proficiency develops, there is increased left-
lateralization of activation within language-related regions, reflecting specialization for
rapid decoding and semantic processing [14]. Executive function regions, including the
prefrontal cortex, contribute to maintaining attention and working memory during reading,
further supporting reading fluency [15].

Fluent reading depends on coordinated activity across ventral and dorsal brain path-
ways. The ventral visual–lexical stream, centered in the left ventral occipitotemporal
cortex, supports rapid recognition of written forms and efficient access to lexical repre-
sentations. With increasing reading experience, this pathway becomes more specialized
and automatic [12,16]. In contrast, dorsal temporo-parietal and inferior frontal regions
support phonological decoding, articulatory planning, and executive control during read-
ing. The degree to which these regions are engaged varies with task demands and reader
proficiency [17,18]. Neuroimaging studies of reading development and training show that
higher reading fluency is associated with changes in how these systems interact. Faster
reading typically involves reduced reliance on serial phonological processing and more
efficient ventral-stream processing [19–21]. Studies using sentence-level and naturalistic
reading tasks further demonstrate that fluent reading relies on dynamic interactions over
time. These interactions link visual word-form regions with higher-order semantic and
language networks during continuous comprehension [22–24].

1.1. Speed Reading and Neuroplasticity

Recent neuroimaging studies have delineated the fundamental reading network and
demonstrated that reading speed modulates activity in the occipitotemporal, temporo-
parietal, and inferior frontal regions. Traditional stimulus-rate and reading acceleration
paradigms reveal systematic rate effects in word reading involving temporal and frontal
language regions [20,25,26]. Furthermore, speed-reading interventions have been associ-
ated with reduced reliance on slower phonological pathways and altered engagement of
language circuits [21]. Recent studies into naturalistic or connected-text reading underscore
that fluency entails synchronized interactions between ventral visual–lexical areas and
advanced language or semantic systems [24,27].

Speed reading, whether achieved naturally or through training, appears to modulate
activity within these core reading networks. fMRI studies demonstrate that as reading
speed increases, activation within language-related regions, including the left STG, IFG,
and anterior temporal regions, often decreases, suggesting reduced reliance on phono-
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logical and syntactic processing during rapid reading [21,28]. Conversely, visuospatial
regions such as the right intraparietal sulcus exhibit increased activation, reflecting the
enhanced visuospatial processing demands associated with faster eye movements and
broader perceptual spans during speed reading [28]. Speed-reading training can induce
functional reorganization within language and attention networks. For instance, a study
demonstrated that after speed-reading training, participants exhibited decreased resting-
state connectivity between Broca’s area and its right-hemisphere homolog, potentially
reflecting reduced subvocalization during reading, a commonly cited mechanism for in-
creased reading speed [29]. Additionally, training may enhance connectivity with auditory
regions while decreasing coupling with memory-associated areas, supporting more direct
semantic access during reading [29]. In studies of children with reading difficulties, reading
acceleration training has been shown to enhance left-hemisphere activation, indicating
normalization of reading-related neural circuits [14,15]. Notably, training can also engage
compensatory mechanisms involving frontal executive networks, suggesting that effective
speed-reading training leverages both typical and compensatory pathways to support
reading fluency [15,30]. Recent research focusing on native Japanese readers undergoing
speed-reading tasks has demonstrated complex connectivity within the occipitotemporal
network, with increased effective connections from the inferior occipital gyrus to the VWFA
and modulation effects linked to reading speed [31]. These findings underscore the dynamic
reorganization of reading networks during speed reading, emphasizing the roles of both
visual processing pathways and higher-order language regions in facilitating increased
reading speeds. An fMRI study examining the differential effects of word presentation
rates (reading acceleration) on the brain activity patterns of dyslexic readers found no
significant differences in activation patterns between the two groups during ‘slow’ reading
of sentences and single words; meanwhile, ‘fast’ reading was associated with increased
activation in visual areas among normal readers [20].

The previous study results indicate that once reading has become fully automated,
fast and fluent reading is primarily controlled by the ventral reading system [32]. The left
hemisphere (LH) ventral system includes the clusters in the left inferior frontal gyrus pars
triangularis (IFGT) and orbitalis and the posterior middle temporal gyrus (PMTG), as well
as the left anterior temporal lobe and angular gyrus (AG) [30,33]. Furthermore, the left IFGT
supports semantic control and executive regulation of retrieval. Speed reading typically
shifts the balance of control demands by reducing phonological assembly and increasing
rapid integration, creating systematic group differences that a classifier can exploit [34].
AG, being a multimodal semantic integration hub, is repeatedly implicated in reading
and comprehension, which means that proficient reading across languages tends to recruit
this territory. Differences in semantic integration strategies, which show a preference for
speed in speed readers and a focus on deep comprehension in regular readers, plausibly
separate speed readers from regular readers [35,36]. In typical adult readers, increasing
the word presentation rate (150 → 240 → 600 wpm) produced greater activation in the
left MTG (peak −50, −46, 8), alongside visual cortices [27,37,38]. However, recent studies
of connectivity patterns reveal that this semantic integration hub tends to show stronger
functional coupling with orthographic areas (e.g., VWFA) in slower readers, consistent
with deeper semantic reliance, rather than in speed readers [24].

1.2. Cross-Linguistic Context

Cross-linguistic fMRI studies also show that the universal reading network is
modulated by script properties. In Japanese, for example, comparisons of Kana and
Kanji (and L2 script learning) reveal script-dependent shifts in occipito-temporal and
temporo-parietal engagement, consistent with differences in orthography–phonology
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mapping demands [39–41]. However, these studies typically use univariate contrasts
or group-level statistics. These studies rarely test whether multivariate neural features
can generalize across orthographies to identify reader types, nor do they quantify which
regions drive such classification in an interpretable way.

Orthographic and phonological differences across writing systems influence neu-
ral activation during reading, with cross-linguistic fMRI studies revealing both shared
and language-specific processing routes for alphabetic versus logographic scripts [42].
The script relativity hypothesis further posits that the visual characteristics of a writing
system influence cognitive strategies and brain networks, a view supported by focused
research agendas on script effects [43]. Bilingual neuroimaging experiments demonstrate
the dynamic recruitment of cognitive control regions during language membership con-
trol tasks, indicating that ML models of neural data must accommodate cross-language
interactions [44]. Despite this progress, a paucity of ML-driven studies remains on under-
represented scripts, such as Sinhala, highlighting a critical gap for future work.

Japanese uses a mixed script combining syllabaries, where each character represents a
full syllable, alongside logographic Kanji, borrowed from Chinese [45]. In contrast, Sinhala
employs an abugida, also called an alphasyllabary, rooted in the Brahmi script [46]. This
leads to distinctly different orthographic architectures. Japanese treats each syllabic unit
as an indivisible glyph, whereas Sinhala composes syllables from base consonant forms
modified by appended vowel signs.

1.3. Methodological Shift: ML and XAI

Machine learning has become central to cognitive neuroscience by enabling the discov-
ery of multivariate patterns in high-dimensional neural datasets that traditional univariate
analyses often overlook [47]. Early landmark work applied ML to decode perceptual
and semantic states from distributed fMRI activations using multi-voxel pattern analy-
sis (MVPA), achieving reliable classification of object categories and mental imagery [48].
Beyond classification, supervised ML serves four primary roles in systems neuroscience:
solving engineering problems (e.g., brain–computer interfaces), identifying predictive
biomarkers, benchmarking simple brain models, and providing abstract computational
models that inform theories of neural coding [47]. Recent advances extend ML to more
complex encoding and decoding frameworks. For instance, transfer learning from NLP-
task-specific representations has improved the prediction of fMRI responses to natural
language stimuli [49], while deep recurrent architectures, such as LSTM-based frameworks,
maintain interpretability via layer-wise relevance propagation [50].

Machine learning (ML) techniques have experienced rapid adoption in cognitive neu-
roscience due to their ability to detect complex, multivariate patterns in neural data that
traditional univariate analyses may overlook [51,52]. However, different ML algorithms
make distinct assumptions about data distributions and model complexity, resulting in
their performance varying substantially across datasets [53,54]. Therefore, training and
comparing multiple models, ranging from support vector machines and random forests to
deep neural networks and graph-based approaches, provides robustness against algorithm-
specific biases and improves the generalizability of results to new subjects and recording
conditions [54]. Ensemble and multi-model frameworks further leverage the complemen-
tary strengths of individual learners, yielding more stable and accurate predictions in
neuroimaging classification and regression tasks [53–55].

Alongside these theoretical advances, multivariate decoding has become an important
approach for studying language and reading in the brain. Early work in multivariate
pattern analysis demonstrated that information about stimulus categories is distributed
across patterns of fMRI activity rather than being confined to single brain regions [56].
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This insight encouraged the development of predictive models that integrate signals from
multiple regions simultaneously. Subsequent semantic decoding studies showed that
multivariate models can successfully predict conceptual and semantic content from brain
activity, providing a direct computational link between neural responses and linguistic
meaning [57]. In reading research, multivariate approaches have been applied to natural-
istic story comprehension tasks. These studies demonstrate that different brain systems
contribute dynamically over time during connected-text reading, allowing distinct reading
subprocesses to be examined within continuous comprehension [22].

The black-box nature of many ML models has spurred the development of Explainable
AI (XAI) methods that render predictions transparent, with systematic reviews cataloging
post hoc techniques such as LIME and SHAP for neuroimaging applications [58]. These
reviews emphasize that XAI methods vary in reliability and fidelity, underscoring the need
for critical evaluation when interpreting findings in cognitive neuroscience [58]. SHAP,
in particular, provides a game-theoretic approach to feature attribution, assigning each
neural feature a Shapley value that quantifies its contribution to model outputs [59]. Appli-
cations of SHAP frameworks have mapped multivariate relationships between regional
neuroimaging biomarkers (e.g., amyloid-PET and MRI volumes) and cognitive scores in
MCI/Alzheimer’s disease, revealing key modality-specific contributors to global cognitive
decline [59].

Despite their predictive power, many ML models remain opaque, hindering the extrac-
tion of neurobiologically meaningful insights and limiting their translational impact [52,58].
Explainable AI (XAI) methods, such as Local Interpretable Model-agnostic Explanations
(LIME) and Shapley additive explanations (SHAP), have emerged as essential tools for eluci-
dating model decision-making processes in neuroimaging studies [59]. SHAP, in particular,
offers a unified, game-theoretic framework that quantifies the contribution of each feature,
such as voxel intensity or region of interest activation, to model outputs, facilitating a direct
mapping of the neural substrates underlying cognitive phenomena [59]. Applications of
SHAP in cognitive neuroscience span from mapping multivariate relationships between
biomarkers and cognition in Alzheimer’s disease [48,59] to decoding region-wise contribu-
tions in EEG-based cognitive assessment [53,60], demonstrating its utility for uncovering
neurobiological mechanisms and guiding hypothesis-driven inquiries.

1.4. Research Gaps and Problem Statement

A previous fMRI study on the identification of cross-linguistic neural strategies for
reading Japanese and Chinese was conducted to assess brain activation patterns in each
language among native speakers [7]. Further, a meta-analysis was performed to measure
the effects of age of appropriation (AoA) and second language proficiency on language
representation in the bilingual brain [61]. However, these studies showcase the research
gaps due to the lack of cross-language neural studies based on machine learning (ML).
Although existing ML studies, such as that identifying brain regions in Alzheimer’s dis-
ease [62], contain Shapley additive explanations (SHAP)-based analysis, research often
lacks transparent interpretation using SHAP to understand region-specific contributions
to reading speed. The changes in brain activation patterns and the connectivity pathways
associated with reading speed have been studied before [21,28,31].

However, distinguishing the magnitude of changes in these patterns in different brain
regions between trained speed readers and regular readers remains underexplored. There-
fore, this further demonstrates that Explainable AI (XAI) methods, particularly SHAPley
Additive exPlanations (SHAP), have become increasingly common in neuroimaging for
interpreting predictive models [63]. SHAP has been applied to various neuroimaging
problems, such as brain-age modeling and the prediction of neurodegenerative diseases,
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and is often emphasized in reviews of XAI in neuroimaging [53,59]. Therefore, novelty
in the present work does not lie in using SHAP itself. Rather, its theoretical contribution
lies in applying interpretable ML methods to a reading-neuroscience question that con-
ventional group-contrast fMRI cannot directly address. Specifically, this study examines
whether neural features that distinguish highly fluent speed readers from regular readers
generalize across orthographically distinct languages or remain script-specific. In the mean-
time, we use SHAP to provide transparent, region-wise contributions to model decisions.
Furthermore, this study identifies which components of the reading network provide this
discriminative information. By combining interpretable classification with cross-linguistic
analysis, the present study moves beyond demonstrating model accuracy. It provides a
principled approach for evaluating the portability and specificity of neural markers of
reading fluency.

However, research using a machine learning approach to detect the differential neural
contributions of brain regions in speed and regular reading has never been conducted.
Therefore, it is also important to identify the underlying reasoning for each brain region
that exhibits high or low activity during speed reading, which can be utilized to understand
the brain regions and their contributions to the model classification.

Therefore, based on the above studies, three main research gaps have been identi-
fied. The first is that interpretable, multivariate reader-type classification in task-based
reading in fMRI is rare. Most reading-speed fMRI studies quantify rate effects with uni-
variate contrasts rather than explainable multivariate classification [20,21,25,64]. Secondly,
the cross-orthography generalization is seldom tested. Cross-script studies document
differences (e.g., Kana vs. Kanji in Japanese) but do not test whether a common neural
signature can classify reader types across languages [39–41]. Lastly, reader heterogeneity
is often treated as noise rather than as a structural factor. Differences in strategies may
give rise to subtypes that affect classification and interpretability. However, soft clustering
(e.g., Fuzzy C-Means) provides a data-driven approach to capturing the graded subgroup
structure rather than assuming a single homogeneous population.

1.5. The Present Study: Objectives and Hypotheses

Accordingly, the present study is structured around three interrelated research ques-
tions. First, it examines whether explainable machine learning models trained on task-based
fMRI features can reliably distinguish speed readers from regular readers within each lan-
guage group, namely Sinhala and Japanese. Second, it evaluates whether classification
performance remains above chance when the two language cohorts are combined, thereby
assessing the extent to which discriminative neural features generalize across orthographi-
cally distinct writing systems. Finally, this study investigates which brain regions contribute
most consistently to model predictions using SHAP-based explanations.

Therefore, the primary objective of this study is to identify individuals as speed
or regular readers within each language group and across both groups combined, us-
ing a SHAP-based ML model. Specifically, the study aims to determine the direction
(positive/negative) and magnitude of region-wise contributions to classification accuracy,
thereby identifying the most discriminative neural features distinguishing speed and regu-
lar readers. Furthermore, the study focuses on using FCM-based features to uncover latent
inter-regional relationships in reading networks and boost classification accuracy.

Therefore, based on the prior literature, this study hypothesized the following:
(1) SHAP-based machine learning models will achieve accurate classification of speed
readers versus regular readers, demonstrating the viability of using interpretable ML for
decoding the neural correlates of reading speed. (2) The highest contribution to the model
classification will be provided from the left IFGT and left AG belonging to the ventral
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reading system. (3) The left PMTG region contributes less discriminative value for model
classification and differentiating reader types.

2. Methods
2.1. Data Preparation
2.1.1. Participants and Study Design

This study employed a cross-sectional between-groups comparative design. A total
of 142 healthy adult participants took part in this study. The cohort comprised 56 native
Sinhalese and 35 native Japanese who read at regular speeds (regular readers), as well
as 28 native Sinhalese and 23 native Japanese who read at a high speed (speed readers)
compared to regular readers. The average reading speeds for each of the groups, along
with their demographic details, are shown in Table 1 below. Each participant underwent
an fMRI scanning session. The age, handedness, and sex were kept similar to minimize the
inter-subject variability.

Table 1. The demographic details of the sample.

Sinhala Readers Japanese Readers

Regular Speed Regular Speed

Age (Mean ± Std) 31 ± 3 30 ± 4 23 ± 6 24 ± 7

Gender (Male/Female) 28:28 14:14 26:9 16:7

Handedness
(Right/Left) 56 (Right) 28 (Right) 33:2 21:2

Average Reading Speed In words per minute (wpm) In characters per minute (cpm)

240 ± 63 685 ± 175 940 ± 612 3816 ± 1537

All participants had normal or corrected-to-normal vision. Handedness was assessed
in the mean laterality quotient using the Edinburgh Handedness Inventory [65]. Informed
consent was obtained from all participants. This study was approved by the Human Ethics
Review Committee of Human Health Sciences, Tokyo Metropolitan University (Approval
No. 22022). In addition, all the methods were performed in accordance with the relevant
guidelines and regulations of the Human Ethics Review Committee of Human Health
Sciences, Tokyo Metropolitan University.

2.1.2. MRI Acquisition

MRI data were collected on a 3.0 T GE Signa Premier scanner (GE Healthcare, Chicago,
IL, USA) using a 48-channel head coil. Functional images were acquired with a gradient-
echo EPI sequence (TR = 1 s, TE = 30 ms, FA = 60◦, 3 mm slices; matrix 64 × 64; FOV
220 × 220 mm). High-resolution 3D T1-weighted anatomical images were collected using
an MP-RAGE sequence (TR = 2.21 s, TE = 3.34 ms, FA = 8◦, 2 mm slices).

2.1.3. fMRI Task

Participants covertly read passages in their native language (Sinhala or Japanese).
Sinhala passages were drawn from the Sinhala translation of Oliver Twist, and Japanese
passages from the Japanese translation of Gulliver’s Travels. Figure 1 illustrates the session
structure: six runs, each comprising alternating 30 s rest and 60 s reading blocks (white text
on a black background; visual angle: 0.46◦). Texts were presented via MR-compatible gog-
gles, and luminance was standardized (characters: 0.75 cd/m2; background: 160 cd/m2).
The protocol was adapted from the study by Saito [66]. Participants confirmed that they

https://doi.org/10.3390/info17010108

https://doi.org/10.3390/info17010108


Information 2026, 17, 108 8 of 26

had either not read the assigned novel or had only read it several years earlier. Reading
speed was calculated in words per minute (WPM).

Figure 1. Block design of the covert reading fMRI task. Each session comprised six runs with
alternating 30 s rest (R; fixation) and 60 s reading (T) blocks. Passages were shown in the participant’s
native language (Sinhala or Japanese) as white text on a black background via MR-compatible goggles.

2.1.4. fMRI Preprocessing and Analysis

All fMRI preprocessing and analysis tasks were conducted using the FMRIB Software
Library (FSL, v6.0.7) in line with established protocols for task-based fMRI [67]. Standard
preprocessing steps included motion correction, brain extraction, intensity normalization,
temporal block segmentation, spatial normalization, and region-wise signal extraction for
subsequent machine learning analysis.

Motion correction was performed using the Linear Image Registration Tool (MCFLIRT)
to realign all functional volumes. A mean functional image was calculated, and the brain
extraction was performed using the Brain Extraction Tool (BET) with a fractional intensity
threshold of 0.3 to generate a brain mask. This mask was applied to the motion-corrected
functional data to remove non-brain signals. FSLeyes visual quality control (QC) was
utilized to identify the outliers.

For temporal filtering and task segmentation, the fMRI time series was divided into
task and rest blocks based on the experimental design using fslroi. Task blocks were merged
into a single 4D image and averaged to create a mean task activation image. Similarly, rest
blocks were processed to generate a mean rest image. Smoothing was performed with a
full-width half-maximum value of 5 mm. Spatial normalization to MNI152 standard space
(2 mm) was performed using FLIRT (flirt) to align the mean task and rest images to the
standard template. Alignment quality was verified using FSLeyes with overlaid anatomical
and region of interest (ROI) masks. Furthermore, subjects were asked to remain still during
the scanning time as a precaution to minimize motion artifacts.

For region-wise signal extraction, binarized ROI masks were applied using fslstats to
compute the mean task BOLD signal within each region. The selected brain ROI masks were
created using the threshold values in the default Harvard-Oxford Cortical and Subcortical
Atlases in FSL (HarvardOxford-cort-maxprob-thr25-2mm.nii and HarvardOxford-sub-
maxprob-thr25-2mm.nii). The signal extraction was focused on a priori regions implicated
in reading fluency and accelerated speed based on previous neural studies. L/IFG, en-
compassing Broca’s area, has been repeatedly shown to decrease activation in trained
Japanese speed readers during rapid reading, reflecting reduced subvocal articulation [28].
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The crucial brain regions representing the dorsal and ventral pathways of reading, which
include the precentral gyrus (Prec); inferior frontal gyrus pars opercularis (IFGO); STG,
responsible for phonological processing; left IFGT; left posterior middle temporal gyrus
(PMTG); and AG, responsible for semantic processing, were also considered [30]. At the
same time, the left anterior and posterior superior temporal gyrus (ASTG and PSTG), key
phonological and semantic processing areas, exhibited diminished BOLD responses as
reading speed increased [28]. The left AG has also been found to reduce activation in fast
readers, correlating negatively with comprehension speed [66]. Non-language regions
such as the hippocampus (Hippo) were also included based on evidence that rapid readers
show attenuated engagement in working memory and memory retrieval networks [66].
The above findings, alongside comprehensive network analyses by researchers, further
support the involvement of occipitotemporal connectivity in rapid reading [31]. These in-
clude dynamic interactions between posterior temporal regions and visual processing hubs,
which also encompass the VWFA. Moreover, it was found that training effects in reading-
impaired children have recently been linked to changes in fMRI activation, including
posterior occipitotemporal regions in the vicinity of the VWFA [68].

These mean task BOLD signals were extracted from the above-selected brain regions for
each participant and used as input features for machine learning classification models and SHAP-
based interpretation to identify region-wise contributions to speed reading across participants.

2.2. Data Preprocessing for ML

Three distinct datasets were assembled for analysis: one collected from Sri Lanka,
one from Japan, and a combined dataset encompassing both regions. Each sample was
labeled as a regular reader (class 0) or a speed reader (class 1). Prior to feature extrac-
tion, we addressed class imbalance using SMOTE (see Equation (1)), generating synthetic
minority-class examples to equalize the two reader categories. Subsequently, Fuzzy C-
Means clustering was applied to derive soft membership features (Equation (2)), and these
fuzzy-membership values were concatenated with the original predictors.

2.2.1. Sequence of Preprocessing and Leakage Prevention

To ensure the integrity of the performance estimates, all data augmentation and feature
extraction steps were performed strictly within the cross-validation framework. Following the
initial training–test split (or fold partition), the Synthetic Minority Over-sampling Technique
(SMOTE) was applied exclusively to the training partition to equalize class distributions [69].

Similarly, the FCM clustering algorithm was fitted solely on the training data to
determine optimal cluster centers. These centers were subsequently used to transform both
the training and test sets into soft-membership and distance-based feature spaces. This
strict nesting ensured that no information from the test set, either through class distribution
or topological cluster structure, was leaked into the training phase, thereby maintaining
the validity of the reported generalization metrics.

2.2.2. SMOTE for Class Balancing

To mitigate class imbalance, we employed the Synthetic Minority Over-sampling
Technique (SMOTE), which generates synthetic minority-class samples. For each minority
sample xi, SMOTE selects one of its k-nearest neighbors xnn and creates a new sample

xnew = xi + λ (xnn − xi) (1)

where λ ∼ U (0, 1) (see Equation (1)). By interpolating between existing minority points,
SMOTE balances the class distribution without simply duplicating observations. The aug-
mented dataset was then used for all subsequent model training.
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2.2.3. Fuzzy C-Means Clustering Features

We applied Fuzzy C-Means (FCM) clustering to the input data to extract soft cluster-
membership features. FCM minimizes the objective

Jm =
N

∑
i=1

C

∑
j=1

um
ij ∥xi − cj∥2 (2)

where xi is the ith sample, cj the jth cluster center, uij ∈ [0, 1] the membership degree of xi in
cluster j, and m > 1 the fuzzifier exponent (see Equation (2)). Memberships uij are updated
iteratively alongside centers cj until convergence. After fitting, the resulting membership
matrix U = [uij] provides C additional features per sample—each uij captures the degree
to which xi belongs to cluster j. These fuzzy-membership features were concatenated with
the original predictors to enrich the feature space.

2.3. Machine Learning Models

We evaluated a diverse set of 35 supervised classifiers, organized into seven families.
Hyperparameters for each model were tuned via grid search with 5-fold cross-validation,
using classification accuracy as the fitness function.

2.3.1. Decision-Tree Classifiers

Decision-tree classifiers (Fine, Medium, Coarse) recursively partition the feature space
by selecting the split that yields the greatest reduction in node impurity. In our implemen-
tation, impurity is measured by the Gini index

G =
K

∑
k=1

pk(1 − pk) (3)

where pk is the proportion of samples of class k in a node. Each split is chosen to minimize
the weighted sum of child-node Gini indices (see Equation (3)).

2.3.2. Discriminant Analysis

Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis (QDA)
assume Gaussian class-conditional distributions and seek projection vectors that maximize
class separability. For LDA, this is achieved by maximizing the Fisher criterion

J(w) =
w⊤SBw
w⊤SWw

(4)

where SB and SW are the between-class and within-class scatter matrices, respectively. QDA
relaxes the shared-covariance assumption, allowing each class to have its own covariance
matrix (Equation (4)).

2.3.3. Logistic Regression

Binary GLM Logistic Regression and its Efficient variant model the posterior prob-
ability via the sigmoid link σ(z) = 1/(1 + e−z) and optimize the regularized negative
log-likelihood (cross-entropy)

L = − 1
N

N

∑
i=1

[
yi ln σ(w⊤xi) + (1 − yi) ln(1 − σ(w⊤xi))

]
(5)

where yi ∈ {0, 1}, xi is the feature vector, and w is the weight vector (see Equation (5)).
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2.3.4. Support Vector Machines (SVMs)

Linear, Polynomial (Quadratic, Cubic), and Gaussian (Fine, Medium, Coarse) SVMs solve

min
w,b

1
2
∥w∥2 + C

N

∑
i=1

max
(
0, 1 − yi(w⊤ϕ(xi) + b)

)
(6)

where ϕ(·) is the feature map induced by the chosen kernel and C the regularization pa-
rameter. This hinge-loss formulation maximizes the margin between classes (Equation (6)).

2.3.5. Naïve Bayes

Gaussian and Kernel Naïve Bayes classifiers assume feature independence and com-
pute posterior probabilities via

p(Ck | x) =
p(Ck)∏j p(xj | Ck)

∑ℓ p(Cℓ)∏j p(xj | Cℓ)
(7)

where Gaussian Naïve Bayes estimates each p(xj | Ck) as a normal density and Kernel
Naïve Bayes uses a nonparametric kernel density estimate (Equation (7)).

2.3.6. Instance-Based Learners (k-NN)

k-nearest neighbors classifiers (Fine, Medium, Coarse, Cosine, Cubic, Weighted, Sub-
space) assign class labels by majority vote among the k closest training points under a
distance metric d. For Euclidean-based variants:

d(x, xi) = ∥x − xi∥2 (8)

and for weighted k-NNs, votes are inversely weighted by d(x, xi). Subspace k-NNs operate
on random feature subsets to improve robustness (see Equation (8)).

2.3.7. Ensemble Methods

Boosted Trees and RUSBoosted Trees iteratively fit weak learners to re-weighted data
by minimizing the exponential loss

L =
1
N

N

∑
i=1

e−yi Ft−1(xi) ht(xi) (9)

where Ft−1 is the ensemble prediction after t − 1 rounds and ht the new tree’s output.
Bagged Trees reduce variance by averaging predictions of multiple trees trained on boot-
strap samples. Subspace Discriminant ensembles apply Discriminant Analysis within
random subspaces (Equation (9)).

2.3.8. Artificial Neural Networks

Narrow, Medium, Wide (single hidden layer), Bilayered, and Trilayered feed-forward
networks are trained via backpropagation to minimize the cross-entropy loss

L = − 1
N

N

∑
i=1

K

∑
k=1

yi,k ln ŷi,k (10)

where ŷi,k is the softmax output for class k on sample i, and network depth and width
control model capacity (see Equation (10)).
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2.3.9. Kernelized Models and FT-TABPFN

Kernelized SVM and Logistic Regression apply the “kernel trick” within their re-
spective hinge-loss or log-likelihood frameworks, replacing inner products with K(xi, xj).
The FT-TABPFN (Fast Tabular Prior-Data Fitted Network) approximates few-shot Bayesian
classification by learning a transformer network that predicts the posterior predictive
distribution enabling rapid adaptation to new tabular tasks (Equation (11)).

p(y | x, D) =
∫

p(y | x, θ) p(θ | D) dθ (11)

The derived mean task BOLD signals, alongside the soft-membership features calcu-
lated via Equation (2), served as the comprehensive input feature set for the evaluation
of the 35 state-of-the-art machine learning classifiers. This multidimensional approach
allowed for the systematic identification of individuals as speed or regular readers within
both language-specific and Combined cohorts. Finally, the trained models were integrated
into a SHAP-based interpretability framework to quantify the direction and magnitude of
region-wise contributions to reading speed classification.

3. Results
3.1. Classification Performance Across Models and Datasets

We evaluated 35 state-of-the-art classification algorithms on three task-based fMRI
feature sets derived from participants of Sri Lankan nationality, participants of Japanese
nationality, and a Combined cohort aggregating both groups. All experiments were con-
ducted in Japan using the same imaging protocol. Each dataset comprised twelve mean-
activation features extracted from key cortical regions (AG_mean_task, IFGO_mean_task,
IFGT_mean_task, LH_mean_task, Prec_mean_task, RH_mean_task, ASMG_mean_task,
PSMG_mean_task, ASTG_mean_task, PSTG_mean_task, PMTG_mean_task, and
VWFA_mean_task) alongside a binary label (0 = regular reader; 1 = speed reader). The
35 classifiers spanned decision-tree variants (Fine/Medium/Coarse Trees; Boosted, Bagged,
and RUSBoosted Trees), Discriminant Analyses (Linear, Quadratic, Subspace), linear models
(Binary GLM Logistic Regression; Efficient Logistic Regression), support vector machines
(Efficient Linear; Linear, Quadratic, Cubic; Fine/Medium/Coarse Gaussian; Kernelized),
k-nearest neighbors (Fine/Medium/Coarse; Cosine; Cubic; Weighted; Subspace KNN),
Naïve Bayes (Gaussian, Kernel), neural networks of varying depth (Narrow; Medium; Wide;
Bilayered; Trilayered), plus specialized kernels (Logistic Regression Kernel; FT-TABPFN).
Full hyperparameter settings for every model–dataset combination are provided in the
Supplementary Materials.

Across the three task-based fMRI cohorts, test-set accuracies varied widely by model.
In the Sri Lankan cohort, performance spanned from 39.13% to 78.26%; in the Japanese
cohort, from 35.71% to 85.71%; and in the Combined cohort, from 56.76% to 81.08%. Con-
sidering all 35 classifiers across all datasets, the lowest observed accuracy was 35.71% and
the highest was 85.71%. These results highlight both the difficulty of achieving consis-
tent cross-population generalization and the significant gains attainable through optimal
algorithm selection and preprocessing.

In Table 2, the Medium Neural Network and SVM Kernel emerge as the leading
classifiers for the Sri Lankan cohort, each achieving 78.3% accuracy and 78.3% recall,
with a marginally higher precision of 78.4% and F1 score of 78.2%. The third-ranked
Weighted KNN attains 73.9% across all metrics, indicating moderate robustness but reduced
sensitivity compared to the top two models. For the Japanese cohort, both the Quadratic
SVM and Subspace KNN deliver superior discrimination, with 85.7% accuracy, 88.9%
precision, and an F1 score of 85.4%, whereas the Binary GLM Logistic Regression trails
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at 78.6% accuracy and an F1 score of 78.5%. When the datasets are combined, the FT-
TABPFN-FCM model outperforms all others with 81.1% accuracy, 81.1% precision and
recall, and an F1 score of 81.0%, underscoring the impact of Fuzzy C-Means data expansion;
the Quadratic SVM and Fine KNN follow at 75.7% accuracy and 76.5% precision, revealing
that ensemble and kernel methods remain competitive even in heterogeneous cohorts.

Table 2. Test-set performance of the top three classification models for each participant cohort. Metrics
are reported as weighted percentages to account for class imbalance.

Dataset Model Accuracy (%) Error Rate (%) Precision (%) Recall (%) F1 Score (%)

Medium Neural Network 78.3% 21.7% 78.4% 78.3% 78.2%
Sri Lanka SVM Kernel 78.3% 21.7% 78.4% 78.3% 78.2%

Weighted KNN 73.9% 26.1% 73.9% 73.9% 73.9%
Quadratic SVM 85.7% 14.3% 88.9% 85.7% 85.4%

Japan Subspace KNN 85.7% 14.3% 88.9% 85.7% 85.4%
Binary GLM Logistic Regression 78.6% 21.4% 79.2% 78.6% 78.5%
FT-TABPFN-FCM 81.1% 18.9% 81.1% 81.1% 81.0%

Combined Quadratic SVM 75.7% 24.3% 76.5% 75.7% 75.6%
Fine KNN 75.7% 24.3% 76.5% 75.7% 75.6%

Figure 2 complements these findings by illustrating the complete accuracy distribu-
tions of all 35 classifiers across the three cohorts. The Combined cohort (salmon) exhibits
the highest median accuracy and the narrowest interquartile range, reflecting both elevated
performance and consistency when pooling data. In contrast, the Japanese cohort (light
green) shows a wider spread around a higher median than the Sri Lankan cohort (sky blue),
which in turn displays greater variability and a lower central tendency. The orange markers
pinpoint the FT-TABPFN-FCM accuracies in each cohort, with the combined outlier at
81.1% surpassing the upper whisker. The dashed horizontal gridlines facilitate precise
cross-cohort comparison, emphasizing how optimal preprocessing and model choice shift
the overall distribution upward and reduce performance dispersion.

Figure 2. Boxplots of test-set accuracies (%) for 35 state-of-the-art classifiers applied to three task-based
fMRI cohorts: Sri Lankan (sky blue), Japanese (light green), and Combined (salmon). Orange circles
mark the FT-TABPFN model’s performance, and dashed horizontal gridlines facilitate comparison
across cohorts.

3.2. Statistical Comparison of Model Performance

To determine whether the performance gains achieved by the FT-TABPFN + FCM
pipeline were statistically significant, we conducted a resampled t-test, correcting for
multiple comparisons, comparing its mean accuracy with that of the Quadratic SVM across
five-fold cross-validation. In the Combined cohort, the FT-TABPFN + FCM model (81.1%)
significantly outperformed the Quadratic SVM without FCM (67.6%) with t(4) = 3.18,
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p = 0.033. Similarly, the AUC improvement from 0.868 was statistically superior to the
baseline SMOTE-only scenario (p < 0.05). These results suggest that the performance
disparities are not merely incidental but reflect the effectiveness of the proposed feature-
enrichment framework.

3.3. Impact of Fuzzy C-Means Data Expansion

The incorporation of Fuzzy C-Means (FCM) data expansion yielded substantial gains
in classification accuracy among the top five models in the Combined cohort (Table 3).
Across these classifiers, mean test accuracy increased from 71.89% without FCM to
76.21% with FCM, an average improvement of 4.32 percentage points. The most dra-
matic increase was observed for FT-TABPFN (∆Acc = +10.81%), followed by Quadratic
SVM (∆Acc = +8.11%) and Coarse Tree (∆Acc = +5.40%). Fine KNN remained stable
(∆Acc = 0.00%), whereas Boosted Trees saw a modest decline (∆Acc = −2.70%). These
accuracy gains were paralleled by increases in the area under the ROC curve (AUC),
with FT-TABPFN and Quadratic SVM improving by 0.12 and 0.08, respectively, underscor-
ing the efficacy of FCM-based feature augmentation in enhancing model discrimination.

Table 3. Effect of Fuzzy C-Means (FCM) data expansion on test-set accuracy for the top five classifiers
in the Combined cohort.

Model Without FCM Acc (%) With FCM Acc (%) ∆Acc (%)

FT-TABPFN 70.27 81.08 10.81
Quadratic SVM 67.57 75.68 8.11
Fine KNN 75.68 75.68 0.00
Boosted Trees 78.38 75.68 −2.70
Coarse Tree 67.57 72.97 5.40

Figure 3 further elucidates the impact of cluster count on FT-TABPFN performance
across cohorts, plotting test-set accuracy for k = 2–10 clusters. Optimal settings occur at
k = 7 for the Combined cohort (81.08%), k = 5 for the Japanese cohort (79.00%), and k = 8 for
the Sri Lankan cohort (83.00%). The concurrent citation of Table 3 and Figure 3 demonstrates
how FCM preprocessing not only elevates overall accuracy but also identifies the most
effective clustering granularity for each population, thereby maximizing both predictive
power and robustness.

Figure 3. Effect of Fuzzy C-Means cluster count (k = 2–10) on FT-TABPFN test accuracy (%) for the
Combined (salmon), Japanese (orange), and Sri Lankan (sky blue) cohorts. Optimal cluster settings,
indicated by markers, occur at k = 7 for the Combined cohort (81.1%), k = 5 for the Japanese cohort
(79.0%), and k = 8 for the Sri Lankan cohort (83.0%).
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To evaluate the efficacy of the proposed feature enrichment framework, we compared
three distinct data preparation scenarios: (i) SMOTE-only augmentation, (ii) SMOTE with
Gaussian noise perturbation, and (iii) FCM-based feature augmentation. The classification
performance metrics are summarized in Table 4.

Table 4. Classification performance comparison across different augmentation scenarios.

Scenario Accuracy AUC Precision Recall F1 Score

SMOTE_Only 0.703 0.874 0.652 0.833 0.732
SMOTE_Gaussian 0.703 0.860 0.652 0.833 0.732
FCM_Augmentation 0.784 0.888 0.813 0.842 0.765

The first scenario employed the Synthetic Minority Over-sampling Technique
(SMOTE), which addresses class imbalance by interpolating between existing minority
samples to create new, non-redundant observations [69]. While this approach prevented
the model from biasing toward the majority class, it achieved a test accuracy of 70.3%.
The second scenario added a Gaussian noise layer to the SMOTE-augmented data to im-
prove stochasticity and prevent overfitting by simulating natural variance in the signal.
However, this yielded an identical accuracy of 70.3%, suggesting that linear interpolation
and random noise were insufficient to capture the complex, non-linear boundaries of the
fMRI signal.

In contrast, the FCM-based augmentation scenario significantly enhanced model per-
formance, achieving a test accuracy of 78.4% and a superior AUC of 0.888. This method
utilizes the Fuzzy C-Means clustering algorithm to compute soft membership degrees for
each data point [70]. Unlike hard clustering, FCM provides a continuous membership value
that allows the classifier to exploit “latent” topological features—specifically the distance of
a subject’s neural activation pattern from established cluster centers. The 8.1% gain in accu-
racy over SMOTE-only methods indicates that these fuzzy membership features provide a
more nuanced representation of reader heterogeneity than simple synthetic oversampling.

3.4. Explainable AI Insights via SHAP

We applied SHapley Additive exPlanations (SHAP) to the best FT–TABPFN model
with FCM-augmented inputs to quantify each feature’s contribution to speed vs. regular
reading. For each dataset, we computed mean absolute SHAP values for the top ten
predictors and visualized them as aligned horizontal bar charts (Figure 4). Rankings
indicated relative influence within a dataset (x-axis scales differ across panels).

Combined. The leading driver is IFGT_mean_task (inferior frontal gyrus, pars tri-
angularis), followed by AG_mean_task (angular gyrus) and ASMG_mean_task (anterior
supramarginal gyrus). FCM features (fcm_dist_4, fcm_label_0) also rank among the top
contributors, indicating added value from fuzzy clustering in pooled, heterogeneous data.

Japan. ASMG_mean_task is the top feature, with PSTG_mean_task (posterior superior
temporal gyrus) close behind. Cluster information is comparatively influential (fcm_dist_1,
fcm_label_3/4), while AG_mean_task is comparatively weak. VWFA_mean_task appears
mid-ranking.

Sri Lanka. AG_mean_task is the strongest predictor, followed by PSTG_mean_task
and IFGT_mean_task. IFGO_mean_task features in the top ten, and an FCM distance term
(fcm_dist_2) contributes modestly.
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(a)

(b)

(c)

Figure 4. Mean absolute SHAP values for the top features in each task-based fMRI cohort, derived
from the FT-TABPFN-FCM model. Horizontal bars represent the average contribution of each feature
to the model predictions in (a) Sri Lankan, (b) Japanese, and (c) Combined datasets. Bar colors follow
a sequential color scale to indicate relative feature importance, with darker colors representing higher
mean absolute SHAP values. Dashed gridlines are included to facilitate comparison across features
and cohorts.

3.5. Stability and Robustness of SHAP Explanations

To ensure that the identified neural predictors, specifically the angular gyrus (AG), in-
ferior frontal gyrus pars triangularis (IFGT), and posterior superior temporal gyrus (PSTG),
reflect genuine biological signals rather than model-dependent artifacts, we evaluated the
stability of SHAP feature importance across the five-fold cross-validation framework [63].
Feature importance stability was quantified using mean pair-wise Kendall’s rank correla-
tion coefficient (τ) and the Jaccard similarity index for the top k features.

As shown in Table 5, our proposed FT-TABPFN-FCM model achieved a mean pair-
wise Kendall’s τ of 0.84 across folds, significantly outperforming a randomized dummy
baseline (τ ≈ 0.05). This high correlation indicates that the relative importance of features
remains consistent across training partitions. Furthermore, the Jaccard overlap for the
top k = 5 features remained high (J = 0.80), confirming that the primary neural pre-
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dictors were consistently identified as the most influential variables for reading speed
classification [71,72].

Table 5. Stability metrics for SHAP explanations across five-fold cross-validation.

Model Mean Kendall’s τ Top Five Jaccard Index Consistency

Dummy Baseline 0.05 ± 0.02 0.15 Negligible
FT-TABPFN-FCM 0.84 ± 0.03 0.80 High

3.6. Detailed Performance of the Best Model (FT-TABPFN + FCM)

Figure 5 and Table 6 summarize the test performance of the FT–TABPFN + FCM
model on the Combined dataset. The confusion matrix in Figure 5a shows 30/37 correct
predictions (16 true negatives and 14 true positives), with 3 false positives and 4 false
negatives, consistent with an overall test accuracy of 81.08%. Class-wise metrics are well
balanced (Table 6): the regular class (0) attains precision/recall/F1 of 0.842/0.842/0.842
with specificity of 0.824 (support = 19), while the speed class (1) reaches 0.824/0.824/0.824
with specificity of 0.840 (support = 18). The ROC curves in Figure 5b indicate near-perfect
separability on the training set (AUCtrain = 1.000) and strong generalization on the test set
(AUCtest = 0.868), reflecting good discrimination across thresholds despite heterogeneity
in the pooled cohort.

(a) (b)

Figure 5. TABPFN model on the Combined dataset: (a) test confusion matrix; (b) ROC curves with
AUCtrain = 1.000 and AUCtest = 0.868.

Table 6. Per-class metrics for FT–TABPFN + FCM on the Combined dataset.

Dataset Class Precision Recall F1-Score Specificity Support

Train 0 1.000 1.000 1.000 1.000 72
Train 1 1.000 1.000 1.000 1.000 73
Test 0 0.842 0.842 0.842 0.824 19
Test 1 0.824 0.824 0.824 0.840 18

Robustness across datasets is supported by the symmetry of per-class precision/recall
on the Combined set and by the consistent gains observed with FCM augmentation in
model comparisons. In particular, the top models maintain similar sensitivity to both classes
(Table 6) rather than inflating performance on a single label, which is crucial for the balanced
identification of regular and speed readers. Moreover, the stability of test AUC and the
low, roughly matched error types (three false positives vs. four false negatives) suggest
that the decision boundary learned by FT–TABPFN + FCM transfers across participant
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nationalities. Together, the confusion matrix, per-class metrics, and ROC analysis provide
converging evidence that the proposed approach achieves reliable class discrimination and
retains robustness under cross-population pooling.

Our results progress from breadth to depth. First, surveying 35 classifiers across
the Sri Lankan, Japanese, and Combined cohorts (Table 1; Figure 1) showed wide but
interpretable performance bands: accuracies ranged from 39.13% to 78.26% (Sri Lanka),
35.71% to 85.71% (Japan), and 56.76% to 81.08% (Combined), underscoring both cross-
population variability and the benefits of careful algorithm selection and preprocessing
(Table 2; Figure 2). Consistent with these aggregates, the top models per cohort are
documented in Table 2, and Figure 2 visualizes the full distribution of accuracies, with the
Combined cohort exhibiting the highest median and tightest interquartile range.

Second, zooming in on data augmentation, FCM expansion delivered clear gains for
several leading models (Table 3; Figure 3). In the Combined cohort, FT–TABPFN improved
by +10.81 percentage points (70.27% → 81.08%), Quadratic SVM by +8.11, and Coarse Tree
by +5.40, while Fine KNN was unchanged and Boosted Trees declined modestly (Table 3).
Figure 3 further shows that the optimal cluster counts differed by cohort (Combined k = 7,
Japan k = 5, Sri Lanka k = 8), indicating that the granularity of fuzzy partitions is a tunable
lever for accuracy and robustness. These accuracy gains co-occurred with AUC increases
for FT–TABPFN (+0.12) and Quadratic SVM (+0.08), evidencing improved discriminability
rather than threshold effects.

Third, SHAP analyses explained why the models succeeded (Figure 4c). Across
cohorts, a stable triad, AG_mean_task , STGP_mean_task, and IFGT_mean_task, dominated
the importance rankings, while the Combined cohort also surfaced informative FCM-
derived signals (e.g., fcm_label_0, fcm_dist_4), indicating that fuzzy clustering aug-
mented discriminative information in heterogeneous data.

Finally, the champion configuration (FT–TABPFN + FCM) exhibited balanced gen-
eralization (Table 6; Figure 5): on the Combined test set it achieved 81.08% accuracy
with closely matched per-class precision/recall (0.842 for class 0; 0.824 for class 1) and
a strong ROC profile (AUCtest = 0.868), with errors split evenly between false positives
and false negatives (3 vs. 4). Taken together, the results of broad benchmarking (Table 2;
Figure 2), targeted FCM gains (Table 3; Figure 3), mechanistic interpretability (Figure 4c),
and best-model diagnostics (Table 6; Figure 5) converge on a coherent picture: the proposed
FT–TABPFN + FCM pipeline delivered state-of-the-art, interpretable performance that was
robust across nationalities in pooled task-based fMRI.

4. Discussion
Our results indicate that a compact, interpretable ML framework can distinguish

speed readers from regular readers using ROI-level BOLD features. The direction and
magnitude of region-wise SHAP values indicated consistent and non-random contributions
of specific neural features to model classification. In various analyses, elements from the
canonical reading network consistently ranked as highly informative, with the AG, IFGT,
and posterior temporo-parietal regions (including posterior supramarginal and superior
temporal areas) prominently featured, whereas contributions from the VWFA exhibited
language-dependent variability. These patterns persisted when models were examined
with SHAP, which revealed coherent positive or negative directions for region effects
aligned with their known cognitive roles. In the aggregated cohort, fuzzy-clustering-
derived labels/distances identified heterogeneity that conventional classifications might
miss, underscoring the significance of data-driven subtyping when populations vary in
orthographic exposure (see Results section).
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Placed in context, the present pattern dovetails with a large body of cross-linguistic
neuroimaging showing that skilled reading draws on a universal network spanning left
inferior frontal, temporo-parietal (including PSMG/PSTG), and ventral occipitotemporal re-
gions, despite differences among writing systems (alphabetic, alphasyllabary, logographic).
Converging evidence from a four-language fMRI study established a “universal brain signa-
ture of proficient reading” through convergence of speech and print in this left-lateralized
circuit, precisely implicating IFG, temporo-parietal cortex, and vOT/VWFA as core nodes,
which partially matches our model’s most informative features [36]. Within the canonical
reading network, AG is repeatedly associated with semantic integration and combinatorial
processing during reading. In the present study, AG-related features showed strong SHAP
contributions, indicating that activity in this region provided reliable discriminative infor-
mation for distinguishing speed and regular readers at the level of model prediction [35].
The posterior PSTG/SMG subregions support phonological recoding; fine-grained par-
cellations show PSTG specializations for phonological input/output, aligning with their
predictive value in our classification [73]. The IFG pars triangularis contributes to con-
trolled retrieval/selection in semantic processing and conflict resolution in language, which
is again consistent with its directional SHAP effects in our models [74,75]. Importantly,
recent work confirms that these nodes remain central across scripts, while their relative
weighting can shift with orthographic demands, which provides an explanation for the
language-contingent importance we observed among monolinguals [76].

The anterior supramarginal gyrus (ASMG) only showed a significant contribution
to classifying speed versus regular readers in the Japanese cohort. This aligns with neu-
roimaging evidence suggesting that Japanese orthographic processing (particularly the use
of both logographic Kanji and syllabic Kana) uniquely engages temporoparietal regions
involved in phonological integration. For instance, Kanji versus Kana reading studies
have shown differential functional connectivity between the supramarginal gyrus and
Broca’s area in Japanese [77]. This pattern further suggests that ASMG-related features
carry discriminative information for classification in Japanese readers, likely reflecting
script-specific phonological integration demands that influence model decisions [45].

According to the study results, the VWFA contribution was not seen in the model
when analyzed across groups. However, it appeared in the Combined cohort for the model
prediction. Millimeter-scale 7 T fMRI in bilinguals demonstrates that the VWFA com-
prises multiple small, language-tuned patches, with selectivity varying by script, directly
supporting the idea that VWFA engagement can differ with language experience and
orthography [78]. Recent reviews and empirical work further indicate that vOT/VWFA
integrates bottom-up visual input with top-down linguistic signals, and that orthographic
complexity/grain size modulates lateralization and reliance on ventral vs. dorsal compo-
nents, again matching the variability we find across Sinhala and Japanese [79,80].

Taken together, these observations largely support our hypotheses. First, the SHAP-
based models achieved robust classification of speed vs. regular readers (see Table 1),
supporting the viability of interpretable ML for decoding neural correlates of reading speed.
This is in line with recent XAI applications in neuroimaging, demonstrating that SHAP
yields stable, biologically sensible feature attributions in brain data [58,59,81].

Second, the prediction that ventral-route regions, AG and IFGT, would be prominent
in speed readers indeed contributed strongly to the accurate identification of speed and
regular readers. Further, language-general temporo-parietal features remained informative.
Among these, PSTG and PSMG emerged as particularly important. Both regions formed
part of the dorsal phonological pathway and were implicated in grapheme-to-phoneme
conversion and sublexical processing [18,82]. Speed readers typically downregulate phono-
logical recoding and subvocalization [28,31], whereas regular readers continue to rely
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heavily on these slower processes. This systematic contrast makes PSTG highly informative
for model classification, regardless of the orthography. Although IFGO belongs to the
dorsal reading system, which is considered subtle in terms of speed reading, the results
showed that it makes a considerable contribution to model accuracy in the Sri Lankan co-
hort. The consistent differences in IFGO articulatory coding and subvocal rehearsal [83,84],
as well as the suppression of subvocalization as a key hallmark of speed reading in a
complex orthography like Sinhala, may have provided another strong signal in identifying
groups separately. Notably, further supporting our hypothesis that the PMTG would be
among the least notable contributors, our results showed no measurable contribution from
this region in the Sri Lankan cohort and considerably lower for the Japanese cohort. This
absence aligns with recent proposals that the PMTG may be more relevant to semantic
integration, although it is included in the ventral pathway of reading [85].

A study found that slow readers show stronger MTG–visual connectivity, which is
absent in fast readers, suggesting that the MTG is less involved when reading quickly [24].
Similarly, another study has reported speed-dependent changes in occipitotemporal con-
nectivity during speed reading, without significant contributions from MTG or related
semantic hubs [31]. These studies showcase that fast reading shifts processing toward
visual word-form and control regions, with diminished reliance on slower semantic inte-
gration pathways [24,86]. The most significant fact to understand from this result is that
although the PMTG is reliably engaged during speeded reading tasks, supporting rapid
access to lexical–semantic information [27,31], its contribution to model-based classification
between speed and regular readers appears relatively limited. This is likely because both
groups recruit PMTG for general meaning access, making their activity less distinctive for
group separation. Instead, differences in strategy that rely on phonological recoding or
articulatory rehearsal are more strongly captured by dorsal phonological and frontal control
regions, which yield greater discriminative value. Thus, PMTG should be considered a
rate-sensitive support region for semantic access, rather than a neural marker uniquely
distinguishing reader types [24].

These findings have several implications. The cross-language consistency of AG, IFGT,
and temporo-parietal contributions reinforces the universality of the core reading circuit,
suggesting that interventions aimed at improving speed should not ignore semantic integra-
tion and controlled retrieval even when emphasizing chunk reading [35]. Methodologically,
the success of SHAP-interpreted ML argues for wider use of XAI to move beyond accuracy
and toward interpretable neuro-biomarkers in neuroeducation [58]. The utility of fuzzy
clustering in the Combined cohort highlights the potential of data-driven subtyping to
disentangle heterogeneity in reading populations. This aligns with recent advances in
connectivity and reading-subtype research, which advocate for unsupervised clustering
methods to uncover latent neurocognitive profiles beyond predefined categorical labels [31].

An important methodological consideration concerns the operationalization of reading
speed across languages. Sinhala reading speed was quantified in words per minute,
whereas Japanese reading speed was quantified in characters per minute. Given the
substantial differences in orthographic structure, visual information density, and linguistic
processing demands between alphasyllabary and mixed logographic–syllabic scripts, these
metrics are not directly comparable. Importantly, the present study does not aim to equate
absolute reading speeds across languages. Instead, classification labels denote language-
specific distinctions between speed and regular readers, and all machine learning models
were trained and evaluated within-language or using pooled neural features rather than
raw behavioral speed values.

We find key limitations. First, the cross-language comparisons can be confounded by
differences in training history, script complexity, and cohort heterogeneity. Although clus-
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tering mitigates this issue, harmonized acquisition and balanced sampling would further
strengthen causal inference. Furthermore, SHAP-based feature importance reflects the
contribution of neural features to model predictions rather than the causal effects of specific
brain regions on brain activity or reading speed. Therefore, in future studies, convergent
evidence from connectivity-based Psychophysiological Interaction and Dynamic Causal
Modeling (gPPI/DCM) and causal perturbation using Transcranial Magnetic Stimulation
and Transcranial Direct Current Stimulation (TMS/tDCS) will be crucial to directly test
the mechanism.

While the current study successfully established a robust classification framework
for decoding reading speed across distinct orthographies, we acknowledge that the direct
correlation between these neural signatures and granular behavioral outcomes, such as
comprehension scores or subtle variances in reading performance, remains to be fully
explored. At this stage, our primary objective was to demonstrate the feasibility of the
FT-TABPFN + FCM pipeline in identifying universal and language-specific neural markers.
Future research will build upon this framework by integrating comprehensive psycho-
metric assessments to investigate the specific trade-offs between reading acceleration and
semantic depth, further strengthening the interpretive link between functional activation
and cognitive proficiency.

5. Conclusions
This study demonstrates that interpretable machine learning models can reliably

distinguish speed readers from regular readers using task-based fMRI features across
orthographically distinct languages. Across Sinhala and Japanese cohorts, classification
performance remained robust, confirming that reading fluency is supported by both univer-
sal and script-modulated neural mechanisms. SHAP-based explanations revealed that the
angular gyrus and inferior frontal gyrus pars triangularis consistently contributed the most
to model decisions, supporting their central role in semantic integration and controlled
retrieval during fluent reading. In contrast, the posterior middle temporal gyrus showed
limited discriminative value, indicating that shared semantic access processes were less
informative for separating reader types. The inclusion of Fuzzy C-Means clustering further
improved performance in the Combined cohort, highlighting the importance of modeling
reader heterogeneity rather than treating it as noise. Together, these findings address key
gaps in reading-neuroscience research by moving beyond univariate contrasts toward
interpretable, multivariate classification. The proposed framework provides a principled
approach for identifying portable and language-specific neural markers of reading speed
and establishes a foundation for future cross-linguistic, longitudinal, and intervention-
based neuroimaging studies.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/info17010108/s1, Supplementary file S1: (Results with FCM):
Neural Signatures of Speed and Regular Reading: A Machine Learning and Explainable AI (XAI)
Study among Sinhalese and Japanese: Table S1. Machine learning models and their validation
results for the combined cohort of Sri Lankan and Japanese participants, with fuzzy C-means (FCM)
clustering features. Table S2. Machine learning models and their test results for the combined
cohort of Sri Lankan and Japanese participants, with fuzzy C-means (FCM) clustering features.
Table S3. Machine learning models and their optimized hyperparameter configurations for the
combined cohort of Sri Lankan and Japanese participants, with fuzzy C-means (FCM) clustering
features. Table S4. Machine learning models and their validation results for the combined cohort of
Japanese participants, with fuzzy C-means (FCM) clustering features. Table S5. Machine learning
models and their test results for the combined cohort of Japanese participants, with fuzzy C-means
(FCM) clustering features. Table S6. Machine learning models and their optimized hyperparameter
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configurations for the combined cohort of Japanese participants, with fuzzy C-means (FCM) clustering
features. Table S7. Machine learning models and their validation results for the combined cohort of
Sri Lankan participants, with fuzzy C-means (FCM) clustering features. Table S8. Machine learning
models and their test results for the combined cohort of Sri Lankan participants, with fuzzy C-means
(FCM) clustering features. Table S9. Machine learning models and their optimized hyperparameter
configurations for the combined cohort of Sri Lankan participants, with fuzzy C-means (FCM)
clustering features. Supplementary file S2: (Results without FCM): Neural Signatures of Speed
and Regular Reading: A Machine Learning and Explainable AI (XAI) Study among Sinhalese and
Japanese: Table S10. Machine learning models and their validation results for the combined cohort
of Sri Lankan and Japanese participants, without fuzzy C-means (FCM) clustering features. Table
S11. Machine learning models and their test results for the combined cohort of Sri Lankan and
Japanese participants, without fuzzy C-means (FCM) clustering features. Table S12. Machine learning
models and their optimized hyperparameter configurations for the combined cohort of Sri Lankan
and Japanese participants, without fuzzy C-means (FCM) clustering features. Table S13. Machine
learning models and their validation results for the combined cohort of Japanese participants, without
fuzzy C-means (FCM) clustering features. Table S14. Machine learning models and their test results
for the combined cohort of Japanese participants, without fuzzy C-means (FCM) clustering features.
Table S15. Machine learning models and their optimized hyperparameter configurations for the
combined cohort of Japanese participants, without fuzzy C-means (FCM) clustering features. Table
S16. Machine learning models and their validation results for the combined cohort of Sri Lankan
participants, without fuzzy C-means (FCM) clustering features. Table S17. Machine learning models
and their test results for the combined cohort of Sri Lankan participants, without fuzzy C-means
(FCM) clustering features. Table S18. Machine learning models and their optimized hyperparameter
configurations for the combined cohort of Sri Lankan participants, without fuzzy C-means (FCM)
clustering features.
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