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Abstract

Introduction: This research is focused on early detection of
Alzheimer's disease (AD) using a multiscale feature fusion
framework, combining biomarkers from memory, vision, and
speech regions extracted from magnetic resonance imaging
and positron emission tomography images. Methods: Using 2D
gray level co-occurrence matrix (2D-GLCM) texture features,
volume, standardized uptake value ratios (SUVR), and obesity
from different neuroimaging modalities, the study applies
various classifiers, demonstrating a feature importance analysis
in each region of interest. The research employs four classifiers,
namely linear support vector machine, linear discriminant
analysis, logistic regression (LR), and logistic regression with
stochastic gradient descent (LRSGD) classifiers, to determine
feature importance, leading to subsequent validation using a
probabilistic neural network classifier. Results: The research
highlights the critical role of brain texture features, particularly

in memory regions, for AD detection. Significant sex-specific
differences are observed, with males showing significance in
texture features in memory regions, volume in vision regions,
and SUVR in speech regions, while females exhibit significance
in texture features in memory and speech regions, and SUVR in
vision regions. Additionally, the study analyzes how obesity
affects features used in AD prediction models, clarifying its
effects on speech and vision regions, particularly brain volume.
Conclusion: The findings contribute valuable insights into the
effectiveness of feature fusion, sex-specific differences, and the
impact of obesity on AD-related biomarkers, paving the way for
future research in early AD detection strategies and cognitive

impairment classification. © 2024 The Author(s).
Published by S. Karger AG, Basel

Introduction

Alzheimer’s disease (AD) biomarkers now include
digital biomarkers like speech characteristics, alongside
traditional methods such as cerebrospinal fluid (CSF)
analysis and neuroimaging. Digital biomarkers enable
non-invasive, continuous monitoring and early detection
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of AD [1]. While we focus on imaging due to its accuracy,
integrating digital biomarkers can enhance early detec-
tion, intervention, and prognosis by providing a com-
prehensive AD model.

Memory Regions and Their Roles in AD

In this study, extracting and analyzing certain regions
of interest (ROI) from medical images is the main focus,
along with process simplification and improved feature
importance analysis. The two central ROIs in memory
regions impacted by Alzheimer’s disease (AD) are the
entorhinal cortex and the hippocampal regions. These
two brain regions are critical and are frequently the first to
show signs of damage [2-4]. The entorhinal cortex is
critical in memory and spatial navigation, while the
hippocampus is essential for learning and remembering.
These regions’ fusion features can be used to provide early
AD signs. Furthermore, the accumulation of proteins
such as Tau and amyloid-p (Ap) peptide can be measured
in these regions, providing information about how the
disease develops [5].

Vision Cortices and Their Roles in AD

AD is distinguished not only by its well-known
memory deficits but also by a wide range of visual ab-
normalities that extend beyond cognitive domains.
Deficits in various visual features, including visual acuity,
contrast sensitivity, color discrimination, optic flow
perception, and visuospatial orientation, have been ob-
served in research [6-8]. These visual abnormalities in
AD have sparked research into the visual system’s po-
tential as a source of biomarkers for the disease. Recent
research has revealed the prevalence of AD-related dis-
orders in visual pathways ranging from the subcortical to
the cortical region. Notably, visual deficits in AD are
caused by changes in higher cortical areas, particularly the
visual association regions, rather than changes in visual
pathways up to the primary visual cortex [9].

While the presence of visual system defects in AD is
well recognized, the timing of these impairments in
connection to the early stages of the disease remains
unknown. More research is needed to thoroughly un-
derstand the sensitivity and specificity of visual metrics in
detecting early indications of AD. While AD-related
disease is evident in both the peripheral and central vi-
sual systems of AD patients, the point at which such
pathology first manifests in the visual system remains
unknown [10]. A thorough examination of visual char-
acteristics in AD patients versus healthy controls revealed
substantial changes. Visual acuity, contrast sensitivity,
color perception, and visual integration were all signifi-
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cantly poorer in AD patients as compared to healthy

controls. When compared to healthy controls, mild AD

patients had considerable macular thinning in the central
region, whereas moderate AD patients had significant

macular thickening in the central region [11].

The prevalence of motion perceptual abnormalities in
AD is a well-known fact. However, previous research [12]
found that net connectivity in the primary visual cortex
(V1) significantly increases during visual motion stim-
ulation in normal control patients but not in those with
mild cognitive impairment (MCI) or AD. This altered net
activity inside V1 could be a critical factor in the motion
perception abnormalities observed in MCI and AD.

Although it has received relatively less attention, the
existence of visuospatial deficits has long been recognized
as a prominent feature of AD over an extended time-
frame. Notably, recent advancements in imaging research
have confirmed the presence of these visuospatial im-
pairments even during the initial phases of AD, as evi-
denced by the work of Kim and Lee [13]. Thus, our focus
revolves around the brain’s visual regions to ascertain
their relationship and significance concerning AD. The
critical ROIs include:

o Primary visual cortex (V1): Positioned in the occipital
lobe at the brain’s posterior, V1 is responsible for the
initial processing of visual information. It earns its
name, the striate cortex, from its striped appearance.
V1 recognizes basic visual features such as edges, lines,
and orientations [14].

e Secondary visual cortices (V2, V3, V4), middle tem-
poral area (V5): These higher level visual regions
continue to process progressively intricate visual in-
formation. V2 handles more complex shapes, V3
concentrates on form and motion processing, V4 is
engaged in color perception, and V5 (also known as the
medial temporal region) specializes in motion per-
ception [14-17].

Figure 1 illustrates a functional magnetic resonance
imaging (MRI) brain slice highlighting the primary visual
centers in the occipital cortex. The figure illustrates the
path of visual information from the retinas to the primary
visual cortex using different colors for each hemisphere.
Figure 2 employs FSL eyes visualization on the standard
MRI image, clearly presenting the five regions we aim to
extract from the entire brain.

Speech Regions and Their Roles in AD

Many individuals with AD initially speak clearly but
encounter difficulties in comprehending and conveying
meaningful information [18, 19]. For example, a study by
Harasty examined nine cortical areas related to language,
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Fig. 1. The visual pathways from the retina in the eyes to the primary visual cortex at the rear of the brain are

shown schematically.

Fig. 2. Visual cortices V1-V5.

such as Broca’s area, Brodmann 22, and angular gyrus.
The results revealed significant impacts in most areas for
females and males, with the most significant differences
in the anterior superior temporal gyri, where females with
Alzheimer’s had 59% greater loss in gyral volume than
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males [20]. Another study conducted by Yang et al. [21]
highlighted the notable thinning of the pars triangularis, a
part of Broca’s area, in the left hemisphere, accentuating
the left hemisphere’s dominance in language function.
The study also highlighted notable reductions in cortical

Digit Biomark 2025;9:23-39 25
DOI: 10.1159/000543165



https://doi.org/10.1159/000543165

thickness in the right hemisphere, specifically in the

middle temporal gyrus and medial orbital frontal

cortex, highlighting the significance of the medial
temporal lobe in memory [21]. Moreover, Deldar et al.

[22] highlight the complex interaction between lan-

guage and working memory in the context of AD and

emphasize how language tasks involving working
memory engage specific brain systems, highlighting the
possible consequences for the language regions afflicted
by AD. Thus, our attention is focused on determining
how the speech parts of the brain relate to AD. The key

ROIs include:

e Broca’s area, which includes Brodmann areas 44 and 45,
is critical for speech production and regulation, which is
necessary for language fluency and articulation [23].

e Wernicke’s area, also known as Brodmann area 22, is in
the superior temporal gyrus and is essential for lan-
guage comprehension. Damage in this area causes
problems with processing and understanding both
spoken and written language [24].

e Angular gyrus plays a role in several functions, in-
cluding language and arithmetic processing [20].

Sex Differences in AD

Recent research has shed light on the significant
impact of sex-related differences in the development and
progression of AD. Ferretti et al. [25] found that men
and women with AD exhibit distinct symptom profiles
and rates of cognitive decline. Despite consistent AP
levels, women experience accelerated brain atrophy
during the early stages of the disease. Moreover, dif-
ferent risk factors have differential effects on each sex,
emphasizing the need for further investigation into sex-
specific distinctions in AD for tailored treatment ap-
proaches. Similarly, Contador et al. [26] observed that
females with early onset AD (EOAD) demonstrate more
pronounced cognitive impairment and broader brain
atrophy compared to males. Although slight differences
in the thickness of specific brain regions were noted, no
significant variances in cognition or hippocampal vol-
ume were found. Notably, females with EOAD exhibited
higher levels of tau protein in their cerebrospinal fluid,
greater cognitive impairment, and a broader atrophy
burden compared to male EOAD patients and same-sex
healthy controls. The degree of brain atrophy in females
was positively correlated with increased cognitive im-
pairment, suggesting sex differences influence the pat-
tern of cognitive decline and disease susceptibility in
EOAD. Further investigations by Tsiknia et al. [27]
indicate that women on the AD continuum tend to
display higher levels of tau pathology compared to men.
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While plasma p-taul81 levels remain similar between
the sexes, women show reduced brain glucose meta-
bolism, increased brain A deposition, raised CSF
p-taul8l, and accelerated cognitive decline linked to
higher baseline plasma p-taul81 levels compared to
males. Among individuals with AP pathology, women
are at a higher risk of developing AD dementia as
baseline plasma p-taul8l levels increase.

Methodology

Figure 3 illustrates the block diagram of a compre-
hensive methodology for early AD detection using the
ADNI dataset. It begins with MRI and positron emission
tomography (PET) data acquisition, followed by memory,
vision, and speech region segmentation. Subsequently,
the feature processing pipeline includes feature extrac-
tion, feature engineering, and feature fusion. Ultimately,
feature importance analysis used LR, LRSGD, linear
discriminant analysis (LDA), and linear support vector
machine (L-SVM) classifiers.

ADNI Dataset

For early AD detection, data from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database was
used (www.loni.ucla.edu/ADNI). The ADNI was estab-
lished in 2003 by the National Institute on Aging (NIA),
the National Institute of Biomedical Imaging and Bio-
engineering (NIBIB), the Food and Drug Administration
(FDA), private pharmaceutical companies, and nonprofit
organizations. The main objective of the ADNI has been
to determine whether serial MRI, PET, other biological
markers, clinical evaluation, and neuropsychological
testing may be integrated to track the evolution of MCI
and early AD [28].

This study involved downloading MRI and PET images
from the ADNI database, organized into two groups: MCls
(MCI stable, AD -ve), which included individuals not
anticipated to develop AD, and MCIc (MCI conversion,
AD +ve), which included individuals expected to develop
AD. A total of 82 subjects were included, each with 8 scans
in total - 4 MRI scans and 4 PET scans - across four time
points: baseline, 6 months, 12 months, and 18 months.
Specifically, each subject contributed 4 MRI images and 4
PET images, one from each time point, resulting in 8
images per subject. The study included 46 subjects in the
MClIc group and 36 in the MCIs group. To ensure a
balanced dataset and avoid bias, we selected 72
subjects — 36 from each group. Additionally, we ensured
balance by sex, with 30 males and 30 females, which is
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Fig. 3. Block diagram.

important for exploring sex-based differences in MCI
progression.

Regarding the time aspect of the scans, we ac-
knowledge that scans taken at different time points
(baseline, 6 months, 12 months, 18 months) are likely to
differ due to disease progression. However, since the
primary goal of our study was to classify subjects into
MCI stable versus MCI conversion groups, rather than
to track changes over time, we did not explicitly model
time as a feature. Instead, we used all available scans (one
for each time point) for each subject, treating them as
independent feature sets. This approach allowed us to
focus on overall subject-level characteristics rather than
modeling temporal progression. To ensure that repeated
measures (scans from the same subject) did not lead to
data leakage or bias, we implemented a subject-based
stratification strategy during the train-test-validation
split, ensuring that scans from the same subject al-
ways remained in the same split (train, validation, or
test). This clarifies our approach, which is now detailed
in the manuscript.

Segmentation of Memory, Vision, and Speech Regions

in MRI and PET Images

Accurate segmentation of ROIs such as memory-
related regions (hippocampus and entorhinal cortex),
vision-related regions (primary visual cortex [V1], sec-
ondary visual cortices [V2, V3, V4], middle temporal area
[V5]), and speech-related regions (Broca area [Broca 44,
Broca 45], Brodmann 22 area [Wernicke’s area], angular
gyrus) in MRI and PET images has a significant impact on
understanding and diagnosing neurological diseases. It
involves dividing a region into its basic parts. Accurate
segmentation is essential for quantitative analysis and
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learning more about the pathophysiology of these dis-
eases [29, 30]. We used the built-in atlases of the FMRIB
Software Library (FSL) to automate the segmentation of
imaging data. The extensive toolkit and atlases provided
by FSL ensured a precise segmentation process and ef-
fective results, making our research analytical process
reliable and efficient [31].

Feature Processing Pipeline for Enhanced Feature

Importance Analysis

Figure 4 illustrates the feature processing pipeline. The
process starts with extracting GLCM, ROI volume, and
standardized uptake value ratio (SUVR) features. Sub-
sequently, feature engineering is explicitly applied to the
GLCM features, consolidating them into a single feature
to ensure a balanced scale between features. Finally, the
feature fusion process includes the engineered features of
GLCM, volume, SUVR, and obesity.

Feature Extraction

In this study, we extract textural features from 3D MRI
images of the memory, vision, and speech regions using
the gray level co-occurrence matrix (GLCM). The GLCM
method evaluates the relationships between pixel values
based on their co-occurrence frequency. Each element in
the matrix represents the count of specific pixel pairs
appearing in the image. Parameter values like radius,
angle, and gray levels significantly influence GLCM
computation. The selected parameters in this research
include a radius (distance between pixels) of 1, 3, and 5,
angles of 0, 45, 90, and 135°, and an analysis of 256 gray
levels. The GLCM matrices are calculated for each 2D
slice, combined into a single 2D GLCM for the entire ROI
by averaging the GLCM matrices across all slices, and
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Fig. 4. Feature processing pipeline.

analyzed using statistical measures like dissimilarity,
correlation, homogeneity, contrast, and angular second
moment (ASM) to extract relevant information about
texture features.
The contrast, dissimilarity, correlation, homogeneity,
and ASM are computed using the following equations:
N-1
Contrast = Z P (i-j)
i,j=0

1)

N-1
Dissimilarity = Z P;; li - ]I
£j=0

2

N-1 N-1

Homogeneity = — (3)
i; S+ (i-j)
1

(4)

®)

where N is the total number of gray levels within the ROI,
and P;; denotes the number of occurrences where a pixel
with gray-level i is adjacent to a pixel with gray-level j,
given a specific offset d and orientation 6. y; and y;
correspond to the mean values across the rows and
columns of the GLCM, while o; and o; represent the
respective standard deviations.

Furthermore, this study emphasizes the importance of
volumetric measures in the speech, visual, and memory
regions, especially in the diagnosis and follow-up of
neurological diseases such as AD. The volume for each
region side was determined by summing up the volumes
of all the voxel volume within that region (vr) [31, 32].
This approach aims to quantify and analyze ROI volumes
for diagnostic purposes.

Equation (6) represents the volumetric measurement
process:
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(6)

Volume,egion = ZVolumevoxel

vr

where Volume,egion is the total volume of the specified
region, voxel represents individual voxels within the
region, and Volume,,y is the volume associated with
each voxel. Additionally, the voxel volume (Volume,y.;)
can be expressed as [31, 32].

Volume, oy = PixelWidth x PixelHeight x PixelDepth (7)

Moreover, the SUVR, which is a metric that measures
the accumulation of a radiotracer in particular brain
regions in comparison to a reference region — typically the
cerebellum - chosen for its consistency across
subjects — is found in this work. It can be calculated by
dividing the average uptake in the ROI by that in the
cerebellum, as illustrated in Equation (8). Although
SUVR only gives a relative measurement and cannot
determine exact tau or amyloid levels, it is helpful for
monitoring accumulation over time or between patients.
As demonstrated by [33], SUVR helps differentiate be-
tween MCI, MCI with evidence of amyloid or tau pa-
thology (MClc), and AD. It also helps identify different
phases of AD and other neurological diseases. An in-
creased risk of neurological diseases such as Alzheimer’s
is correlated with higher levels of tau or amyloid accu-
mulation, as shown by a higher SUVR measurement.

Average U ptake in ROI

SUVR =
Average U ptake in Cerebellum

®)

Furthermore, several studies suggest a potential link
between obesity and AD through processes such as
inflammation and insulin resistance [34-36]. Razay et al.
[36] highlight significant associations between AD and
obesity, underweight conditions, and abdominal obesity,
with logistic regression (LR) analyses emphasizing the
role of metabolic risk factors. Additionally, Terzo et al.
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Table 1. Overweight determination in adults based on body
mass index (BMI)

Classification BMI (kg/m?)
Underweight <185
Normal range 18.5-24.9
Overweight >25.0
Pre-obese 25.0-29.9
Obese class | 30.0-34.9
Obese class Il 35.0-39.9
Obese class Il >40.0

[35] underscore the correlation between obesity and health
risks, particularly AD, stressing the impact of metabolic
issues such as insulin resistance and hyperglycemia.
Following the World Health Organization (WHO)
classification, overweight in adults is determined based on
the body mass index (BMI) as outlined in Table 1 [37].

Feature Engineering For GLCM Texture Features. Feature
engineering is essential for extracting meaningful data
representations in machine learning tasks. We use histo-
grams to extract a single feature from each ROI texture
feature. The histogram approach involves creating histo-
grams for GLCM features, offering insights into the prev-
alence and strength of texture patterns. This technique
works exceptionally well when the frequency or intensity of
the texture pattern and the statistical distribution of GLCM
features are essential, like in image classification tasks.

To explain this process in detail, we first determine the
range of each GLCM feature (minimum and maximum
values) - such as contrast, correlation, and homoge-
neity — across all ROIs. This range is then used to divide
the feature values into discrete bins, with the dis-
cretization step (ds) calculated using Equation (9) [38]:

ds = (max — min)/B 9)

where B is the number of bins. For each original feature
value V, we calculate the discrete value DV and assign it
to a bin using Equation (10) [38]:
DV = —|min| + round(%ﬁ) x ds (10)
The next step is to calculate the histogram for each
feature within the range values. If B bins are used, the
resulting histogram for a particular feature will have B

values, transforming the original feature with N values
into a histogram with B values, where N>B. The B values
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represent the transformed features, which are more ro-
bust and serve as a compact representation of the sta-
tistical distribution of the data.

For each GLCM feature extracted from an ROI, we
construct individual histograms that represent the sta-
tistical distribution of the feature values. These histo-
grams capture the frequency and intensity of texture
patterns, reflecting the occurrence and strength of
specific texture patterns within the ROIL. Once the his-
tograms for each GLCM feature are computed, they are
concatenated to form a single, comprehensive histogram
feature for each region. This combined histogram ef-
fectively encapsulates the most relevant information
from the original GLCM features, highlighting the
texture patterns significant for our analysis. By em-
phasizing the distribution of values and capturing the
strength of these patterns, the histogram approach is
deemed the most effective method for creating a new
single texture feature from the major texture features, as
previously outlined in our previous work [39].

Feature Fusion. Several biomarkers acquired from dis-
tinct neuroimaging modalities provided complementary
data, which was used through a fusion process [40-42]. The
derived features from ROIs, such as the standardized uptake
value ratio (SUVR) from PET images and textural features
from segmented MRI images, were integrated to form
comprehensive feature vectors. Specifically, the feature
vectors combine the following elements:

e Memory regions: texture features and volume from the
entorhinal cortex and hippocampal regions.

e Vision regions: texture features and volume from the
primary visual cortex (V1), secondary visual cortices
(V2, V3, V4), and middle temporal area (V5).

e Speech regions: texture features and volume from
Broca’s area, Wernicke’s area, and the angular gyrus.
These features are merged through concatenation,

represented mathematically in Equation (9):

Fusion Vector = SUVR & Texture Features & Volume (9)

where & denotes the concatenation of the individual
feature components. The resulting fusion vectors were
then classified using modern techniques, including
probabilistic neural network classifiers. This integrated
approach enhances overall classification performance by
leveraging diverse and complementary data from mul-
tiple neuroimaging and biomarker sources.

Feature Importance Analysis. Diogo et al. [43] em-
ployed classifiers selected for their ability to unveil the
importance of features and generate probability outputs.
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Fig. 5. Feature importance analysis by classifier for memory, vision, and speech regions. The figure shows feature
ranking patterns for L-SVM, LDA, LR, and LRSGD.

In this study, feature importance was determined using a
weight-based technique, which evaluates the contribution
of each feature based on the weights assigned by the
classifiers. The classifiers used were LR, logistic regression
with stochastic gradient descent learning (LRSGD), LDA,
and L-SVM. Each of these linear classifiers computes

30 Digit Biomark 2025;9:23-39
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feature importance directly from the learned model

parameters:

e LR: feature importance is derived from the coeffi-
cients of the features in the LR equation, which
represent their contribution to the log-odds of the
prediction [44].
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e LDA: feature importance is determined from the
discriminant weights in the linear discriminant func-
tion, which maximize between-class variance while
minimizing within-class variance [45].

o LRSGD: similar to LR, feature importance is based on
the coefficients learned during the stochastic gradient
descent optimization process, with larger absolute
values indicating higher importance [46].

e L-SVM: feature importance is determined by the
magnitude of the weights (coefficients) assigned to
each feature in the decision function. The SVM aims to
maximize the margin between classes, and the weight
of each feature can be interpreted as its contribution to
that margin [47].

By integrating the outputs from these classifiers, the
analysis calculated the feature importance using two
methods.

o Averaging: computing the mean importance scores
across classifiers to provide a consensus measure.

e Per classifier: isdentifying the most important features
based on their ranks from individual classifiers.

This weight-based method provides a direct and
interpretable measure of feature importance, leveraging
the unique strengths of each classifier to ensure ro-
bustness. Overall feature importance was determined
by employing both averaging and top-ranking methods
based on the feature importance outputs from each
classifier that contributed to the final decision through
a voting process, as demonstrated in our previous
work [39].

Classification

Weighted voting methods provide a powerful
strategy for combining the strengths of individual
classifiers to enhance overall predictive performance
[48]. In this study, LR, LRSGD, LDA, and L-SVM are
used and integrated into our framework [44-46, 49].
The ensemble’s decision-making process benefits from
the diverse strengths of each classifier, leading to a
more accurate classification model. The targeted
classes are MCIs (AD -ve), patients not expected to
develop AD, and MClc (AD +ve), patients predicted to
develop AD.

Data were initially split into training (70%), testing
(20%), and validation (10%) sets in a stratified manner.
For hyperparameter tuning, 5-fold cross-validation
was performed within the training set, allowing for
the selection of optimal parameters while minimizing
the risk of overfitting. After model training and hy-
perparameter optimization, the 10% validation set was
used to evaluate the final model’s performance, pro-

Multiscale Feature Fusion in Alzheimer’s
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viding an independent assessment before testing on the
hold-out test set. Classifiers demonstrated strong
performance across the test set, with accuracy ranging
from 84% to 99%. SVM achieved the highest accuracy,
while LDA, LR, and SGD models consistently per-
formed above 84%. F1 scores varied from 0.74 to 0.99,
with precision and recall exceeding 0.69 for all models,
indicating robust predictive capabilities. These results
confirm the classifiers’ suitability for feature impor-
tance analysis in distinguishing between MCIc (AD
+ve) and MCIs (AD -ve).

Data leakage was avoided by implementing a subject-
based splitting strategy before feature scaling and Grid-
SearchCV. Specifically, the dataset was split into training,
testing, and validation sets based on subject IDs, ensuring
that all scans from a given patient (across the 4-time
points: baseline, 6 months, 12 months, and 18 months)
were assigned exclusively to one of the splits. This ap-
proach prevented any overlap of data from the same
subject across different sets, eliminating the risk of data
leakage and ensuring that model selection and tuning
were not influenced by information from the test or
validation sets. Overall, these results highlight the strong
performance of the SVM model and the acceptable
performance of LDA, LR, and SGD models, supporting
the relevance of feature importance analysis in identifying
individuals likely to develop AD.

Results

Feature Importance Analysis (per Classifier): Memory,

Vision, and Speech Regions — All Patients

The feature ranking analysis across classifiers
(L-SVM, LDA, LR, and LRSGD) reveals distinct pri-
oritization patterns across memory, vision, and speech
regions. As illustrated in Figure 5, L-SVM and LR
consistently rank features identically in all regions,
prioritizing texture features in memory and speech,
and volume in vision, indicating their similar approach
to feature evaluation. LDA and LRSGD, however, show
more variability. In memory, LDA aligns partially with
L-SVM and LR by prioritizing texture features but
ranks obesity last, while LRSGD uniquely ranks vol-
ume highest. In vision, LDA prioritizes texture fea-
tures, diverging from L-SVM, LR, and LRSGD, which
all rank volume first. For Speech, LDA highlights
volume as most important, while LRSGD emphasizes
SUVR. These differences reflect the varied sensitivities
and strategies of the classifiers in evaluating feature
importance.
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Feature Importance Analysis (Averaged across
Classifiers): Memory, Vision, and Speech Regions - All
Patients

The significant role of texture features in the memory
and vision regions, as well as early and pronounced
structural changes caused by AD, is a consistent obser-
vation in both clinical and research findings [39]. These
findings consistently show that these regions are among
the first to be affected by the disease. In contrast, the
speech regions undergo less structural change in the early
stages, which means that texture features are less critical
for these areas.

Figure 6 illustrates the feature importance analysis for
all MClIc and MClIs patients. Among the memory regions,
texture features exhibited the highest importance (45.0%),
emphasizing the role of brain texture features as a sensitive
marker for early classification. This finding aligns with
previous studies by [50, 51], where they demonstrated that
texture features extracted from the entorhinal cortex (one
of the memory regions) significantly outperformed other
methods like volumetry in terms of predictive accuracy for
AD detection. Additionally, changes in brain volume
(30.9%) suggested a strong association with disease clas-
sification; however, the impact of SUVR (3.0%) and
obesity (21.2%) is consistent with earlier research, which
found that a higher late-life BMI was linked to larger
hippocampal volumes and a decrease in AP concentration
in the right hippocampal.

In the context of the vision regions, SUVR (63.8%)
emerged as the most significant feature, highlighting the
strong association between amyloid pathology and visual
impairments. In contrast, texture features (12.7%), volume
(22.7%), and obesity (0.7%) played comparatively minor
roles. For speech biomarkers, texture features (46.1%)
again showed the highest importance, emphasizing the
significance of textural features of speech regions in disease
classification. Moreover, changes in brain volume (23.2%)
and SUVR (27.3%) reflected the impact of structural and
amyloid changes on speech impairments, while the in-
fluence of obesity (3.3%) was relatively minor. This sup-
ports earlier research, which indicates that patients with
AD are likely to have visual problems that have not been
detected due to the developing dementia [52].

In the speech regions, texture features were shown to
be the most significant features, accounting for 46.1% of
the total. Although volume was substantial (23.2%), it had
somewhat less influence than texture features, suggesting
that the overall size of the brain areas related to speech is
essential. SUVR came in second (27.3%), highlighting its
significance in understanding the changes in speech re-
gions. On the other hand, obesity seems to have the least
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effect, accounting for only 3.3% of the features consid-
ered, suggesting a negligible correlation in the context of
speech regions.

Sex-Based Differences Results in AD

Memory, Vision, and Speech Regions Feature

Importance Analysis: Females

Figure 7 illustrates that SUVR might be a more sensitive
and significant indicator of Alzheimer’s pathology in the
vision region for females, as women may have a higher
amyloid burden than men at similar stages of the disease. It
shows the analysis of a few extracted features from
memory, vision, and speech regions for females. In the
memory regions, females showed a significantly higher
emphasis on texture features (73.7%), with a slightly lower
focus on volume (21.6%) and notably lower SUVR (4.1%).
This suggests that while volume features are important for
Alzheimer’s detection in females, texture features play a
more dominant role. When examining vision regions,
females displayed greater significance for SUVR features
(44.9%), indicating a higher amyloid burden. In the speech
regions, females adopted a more texture-driven approach
(39.1%), with a lower emphasis on volume and SUVR
(19.3% and 35.2%, respectively). Additionally, females
showed relatively lower levels of obesity effect, with the
highest percentage recorded in the vision regions at 10.5%,
followed by 6.3% in the speech regions and merely 0.6% in
the memory regions.

Memory, Vision, and Speech Regions Feature

Importance: Males

Hormonal changes after menopause, combined with
different patterns of amyloid plaque deposition in males
and females, can lead to distinct brain changes between
the sexes [53]. Due to hormonal influences, genetic
factors, and other sex-specific elements, females may
experience unique structural changes in the speech re-
gions. These changes lead to microstructural changes
often more effectively captured by texture features,
making them particularly significant in females.

Figure 8 illustrates the analysis of a few extracted
features from memory, vision, and speech regions for
males. Regarding memory regions, males predominantly
emphasized texture features, accounting for 86.2% of the
total, followed by volume (6.7%) and SUVR (5.8%). This
suggests that textural features could hold importance for
Alzheimer’s patients among males. Furthermore, when
examining vision regions, males emphasized volume
more (55.8%) than females. Regarding speech regions,
males showed a more significance on SUVR feature
40.8%. In males, the data indicate that obesity has a
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Fig. 6. Memory, vision, speech feature importance analysis. Texture features are the most important in the
memory and vision regions, while they are the least significant in the speech regions.

moderate effect across the three regions (memory, vision,
and speech), with the highest percentage observed in the
speech regions (26.8%), followed by 9.3% in the vision
regions and 1.3% in the memory regions.

Obesity Impact on Brain-Extracted Features Using

Linear Regression Analysis

We also used the linear regression analysis technique
to investigate how obesity affects various brain-extracted
features obtained from different ROIs (memory, vision,

and speech).

Multiscale Feature Fusion in Alzheimer’s
Cognitive and Sensory Regions

These findings allow us to identify the following:
The features that are statistically significantly as-
sociated with obesity. It helps determine which
brain features are affected by whether someone is
obese.

The magnitude of the relation: In linear regres-
sion, a coefficient signifies the extent of the rela-
tionship between obesity and brain features. A
higher coefficient implies a more pronounced as-
sociation, whereas a lower one suggests a weaker
connection.
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Fig. 7. Memory, vision, speech feature importance analysis — females. Texture features are the most important in
the memory and speech regions, while SUVR is the most significant in the vision regions for females.

o The direction of the relationship: it helps determine
whether obesity and brain features are positively or
negatively correlated.

Figure 9 illustrates that obesity affects speech and
vision more than the memory regions. Furthermore,
its primary influence is on brain volume, followed
by texture changes and then SUVR. These findings
were derived from a linear regression analysis, with
obesity as the independent variable and other fea-
tures (regions’ volume, texture, and SUVR) as

dependents.
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Discussion

Feature Importance Analysis (All Patients)

The examination of feature importance across all
patients highlights critical insights. In memory regions,
the importance of brain texture features stands out as
crucial for the early detection of AD. Furthermore, the
identified correlations among changes in brain volume,
obesity, and cognitive impairment provide robust support
for established research on BMI, hippocampus sizes, and
AP concentration. However, the SUVR precedes vision
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Fig. 8. Memory, vision, speech feature importance analysis — males. Texture features are the most important in the
memory regions, volume is the most significant in the vision regions, and SUVR is the most significant in the

speech regions for males.

regions as the most significant feature, indicating a robust
link between amyloid concentration and visual impair-
ments. Whereas, in speech regions, the discussion un-
derscores the critical role of texture features in disease
classification, emphasizing their vital contribution to this
domain.

The results emphasize the critical role of brain texture
features, particularly in memory regions, aligning with
earlier studies emphasizing their superior predictive ac-
curacy for early AD detection. Additionally, the corre-

Multiscale Feature Fusion in Alzheimer’s
Cognitive and Sensory Regions

lation among changes in brain volume (memory regions),
obesity, and cognitive impairment supports earlier
findings emphasizing the relationship between increased
late-life BMI, increased hippocampus sizes, and decreased
AP concentration. In vision regions, SUVR is the most
significant feature, indicating a strong association be-
tween amyloid concentration and visual impairments. In
contrast, in the speech regions, texture features dem-
onstrate the highest importance, highlighting their im-
portant role in classifying the disease using those regions.
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Fig. 9. Linear regression analysis: used to find how the independent variable (obesity status) affects various brain-
extracted features obtained from different ROIs.

This analysis used an averaged approach across all
classifiers to assess overall feature importance. The
ranking patterns across classifiers (L-SVM, LDA, LR, and
LRSGD) reveal that L-SVM and LR consistently rank
features similarly, prioritizing texture features in memory
and speech, and volume in vision. LDA and LRSGD show
more variability, with LDA prioritizing texture features in
memory and vision, and LRSGD ranking volume highest
in memory and SUVR in speech. These differences
highlight the classifiers’ varying strategies in evaluating
feature importance.

Feature Importance Analysis for Males and Females

Different patterns emerge when the feature impor-
tance analysis for males and females is examined. Both
females and males emphasize the importance of tex-
tural elements in memory regions. However, in visual
regions, there is a clear sex difference: males highlight
volume, while females prioritize SUVR features. This
raises the possibility of sex-related variations in certain
visual processing regions. Furthermore, texture fea-
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tures are more significant for both females and males in
speech regions. However, the second most crucial
feature differs by sex: SUVR is substantial for females,
while brain volume is significant for males. This em-
phasizes how critical such features are for classifying
disorders within speech regions. Regarding the effects
of obesity, we find sex-specific differences, with males
often showing higher percentages of affected regions
than females.

In memory regions, the results indicated that texture
features were more significant in males, whereas volume
measures were more significant in females. This sug-
gests possible sex differences in the relevance of textural
features for Alzheimer’s patients. In vision regions,
texture features were more important in females, while
volume measures were more significant in males, in-
dicating possible differences in brain regions related to
visual processing. In speech regions, males and females
had their features prioritized differently, with males
demonstrating a more balanced distribution and fe-
males showing greater significance for texture features.

Hassouneh et al.
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Additionally, the relationship between obesity and AD
varied across sexes and regions, with males generally
showing a higher percentage of affection than females.

Obesity Impact on Various Extracted Features from

Memory, Vision, and Speech Regions

The research yielded valuable insights into the im-
pact of obesity on various extracted features from
different ROIs, such as memory, vision, and speech.
The results show that obesity significantly affects
speech and vision more than memory regions, pri-
marily influencing brain volume, followed by texture
changes and SUVR. These findings were obtained
through a comprehensive linear regression analysis,
with obesity as the independent variable and other
features as dependent variables.

Study Limitation

One limitation of our study is the sample size, which
may not represent the broader population, especially for
individuals with MCIs and those with mild cognitive
impairment converters (MCIc). This limitation can
affect the generalizability of our findings to more diverse
populations.

Conclusion

In this research, we aimed to explore the early detection
of AD through a multiscale feature fusion framework. By
fusing biomarkers from memory, vision, and speech re-
gions and leveraging advanced neuroimaging modalities,
we aimed to uncover significant patterns and insights that
could aid in the early diagnosis of AD. Using texture
features, volumetric data, SUVR, and obesity metrics, we
applied multiple classifiers — linear support vector machine
(L-SVM), linear discriminant analysis (LDA), LR, and
LRSGD - to analyze the importance of different features
within each ROL A probabilistic neural network classifier
was then used to validate our findings.

Using histograms for feature engineering proved
crucial in extracting meaningful data from texture
features within each ROIL This method effectively
captured the statistical distribution of texture features,
enhancing our models’ accuracy and reliability. The
balanced approach of treating texture features equally
with volume and obesity metrics led to a more com-
prehensive feature fusion.

Our feature importance analysis highlighted the crit-
ical role of texture features, especially in memory regions,
and underscored the significant impact of obesity on

Multiscale Feature Fusion in Alzheimer’s
Cognitive and Sensory Regions

various features across different ROIs. These findings
emphasize the importance of considering obesity metrics
in early AD detection.

Differences in feature importance between males and
females could have significant implications for the di-
agnosis and treatment of AD. These differences align with
existing clinical and research evidence, highlighting the
need for sex-specific approaches in the diagnosis and
management of AD. Understanding these gender-specific
differences could lead to more accurate and personalized
diagnostic tools and treatment strategies.
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