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Abstract Previous neuroimaging studies suggest that intensive Quran memorization may be asso-
ciated with structural brain differences, but simple and interpretableMRI-based biomarkers remain lim-
ited. This study investigated whether a single interpretable radiomics feature, gray-level co-occurrence
matrix (GLCM) Correlation, extracted frompredefined Brodmann Area (BA) volumes of interest (VOIs), is
associated with Huffaz status.A cross-sectional case-control design was used involving 47 participants
(23 Huffaz, 24 non-Huffaz). Structural MRI scans were pre-processed using a standard SPM pipeline
to generate modulated, warped, and smoothed tissue-class images (smwc*.nii). Inferential analyses
were restricted to five literature-driven candidate regions (BA22, BA24, BA32, BA40, and BA46) to re-
duce multiplicity. Best-subset logistic regression was performed with sex forced into all models and
Bayesian Information Criterion (BIC) used for model selection. Bootstrap resampling was applied to as-
sess feature-selection stability.BA46 GLCM Correlation emerged as the lowest-BIC predictor set. Boot-
strap resampling showed higher selection stability for BA46 (approximately 0.68 selection frequency)
than for the other candidate regions (approximately 0.13–0.15), supporting a reproducible single-region
signal within the tested set. These findings suggest that BA46 texture organization, as captured byGLCM
Correlation, may differentiate Huffaz from non-Huffaz after adjustment for sex.Themodest sample size
and lack of external validation limit generalizability. Nevertheless, the findings support the potential of
an interpretable single-feature radiomics biomarker and motivate further validation in larger indepen-
dent cohorts, as well as robustness analyses across preprocessing and discretization settings.

*Correspondence author email address: zulfaezal@iium.edu.my
DOI: 10.21015/vtse.v14i1.2363

1 Introduction
Sustained cognitive training may occur as long-term
intensive memorization which can be accompanied
by an observable brain alteration. Structural MRI
studies to date have largely relied on macrostructural
results, in particular, regional volume and voxel-based

morphometry (VBM), to compare Quran memoriz-
ers with non-memorizers in Huffaz (individuals who
memorize the Quran), in this case. As an illustration,
Jamaludin et al [1]. have provided group comparisons
between VBM-derived gray matter measures in Quran
memorizers, and the current use of morphometric or
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tissue-density contrasts as the major final outcome. A
similar memorization study by Sapuan et al. [2] also
used VBM to determine the regional differences in
gray matter volume between memorizers and controls.
While informative, volume / VBM primarily quantifies
“how much tissue” is present and may be less sensitive
to subtle, distributed differences in within-region tissue
organization.

In order to go beyond volume-only measures, Ja-
maludin et al. [3] proposed a fractal characterization
of Huffaz brain, comprising of global and volume-of-
interest (VOI) based fractal measures, which explicitly
motivates imaging measures of structural complexity
beyond standard morphometry. However, fractal mea-
sures reflect a specific notion of geometric complexity
and do not directly quantify second-order spatial inten-
sity relationships, a key aspect of tissue heterogeneity
often targeted by radiomics texture analysis.

Radiomics has been widely applied in neuroimag-
ing for disease characterization and prediction using
MRI features and machine learning models [4–9]. In
particular, texture radiomics summarizes spatial pat-
terns of voxel intensities inside a VOI. One widely used
texture representation is the Gray Level Co-occurrence
Matrix (GLCM), which encodes how frequently pairs of
discretized gray levels co-occur at a specified spatial
offset within a region. From the GLCM, Haralick-type
texture features can be computed, including GLCM Cor-
relation, which captures the linear dependency between
neighboring gray levels. Recent reproducibility-focused
neuroimaging radiomics evidence supports prioritizing
GLCM-derived features when robustness is important:
a NeuroImage study by Azimi et al. [4] assessing repro-
ducibility of radiomic features in brain imaging reported
that GLCM and GLDM feature classes were among the
most stable, providing specific justification for select-
ing GLCM-based measures (including correlation) as
candidates for reliable modelling.

Radiomics combined with machine learning has
shown strong predictive capability in several neuroimag-
ing applications, including mild cognitive impairment
diagnosis and disease progression prediction using
MRI-based radiomic features [10–12].

At the same time, the radiomics literature empha-
sizes that stability depends strongly on methodological

choices (e.g., discretization, scanner variability, and
preprocessing). Multi-scanner test-retest work by Wen-
nmann et al. [13] highlights the value of restricting
analyses to reproducible features to improve gener-
alizability across centers. Methodological study by
Zhao et al. [14] also demonstrates that discretization
strategy can materially affect feature reproducibility,
motivating transparent reporting of key parameters
that directly shape the GLCM. Robust feature selection
strategies are therefore critical for radiomics modelling
to ensure generalizable predictive performance across
datasets [15].

In addition, modern standardization and reporting
guidance, such as IBSI updates and radiomics auditing
checklists, reinforces the need to document prepro-
cessing and feature definitions to support reproducible,
comparable texture biomarkers [16, 17]. Finally, recent
work by Zhang et al. [18] comparing approaches to
identify repeatable radiomic features (e.g., perturba-
tion vs. est-retest) further underlines the importance
of reliability-aware feature selection before making
biological interpretations.

Therefore, building on Huffaz neuroimaging that
has focused on volume/VBM and subsequently fractal
characterization, the present study evaluates whether
VOI-based GLCM Correlation provides an additional,
texture-sensitive marker associated with Huffaz status,
while adjusting for sex as an a priori covariate. By
focusing on predefined Brodmann Area VOIs, this work
aims to provide anatomically interpretable evidence
using a radiomics feature family that is widely used and
supported by recent stability findings. Radiomics has
also been explored for multiple neurological conditions
including glioma grading, Parkinson’s disease detection,
and cerebral small vessel disease characterization [19–
22].
2 Related Work
Previous neuroimaging studies on Huffaz have primarily
used voxel-based morphometry, regional volume, and
fractal analysis to investigate structural brain differ-
ences associated with Quran memorization [1–3]. While
these approaches are valuable, they mainly characterize
tissue amount or geometric complexity rather than
within-region texture organization [1–3].
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In parallel, radiomics has become increasingly used
in brain MRI for quantitative biomarker discovery, includ-
ing classification and prediction tasks in neurological
disease [4–12, 19–22]. The radiomics of texture, in
particular, GLCM-based features, represents spatial
relationships of intensity of a VOI, and thus is capable of
identifying small-scale tissue heterogeneity that is not
identified in traditional morphometric features. Recent
research has been keen on the need to have feature
reproducibility, methodological transparency, and sen-
sitivity to preprocessing and discretization decisions in
radiomics workflows. [4, 13–18].

It is in this context that the present study has been
novel in its design that is deliberately minimalistic
and interpretable. Instead of defining the data in
high-dimensional black-box feature space, this analysis
considers one GLCM texture feature of a small literature-
based set of Brodmann-area VOIs. This approach was
intended to reduce multiplicity, improve anatomical
interpretability, and provide a transparent candidate
biomarker that can be more readily replicated and
refined in future work [1–4, 13–18].
3 Methodology
3.1 Study Design and Participants
A cross-sectional case-control analysis was performed
to test whether predefined BA VOIs exhibit associations
between MRI radiomics texture and Huffaz status. A
total of 47 participants aged 20 to 25 years were en-
rolled after MRI screening (mean ± SD age: 22.55± 1.47
years). Recruitment was conducted through social me-
dia platforms, including Facebook and WhatsApp. The
final sample comprised 23 Huffaz and 24 non-Huffaz
participants, which satisfied the required sample size for
statistical analysis. To reduce educational heterogeneity
between groups, all participants were undergrad-
uate students enrolled in science-based bachelor’s
degree programmes at IIUM Kuantan Campus. The
Huffaz group consisted of students who had previously
completed the Darul Quran–IIUM Tahfiz Certificate Pro-
gramme, an approximately 18-month post-secondary
memorization programme undertaken after completion
of secondary school (Sijil Pelajaran Malaysia level). All
participants were informed of the study objectives prior
to participation.

To reduce potential educational confounding, both
the Huffaz and non-Huffaz groups were recruited
from the same university campus and were enrolled
in undergraduate science-based degree programmes.
This sampling strategy helped improve comparability
in age range, current educational level, and academic
environment. However, differences may still remain
in prior training history, cognitive profile, bilingual or
linguistic background, and other lifestyle-related factors
that were not fully quantified in the present study.

The primary binary outcome for subject swas defined
as:

ys =
1, Huffaz
0, non-Huffaz (1)

Sex was included as an a priori adjustment covariate and
forced into all models:

Sexs =
1, female
0, male (2)

3.2 Data Acquisition and MRI
Preprocessing

Structural T1-weighted MRI volumes were acquired
for all participants (23 Huffaz vs. 24 non-Huffaz), and
processed using a standard voxel-based morphometry
(VBM)-style workflow implemented in Statistical Para-
metric Mapping (SPM) [1–3, 23]. The preprocessing
goal was to convert the structural image of individual
participants in native space to a normalized anatomical
space, create tissue-class probability images, and create
harmonized gray-matter images that can be used later
in extracting region-of-interest texture.

First, all structural scans were converted to NIfTI
format when needed and visually checked before formal
preprocessing. Consistent with SPM guidance, the
images were inspected for gross artifacts, orientation
problems, and obvious misalignment relative to the tem-
plate space. When necessary, images can be manually
reoriented before segmentation so that the subsequent
affine and nonlinear registration steps start from a rea-
sonable initial position. This preliminary quality-control
stage is important because poor initial alignment can
degrade later tissue classification and normalization
accuracy.
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Second, each T1-weighted image underwent tissue
segmentation in SPM to classify voxels into gray matter,
white matter, cerebrospinal fluid, and other non-brain
tissue classes. In SPM12, segmentation produces tissue
probability maps such as c1 (gray matter), c2 (white
matter), and c3 (CSF), together with deformation infor-
mation used for normalization. In practical terms, this
step estimates for each voxel the probability that it
belongs to a given tissue type, thereby isolating the gray-
matter image that is most relevant for morphometric
and texture-based analyses.

Third, the segmented tissue maps were spatially nor-
malized (warped) to a standard stereotactic reference
space, typically MNI space, so that anatomically corre-
sponding regions from different participants occupied
comparable voxel locations. In SPM/VBM processing,
this warping is achieved through affine plus nonlinear
deformation fields estimated during segmentation or
template-based inter-subject registration. The pur-
pose of warping is not to alter biology, but to reduce
gross anatomical variability across participants so that
the same Brodmann-area masks can be applied in a
common coordinate system.

Fourth, the normalized gray-matter images were
modulated. Modulation scales voxel intensities by the
local Jacobian determinants of the deformation field
so that tissue amounts are preserved after expansion
or contraction during spatial normalization. In other
words, if a brain region is enlarged during warping, its
voxel values are reduced proportionally, whereas if a
region is compressed, its voxel values are increased
proportionally. This step allows the resulting images to
retain information related to local gray-matter volume
after normalization, which is why modulated images are
commonly used in VBM-style analyses.

Fifth, the modulated normalized tissue maps were
smoothed using an isotropic Gaussian kernel, yielding
the final smoothed, modulated, warped tissue-class
images conventionally labeled smwc*.nii in SPM.
Smoothing reduces high-frequency noise, compensates
partly for small residual inter-subject misregistrations,
and makes the data more spatially stable for group
analysis. SPM documentation notes that VBM studies
commonly use isotropic smoothing kernels in the range
of approximately 8–12 mm, although the exact kernel

can vary according to study design and the spatial scale
of the expected effects.

Finally, the outputs of preprocessing were reviewed
by visual inspection to confirm plausible tissue segmen-
tation and acceptable anatomical normalization. One
preprocessed gray-matter image per subject, following
the SPM naming convention smwc*.nii, was then re-
tained for radiomics processing. These standardized
images formed the input for the subsequent Brodmann-
area VOI masking and GLCM feature extraction pipeline
used in the present study.

Let the resulting preprocessed 3D image for subject s
be denoted

Is(x), x ∈ Ω ⊂ Z3 (3)
where x indexes voxels in the image domain Ω.
3.3 VOI Definition (Brodmann Areas)
Volumes of interest (VOIs) were definedusing Brodmann-
area atlas masks rather than manually drawn regions.
In line with our earlier Huffaz VOI study, the atlas source
was the Wake Forest University (WFU) PickAtlas, which
provides Brodmann-area and other neuroanatomical
masks based on the Talairach Daemon and makes
them available in MNI space for use with SPM [3]. In
atlas-based ROI workflows, the fundamental idea is that
each anatomical label is first defined on a standard
template brain and then transferred to the processed
subject data through the shared coordinate system.
VOIs corresponded to Brodmann Areas BA01–BA46. In
the dataset, each BA VOI mask was encoded as:

{rz01, rz02, . . . , rz46} (4)
Structural MRI volumes were first preprocessed

in SPM and spatially normalized to standard space,
yielding the final modulated, warped, and smoothed
tissue-class images used for radiomics. Because both
the preprocessed subject images and the PickAtlas
Brodmann masks are represented in standard MNI
space, the first level of alignment was achieved through
this common normalization framework. In other words,
atlas localization was not performed in raw native space;
instead, it relied on the fact that each subject image
had already been warped into the same stereotactic
reference system as the atlas. This is the same general
logic used in many SPM/WFU PickAtlas ROI studies,
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where atlas-defined Brodmann masks are interrogated
after normalization to template space.

After selecting the required Brodmann area from
WFU PickAtlas, the corresponding atlas mask was ex-
ported as a binary image, where voxels belonging to the
selected BA were assigned value 1 and all other voxels
were assigned 0. For the current study, although the
atlas can define many Brodmann regions, inferential
analyses were restricted to the pre-specified candidate
VOIs BA22, BA24, BA32, BA40, and BA46. Each mask
therefore functioned as a spatial selector identifying
which voxels in the preprocessed MRI belonged to that
anatomical region. To reduce model complexity and
multiple testing, inferential analyses were restricted to
five literature-driven candidate regions [3]:

B = {22, 24, 32, 40, 46} (5)
BA22 and BA40 were prioritized for language /

phonological processing, BA24 and BA32 for cognitive
control/monitoring, and BA46 for executive working-
memory functions relevant to intensive memorization
practice.

A second alignment step was then performed at the
image-grid level. Even when two images are in the same
anatomical coordinate space, their matrix dimensions,
voxel sizes, or origin definitions can still differ slightly.
Therefore, for each subject, the selected BA mask was
checked against the preprocessed MRI volume. If the
mask grid did not exactly match the subject image grid,
the mask was resampled onto the subject image lattice
using nearest-neighbor interpolation. Nearest-neighbor
resampling was used because the BA mask is a label
image; unlike linear or spline interpolation, nearest-
neighbor preserves discrete region membership and
avoids generating artificial fractional labels at VOI
boundaries. This is standard practice whenever atlas
label images are transferred to another voxel grid for
ROI extraction. Each BA VOI b was represented by a
binary mask:

Mb(x) ∈ {0, 1} (6)
Once the BA mask had been brought onto the same

voxel grid as the subject’s preprocessed MRI, VOI extrac-
tion was performed voxelwise. Following the logic de-
scribed in our earlier VOI-based fractal study, the pre-

processed subject image can be regarded as volume V1and the BAmask as volume V2; the localized VOI image is
then obtained by voxelwisemultiplication of V1 and V2, orequivalently by retaining only voxels for which the mask
equals 1. In this way, all subsequent regional measure-
ments are calculated exclusively from intensities inside
the selected Brodmann area, while voxels outside the re-
gion are excluded.

Operationally, this means that the BA mask served
as an anatomical filter on the already normalized gray-
matter image. After localization, the resulting BA-specific
voxel set was passed to the radiomics pipeline, where
intensity discretization and GLCM Correlation were com-
putedonlywithin thatmasked region. Thus, the radiomic
value for a given subject and BA did not represent the
whole brain, but the texture organization of the subset
of voxels lying inside the aligned Brodmann-area VOI.

Finally, visual quality control was performed to
confirm that the atlas mask overlaid the expected
cortical territory on the normalized subject image. This
verification step is important because atlas-based local-
ization depends on both successful normalization and
correct label transfer; misregistration at either stage can
shift boundary voxels and alter the measured regional
texture.
3.4 Radiomics Feature Extraction

(Single-Feature Design)
This study used a deliberately simple radiomics design
in which only one texture feature, GLCM Correlation,
was extracted from each Brodmann-area VOI. The
computation followed three sequential steps: intensity
discretization, GLCM construction, and Correlation calcu-
lation. In radiomics, this ordering is important because
GLCM-based texture features are not computed directly
from raw continuous intensities; rather, voxel values are
first converted into a limited set of gray-level bins, and
the co-occurrence structure of those discretized values
is then summarized mathematically.
3.4.1 Step 1: Intensity Discretization Inside

the VOI
After a Brodmann-area mask had been aligned to the
subject image grid, only voxel intensities lying inside that
VOI were retained for texture analysis. Because GLCM
methods require a finite set of gray levels, the continu-
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ous MRI intensities within the VOI were discretized using
a fixed bin width. Operationally, this means that the orig-
inal intensity range was partitioned into equally sized in-
tervals, and each voxel was reassigned to an integer gray-
level category according to the interval into which its in-
tensity fell. Thus, neighboring voxels with similar inten-
sities were mapped to the same or nearby discrete gray
levels, while large intensity differences were mapped to
more distant levels.

GLCM Correlation was extracted from each BA VOI
using a fixed-bin-width discretization scheme with bin
width = 0.01. The GLCM was computed in 3D using a
voxel distance of 1 (PyRadiomics), across 13 directions
in 3D, with symmetric matrices and mean aggregation
across directions. The matrix was normalized before
feature calculation, and one scalar GLCM Correlation
value was obtained for each subject and each BA VOI.

To compute GLCM-based texture, voxel intensities
within the VOI were discretized using a fixed bin width
w:

gs(x) =
⌊
Is(x)
w

⌋
(7)

where gs(x) is the discretized gray level at voxel x.In radiomics, discretization strongly affects down-
stream texture values because it determines how much
local intensity variation is preserved versus compressed.
Standard radiomics guidance and software documen-
tation therefore emphasize transparent reporting of
discretization settings, and fixed-bin-width approaches
are commonly used because they keep bin size constant
across subjects.
3.4.2 Step 2: Construction of the Gray-level

Co-occurrence Matrix
Once all voxels within the VOI had been discretized, a
gray-level co-occurrence matrix (GLCM) was constructed.
The GLCM is a square matrix in which each entry records
how often a voxel with gray level i occurs adjacent to a
voxel with gray level j for a defined spatial relationship. In
practical terms, the algorithm scans through voxel pairs
inside the VOI, identifies the gray-level label of the first
voxel and that of its neighbor, and increments the corre-
sponding matrix cell. Repeating this for all eligible neigh-
boring pairs yields a count table describing how often dif-
ferent gray-level combinations occur in the region.

After counting, the matrix was normalized, so
that each matrix element represented a relative co-
occurrence probability rather than a raw count. This
normalization is important because it places subjects
and VOIs on a comparable scale even when the number
of contributing voxel pairs differs across regions or indi-
viduals. Conceptually, the normalized GLCM is therefore
a probability distribution over neighboring gray-level
pairs inside the VOI.

For each subject s and VOI b, the normalized GLCM
Ps,b(i, j) was constructed from discretized intensities gs(x)restricted to Mb→s, such that:∑

i

∑
j
Ps,b(i, j) = 1 (8)

3.4.3 Step 3: Calculation of GLCM Correlation
Finally, GLCM Correlation was computed from the nor-
malized matrix. Correlation is a Haralick-type texture
feature that measures the degree of linear dependency
between the gray levels of neighboring voxels. It uses
the normalized co-occurrence probabilities together
with the marginal gray-level means and standard devia-
tions to quantify whether high gray levels tend to occur
next to high gray levels, low next to low, or whether
neighboring values vary more independently.

GLCM Correlation for subject s and BA b was defined
as

Corrs,b =
∑

i
∑

j(i− µi)(j− µj)Ps,b(i, j)
σiσj

(9)
with

µi =∑
i
i

∑
j
Ps,b(i, j)

 ,

µj =∑
j
j
(∑

i
Ps,b(i, j)

)
,

(10)

σi =
√√√√√∑

i
(i− µi)2

∑
j
Ps,b(i, j)

,
σj =

√√√√∑
j
(j− µj)2

(∑
i
Ps,b(i, j)

)
.

(11)

Thus, each subject contributed a single scalar value per
BA VOI:

xs,b = Corrs,b, b ∈ B. (12)
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In practical interpretation, a higher Correlation value
indicates that neighboring discretized intensities inside
the VOI vary in a more predictable and linearly related
way, whereas a lower value indicates weaker linear de-
pendence and a less orderly pairwise intensity pattern.
Importantly, this feature summarizes within-region
spatial organization, not overall signal magnitude or
regional volume. Thus, for each subject and each BA
mask, the output of the feature-extraction stage was one
scalar number representing the texture organization of
that VOI.
3.5 Statistical Modelling
After feature extraction, statistical validation was per-
formed using binary logistic regression to distinguish
the two study groups. The dependent variable was
group membership, and all candidate models included
sex as a mandatory covariate. In addition, up to five
Brodmann-area radiomics predictors corresponding to
the selected top-five BA regions were considered as
optional predictors in the model-building stage. Before
modelling, each BA radiomics feature was standardized
to zero mean and unit standard deviation so that effect
sizes and odds ratios were comparable across regions
and could be interpreted per one-standard-deviation
increase in the feature value. Sex was coded as a binary
covariate.

Rather than fitting only a single prespecifiedmultivari-
able model, the analysis explored all possible subsets of
the candidate BA predictors while always retaining sex
in the design matrix. Because there were only five op-
tional BA predictors, exhaustive evaluation was compu-
tationally feasible: all possible subsets were fitted, from
the null subset containing no BA predictor up to the full
subset containing all five BA predictors. In each case, a
logistic regression model of the form

group ∼ sex + subset of BA predictors (13)
was estimated. Thus, the model-building procedure was
iterative in the sense that each candidate predictor com-
bination was fitted and scored separately before final se-
lection.

For each fitted model, the Bayesian Information
Criterion (BIC) was computed and used as the model-
selection criterion. BIC balances model fit against model

complexity by penalizing the inclusion of additional
predictors; therefore, among competing candidate
models, the model with the lowest BIC was selected
as the preferred simplified model. In the present im-
plementation, BIC was explicitly chosen as the ranking
criterion, although the code infrastructure also allowed
AIC as an alternative. The selected final model was then
summarized by its estimated regression coefficients,
Wald standard errors, p-values, and exponentiated
coefficients reported as odds ratios (ORs) with 95%
confidence intervals. Because BA predictors were stan-
dardized before modelling, each OR corresponds to the
change in odds associatedwith a one-standard-deviation
increase in that radiomic feature.

To assess the robustness of predictor selection, a
bootstrap stability analysis was performed after iden-
tifying the best BIC-ranked model. In each bootstrap
iteration, a new dataset of the same size as the origi-
nal sample was generated by sampling subjects with
replacement from the original cohort. The complete
model-selection procedure was then rerun on that
bootstrap sample: all predictor subsets were evaluated
again, logistic regression models were refitted, and
the subset with the lowest BIC was identified for that
resampled dataset. This process was repeated a large
number of times, and the selected BA predictors from
each bootstrap replicate were recorded.

The main output of this bootstrap stage was the
selection frequency of each BA predictor, defined as the
proportion of successful bootstrap replicates in which
that predictor appeared in the BIC-optimal model. A pre-
dictor selected very often across bootstrap samples was
interpreted as more stable, whereas one selected only
infrequently was regarded as less robust to sampling
variability. The bootstrap procedure also recorded the
distribution of selected model sizes and the number of
failed fits, such as those affected by numerical instability
or separation. This approach provided an empirical com-
plement to single-sample model selection by showing
whether the chosen predictors remained competitive
under repeated perturbations of the dataset. Fig. 1
summarizes the overall methodological workflow of
the study, from MRI acquisition and SPM preprocessing
to Brodmann-area VOI localization, radiomics feature
extraction, and statistical validation.
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Figure 1. High-level workflow of the study, showing sequential progression from data acquisition and SPM12 preprocessing to
VOI-based feature extraction, statistical validation, and final model output.

3.6 Comparative Benchmarking Against
Previous Approaches

To place the proposed radiomics feature in context,
an additional comparative benchmarking analysis was
performed against previously used structural descrip-
tors. Specifically, the discriminatory performance of
GLCM Correlation was compared with two reference
measures: regional gray-matter volume and fractal-
based measurement. These benchmark features were
selected because they reflect the principal analytical di-
rections used in our previous work, namely voxel-based
morphometry/volume analysis and fractal analysis of
localized brain regions [1–3].

For this comparison, receiver operating characteristic

(ROC) analysis was performed for the selected BA46
region using each feature separately as a univariable dis-
criminator between the Huffaz and non-Huffaz groups.
The ROC curve was generated by varying the decision
threshold across the observed feature range, and the
corresponding area under the curve (AUC) was used as
the summary measure of classification performance.
An AUC close to 0.5 indicates no discriminative ability
beyond chance, whereas larger AUC values indicate
better separation between the two groups.

This comparative step was intended to determine
whether the proposed radiomics feature provides added
discriminatory value beyond conventional regional de-
scriptors. In this way, the analysis does not merely
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report the performance of GLCM Correlation in isolation,
but explicitly evaluates whether it improves upon earlier
feature types previously used in related Huffaz brain
studies.
4 Results
4.1 Best-subset Model Under BIC (sex

forced in)
Best-subset selection was performed over five candidate
Brodmann Areas (BA24, BA32, BA22, BA40, BA46) using
the Bayesian Information Criterion (BIC) as the selection
criterion, while forcing sex into every model. Results
in Table 1 indicate that the lowest-BIC model included
a single BA predictor, BA46, with BIC = 69.922 and
AIC = 64.372.

BIC = −2 LL + p ln(n) (14)
Table 1. Top Ranked Candidate Models (Lower BIC Preferred)

subset k_pred. AIC BIC llf
BA46 1 64.3720 69.9224 -29.1860
(none) 0 68.1068 71.8071 -32.0534
BA40, BA46 2 65.5852 72.9858 -28.7926
BA32, BA46 2 65.9711 73.3717 -28.9855
BA24, BA46 2 66.0306 73.4312 -29.0153
BA22, BA46 2 66.1295 73.5301 -29.0648
BA24 1 69.2513 74.8017 -31.6256
BA40 1 69.3921 74.9426 -31.6961
BA32 1 69.5434 75.0939 -31.7717
BA22 1 69.8937 75.4442 -31.9469

4.2 Bootstrap Stability of Predictor
Selection

As summarized in Fig. 2, to quantify selection stability,
best-subset selection (BIC; sex forced in) was repeated
across B = 2000 bootstrap resamples. Selection fre-
quency for each BA was computed as the proportion of
bootstrap fits in which the BA appeared in the chosen
subset. BA46 showed the highest stability (selection
frequency = 0.6795), whereas the remaining regions
were selected less frequently (approximately 0.1295 to
0.1445).

Figure 2. Best-subset selection stability under bootstrap
resampling (BIC; sex forced in).

4.3 Best Model Coefficients
As evidenced in Table 2, the best-subset model (BIC) in-
cluded BA46 and sex. Parameter estimates are reported
as log-odds coefficients (β) with corresponding odds ra-
tios (OR). The BA predictor was standardized; thus, the
OR reflects a one-standard-deviation increase in BA46
GLCM Correlation.

In the adjusted model, BA46 GLCM Correlation was
associated with lower odds of being Huffaz (β = −0.923,
OR = 0.397, 95% CI = [0.174, 0.906], p = 0.028).
4.4 Comparative ROC Analysis for BA46
A comparative ROC analysis was performed for BA46 to
evaluate the relative discriminatory ability of three fea-
ture types: volume, fractal measurement, and GLCMCor-
relation. As shown in Fig. 3, GLCM Correlation achieved
the highest classification performance, with an AUC of
0.701, whereas volume and fractal features showed sub-
stantially lower discrimination, with AUCs of 0.540 and
0.525, respectively.

These results indicate that the conventional struc-
tural descriptors, namely volume and fractal measure-
ment, provided only near-chance-level discrimination
between the Huffaz and non-Huffaz groups in BA46. In
contrast, the GLCM-based radiomics feature demon-
strated a noticeably stronger ability to separate the
two groups. This suggests that texture-based char-
acterization captures discriminatory information not
sufficiently represented by simple regional volume or
fractal complexity alone.

From a methodological perspective, this finding
supports the inclusion of radiomics analysis as a com-
plementary approach to previous morphometric and
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Table 2. Best-Subset Model Coefficients (Sex Forced In)

term beta SE OR CI95_OR_low CI95_OR_high p_wald
const -0.2843 0.5634 0.7526 0.2495 2.2704 0.6139
sex(F=1) 0.3645 0.7665 1.4398 0.3205 6.4681 0.6344
BA46 (1SD) -0.9231 0.4208 0.3973 0.1741 0.9064 0.0283

fractal methods. While the earlier methods remain use-
ful as baseline descriptors, the present ROC comparison
indicates that GLCM Correlation may offer superior
sensitivity for detecting subtle structural differences
within the selected Brodmann-area VOI.

Figure 3. ROC curves for BA46 comparing three feature types
for discrimination between Huffaz and non-Huffaz. GLCM
Correlation showed the highest performance (AUC = 0.701),

outperforming volume (AUC = 0.540) and fractal
measurement (AUC = 0.525).

5 Discussion
5.1 Interpretation of the best-subset

result in a hypothesis-driven,
single-feature framework

The paper implemented a highly simplistic radiomics
approach a single interpretable, second-order texture
measure (GLCM Correlation) was computed on prede-
fined Brodmann-area VOIs and inference was limited
to a small set of candidate areas which were driven

by previous neuroimaging studies of memorization,
language, attention and executive control (BA22, BA24,
BA32, BA40, BA46). In this restricted design, best-
subset selection using BIC always found BA46 GLCM
Correlation to be the best predictor offering the most
favorable trade-off between model fit and complexity in
the presence of sex as an a priori addition.

It is informative, in itself, that the null model (sex only)
is only second in terms of BIC: it indicates that of the
five candidatemodels, only BA46 contains additional pre-
dictive information sufficiently strong to overcome the
penalty of BIC which is relatively severe on the addition
of parameters.

To interpret this result, it is necessary to make a
close distinction between (i) predictive utility in the
candidate set being tested and (ii) biological specificity.
The result of model selection is not that BA46 is the
sole region that varies between Huffaz and non-Huffaz
and that the changes in BA46 are the most potent
brain correlate of memorization, in general. Instead it
suggests that in the small range of regions and with
the particular imaging preprocessing and discretization
choices applied herein, BA46 texture organization when
detected with GLCM Correlation provides a consistent
signal that distinguishes the groups compared to the
other candidate regions.

Such interpretation is consistent with the reasons
why the analysis should be limited: multiplicity and
degrees of freedom should be minimized in order to
maximize interpretability and enhance reproducibility at
small samples. The current work therefore contributes a
“single-feature/single-region” candidate biomarker that
is transparent enough to be interrogated, challenged,
and refined. In radiomics and neuroimaging more
broadly, such constrained models can be valuable as
anchors for subsequent studies, particularly when prior
literature suggests plausible involvement of frontal
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executive circuitry in intensive memorization practice.
5.2 What does a BA46 “texture” signal

mean? Conceptual meaning of GLCM
Correlation in structural MRI

A key goal of this study was interpretability. GLCM
Correlation is a Haralick texture measure that quantifies
the linear dependency between neighboring discretized
gray levels. In practical terms, within a VOI, higher
GLCM Correlation typically reflects more predictable
co-occurrence structure, where neighboring voxels’
discretized intensities vary in a more linearly related
manner; lower correlation reflects weaker linear de-
pendency and potentially more complex, less linearly
coupled local intensity relationships. Because the fea-
ture is computed from a discretized intensity field inside
a region, it captures within-region organization rather
than bulk volume.

In structural MRI (and especially tissue-class images
produced by segmentation and modulation), voxel
intensities can be interpreted as continuous-valued
maps related to tissue composition or local density.
Texture features computed on these images therefore
summarize how these local intensity values arrange
spatially. Importantly, texture features do not map
one-to-one onto a single microstructural property.
Instead, they may reflect a mixture of biological and
technical sources: local cytoarchitecture and laminar
organization, partial volume composition, segmentation
properties, smoothing, registration and modulation
effects, and discretization choices. That said, a stable,
region-specific texture difference especially in a region
with strong cognitive plausibility can be viewed as a
candidate signature of distributed tissue organization
differences associated with long-term training. Similar
radiomics approaches have been used to characterize
structural brain alterations in neurological disorders,
including Alzheimer’s disease and Parkinson’s disease,
where texture and intensity-derived features capture
subtle tissue organization patterns beyond volumetric
measures [24, 25].

In this study, the standardized BA46 coefficient was
negative (OR < 1), meaning that higher BA46 GLCM
Correlation was associated with lower odds of being
Huffaz. One interpretable hypothesis is that sustained

memorization and related cognitive routines might be
accompanied by subtle remodeling that changes the
local heterogeneity and spatial dependency of intensity
values in BA46. However, because preprocessing steps
such as smoothing can alter fine-scale patterns, any
biological interpretation must remain tentative until
robustness checks across pipelines are performed.
5.3 Neurocognitive plausibility of BA46 in

intensive memorization and recitation
practice

BA46 is usually associated with dorsolateral prefrontal
cortex (DLPFC), which plays an important role in
executive functions such as working memory main-
tenance/manipulation, top-down attentional control,
monitoring, and goal-directed behavior. This memo-
rizing of high volumes of structured text does not just
mean storage, but rather repetitive encoding, active
retrieval, error checking, sequence, attentional control
and such strategies that aid long-term memory. Huffaz
practice may therefore engage a cognitive profile that
overlaps with DLPFC functions: maintaining and updat-
ing sequences, sustaining attention during recitation,
suppressing distractions, monitoring performance, and
using structured retrieval cues.

In that sense, it is reasonable to consider that a BA46
signature exists and can be used to supplement previous
research that has focused on temporal and parietal brain
areas related to language understanding and phonolog-
ical decoding (e.g., BA22 and BA40), and cingulate brain
areas that are related to cognitive regulation and moni-
toring (e.g., BA24 and BA32). The existing outcome does
not refute the potential of those areas being involved; on
the contrary, it indicates that in the existing feature and
analysis limitations, BA46 displays the most noticeable
and repeatable texture organization difference.

There are at least three non-mutually exclusive inter-
pretations of why BA46might emerge in a texture-based
case-control analysis:
• Executive-control specialization hypothesis: The
long-termmemorization reinforces the frontal execu-
tive systems of long-term, goal-oriented retrieval and
sequencing. The structural adaptationsmay not be in
the form of a massive volumetric expansion but may
be in the form of subtle reorganization within the re-
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gion that can be detected by the texture.
• Strategy and metacognitive monitoring hypothe-
sis: Memorizers who are skilled might devise mecha-
nisms that involve measuring, inspection and correc-
tion of errors, which are also often associated with
the prefrontal circuitry. Alterations in local organiza-
tion can indicate long-term involvement of such net-
works.

• Distributed network compensation hypothesis:
Memorization can concern several areas, yet the
fact that people have similarities despite variations
in the approach might be the fact that they use the
executive control systems. This might produce a
more consistent BA46 signal across participants than
language-related regions whose engagement may
vary with recitation style, linguistic background, or
training method.

These hypotheses motivate follow-up work that pairs
the radiomics feature with behavioral measures (e.g.,
working memory capacity, retrieval speed, error rates
during recall, attention control tasks) and explores
whether BA46 texture correlates with training intensity,
onset age, or cumulative practice hours.
5.4 Why did BA22, BA24, BA32, and BA40

not show comparable stability in this
setting?

The lower selection frequency for BA22, BA24, BA32, and
BA40 does not imply that these regions are irrelevant to
memorization. Several methodological and substantive
factors can reduce detectability.
5.4.1 Feature specificity mismatch
GLCM Correlation captures a specific kind of spatial de-
pendency pattern. It is possible that other regions dif-
fer between groups but in ways better captured by other
texture measures (e.g., contrast, homogeneity, entropy),
intensity statistics, or morphometric indices rather than
correlation.
5.4.2 Heterogeneity of functional roles and

training strategies
Language comprehension and phonological processing
(BA22, BA40) may be engaged differently depending on
recitation practice, language proficiency, and teaching

method. Such heterogeneity can dilute consistent
structural signatures in small samples.
5.4.3 Preprocessing sensitivity
Spatial normalization,modulation, and smoothing can in-
teract with regional anatomy differently across cortical
areas. Some regions may be more susceptible to partial
volume effects or segmentation variability, affecting tex-
ture features.
5.4.4 Candidate set restriction and penalized

selection
BIC favors parsimonious models. If two regions share
overlapping information (collinearity in texture mea-
sures), selection might favor the single region that most
efficiently captures the signal, potentially pushing other
regions out even if they contribute weakly.

Therefore, the present BA46-first result should be
framed as a starting point for targeted replication rather
than an exclusive localization claim.
5.5 Stability findings: what the bootstrap

selection frequency adds beyond
p-values

One of the objectives of the current study was to find a
candidate predictor, but also to measure its resampling
stability. In small tomoderate datasets, classical p-values
can be unstable, and variable selection can be sensitive
to sampling noise. The bootstrap results provide a com-
plementary view: BA46 was selected in approximately
0.68 of resamples, whereas other candidates were near
0.13–0.15. This pattern suggests that BA46 is not a one-
off artifact of a single split or a single fit; instead, it is the
region most consistently supported when the dataset is
perturbed through resampling.

One should understand about 0.68 appropriately: it is
not an absolute stability, and it does not imply that BA46
will be necessarily chosen. Instead, it shows a compara-
tive advantage in the candidate set. In practice, when the
sample size is small, a selection frequency that is signifi-
cantly larger than that of the competitors can be an effec-
tive empirical measure of robustness, particularly when
used together with a transparent single-feature method.

The interpretability and parsimony of the signal
are also supported by the model-size distribution
(one-predictor models are the most popular). This can
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be advantageous for reproducibility: a single-region
model is simpler to validate, easier to describe, and less
likely to overfit than multi-region signatures with many
correlated features.
5.6 Covariate adjustment, effect direction,

and interpretational caution
All models were subjected to sex to correct any possi-
ble sex-related variation in brain structure and texture
that could confound comparison of groups. The best BIC
model also had no statistically significant sex difference
with zero, and BA46 was significant under a Wald test. It
implies that sex differences in the sample distribution do
not explain the BA46 effect in a trivially important way.
The failure to find a sex effect in this dataset, however,
cannot be construed to mean that sex does not matter,
but might be due to low power, feature employed or the
difference in sex might be more manifested in other out-
comes.

The trend of BA46 coefficient is worth discussing.
The negative standardized coefficient means that the in-
crease of BA46 GLCM Correlation is linked to a decrease
in odds of Huffaz status. This direction is not easily
interpreted biologically since increased correlation does
not directly correspond to more healthy or more trained.
Rather, it is a certain within-region intensity depen-
dency trend. One reasonable narrative is that Huffaz
status is associated with altered tissue organization
in BA46 that changes local intensity relationships in a
way that reduces linear dependency, consistent with
increased heterogeneity or more complex local pattern-
ing. However, such interpretation has to be reserved
till the robustness is tested with discretization decisions
and preprocessing parameter, the details of feature
computation are standardized and reported, and that
the direction and strength is verified by independent
replication.
5.7 Methodological contributions: why a

single-feature, VOI-based radiomics
design matters

The majority of radiomics studies use high-dimensional
feature set which is usually in hundreds and even thou-
sands of variables and then use regularization or feature
selection. Even though it is powerful, it can decrease in-
terpretability and raise the susceptibility to analytic flex-

ibility. Conversely, the current paper focuses on a lean
and auditable method:
• one feature that is defined (GLCM Correlation),
• a few anatomically determinable VOIs (Brodmann ar-
eas),

• a pre-specified candidate set to limit multiplicity,
• a model-selection criterion (BIC) that penalizes com-
plexity, and

• a complexity-penalized model-selection criterion
(BIC).

This design reduces degrees of freedom and makes it
easier for other groups to replicate and test. In addition,
focusing on Brodmann areas facilitates integration with
cognitive neuroscience interpretations, since BA labels
are commonly used to relate neuroimaging findings to
known functional systems.

At the same time, the design also highlights trade-
offs: by restricting the feature space, the approach may
miss signals detectable by other features or regions.
This trade-off is acceptable here because the goal is to
establish a transparent candidate marker rather than
maximize classification performance.
5.8 Technical considerations that can

influence GLCM Correlation in
structural MRI

A robust discussion of radiomics requires explicit ac-
knowledgement of methodological sensitivities. Several
factors can influence GLCM Correlation values.
5.8.1 Intensity scaling and harmonization
Even after preprocessing, intensity distributions can dif-
fer across subjects due to scanner factors, acquisition
settings, or normalization choices. If intensity normal-
ization is not consistent, discretization can map similar
biological patterns to different gray-level bins.
5.8.2 Discretization strategy
Fixed bin width (as used here) versus fixed bin count can
yield different gray-level distributions within VOIs. GLCM
features are sensitive to this choice. Reporting bin width
and any intensity normalization steps is essential for re-
producibility.
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5.8.3 GLCM parameters: offsets, directions,
distance, symmetry, and averaging

GLCM Correlation can be computed with different spa-
tial offsets (e.g., 1 voxel), across multiple directions (13
directions in 3D is common), and then averaged. Differ-
ent implementations (2D slice-wise vs. 3D, symmetric vs.
not, normalized vs. not) can change feature values. Ex-
plicit parameter reporting is necessary.
5.8.4 Smoothing and resampling
Smoothing can reduce high-frequency variation and
may increase local predictability, potentially affecting
correlation. Likewise, resampling VOI masks can al-
ter boundary voxels and partial volume composition,
impacting texture features.

Because these factors can create pipeline signa-
tures, future work should include sensitivity analyses
where BA46 remains the focus but preprocessing and
discretization settings are varied systematically to test
stability of the association.
5.9 Statistical considerations:

small-sample inference, optimism,
and generalizability

With N = 47, this study should be framed as ex-
ploratory/confirmatory within a constrained hypothesis
set rather than definitive. Small samples increase un-
certainty in effect estimates and can produce optimistic
performance if classification accuracy is emphasized.
The present study reduces overfitting risk by limiting
predictors and using BIC, but several statistical issues
remain relevant:
• Coefficient uncertainty: Confidence intervals can
be wide even when p-values are below 0.05. Empha-
sizing effect sizes and uncertainty is important.

• Selection-induced inference: Inference after selec-
tion can inflate significance if not accounted for. The
bootstrap stability partially addresses robustness,
but formal post-selection inference is not performed
here.

• Class balance and calibration: Although the groups
are reasonably balanced (23 vs. 24), calibration of pre-
dicted probabilities and decision thresholds should
be assessed in future work, especially if translation
to screening is considered.

• External validity: Without an independent cohort,
generalizability remains unknown.
To strengthen the statistical evidence, future studies

could use nested resampling for performance esti-
mation, preregistered analysis plans, and multi-site
validation to test robustness across scanners and
populations.
5.10 Integration with prior Huffaz

neuroimaging and contribution
beyond volume/VBM and fractal
measures

Most work on neuroimaging by Prior Huffaz has been
done on macrostructural measures like VBM-based gray
matter measures and VOI volumes, and introduced
fractal measures to quantify complexity. The present
research is complementary to such methods because it
addresses another aspect, which is second-order spatial
intensity structure in predetermined cortical areas. This
has a conceptual sense, in that two persons may be
the same in the volume of the region, but differ in the
internal structure of tissue-class intensities. The idea of
texture can then give a potentially sensitive description
of a distributed organizational difference which may not
be represented as big changes in volume.

Instead of placing texture as an alternative to VBM
or fractal descriptors, it can be presented as the other
perspective of structural organization. These descriptors
might be learned in a controlled way in an ideal future
model (e.g. VBM, fractal measures, a small panel of sta-
ble texture features) to assess whether they represent
similar or complementary changes in training-associated
neuroplasticity.
5.11 Practical implications and how this

could be used responsibly
The value of single-region, single-feature marker lies in
the fact that a single-region, single-feature marker is eas-
ily implemented and interpreted compared to complex
models. Should it be replicated, BA46 GLCM Correlation
could be used as a hypothesis-based research biomarker
to examine long-term memorization training, a research
target in studying brain-behavior correspondence treat-
ments involving imaging and performance measures, or
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a feature candidate in multimodal models involving cog-
nitive tests, training history, and imaging.

Nevertheless, there should be responsible interpre-
tation. This paper does not suggest the use of MRI
texture in identifying people in practice. Huffaz status is
a learned skill and a social identity; translating imaging
findings into individual-level classification would raise
ethical concerns and would require rigorous validation,
careful consideration of confounding variables (edu-
cation, socioeconomic factors, bilingualism, religious
practice patterns, sleep, stress), and clear benefit-risk
justification.
5.12 Limitations and future work
The case-control design applied in this study was cross-
sectional, and the sample size (N = 47) was rather
small, which restricts the precision and the capacity
to test interactions or non-linear effects. Only a single
radiomics feature was analyzed by design; while this
reduces multiplicity and improves interpretability, it may
miss complementary information captured by other
texture, shape, or intensity features. Future work should
(i) validate the BA46 finding in an independent cohort,
(ii) test whether the association generalizes across
alternative preprocessing settings or discretization
choices, and (iii) evaluate a broader radiomics panel
under appropriate multiple-comparison control and
preregistered hypotheses.
6 Conclusion
This paper has offered a purposely simplistic and in-
terpretable MRI radiomics model to investigate the
relationships between structural MRI texture and Huffaz
status.Multiplicity was limited by using a single texture
measure, GLCM Correlation, applied to literature-
defined Brodmann Area VOIs on SPM-preprocessed
smwc.nii images and inference was restricted to the
five candidate regions (BA22, BA24, BA32, BA40, BA46).
Best-subset selection under BIC with sex forced into all
models consistently identified BA46 GLCM Correlation
as the most informative regional predictor. Bootstrap
resampling further supported this finding, with BA46
showing markedly higher selection stability than the
other candidate regions, suggesting a reproducible
single-region signal within the evaluated set.

Overall, the results indicate that BA46 texture or-

ganization, as captured by GLCM Correlation, may
differentiate Huffaz from non-Huffaz after adjustment
for sex. Future work should validate the BA46 associa-
tion in larger independent cohorts, assess robustness
to preprocessing and discretization settings, and eval-
uate whether combining complementary radiomics
features or multimodal measures improves predictive
performance while maintaining interpretability.
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