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ABSTRACT

Accurate and early characterization of Alzheimer’s disease (AD) progression remains a major clinical challenge,
particularly in biologically heterogeneous stages such as mild cognitive impairment (MCI). We propose an
sMRI-based machine learning framework for multi-stage AD discrimination, encompassing six clinical groups
(cognitively normal (CN, n = 103), subjective memory complaints (SMC, n = 54), early MCI (EMCI, n = 151),
MCI (n = 229), late MCI (LMCL, n = 117), and AD (n = 114)), with explicit f-amyloid (Ap) stratification
of MCI subtypes (+/-). T1-weighted sMRI scans from 768 ADNI subjects were analyzed using histogram
and GLCM texture features across multiple anatomical planes and multi-scale wavelet decompositions. The
framework demonstrated robust performance across 36 pairwise comparisons under stratified 5-fold cross-
validation with SMOTE and RUS, achieving AUC > 0.95 in well-separated tasks (e.g., AD vs EMCI™) and in SMC
vs AD and SMC vs MCI*. More challenging “gray-zone” distinctions (e.g., EMCI~ vs EMCI*) showed moderate
performance (AUC =~ 0.62-0.67), with RUS providing the most overall balanced results. Feature analysis
revealed dominant contributions from GLCM descriptors, complemented by histogram features, with highest
discriminability in Level-2 wavelet sub-bands (HL2 and LH2). Ap stratification enabled a more biologically
grounded interpretation of disease progression, improving discrimination in later stages while remaining
challenging in early-stage comparisons. Overall, SMRI radiomics provides an interpretable framework for
capturing stage-specific structural patterns in AD, highlighting the importance of biological stratification and

robust validation.

1. Introduction

Alzheimer’s disease (AD) is a neurodegenerative condition that
progressively impairs cognitive abilities, including memory, language
and perception, and ultimately leads to death. It is the leading cause
of dementia in older adults, accounting for 60%-70% of cases, and is
regarded as one of the most costly, lethal and challenging diseases of
our time [1-3].

AD is characterized by the accumulation of extracellular g-amyloid
(Ap) plaques and intracellular neurofibrillary tangles composed of hy-
perphosphorylated tau protein [4]. In addition, it is associated with
progressive neuronal loss across the hippocampus and cerebral cor-
tex, while other brain regions remain largely spared until the later
stages of the disease [5,6]. As AD progresses, its clinical presentation
follows a sequence of stages that can vary in definition and number
across studies. Usually, these stages include cognitively normal (CN),
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subjective memory complaints (SMC), early mild cognitive impair-
ment (EMCI), mild cognitive impairment (MCI), late mild cognitive
impairment (LMCI) and AD itself [7-9].

MCI is a transitional stage between normal cognitive aging and
dementia, characterized by measurable cognitive decline that exceeds
age-related expectations but does not yet significantly interfere with
daily functioning. Although MCI is not invariably progressive nor al-
ways indicative of early AD, it is frequently regarded as the earliest
clinical manifestation of AD pathophysiology, with MCI due to AD
potentially progressing to dementia in approximately 40%-75% of
cases [10-13]. Individuals with EMCI typically experience mild mem-
ory lapses while maintaining independence and those with MCI exhibit
increasing forgetfulness, disorientation and communication difficulties
over several years. In LMCI, patients begin requiring assistance with
daily tasks as cognitive, motor and behavioral impairments inten-
sify. During the dementia stage, profound cognitive decline leads to
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loss of independence, disorientation, impaired recognition of relatives,
and pronounced behavioral disturbances [7]. These symptoms tend to
appear inconsistently and vary in intensity over time [3,14].

The diagnosis of AD is established through a comprehensive clinical
history, psychiatric and neurological examination, neuropsychological
assessment and supportive measures, such as structural imaging and
blood tests, which serve to exclude other origins of dementia [5]. In
both clinical practice and research, several standardized tools are used
to measure cognitive decline and overall impairment: the Alzheimer’s
Disease Assessment Scale-Cognitive Subscale (ADAS-Cog), the Mini-
Mental State Examination (MMSE), and the Clinical Dementia Rating
scale (CDR-SOB) . However, using different assessment tools can make
it difficult to compare findings across patients or studies directly [15].
For example, the MMSE is the most used cognitive test in clinical
practice, but it shows limited sensitivity for early detection, with values
ranging from 27% to 89% and specificities from 32% to 90% for
predicting progression from MCI to AD dementia [16]. In contrast,
the CDR-SOB shows intermediate performance, demonstrating scores of
71% to 74% sensitivity and 81% specificity while distinguishing MCI
from early AD [17]. Regarding ADAS-Cog, this test demonstrates supe-
rior diagnostic performance, with sensitivity of 86.9% and specificity of
83.5% for MCI detection, and 92.2% sensitivity and 90.7% specificity
for AD detection [18]. It also has the highest Youden’s Index (0.829),
a parameter optimized to identify optimal cut-off points for diagnostic
biomarkers such as ptau and Ap, suggesting that the ADAS-Cog may
offer the most balanced discrimination between positive and negative
cases [18,19].

Advances in structural and molecular imaging have yielded critical
insights into the temporal dynamics of the pathophysiological processes
in AD [20,21]. More recently, progress in imaging biomarkers have
enhanced their integration into the diagnostic process for AD, with
structural magnetic resonance imaging (sMRI) representing a particu-
larly valuable approach [22]. sMRI plays a crucial role in the diagnosis
and monitoring of AD, providing detailed visualization of structural,
microstructural and functional brain alterations associated with disease
progression. Its noninvasive nature, lack of radiation exposure, shorter
scanning time and relatively low cost make sMRI especially well-suited
for longitudinal studies [23]. These advantages also position sMRI as an
ideal technique for machine learning (ML)-based discrimination of AD
stages and for enhancing diagnostic differentiation among early, mild,
and late cognitive impairment subtypes [24-26].

Building upon recent advances in neuroimaging and ML for AD
characterization, the present study introduces a comprehensive MRI-
based framework aimed at improving the classification of AD across
its clinical continuum. While prior studies have demonstrated the util-
ity of sMRI combined with ML for distinguishing broad diagnostic
categories (see Section 2), these approaches typically rely on coarse
group definitions (e.g., CN, MCI, AD) and thus fail to capture the
substantial biological and clinical heterogeneity within intermediate
stages, particularly within MCI. In this context, we explicitly hypoth-
esize that incorporating Af status as a biological stratifier, alongside
refined clinical staging, enhances the discriminability between disease
stages and provides a more biologically grounded characterization of
AD progression.

To address this, the proposed framework integrates detailed clinical
staging (CN, SMC, EMCI, MCI, LMCI, AD) with amyloid biomarker
stratification (Af*/Ap~) of the MCI stages, enabling the systematic and
explicit evaluation of how the presence of amyloid pathology modulates
classification performance across successive disease stages. By subdi-
viding MCI into EMCI, MCI and LMCI, and further stratifying these
stages according to Ap status, this study extends beyond conventional
MRI-based classification paradigms. Specifically, it allows for a direct
assessment of whether amyloid positivity is associated with increased
separability between adjacent clinical stages, thereby quantifying the
extent to which molecular pathology is reflected in structural neu-
roimaging patterns. This approach not only facilitates the identification
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of biologically meaningful subgroup differences across the AD contin-
uum, but also directly addresses a critical and underexplored question:
to what extent does Ap burden influence the discriminative capacity of
MRI-based models as the disease progresses?

Thus, the main contributions and objectives of this study are as
follows:

+ Development of a refined diagnostic framework that extends be-
yond the standard CN-MCI-AD paradigm by subdividing MCI into
EMCI, MCI and LMCI stages, and further stratifying these groups
based on Ap positivity or negativity. This design enables the
systematic evaluation of the impact of amyloid status on disease
progression and group separability.

Extraction of sMRI-derived features from T1-weighted scans, in-
cluding histogram-based metrics and gray-level co-occurrence
matrix (GLCM) features, computed across multiple whole-brain
frequency bands obtained via 2D discrete wavelet transform
(DWT2), considering both slice-wise analyses and combined
whole-brain representations.

Design and implementation of a ML framework integrating fea-
ture selection strategies, multiple classifiers and resampling tech-
niques to handle class imbalance within the training process,
enabling robust pairwise discrimination across all clinically and
biologically defined groups.

Systematic evaluation of classification performance using both
hold-out and repeated stratified 5-fold cross-validation protocols,
assessing model generalization and robustness through multiple
evaluation metrics, including Accuracy (Acc), Precision (Prec),
Recall (Rec), Specificity (Spec), Fl-score (F1), Geometric Mean
(Gmean) and AUC. This evaluation explicitly considers perfor-
mance variations across disease stages and amyloid status.
Focused assessment of discriminability between adjacent disease
stages (e.g., EMCI vs. MCI), with particular emphasis on quanti-
fying how Ap status modulates classification performance.
Identification of the most discriminative sMRI features asso-
ciated with disease stages and amyloid status, supported by
permutation-based feature importance analysis to enhance inter-
pretability and provide mechanistic insight into model decision-
making. This analysis further enables the characterization of how
Ap status influences feature relevance and drives classification
performance across the disease continuum.

2. The state-of-the-art

To map the state-of-the-art in AD and cognitive-impairment classifi-
cations, we conducted a literature review from August 2025 to January
2026, using Google Scholar as the primary search engine. We priori-
tized articles from major publishers (Elsevier, MDPI, Springer Nature),
conference proceedings and relevant institutional publications. The
search combined terms such as “Alzheimer disease classification”, “MCI

» o«

vs. AD MRI features”, “Alzheimer multimodal biomarkers”, “amyloid

” @

PET deep learning”, “plasma p-taul81 machine learning”, “hippocam-
pal volume radiomics”, “subjective memory complaints” and “cognitive
tests dementia ML”. Table 1 synthesizes 26 recent studies (2017-2025)
spanning multiple modalities — sMRI, PET, plasma biomarkers, clini-
cal/cognitive data and multimodal pipelines for different classification
tasks (CN vs. MCI vs. AD, EMCI/LMCI stratifications and amyloid-
positivity detection). Methods range from traditional algorithms (SVC,
RF, LR, KNN, DT) to deep architectures (CNN/ResNet) and ensemble
or mixture-of-experts (ME) approaches. Best metrics range from 70%
Acc in harder settings (e.g., EMCI vs. LMCI in small cohorts) to 100%
in larger, multi-stage datasets, while reported AUCs span 0.59-0.98,
reflecting the heterogeneity of cohorts (ADNI, NACC, BIOFINDER,
IDEAS, AHEAD) and modalities. Notably, plasma biomarkers (p-taul81,
Ap42/40) and multimodal combinations often reach AUC > 0.90,
underscoring the promise of noninvasive and multi-scale integration
for early detection and fine-grained stratification of AD.
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Table 1

Summary of ML approaches for AD classification.
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Article Approach Input data Dataset Classification task Classifier Validation method Best result
Alatrany et al. Clinical and Demographics, clinical and NACC CN vs MCI vs AD SVC, RF, Hold-out(80,/20) 84.7% Acc
[27], 2024 Cognitive neuropsychological tests, (45,923 subjects) CN vs AD KNN, NB & 5-Fold CV 97.5% Acc
biomarkers CDR, FAQ, NPI-Q, GDS CN vs MCI 88.1% Acc
MCI vs AD 86.6% Acc
Salunkhe et al. MRI GLCM features, age, ADNI CN vs AD SVC, DT, Hold-out(70/30) 90.2% Acc
[28], 2021 hippocampal volume (234 subjects) RF & 5-Fold CV
Oliveira et al. MRI GLCM features ADNI CN vs AD LSVC, OvsR, Hold-out(80,/20) 85.2% Acc, 0.839 AUC
[29], 2024 (504 subjects) CN vs MCI EXTC, LR 95.1% Acc, 0.946 AUC
AD vs MCI 98.5% Acc, 0.971 AUC
CN vs MCI vs AD 87.1% Acc, 0.947 AUC
Altaf et al. MRI and GLCM features, ADNI CN vs AD SVC, KNN, Hold-out(80/20) 97.8% Acc
[30]1, 2018 Clinical data Clinical scores (287 subjects) CN vs MCI DT, Ensemble & 5-Fold CV 91.8% Acc
AD vs MCI Bagging 85.3% Acc
AD vs MCI vs CN 79.8% Acc
Beheshti et al. MRI Histogram features, J-ADNI AD vs CN LSVC 10-Fold CV 97.01% Acc, 0.97 AUC
[31], 2017 FAQ scores (201 subjects)
Swarun Raj et al. MRI Pearson correlation + ADNI AD vs CN LSVC, LDA, DT, 10-Fold CV 93.3% Acc
[32] 2026 Phase synchronization + (270 subjects) NB, KNN, QSVC,
Linear SVM CsvC
Jitsuishi & Multimodal MRI Tract-based ADNI-3 EMCI vs LMCI SVC, KNN, LR, 10-Fold CV 70% Acc, 0.79 AUC
Yamaguchi Spatial Statistics (66 subjects) DT, RF, GBM,
[33], 2022 AdaBoost
Toshkhujaev et al. MRI Cortical thickness, GARD, ADNI, CN vs AD RBF-SVC Hold-out(70/30) 97.37% Acc, 97.5%
Subcortical volume NACC, ARWIBO EMCI vs LMCI & 10-Fold CV AUC
[341, 2020 (570 subjects) 95.45% Acc, 96.43%
AUC
Jin et al. MRI, PET Fused Deep ADNI EMCI vs LMCI 3D ResNet 10 splits 83.78% Acc, 0.89 AUC
[35]1, 2022 Features (720 subjects) 5-Fold CV
Tang et al. MRI Cortical & Subcutaneous ADNI CN vs EMCI RF, SVC, DT 10-Fold CV 77.45% Acc, 0.59 AUC
[36], 2021 Volume, Cortical Area (560 subjects) CN vs LMCI 87.56% Acc, 0.81 AUC
Thickness, Surface Area, CN vs AD 96.14% Acc, 0.92 AUC
Hippocampal Subfield EMCI vs LMCI 81.25% Acc, 0.75 AUC
EMCI vs AD 90.15% Acc, 0.85 AUC
LMCI vs AD 84.54% Acc, 0.89 AUC
Inan et al. MRI 16 selected 2D slices ADNI CN vs AD(ADNI) EfficientNetV2S + 20-Fold CV 83.64% Acc
[37], 2024 via K-Means++ and (509 subjects) CN vs MCIc(ADNI) Dense layers 82.69% Acc
Gradient Boosting, OASIS-1 CN vs MCInc(ADNI) (Deep Integrated) 71.40% Acc
EfficientNetV2S (416 subjects) CN vs AD(OASIS) 91.54% Acc
transfer features,
Bottleneck dense features
Wang & Liu MRI J-HCPMMP ADNI HC vs EMCI SVC, KNN, 5-Fold CV 85.60% Acc
[38], 2021 (FreeSurfer processing) (96 subjects) HC vs LMCI LDA, CNN, DT 92.90% Acc
HC vs AD 96.80% Acc
EMCI vs LMCI 83.30% Acc
LMCI vs AD 84.90% Acc
EMCI vs AD 89.50% Acc
Venugopalan et al. MRI, Genetics, Demographics, Neurological ADNI CN vs MCI vs AD 3D CNN, KNN, 10-Fold CV & 89% Acc
Clinical/EHR data exams and assessments, (2004 subjects) CN vs AD SVC, RF, DT External Validation 86% Acc
[39], 2021 Medications, Imaging AD vs (CN, MCI) 89% Acc
Volumes, Biomarkers
Zhang et al. MRI 3D CNN features, ADNI AD vs CN MPPL-SFDA Hold-out 92.7% Acc, 92.8% AUC
[40], 2025 Hierarchical Transformer (896 subjects) AD vs MCI (3DCNN + 84.2% Acc, 84.1% AUC
Encoder (HTE) features, MCI vs CN HTE + 82.7% Acc, 82.6% AUC
Adaptive Feature Fusion MPP-L)
(AFFM)
Alickovic et al. MRI Histogram features ADNI AD vs CN RF 10-Fold CV 85.8% Acc, 0.885 AUC
[41], 2020 (267 subjects)
Palmgyvist et al. Biomarkers, Plasma ptau2l17 & BioFINDER, ADNI  Prediction of LR External validation 0.91 AUC
[42], 2021 Cognitive ptaul8l, (883 subjects) progression to AD
tests, APOE Plasma f,/Ap,, ratio,
genotyping, MRI Plasma neurofilament
light, APOE ¢4 genotype,
Cognitive test features,
Cortical thickness
Palmqvist et al. Biomarker Plasma ptau217, BIOFINDER AD vs CN LR Hold-out 0.97 AUC
[43], 2024 Ap42:Ap40 (1213 subjects) AD vs other diagnoses
Gupta et al. MRI, Biomarkers, ROI gray-matter volumes, ADNI AD vs HC SVC 10-Fold CV 98.4% Acc, 0.983 AUC
[44], 2019 PET, APOE genotype ROI regional mean (158 subjects) MCIs vs MClIc 94.9% Acc, 0.936 AUC
intensities, Ap42, total AD vs MCIs 96.7% Acc, 0.968 AUC
tau, ptaul8lp, APOE AD vs MCIc 92.3% Acc, 0.946 AUC
features HC vs MCIc 94.1% Acc, 0.964 AUC
HC vs MCIs 95.7% Acc, 0.952 AUC
Pan et al. Biomarkers, Ap42, Ap40, ptaul8l, Chinese cohort, Ap* vs~ in CN, DT CV(1000 times) & 0.94 AUC
[45], 2023 Cognitive tests Ap42/Ap40 Ratio, NfL, ADNI SMD, MCI, AD, External validation
T-tau, APOE Genotype, (893 subjects) non-AD
Cognitive Scores
Demographics
Nallapu et al. Biomarkers, Ap42, Ap40, t-tau, ADNI AD vs CN RF Independent testing 0.89 AUC
[46], 2024 MRI, PET ptaul8l, NfL, APOE, (2003 subjects) MCI progression & 5-Fold CV 0.76 AUC
Hippocampal Volume, to dementia
Demographics, €4 count
Kim et al. MRI, PET Histogram, GLCM, ISZM, Samsung Medical  Af* vs Ap~ LR Bootstrap(70/30) & 0.76 AUC
[471, 2021 age, sex, APOE Center dataset in MCI External Validation
(440 subjects)
Kim et al. PET FDG-PET Volumes, 291 ADNI, KBASE, Ap + vs — CNN Hold-out(80/20) & 77% Acc, 0.86 AUC
[48], 2021 slices per subject Severance Hospital External validation

dataset
(1536 subjects)

(continued on next page)
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Article Approach Input data Dataset Classification task Classifier Validation method Best result
Lin YS. et al. Biomarkers p-tau217, p-taul81, GFAP, KBASE-V, AD Ap + vs — LR CV with 0.946 AUC
[49]1, 2025 APOE ¢4 status, age, sex biosignature study independent testing

(270 subjects)
Meyer et al. Biomarkers ptau2l7, Ap42/40, IDEAS cohort Ap + vs — LR CV by 0.94 AUC
[50], 2024 APOE proteotype (583 subjects) original cohort
Rissman et al. Biomarkers Ap42/AB40 ratio, %p-tau217, AHEAD 3-45 Ap + vs — ME 10-Fold CV 0.95 AUC
[51], 2024 age, APOE proteotype (1080 subjects)

Note: Acc — Accuracy; AD — Alzheimer’s Disease; AdaBoost — Adaptive Boosting; ADNI — Alzheime

1’s Disease Neuroimaging Initiative; APOE — Apolipoprotein E; ARWIBO - Alzheimer’s Disease

Repository Without Borders; AUC — Area Under the Curve; Ap — Amyloid beta; Ap*/Ap~ — Amyloid positive/negative; BioFINDER — Biomarkers For Identifying Neurodegenerative Disorders Early
and Reliably; CDR - Clinical Dementia Rating; CN — Cognitively Normal; CNN — Convolutional Neural Network; CSVC — Cubic Suport Vector Machine; DT — Decision Tree; EHR - Electronic Health

Records; EMCI - Early Mild Cognitive Impairment; EXTC — Extremely Randomized Trees Classifier;

FAQ - Functional Activities Questionnaire; FDG-PET - Fluorodeoxyglucose Positron Emission

Tomography; FreeSurfer — Automated neuroimaging analysis software; GARD - German Alzheimer’s Disease Neuroimaging Initiative; GBM - Gradient Boosting Machine; GDS — Geriatric Depression
Scale; GFAP - Glial Fibrillary Acidic Protein; GLCM — Gray-Level Co-occurrence Matrix; HC — Healthy Control; IDEAS - Imaging Dementia—Evidence for Amyloid Scanning; ISZM - Intensity-Size Zone
Matrix; J-ADNI - Japanese Alzheimer’s Disease Neuroimaging Initiative; J-HCPMMP - Joint Human Connectome Project Multimodal Parcellation; KBASE/KBASE-V — Korean Brain Aging Study for Early
Diagnosis and Prediction of Alzheimer’s Disease; KNN — k-Nearest Neighbors; LDA — Linear Discriminant Analysis; LMCI — Late Mild Cognitive Impairment; LR — Logistic Regression; LSVC — Linear
Support Vector Machine; MCIs — Stable Mild Cognitive Impairment; MCI — Mild Cognitive Impairment; MCIc — Converting Mild Cognitive Impairment; MCInc — Mild Cognitive Impairment not converted;
ME - Misture-of-Experts; MPP-L — Multicentric Prototype Pseudo-labeling; MRI — Magnetic Resonance Imaging; NACC — National Alzheimer’s Coordinating Center; NB — Naive Bayes; NfL — Neurofilament

light chain; NPI-Q — Neuropsychiatric Inventory Questionnaire; OvsR — One-vs-Rest classification; PET

— Positron Emission Tomography; ptau — Phosphorylated tau; QSVC — Quadratic Support Vector

Machine; RBF-SVC - Radial Basis Function Support Vector Machine; ResNet — Three-Dimensional Residual Neural Network; RF — Random Forest; ROI — Region of Interest; SVC — Support Vector

Machine; TBSS — Tract-Based Spatial Statistics; t-tau — Total tau.
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Fig. 1. Methodology flowchart illustrating the proposed framework for AD staging.
Note: DWT2 - Two-dimensional Discrete Wavelet Transform; Feat — Features; GLCM - Gray-Level Co-occurrence Matrix; sSMRI — Structural Magnetic Resonance

Imaging.

3. Methods

This project was carried out on a laptop running Windows 11,
equipped with an Intel Core i7 13th generation CPU, Nvidia rtx 4070
GPU, 32 GB of RAM and 1 TB of storage. Fig. 1 illustrates the method-
ology followed.

3.1. Dataset

This study uses sMRI images obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (http://adni.loni.usc.edu), in-
cluding data from all phases of the project. Participants were included
if they had a sMRI examination consisting of a 3D Magnetization Pre-
pared Rapid Gradient Echo (MPRAGE) T1-weighted sequence, acquired
at field strengths of 1.5T or 3T, using scanners from Siemens, Philips, or
General Electric [52-54]. A total of 768 participants were included and
divided into 114 with AD, 103 with CN, 151 with EMCI, 229 with MCI,
117 with LMCI and 54 with SMC [55]. Although ADNI is a longitudinal

study in which each participant undergoes multiple imaging sessions
across different phases, all available phases were included while en-
suring that no data from the same participant were redundantly used
or shared across different subsets of the analysis (e.g., training and
testing), thereby preventing data leakage. Table 2 presents additional
information about the patients. Statistical analysis (p < 0.05), in the
form of p-value, were derived from one-way ANOVA with Bonferroni
correction [56] for multiple classes, revealed significant differences
between all the diagnostic groups for age, cognitive assessment scores
and biomarker concentration.

To allow the stratification of MCI groups by Ap status, additional
subgroups were created: EMCI~ (n = 109), EMCI* (n = 42), MCI~ (n =
116), MCI* (n = 113), LMCI~ (n = 77), and LMCI* (n = 40). Ap status
was determined from cerebrospinal fluid (CSF) biomarkers. Participants
were classified as Ap-positive if the ptaul81/Ap42 ratio was > 0.025
or, when this ratio was unavailable, if the Ap42 concentration was
< 980 pg/mL. Participants not meeting these criteria were classified
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Table 2

Patient information and assessment tests.
Group # Gender Age Assessment tests Biomarkers

patients Female Male MMSE CDR ADAS-Cog MoCA Ap42 ptaul8l

AD 114 47 67 74.44 + 045 17.71 + 0.30 1.64 + 0.04 20.08 + 0.42 16.03 + 0.27  683.90 + 43.13 36.17 + 0.96
CN 103 59 44 72.46 + 0.32 2897 + 0.21  0.11 + 0.03 5.70 + 0.30 26.24 + 0.19 1324.93 + 30.10  21.32 + 0.67
EMCI 151 65 86 71.33 £ 0.45 27.17 + 0.30 0.46 + 0.04 8.06 + 0.42 23.26 + 0.27  1175.46 + 42.62  24.49 + 0.95
MCI 229 91 138 72.65 + 0.39 27.11 + 0.26  0.57 + 0.03  10.50 + 0.36  23.04 + 0.24  938.34 + 36.89 28.95 + 0.82
LMCI 117 55 62 72.20 = 0.60  23.05 + 0.40 0.83 £ 0.05 1243 + 0.56 20.06 = 0.37  882.23 + 57.37 29.75 + 1.27
SMC 54 33 21 72.29 + 0.83 2892 + 0.55 0.04 + 0.07 5.56 + 0.78 26.75 + 0.51  1232.49 + 63.66  22.97 + 1.41
p-value 5.51e—04 9.48e—10 1.80e—10 3.51e—-260 1.74e-53 1.57e-51 1.34e—41

Note: AD - Alzheimer’s Disease; ADAS-Cog — Alzheimer’s Disease Assessment Scale—Cognitive Subscale; Ap42 — amyloid beta 42; CDR - Clinical Dementia Rating;
CN - Cognitively Normal; EMCI - Early Mild Cognitive Impairment; LMCI — Late Mild Cognitive Impairment; MCI — Mild Cognitive Impairment; MMSE — Mini-
Mental State Examination; MoCA - Montreal Cognitive Assessment; ptaul81 — Phosphorylated tau 181; SMC - Significant Memory Concern.

Table 3

Divided patient information and assessment tests.
Group # Age MMSE CDR ADAS-Cog MoCA Ap42 ptaul81l

patients

EMCI* 42 73.25 + 0.72 26.46 + 0.96 0.65 + 0.21 9.20 + 0.47 22.20 + 1.93 717.04 + 25.34 33.69 + 1.61
EMCI- 109 69.17 + 0.64 27.65 + 0.47 0.32 + 0.07 7.13 £ 0.32 23.60 + 0.65 1516.19 + 48.30 17.78 + 0.51
p-value 2.60e—05 2.82e—-01 1.36e—-01 1.80e—04 5.05e—-01 2.05e-32 1.26e—15
MCI*+ 113 73.70 + 0.54 26.17 + 0.71 0.64 + 0.11 12.09 + 0.39 21.61 + 0.54 580.42 + 13.68 34.98 + 1.12
MCI- 116 72.44 + 0.78 28.71 + 0.64 0.43 + 0.13 8.80 + 0.36 23.77 + 0.49 1516.58 + 59.74 19.35 + 0.69
p-value 1.57e-01 1.54e-02 2.30e-01 2.06e—08 2.71e-03 9.28e-30 2.83e-26
LMCI+ 40 72.44 + 0.81 19.18 + 2.63 1.14 + 0.26 13.45 + 0.72 17.89 + 2.35 681.96 + 23.27 36.68 + 1.44
LMCI- 77 71.17 + 1.50 27.67 + 0.42 0.42 + 0.08 9.29 + 0.61 22.67 +1.23 1253.45 + 71.40 16.91 + 0.93
p-value 3.61e—01 5.28e—-03 2.26e—-02 2.40e—-05 9.81e—-02 1.00e—-10 7.98e-21

Note: ADAS-Cog — Alzheimer’s Disease Assessment Scale-Cognitive Subscale; A#42 — Amyloid beta 42; CDR - Clinical Dementia Rating; MMSE - Mini-Mental
State Examination; MoCA — Montreal Cognitive Assessment; ptaul81 — Phosphorylated tau 181.

as Ap-negative. These thresholds were selected based on prior stud-
ies [19,57,58]. Table 3 summarizes the information about the patients
after the stratification of MCI groups. The p-value, derived from t-test
analysis (p < 0.05), across the divided subgroups, showed that Ap42
and ptaul81 levels differed significantly between A+ and Ap~ groups,
confirming the validity of the stratification criteria. Regarding cognitive
tests, MMSE, CDR and MoCA exhibited stage-dependent differences,
with statistical significance observed only in some comparisons. For
example, MMSE differed significantly between Ap* and Ap~ individ-
uals in the MCI and LMCI groups but not in EMCI. MoCA showed a
significant difference only in the MCI group and CDR scores differed
significantly between amyloid groups in LMCI but not in EMCI or
MCI. In contrast, ADAS-Cog scores were significantly higher in Ap*
individuals across all stages, suggesting greater cognitive impairment
in Ap* participants regardless of disease stage, and was the only test
that showed statistically significant differences between amyloid groups
across all stages. Notably, ADAS-Cog score is widely adopted as the
primary cognitive endpoint in AD clinical trials and a core assessment
in ADNI [59,60].

3.2. Image pre-processing

To ensure data quality and consistency across images, a pipeline
was implemented to prepare the data for feature extraction and model
training.

3.2.1. Bias field correction

The first pre-processing step was bias field correction, which ad-
dresses low-frequency intensity nonuniformities in sMRI that cause
gradual intensity variations across the image that typically arise from
radio-frequency coil imperfections, magnetic field inhomogeneities and
patient-related factors [61]. The observed image I(x) was modeled as:

I(x) = T(x) - B(x) + n(x) @

where T'(x) is the true intensity of the tissue, B(x) the bias field, and
n(x) the additive noise. The bias field is estimated iteratively using a
B-spline surface and the corrected image is recovered as:

T(x) = I(x)/B(x) ()]

3.2.2. Image registration

Image registration was performed to spatially align all brain im-
ages to the Montreal Neurological Institute (MNI) space, correcting
for motion, positioning differences, and inter-subject anatomical vari-
ability [6,62,63]. A multi-stage registration strategy was applied: an
initial affine transformation (12-parameter linear model accounting for
translation, rotation, scaling and shearing) provided coarse alignment,
followed by the SyN diffeomorphic registration, which captured local
anatomical deformations and fine-scale structural variations [64,65].
This hierarchical approach ensured both computational efficiency and
high anatomical precision, preserving topological consistency and en-
abling reliable feature extraction across subjects [64,65]. Registration
quality was assessed using the Pearson correlation coefficient, the
Dice Similarity Coefficient (DSC), and the Jaccard index between each
registered image and the template to indicate successful alignment [66,
67].

3.2.3. Skull stripping

Another pre-processing step in this pipeline was skull stripping,
which removed non-brain tissues (e.g., skull, scalp, dura, eyes and
neck) from the images, retaining only brain regions such as gray matter,
white matter and subcortical structures, to avoid interfere of non-
brain tissues during tissue segmentation [37,68,69]. Skull stripping was
performed using the ANTs template-based brain extraction method,
which nonlinearly registers each T1-weighted image to a standard
anatomical template and applies the corresponding probabilistic brain
mask to generate a subject-specific brain-only volume [70].
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Fig. 2. Principle of 2D Discrete Wavelet Decomposition.

Note: LL - Low-Low; HL - High-Low; LH - Low-High; HH - High-High; LL, - Second Level Low-Low; LH, — Second Level Low-High; HL, — Second Level

High-Low; H H, — Second Level High-High.

3.2.4. Image normalization and slicing

Finally, to improve intensity consistency across scans, white-stripe
normalization was applied, in order to normalize images based on
normal-appearing white matter, providing more robust results [71].
Additionally, histogram equalization was performed to minimize in-
tensity variations and reduce noise across slices [72-74]. Following
normalization, each volume was registered to the ICBM 152 non-linear
atlas (2009a), an isotropic 1 x 1 x 1 mm template (197 x 233 x189
voxels) with an accompanying brain mask [75]. The provided mask
was applied to obtain a brain-only volume prior to slicing. The masked
3D NIfTI volumes were then decomposed along the axial (189 slices),
coronal (233 slices), and sagittal (197 slices) planes [76]. Each 2D slice
was resized to 224 x 224 pixels and saved in PNG format to ensure
consistency and compatibility with downstream feature extraction and
ML models.

3.3. Feature extraction

The image slices produced during the pre-processing stage were an-
alyzed to extract distinguishing features based on quantitative metrics.
MATLAB 2024b was used to compute the Histogram and GLCM features
used in this study.

3.3.1. 2D discrete wavelet transform

DWT2 offers multiple advantages for disease discrimination, includ-
ing simultaneous multi-resolution analysis in spatial and frequency do-
mains, enhanced detection of fine pathological details and global struc-
tural changes in neurodegenerative diseases and natural separation of
signal components from noise [77-79].

To make use of these advantages, the obtained slices of each image
were subjected to a two-level DWT, which decomposes each 2D image
into multiple frequency-spatial components through multi-resolution
analysis [80]. The DWT2 applies separable one-dimensional wavelet
transforms along both rows and columns, producing four sub-bands at
each level: LL (approximation), LH (horizontal detail), H L (vertical
detail) and H H (diagonal detail) [81]. Each sub-band captures distinct
spatial-frequency characteristics: LL preserves the overall structure,
LH emphasizes horizontal edges, H L highlights vertical edges, and
H H captures diagonal features [80].

In this study, the two-level decomposition was implemented using
the Biorthogonal 1.1 (biorl.1) wavelet. This wavelet was selected based
on our previous work in AD MRI analysis, where it provided a good
performance with relatively low computational cost [82,83]. Level
1 decomposes the original image I,,(x,y) into LL,, LH,, HL, and
HH,, while Level 2 further decomposes LL, into LL,, LH,, HL,
and HH, (Fig. 2). The image was decomposed only up to level 2
via DWT2 because this depth provides an optimal balance between
capturing meaningful multiscale details and avoiding excessive loss of
spatial resolution or unnecessary complexity. This results in a wavelet
collection given by:

W = (I,,(x,y), LH,HL,,HH,,LL,, LHy, HL,, HH,)} 3)

3.3.2. Histogram features

Histogram-based (first-order) features are derived directly from an
image’s pixel intensity distribution, ignoring spatial relationships be-
tween pixels [84,85]. They capture basic statistical properties of inten-
sity by computing the histogram h(i), which counts occurrences of each
gray level i (0-255) [72]. From this, the probabilities p(i) = h(i)/N
(with N as the total number of pixels) are calculated to derive various
statistical measures characterizing the intensity distribution [86]. In
the context of AD, these features can capture global changes in tissue
composition associated with disease progression, including gray matter
atrophy and white matter degradation, which directly alter the inten-
sity distribution of the image [86,87] In this study, these features are
extracted for each image in the DWT collection W, providing a detailed
statistical characterization across different frequency sub-bands, and
are described in Table 4. The total number of features per plane is
calculated as,

Features = slices x features per slice x wavelet sub-bands 4)

For the different anatomical planes, this gives:

» Axial: 189 x 18 x 9 = 30,616 features
« Coronal: 233 x 18 x 9 = 37,746 features
« Sagittal: 197 x 18 x 9 = 31,914 features

3.3.3. Gray-level co-occurrence matrix features

The GLCM is a statistical method for analyzing texture in digital
images, capturing spatial relationships between pixel intensities. It is
constructed by examining pixel pairs separated by a distance d and
offset 6, recording the frequency of each gray-level pair (i, j), and nor-
malizing to obtain probabilities p(i, j) [88]. From the GLCM, statistical
texture features (gray-level co-occurrence properties) are computed.
Unlike histogram features, GLCM features account for spatial relation-
ships and use different offsets to characterize gray-level intensities [84].
Regarding AD, these features can identify tissue organization patterns,
such as local intensity variations, since they are highly sensitive to
microstructural alterations that go beyond visible atrophy. They can
detect changes in spatial pixel arrangements even when overall inten-
sity values remain relatively stable [89,90]. In this study, the GLCM
has been computed from each scaled images using four offsets ([1,0],
[-1,1], [-1,0], [-1,-1]) with distance d = 1, to extract texture metrics.
Table 5 presents the features used in this analysis. Each feature was
then averaged across the four offsets, and Eq. (4) was used to obtain
the total number of features for the different anatomical planes:

« Axial: 189 x 22 x 9 = 37,422 features
» Coronal: 233 x 22 X 9 = 46,134 features
+ Sagittal: 197 x 22 x 9 = 39,006 features
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Table 4
Extracted histogram features with corresponding equations and definitions.
Feature Equation Definition
Mean (mean) u= Z’L:'Ol i« p(i) Indicates the overall brightness of the image.
. . XN if N is odd . . . . .
Median (median) X N AX N Middle intensity when all pixel values are sorted. x;, is the ith
() (5 +D) y (i)
— if N is even ordered value.
Standard Deviation c= Zf:’ol(i — u)? - p(i) Quantifies how much intensity values deviate from the mean.
(std)
Variance (var) % = Z‘L;Ol(i — )2 - p(i) Measures intensity dispersion around the mean.
Ll N4 o
Kurtosis (Kurt) kurt = M -3 Indicates whether the distribution has heavy or light tails
64
compared to a normal distribution.
Ll
Skewness (Skew) skew = M Measures histogram asymmetry.
Maximum (max) max(x) = Xy Represents the brightest region in the image.
Minimum (min) min(x) = X, Represents the darkest region in the image.

Range (range) R = x,,, — X,

max min
Entropy (Entrh) H=- Z‘.L:_Ol p(i)log, p(i)
Energy (Enerh) E = Z,N:1 xlz.
Root Mean Square RMS = 4/ % Z,N= L X
(RMS)
Smoothness S=1- ]+152
(smooth)
Uniformity (unif) U= Z,:)l p(i)?

25th Percentile Pys = X))y + (k= LkDCeay) = X))

(per25)

75th Percentile Prs = xigy + (k= LkDGepieyy = X))
(per75)

Interquartile Range IQR = Pj5 — Py

(IQR)

Mode (mode) Mode = —""'Zb"'*‘

Indicates the total intensity spread.
Measures the randomness of intensity distribution.
Reflects the overall magnitude of pixel intensities.

Indicates the effective or average signal strength.
Indicates local intensity variation.
Also known as Angular Second Moment. Measures the

uniformity of intensity distribution.
Intensity value below which 25% of pixels fall, where

k=025(N +1).
Intensity value below which 75% of pixels fall, where
k=075N + 1).

Measures central spread while ignoring outliers.

Represents the dominant gray level, where m = arg max; A(i)
and b, is the bin boundary.

3.3.4. Data compression

Eight descriptive statistics were computed for each measure se-
ries across slices of each plane: mean, median, standard deviation
(std), variance (var), 5th percentile (Qs), 95th percentile (Qys), skew-
ness and kurtosis. This procedure yielded 1584 features per anatom-
ical plane for GLCM-based descriptors (9 subbands x 22 measures x
8 statistics), resulting in a total of 4752 features across the three planes.
Similarly, 1296 features per plane were generated for Histogram-based
descriptors (9 subbands x 18 measures x 8 statistics), resulting in a total
of 3888 features. After this step, each feature is denoted by its name,
with the DWT level indicated as a superscript and the compressor type
as a subscript:

DW T subband (5)

featureN ame: 47
compressor

3.3.5. Data normalization

Feature normalization was applied at the subband level per plane
using the z-score method. For each classification task, the ith instance
of the jth feature, x;; (where 1 < j < N, corresponding to Ny = 176
for GLCM and N = 144 for Histogram features per subband), was
standardized according to:
% = x’/_ﬂf 6)

gj

where y; and o; denote the mean and standard deviation derived exclu-
sively from the training partition. These parameters were subsequently
applied to transform both the training and test sets, strictly preventing
data leakage.

3.3.6. Feature selection
In an effort to enhance performance, seven feature selection tech-
niques were employed to identify the most discriminative features

available across all subbands: F-Score, Select Percentile, Mutual Infor-
mation (MI), Chi-squared (y?2), False Discovery Rate (FDR), L1 regular-
ization (Lasso Fixed) and Tree-Based methods [91]. This process was
conducted independently for each pairwise comparison, anatomical
plane (single or combined) and feature extraction method (applied
individually or in combination). Crucially, to ensure methodological
rigor and prevent data leakage, selection was strictly restricted to
training data. Each method was utilized to determine the optimal
feature subsets, evaluating the set cardinalities ranging from 1 to X,
where X represents the total number of features available for a given
configuration (X = 1584 for GLCM features and X = 1296 Histogram
features, for each anatomical plane).

The univariate filter methods prioritized features with the strongest
statistical relevance, selecting those with the highest scores (e.g., F-
value, y? statistic,c MI score) or the lowest FDR-adjusted p-values.
Conversely, the model-based approaches (Lasso and Tree-Based) iden-
tified features based on non-zero coefficients or intrinsic feature im-
portance [91]. By systematically evaluating different selector-classifier
combinations, this approach ensured that each model was optimized
for its specific dataset characteristics.

3.4. Classification framework

3.4.1. Machine learning

Normalized features were analyzed in Python (version 3.9.12) us-
ing various ML models to perform classification and generate the
corresponding performance reports. The performance of the model
in discriminating a series of pairwise comparisons in all diagnostic
categories was evaluated using a set of 16 ML algorithms implemented
in Scikit-learn, following a hold-out validation approach. In total, 36
binary classification tasks were performed, which included all possible
clinically relevant combinations. Each model processed either features
when combining data from all three anatomical planes or features
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Table 5
Extracted GLCM features with corresponding equations and definitions.
Feature Equation Definition
Autocorrelation (Auto) X ;17 G ) Quantifies the linear dependency between neighboring

Contrast (Cont)

Correlation 1 (Corrl)

Correlation 2 (Corr2)

Cluster Prominence (ClusP)
Cluster Shade (ClusS)
Dissimilarity (Diss)

Energy (EnerG)

Entropy (Entrg)
Homogeneity 1 (Homel)

Homogeneity 2 (Home2)

Maximum Probability
(Maxp)
Sum of Squares (Variance)

Sum Average (Sa)

Sum Variance (Sv)
Sum Entropy (Se)

Difference Variance (Dv)

Difference Entropy (De)
Information Measure of
Correlation 1 (Imofl)
Information Measure of
Correlation 2 (Imof2)

Inverse Difference
Normalized (Idm)

Inverse Difference Moment
Normalized (Idmn)

X li= il pi )
G = 1)U = uy)pGs )

0,0

;1 PGy J) = By
0,0,
X+ = i = w6, )
X+ = me = 1)pG. )
i, li=ilpG. )
X, pG, j)?
=X, pG, )log p(i, j)
y o, j)
M-l
P, j)
ZiTiasir

max, ; p(i. )
G = w*pG, )
2N,
kms K Py (K)

2.
TNk~ SARp,,, (k)
2N,
— 3 by () og pyy, (K)

N,-1
Yl Kb, ()

N,-1
- Zk:g[) px—y k) Ingx—y(k)
HXY - HXY1

max(HX, HY)

V1 = e~2HXY2-HXY)

pG, j)
2 + Izl
NK

¥ p(i, Jj)

h =2
I+

pixel intensities.
Measures local intensity variation between pixel pairs.

Evaluates the linear correlation between gray levels of
neighboring pixels.

Alternative formulation for correlation between
neighboring gray levels.

Describes the asymmetry and peakedness of the GLCM.
Measures the skewness of the GLCM.

Represents the degree of difference between neighboring
pixel pairs.

Also known as Angular Second Moment. Indicates
texture uniformity.

Measures texture randomness.

Reflects how close the GLCM elements are to the
diagonal.

Similar to Homogeneity 1 but penalizes larger gray-level
differences more strongly.

Represents the most dominant gray-level pair
occurrence.

Measures the spread of intensity values around the
mean.

Average of the sum probabilities, where

Priy(k) = Zi.j:Hj:k PG, ).

Quantifies deviation from the sum average (SA).
Reflects randomness in the summed gray-level
distribution.

Indicates intensity contrast diversity, where
pry(k) = Zi‘j:\:—/\:k pUi, j).

Measures unpredictability in gray-level differences.

Mutual information-based correlation measure using
joint and conditional entropies.

Alternative entropy-based correlation measure reflecting
nonlinear dependencies.

Normalized version of inverse difference; compensates
for the number of gray levels N,.

Normalized variant of homogeneity emphasizing small
intensity differences.

when analyzing each plane individually. These features were derived
from extracted per image, each computed across offsets and wavelet
sub-bands for each anatomical plane and group comparison. In the
hold-out method, the dataset was randomly divided into training and
testing subsets, with 80% of the data used for model training and
20% reserved for testing. To address class imbalance in the dataset,
Random Under Sampling (RUS) was applied exclusively to training set,
in order to randomly remove samples from the majority class until
both classes get the same representation [92,93]. To ensure optimal
model configuration, a grid search with 3-fold cross-validation was
conducted exclusively on the training set. This procedure fine-tuned the
critical hyperparameters (e.g., regularization parameter C, kernel type,
or tree depth) based on accuracy maximization within the training data,
ensuring that model selection remained independent of the test data to
prevent data leakage.

To ensure a rigorous evaluation, 16 ML classifiers were used to
represent different methodological families. The first family of classi-
fiers used were the linear models, containing the Logistic Regression
(LR), Logistic Regression with Cross-Validation (LRCV), Elastic Net Lo-
gistic Regression (eNLR), Linear Discriminant Analysis (LDA), Passive
Aggressive Classifier (PA) and Stochastic Gradient Descent (SGD). An-
other category of classification method is the support vector machines
(SVC), that encompasses both linear and non-linear variants, such as

Linear SVC (LSVC), SVC with optimized hyperparameters (OptSVC)
and Calibrated SVC (cSVC). A third category of classifiers are the
ensemble methods, which include the Random Forest (RF), gradient
boosting frameworks including eXtreme Gradient Boosting (XGB), Gra-
dient Boosting (GBC), Light Gradient-Boosting Machine (LGBM) and
Categorical Boosting (CB), as well as a Soft Voting Classifier (VCs).

To further assess the stability, robustness, and generalizability of
the proposed framework, additional validation and resampling strate-
gies were employed. Based on classification performance, the best-
performing classifier for each disease stage was selected using the
hold-out strategy. This classifier was then evaluated using stratified
k-fold cross-validation (CV) (k = 5), enabling comparison with the
initial train/test split. Importantly, the hyperparameter tuning and
feature selection performed during the hold-out phase were not reused
in the CV setting. Instead, the classifier was evaluated using default
hyperparameters and the full feature set in each fold. This design choice
was adopted to avoid information leakage between model selection
and evaluation stages and to reduce the substantial computational
burden associated with repeated optimization procedures. Within the
CV framework, two resampling strategies (SMOTE and RUS) were
evaluated, applied exclusively to the training folds to prevent data
leakage. While not constituting a fully nested CV scheme, this approach
provides a complementary assessment of model stability, robustness
and generalizability.
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3.4.2. Deep learning

In parallel with the ML approach, a Deep Learning (DL) framework
was implemented using PyTorch and TorchVision to perform pairwise
classification directly from MRI slices, without handcrafted features,
under a patient-level evaluation scheme.

A ResNet-18 CNN was adopted via transfer learning, with the con-
volutional backbone frozen to mitigate overfitting given the dataset
size, and only the classification head fine-tuned. The final layer was
replaced by a dropout layer (p = 0.5) followed by a linear classi-
fier. Batch-normalization layers were kept in evaluation mode, and
inputs were normalized using ImageNet statistics. Training employed
data augmentation (random rotations up to 10° and brightness/con-
trast jitter), avoiding anatomically implausible transformations. The
evaluation pipeline used normalization only.

Datasets were split at the patient level into stratified training (80%)
and testing (20%) sets. Class imbalance was addressed using RUS and
SMOTE, applied exclusively to the training set. Note that, when SMOTE
was used, it operated on intermediate embeddings rather than raw
images. The model was trained using Adam, with cross-entropy loss
and cosine annealing, for up to 30 epochs with early stopping based on
validation loss.

Slice-level predictions were aggregated at the patient level by aver-
aging class probabilities across slices, with the final label obtained via
thresholding. Additionally, stratified k-fold CV (k = 5) was performed,
with internal validation splits and results reported as mean + standard
deviation.

3.4.3. Classification metrics

ML and DL Models’ performance was assessed using seven evalua-
tion metrics, including Acc, Spec, Prec, Rec, F1, AUC and Gmean.

Acc represents the proportion of correct predictions out of all pre-
dictions made. It measures the overall performance of the model [94]
and is given by:

Acc = TP+TN %)
TP+TN+FP+FN

where TP are the True Positive, (TN) the True Negative, (FP) the False

Positive and (FN) the False Negative [95].

Rec, also known as sensitivity or true positive rate, corresponds to
the proportion of actual positive cases that were correctly identified by
the model [94] and can be defined as:

TP
T TP+FN ®

Prec, which can also be called as positive predictive value, is the
proportion of predicted positive cases that are actually positive [94]. It
is given by:

Prec= —1__ ©
TP+ FP

Spec, also known as true negative rate, is the proportion of actual
negative cases that were correctly identified by the model [94], being
defined as:

TN
Spec = TN+ FP (10)

F1 is the harmonic mean of Prec and Rec, providing a single metric

that balances both measures [94]. This metric can be defined as:

Rec

Fl=2x% Prec X Rec an
Prec + Rec

AUC represents the area under the Receiver Operating Characteris-

tic (ROC) curve, measuring the model’s ability to distinguish between

classes across all classification thresholds. This can be given by the

following equation:
1
AUC:/ TPR(FPR™(x))dx (12)
0

where T PR is the True Positive Rate and FPR is the False Positive
Rate. AUC reflects model performance across all possible decision
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thresholds rather than relying on a single reference point. This property
is especially valuable when distinguishing between adjacent cogni-
tive stages (e.g., EMCI~ vs. MCI~), where the optimal classification
boundary may vary depending on clinical considerations.

Finally, G-mean, defined below, is the geometric mean of Rec and
Spec, providing a balanced measure that is particularly useful for
imbalanced datasets [94].

Gmean = 4/ Rec X Spec (13)

To determine the optimal classification performance, a composite
evaluation criterion was applied, assigning equal weight to Acc and
AUC (50% each). This balanced threshold was used to identify the
best-performing configuration for each anatomical plane, classifier, and
feature selection method in all pairwise comparisons, ensuring greater
consistency in model evaluation.

4. Results and discussion
4.1. Hold-out ML classification performance

The best classification performances obtained across all stage com-
parisons are summarized in Supplementary Table Al. Each entry re-
ports the optimal values of Acc, AUC, Prec, Rec, Spec, F1 and Gmean,
along with the corresponding anatomical plane and the feature type
that led to the best result (Histogram, GLCM or Combination).

The combination feature type proves to be the most robust strategy,
consistently securing AUC values exceeding 0.99 in complex stratifi-
cations such as AD vs. EMCI- (AUC 0.998) and SMC vs. MCI* (AUC
0.996) [96,97]. However, the standalone Histogram features demon-
strated a peak performance in the AD vs. EMCI* comparison (AUC
1.0), suggesting that intensity-based biomarkers alone are sufficient
for perfect separability in advanced pathology [86]. In terms of clas-
sifiers, linear models (LR and LRCV) were among the most frequently
selected high-performing methods, although other classifiers, including
VC, OptSVC, RF and LDA, also contributed substantially to the top
results. This trend indicates that for the highest-performing feature
subsets, the decision boundaries between neurodegenerative stages are
largely linear [98].

Regarding feature selection, the MI and F-Score selectors were
pivotal in constructing the models with the highest AUCs, often retain-
ing large feature sets (~ 900-1000 features) to maximize information
retention, as seen in the EMCI~ vs. MCI* comparison (AUC 0.996).
Conversely, selectors like FDR provided efficient models with fewer
features (e.g., < 10) while maintaining high AUCs (0.883 for SMC vs.
EMCIH).

Anatomically, the Coronal plane was frequently associated with the
highest AUC values in AD classifications, consistent with its sensitivity
to medial temporal lobe atrophy reported in previous studies [82,99].
However, high performance was observed across all anatomical planes.
Notably, the Axial plane proved particularly effective for early-stage
and SMC cohorts, such as SMC vs. CN (AUC 0.935).

The AUC values also show a strong ability of the proposed frame-
work to distinguish between stages related to Af. The system achieved
near-perfect discrimination between AD and early-stage cohorts regard-
less of amyloid status (AUC 1.0 for AD vs. EMCI* and 0.998 for AD vs.
EMCI™). These results indicate that the extracted features capture struc-
tural alterations associated with AD, enabling robust discrimination
from early-stage cohorts regardless of the amyloid status. However,
the model found it significantly more challenging to distinguish AD
from MCI™, yielding a maximum AUC of 0.788. Conversely, the model
successfully distinguished MCI* vs. LMCI~ with a high AUC of 1.0, sug-
gesting that the divergence in amyloid status may facilitates radiomic
separation even when clinical symptoms are comparable. When com-
paring the same clinical stage, EMCI~ vs. EMCI' achieved a moderate
AUC of 0.843. Although lower than the inter-stage comparisons, this
performance remains clinically relevant, indicating that the radiomic
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signature detects subtle changes associated with amyloid deposition
before visible atrophy appears.

Finally, the SMC cohort showed high distinctiveness from advanced
pathological stages, with an AUC of 0.996 for both SMC vs. AD and
SMC vs. MCI*. Interestingly, the discrimination between SMC vs. CN
also reached a high AUC of 0.935. This high AUC suggests that despite
the lack of objective cognitive deficits in SMC patients, there are
detectable neuroimaging alterations that distinguish them from truly
normal controls, suggesting that the approach has potential to identify
early neurodegenerative changes. The discriminative power was less
pronounced in SMC vs EMCI~ (AUC 0.868), suggesting a potential
structural similarity between subjects with subjective complaints and
those with early impairment.

Regarding Gmean values, the models achieve quite high values
(> 0.95) when distinguishing distinct stages, such as AD vs. EMCI~
or LMCI*, EMCI* vs. MCI* and SMC vs. AD. Moderate performance
(0.8-0.95) is observed for comparisons involving more subtle transi-
tions, such as SMC vs. CN and EMCI~ vs. LMCI*, suggesting that early
cognitive changes are detectable but with some limitations. Conversely,
lower Gmean values (< 0.8) occur mainly in within-stage comparisons,
including AD vs. MCI*, EMCI~ vs. EMCI*, EMCI- vs. LMCI- and
MCI~ vs. MCI*, reflecting the inherent difficulty in discriminating
subtle differences within closely related disease stages. Higher values
of Gmean are generally obtained when positive groups or later disease
stages are present (e.g., EMCI* vs. MCI*, AD vs. EMCI~ or SMC vs.
MCI"). In contrast, comparisons involving only negative groups or early
stages (e.g., EMCI~ vs. LMCI~, EMCI~ vs. EMCI*, or SMC vs. EMCI™)
generally have lower Gmean (often < 0.8-0.85), indicating that the
model struggles to balance sensitivity and Spec when class differences
are subtle, highlighting the challenge of early detection and progression
monitoring.

4.2. Hold-out ML feature importance analyses

4.2.1. Analysis of the ten top-tier important features per pairwise best model

The permutation scores for each pairwise comparison are presented
in Supplementary Table A2, where only positive values were consid-
ered. This table reveals the extent to which the classifier’s predictive
performance is dependent on specific radiomic features. For classi-
fications involving distinct clinical extremes, the model exhibits a
heavy reliance on individual biomarkers. Notably, in the comparison
of SMC vs. EMCI*, shuffling the top feature (AutoaHUg 2) results in a
massive performance drop of 16.84%. Similarly, distinguishing AD
from CN and from MCI~ relies critically on single features such as
maxjgfsl !"and I'mol=H!, where removing the signal from these variables
causes accuracy penalties exceeding 12%. This magnitude indicates
that these specific first-order and correlation-based features are “load-
bearing” components of the decision boundary: without them, the
model’s diagnostic capability degrades significantly.

Conversely, comparisons between clinically adjacent or subtle
stages are characterized by much lower permutation scores, implying
a distributed feature importance. For tasks such as CN vs. EMCI* and
SMC vs. AD, the top features yield performance drops of only 4.31%
and 2.50%, respectively. This low impact suggests that no single feature
acts as a dominant discriminator. Instead, the model likely exploits high
feature redundancy, where the information lost by shuffling one vari-
able is compensated by others. This pattern highlights the complexity
of early-stage detection, where the classifier must aggregate marginal
gains from multiple weak learners rather than relying on a definitive
radiomic signature.

Furthermore, the stability of these dependencies varies consider-
ably. High standard deviations relative to the mean scores (e.g., AD vs.
MCI~ at 12.93 + 4.84%) indicate that the importance of these features
fluctuates across CV folds, suggesting that the model’s reliance on
them is unstable and dependent on specific data splits. Additionally,
a distinction in feature types is evident, while high-dependency tasks
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(involving AD) are driven by intensity changes (max, var), the subtler
MCI subgroup distinctions rely more on textural complexity measures.

Across the 36 pairwise comparisons analyzed, PromClus proves to
be the most pervasive feature, appearing in the top 10 rankings for 15
separate tasks, particularly dominating the distinctions involving MCI
subgroups. Close behind, Imol demonstrates remarkable consistency,
being selected as a key biomarker in 14 tasks. Similarly, Imo2 and
the first-order statistic Max are highly frequent, each appearing in
13 tasks. This frequency distribution highlights that while intensity
extremes (M ax) are essential for detecting severe disease, the structural
complexity of texture (PromClus, Imol and Imo2) is the primary tool
the model uses to navigate the majority of the clinical spectrum.

4.2.2. Analysis of the importance power of GLCM and histogram individual
features for the best pairwised models

Looking at supplementary Table A3, related with the cumulative
permutation scores of different extracted features across the 36 pairwise
comparisons, histogram-derived features show the widest coverage.
Skew appears in 27 of 36 comparisons, Range in roughly 28 of 36, Min
in about 30 of 36, and Std in about 24 of 36. The strongest texture
GLCM features, Imofl and Imof2, appear in about 26 of 36 compar-
isons. Very sparse or irrelevant features include Sv (0 appearances)
and central tendencies such as Median or Mode (about 5 appearances),
indicating that simple central-value metrics contribute little for the best
models.

Analyzing the “Top 5” per pairwise comparisons (which features
most often land among the five highest scores), the recurring leaders
are Imofl (16 Top-5 hits), range (15 Top-5), Corr2 (14 Top-5), Max (13
Top-5), ClusP (11) and two histogram shape measures, Kurt and skew
(each 10 Top-5). Imof2 follows with 9 Top-5 hits. These eight features
constitute the principal “top-tier” set. Low-impact features have few
Top-5 appearances despite moderate coverage: Auto (3 Top-5), var
(3), and a cluster at 2 hits (Enerh 2, Max_p 2, Cont 2, RMS 2, De 2,
Diss 2, Entrg 2, IQR 2). Several features contribute essentially with no
discriminative value (0 Top-5), including Enerh, Idm, Idmn, median,
per25, mode and Sv.

In terms of discriminative strength (largest cumulative permutation
scores), texture dominates in amyloid-negative or texture-driven con-
trasts: Imofl reaches 83.04% in AD vs. MCI~ and 74.12% in SMC vs.
MCI~; Imof2 reaches 61.41% in AD vs. MCI~; ClusS reaches 59.67% and
Corr2 reaches 52.61% in the same comparison. For amyloid-positive
contrasts, intensity features dominate: Std peaks at 76.72% in AD vs.
EMCI* and Max at 59.38% in the same column. Other notable his-
togram highs include Skew at 49.55% (AD vs.CN) and Kurt at 42.65%
(SMC vs. LMCI™).

SMC contrasts exhibit a hybrid profile. SMC vs. AD behaves like an
intensity-driven separation (Skew = 48.64%, Std = 43.03%), whereas
SMC vs. MCI~ behaves like a texture-driven separation (Imofl =
74.12%).

The amyloid split is clear: in “negative” comparisons (-), texture fea-
tures crowd the highest ranks (e.g., AD vs. MCI~ is effectively a texture
sweep: Imofl, Imof2, ClusS, Corr2, Dv). In “positive” comparisons (+),
intensity spread and peaks (Std, Max, Range) shoulder aside texture;
AD vs. EMCI' is the strongest example (Std 76.72%, Max 59.38%).
This pattern suggests amyloid positivity manifests as global intensity
shifts, whereas amyloid negativity or earlier stages are better captured
by spatial co-occurrence structure.

4.2.3. DWT2 subbands’ importance for the best pairwise models

Supplementary Table A4 presents the cumulative permutation
scores for features extracted from images across different stages of
cognitive impairment. Negative values were excluded, and only positive
contributions were considered.

A comparative analysis reveals that image decomposition via DWT2
is far more effective than analyzing the original image (Level 0).
In nearly all pairwise comparisons, the original image consistently
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Note: AD — Alzheimer’s Disease; EMCI - Early Mild Cognitive Impairment; EMCI* — Early MCI, amyloid-positive; EMCI~ — Early MCI, amyloid-negative; LMCI — Late
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receives the lowest rankings (typically 7th to 9th), suggesting that raw
pixel intensities alone lack the discriminative power necessary for ac-
curate discrimination. In contrast, the sub-bands at Level 2 consistently
achieve the top rankings, indicating that the most relevant diagnostic
information is encoded within specific spatial frequencies and textural
details.

Among the decomposed image components, the Level 2 sub-bands
— specifically HL2 and LH2 — emerge as the most significant, often se-
curing the Rank 1 position. Other studies from Lahmiri also prove that
the usage of HL2 and LH2 improve brain sMRI classification [100]. In
the context of image processing, these bands correspond to specific di-
rectional variations (horizontal and vertical details). The fact that these
specific orientations yield the highest cumulative permutation scores
implies that the pathological changes associated with these conditions
are best detected through these specific textural patterns rather than
coarse approximation coefficients (LL) or the original image. The values
exceeding 100% confirm the cumulative nature of the extracted met-
rics within this subbands, representing the aggregated importance of
multiple significant features identified during the permutation testing.

4.2.4. Analysis of the importance power of GLCM and histogram methods
within the best combined pairwised models

Fig. 3 compares the cumulative permutation scores, calculated from
positive contributions, of two distinct feature extraction techniques
— GLCM and Histogram analysis — within the context of combined
models that utilize both to achieve optimal performance.

A clear pattern emerges showing that GLCM-based features gen-
erally contribute more significantly to the discrimination tasks than
Histogram-based features. In the majority of pairwise comparisons
(15 out of 19), the GLCM contribution is higher, often by a sub-
stantial margin. In particular, for the SMC vs. EMCI* comparison,
although the model combines both feature types, the Histogram fea-
tures were irrelevant for this discrimination and only GLCM features
added meaningful predictive value. Moreover, in the SMC vs. MCI*
comparison, GLCM features accumulate a massive score of 605.00%,
nearly double that of the Histogram features (353.09%). This suggests
that for most diagnostic boundaries, the spatial relationships and com-
plex textural patterns captured by GLCM provide the primary source of
discriminative information.

Nevertheless, Histogram features scores are superior in specific
contexts, including specific contexts: EMCI~ vs. MCI~ (103.22% vs.
26.00%) and SMC vs. AD (33.82% vs. 29.85%). This indicates that for
certain clinical differentiations, global intensity variations (e.g., overall
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brightness or contrast shifts) are more informative than local tex-
tural details. Additionally, in the MCI~ vs. MCI* comparison, the
contributions are remarkably balanced (141.30% vs. 142.07%), demon-
strating that for specific subgroups, both textural complexity and global
intensity distribution are equally vital.

4.3. Generalization and model quality assessment via cross-validation

The ML results in Fig. 4 and in Supplementary Tables Al and
AS reveal a clear discrepancy between hold-out and CV performance,
indicating a substantial generalization gap. This effect was quantified
by computing the relative reduction in AUC between hold-out (NoCV)
and CV across all 36 pairwise comparisons. For CV-Oversampling (CV-
Ov), 8 comparisons (22%) showed reductions < 5%, 12 (33%) between
5%-10%, 14 (39%) between 10%-20%, and 2 (6%) > 20%. For CV-
Undersampling (CV-Un), the corresponding values were 6 (17%), 11
(31%), 17 (47%) and 2 (6%), respectively.

These results confirm that hold-out evaluation systematically over-
estimates performance, with approximately 80% of comparisons show-
ing AUC reductions > 5% and nearly half > 10%. While both resam-
pling strategies reveal this bias, CV-Ov produces a wider dispersion,
including more extreme drops, whereas CV-Un yields more consistent,
predominantly moderate degradation.

AUC was adopted as the primary metric due to its discriminative
capability and relative robustness to class imbalance. However, the
observed variability under CV indicates that it must be interpreted
alongside class-specific metrics to assess model stability. Across all com-
parisons, NoCV consistently yields higher AUC values. For example, in
AD vs EMCI~, AUC decreases from 0.998 (NoCV) to 0.9578 + 0.0202
(CV-0Ov) and 0.9519 + 0.0309 (CV-Un), illustrating the optimistic bias
even in well-separated groups.

A stage- and biomarker-dependent pattern is evident. Comparisons
involving early disease stages, particularly EMCI, show lower AUC and
higher variability, reflecting the difficulty of detecting subtle patho-
logical differences. This is most pronounced in within-stage amyloid
stratification (e.g., EMCI* vs. EMCI™), where performance approaches
chance level, indicating substantial overlap between Af* and Ap~
individuals at early stages.

As the disease progresses, discriminative performance improves. In
MCI and LMCI, the separation between Ap* and Af~ groups becomes
more evident, suggesting that the pathological signal associated with
amyloid accumulation strengthens over time. In particular, LMCI*
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vs. LMCI~ comparisons generally yield higher AUC than their EMCI
counterparts, indicating enhanced separability in later stages.

Performance further increases with clinical distance between
groups. Comparisons involving distant stages (e.g., EMCI vs. AD or
MCI vs. AD) consistently achieve higher AUC values, whereas adjacent-
stage or within-stage comparisons (e.g., EMCI* vs. EMCI~ or MCI~ vs.
MCI*) remain challenging. This behavior reflects the continuous nature
of disease progression and the gradual emergence of discriminative
pathological features.

Overall, these findings indicate that model performance is intrin-
sically linked to both disease stage and amyloid status, with early-
stage and within-stage distinctions remaining inherently challenging
due to substantial biological overlap, while later stages and cross-
stage comparisons provide clearer separability as pathological changes
accumulate.

4.4. Machine learning versus deep learning

The comparison between ML and DL approaches (Fig. 5 and Sup-
plementary Table A6) indicates that increased model complexity did
not translate into systematic performance gains. Across the evaluated
pairwise classifications, ML achieved equal or higher AUC values in
most cases, while also demonstrating more consistent behavior across
Acc, Rec, Prec, Spec, F1 and Gmean. This suggests that performance is
primarily limited by the intrinsic separability of the clinical groups and
the stability of the learning process under limited and imbalanced data
conditions, rather than model capacity.

Despite we performed DL in hold-out (see results at Supplementary
Table A7), to ensure a fair comparison, only CV results were considered,
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as the ML hold-out (NoCV) setting produced overly optimistic estimates
(with AUC reaching 100% in some cases), whereas CV provides more
robust and generalizable performance evaluation.

In clinically well-separated comparisons, both ML and DL (Supple-
mentary Table A6) achieved high discriminative performance, although
ML was generally superior or comparable, outperforming DL in most
tasks (34 out of 36). For instance, in AD vs. CN, ML achieved AUC
values of 0.906 and 0.888 (CV-Ov/CV-Un), compared to 0.865 and
0.859 for DL. Similarly, in AD vs. EMCI~, both approaches performed
strongly, with ML (0.958/0.952) and DL (0.956/0.958), indicating that
clear clinical differences can be captured by both methods.

The advantage of ML becomes more evident in more challenging
and clinically relevant comparisons. In AD vs. EMCI*, ML achieved
AUC values of 0.985 and 0.974, compared to 0.940 and 0.942 for DL.
Despite relatively high AUC, DL exhibited imbalanced metric profiles,
with oversampling yielding Rec of 52.36%, F1 of 46.76% and Spec of
100%, indicating suboptimal decision behavior. A similar pattern was
observed in AD vs. LMCI*, where DL again showed high Spec (100%)
but low Rec (51.25%) and F1 (44.92%).

In moderate-difficulty comparisons, DL performance degraded more
substantially than ML. For example, in CN vs. EMCI~, ML achieved AUC
values of 0.840 and 0.839, whereas DL decreased to 0.707 and 0.683.
Likewise, in CN vs. EMCI*, ML obtained 0.779 and 0.793, compared to
0.623 and 0.689 for DL. This suggests that DL is less robust when class
differences are subtle and sample size is limited, whereas ML benefits
from lower model complexity and better adaptation to tabular clinical
and biomarker data.

Fine-grained comparisons between neighboring disease stages
were challenging for both approaches, but ML remained more con-
sistent. For EMCI* vs. LMCI~, ML achieved AUC values of 0.685 and
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0.682, while DL dropped to 0.516 and 0.423. Similarly, for LMCI~ vs.
LMCI*, ML achieved 0.743 and 0.774, whereas DL remained close to
chance level (0.523 and 0.517). These results reflect the substantial
overlap between adjacent clinical stages.

A key observation is the instability of DL across secondary metrics.
In several comparisons, DL with oversampling produced extreme Spec
values (0% or 100%), often combined with Rec around 50% and low
F1. This behavior indicates unstable or degenerate decision boundaries,
likely driven by limited sample size and the sensitivity of DL models to
class-balancing strategies. In contrast, ML maintained more balanced
trade-offs across metrics, even in difficult tasks.

The effect of the sampling strategy also differed between
approaches. In ML, oversampling and undersampling produced rela-
tively small AUC variations, indicating stable behavior. In DL, over-
sampling frequently led to highly asymmetric predictions, while under-
sampling improved metric balance but did not consistently outperform
ML. This suggests that DL models are more sensitive to altered training
distributions introduced by resampling.

4.5. Performance comparison with the state-of-the-art

A direct comparison between the studies reported in Supplementary
Table A5 with the state-of-the-art results at Table 1 must be interpreted
with caution, since the methodological setting of the present work
differs from most prior contributions in three important aspects. First,
previous studies use heterogeneous input modalities, ranging from
single-modality structural imaging to multimodal combinations of MRI,
PET, genetic, fluid, plasma, clinical and cognitive variables. Second,
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validation protocols vary substantially, including single hold-out splits,
repeated hold-out strategies and k-fold CV, which can strongly affect
reported performance and limit the comparability of absolute values.
Third, and most importantly, our experimental design explicitly incor-
porates A stratification across AD-related stages. This stratification is
rarely considered in diagnostic classification studies, but it is biologi-
cally relevant because amyloid status captures an underlying dimension
of AD pathophysiology that is not reflected by clinical stage alone. As
a result, several of the tasks evaluated here have no direct counterpart
in the literature, and comparisons should therefore be understood as
contextual benchmarks rather than strict head-to-head evaluations.

To ensure a conservative and robust assessment, all comparisons in
this section are based on the 5-fold CV protocol. Although the model
achieved higher scores under a hold-out scheme, CV provides a more
stable and less partition-dependent estimate of generalization. This
choice is particularly important in AD classification, where cohort com-
position, disease-stage imbalance, and biomarker-defined heterogeneity
can markedly influence performance. Studies based on hold-out valida-
tion are therefore discussed only as contextual references, since such
protocols may be more sensitive to favorable data partitions and can
yield optimistically biased estimates. In this sense, the values reported
here should be viewed as conservative estimates of model performance,
particularly when contrasted with studies using less stringent validation
schemes.

The AD vs. CN classification is the only task consistently reported
across prior studies and therefore serves as the most natural reference
point. Under 5-fold CV, our model achieves 82.02% Acc and 0.906 AUC.
Although higher absolute accuracies have been reported, including
98.4% Acc [44], 97.8% [30], 97.37% Acc [34], and 97.01% Acc [31],
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these results were obtained under substantially different methodologi-
cal conditions. Several studies rely on multimodal data combining MRI,
PET, genetics and fluid biomarkers [39,44], whereas others include
clinical and cognitive scores [27,30,31], which are highly informative
for discriminating clinically established AD from cognitively normal in-
dividuals. In addition, some of these reports use validation schemes that
are less conservative than the CV protocol adopted here [30,31,34,44].
A more balanced comparison is therefore with single-modality imaging-
based studies. In this setting, our model is highly competitive, with an
AUC of 0.906 exceeding both Alickovic et al. (0.885, 10-fold CV) [41]
and Oliveira et al. (0.839, single hold-out) [29]. The comparison with
Oliveira et al. should be interpreted particularly cautiously, since their
result was obtained under a hold-out protocol, whereas the present
value reflects a stricter CV estimate.

The results are particularly strong for AD versus prodromal-stage
comparisons, where the model consistently achieves high discrimina-
tive performance. AD is separated from EMCI with 90.13% Acc and
0.958 AUC in the Af~ subgroup, and with 95.48% Acc and 0.985
AUC in the Ap* subgroup. For AD vs. LMCI, Acc ranges from 85.83%
to 90.88%, while AUC ranges from 0.934 to 0.972. These values are
at least comparable to, and in several cases exceed, established CV
benchmarks. For example, Tang et al. reported 90.15% Acc and 0.85
AUC for EMCI vs. AD, and 84.54% Acc and 0.89 AUC for LMCI vs.
AD [36]. Wang and Liu reported 84.90% Acc for LMCI vs. AD [38]. The
present model therefore compares favorably with directly relevant CV
studies, particularly in terms of AUC, which is especially informative
in settings where class distributions and decision thresholds may differ
across cohorts. The advantage also extends to CN vs. EMCI, where
the Ap~ comparison reaches 78.76% Acc and 0.840 AUC, substantially
exceeding the 0.59 AUC reported by Tang et al. [36] at a comparable
Acc level.

The EMCI vs. LMCI classification is widely recognized as one of
the most challenging problems in AD-related modeling, because both
groups occupy neighboring positions along the clinical continuum and
often show overlapping structural and cognitive profiles. In our study,
amyloid stratification further increases the granularity of this task,
producing four EMCI vs. LMCI comparisons rather than a single pooled
contrast. Across these comparisons, Acc ranges from 67.21% to 75.17%,
while AUC ranges from 0.685 to 0.761. These values are within the
range reported by established studies, such as Jitsuishi and Yamaguchi,
who obtained 70% Acc and 0.79 AUC using 10-fold CV [33], and
Jin et al., who reported 83.78% Acc and 0.89 AUC [35]. Importantly,
the present results were obtained in a more fine-grained amyloid-
stratified setting, which is intrinsically more demanding than a con-
ventional pooled EMCI vs. LMCI comparison. Thus, rather than indi-
cating weak performance, these results reflect the difficulty of sepa-
rating biologically and clinically adjacent subgroups when additional
pathophysiological structure is explicitly preserved.

Within-stage amyloid classification represents the most distinctive
component of the present evaluation and is also the least directly
comparable with conventional stage-based classification studies. Using
structural imaging alone, the model achieves AUC values from 0.621
to 0.669 within EMCI, from 0.743 to 0.773 within LMCI, and from
0.628 to 0.669 within MCI. Dedicated amyloid-classification studies
report higher values, typically from 0.94 to 0.97 AUC [43,45,49—
51]. However, these studies rely on biomarkers such as plasma p-
tau217, Ap42/Ap40, GFAP, and APOE, which are direct molecular or
genetic proxies of amyloid pathology. The methodological objective is
therefore fundamentally different. While those approaches detect amy-
loid status using variables closely linked to the underlying molecular
process, our model attempts to infer amyloid status indirectly from
structural imaging patterns. A fairer reference is provided by imaging-
based studies, which report AUC values between 0.76 and 0.86 [47,
48]. Against this background, the present findings are encouraging,
especially because they demonstrate that structural alterations con-
tain measurable, although indirect, information about amyloid-defined
disease heterogeneity.
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The AD vs. MCI~ and AD vs. MCI* tasks show comparatively lower
scores, but this outcome is expected given the biological structure
imposed by the study design. At first glance, these values appear lower
than pooled AD vs. MCI results reported by Oliveira et al. (98.5%, single
hold-out) [29] and Altaf et al. (85.3%) [30]. However, these studies
treat MCI as a single homogeneous category, whereas the present work
deliberately separates amyloid-defined MCI subgroups. This distinction
is critical. Amyloid-positive MCI is expected to be biologically closer
to AD than amyloid-negative MCI, making its separation from AD
intrinsically more difficult. The reduced separability of MCI* from
AD is therefore consistent with the AD continuum and should not be
interpreted as a methodological limitation. On the contrary, it supports
the biological validity of the stratified design, since the model reflects
the expected continuum between prodromal and clinically established
disease. By preserving amyloid-defined heterogeneity, the analysis re-
veals patterns that would be obscured in conventional non-stratified AD
vs. MCI classifications.

Finally, a substantial proportion of the evaluated tasks, particu-
larly those involving SMC and amyloid-stratified pairs, have no direct
counterpart in the state-of-the-art studies listed in Table 1. This lack
of direct comparators highlights one of the main contributions of
the present work. Rather than simply reproducing standard diagnostic
contrasts, the study evaluates clinically and biologically more refined
classification scenarios that better reflect the heterogeneity of the AD
continuum. A particularly notable result is the discrimination between
SMC and AD, where the model achieves 97.1% Acc and 0.996 AUC.
The SMC stage has been only marginally addressed in previous work,
such as Pan et al. [45], and only in the context of amyloid-positivity
prediction from biomarkers rather than direct diagnostic classification.
To our knowledge, this is the first report of direct SMC vs. AD clas-
sification performance in this setting using imaging-based features.
Taken together, these results support not only the competitive perfor-
mance of the model, but also the added value of evaluating AD-related
classification under an amyloid-stratified framework.

5. Conclusions

This study proposes an sMRI-based radiomics framework for the
discrimination of AD across six clinical stages (CN, SMC, EMCI, MCI,
LMCI, AD), including stratification of MCI subgroups according to
amyloid status (Af*/Ap~). By combining histogram- and texture-based
features with ML models, the proposed approach achieves robust and
consistent performance across a wide range of pairwise classification
tasks.

The results demonstrate reliable discrimination not only between
well-separated clinical groups, such as AD vs. CN, but also across more
subtle disease transitions, including early MCI stages and amyloid-
status stratification. High AUC values were observed in most inter-
stage comparisons, particularly in AD vs. EMCIt and AD vs. EMCI~,
indicating that sMRI-derived radiomic features capture structural alter-
ations associated with disease progression. However, more challenging
comparisons involving adjacent stages or within-stage amyloid stratifi-
cation, such as EMCI~ vs EMCI* and MCI~ vs MCI", remain difficult,
reflecting intrinsic overlap between these groups.

Feature analysis revealed complementary contributions of intensity-
and texture-based descriptors, with GLCM features consistently pro-
viding the most discriminative information, particularly at multi-scale
representations such as HL2 and LH2 sub-bands. Linear classifiers,
including LR and LRCV, frequently achieved the highest AUC values,
suggesting that the most informative feature spaces are largely linearly
separable. Anatomically, coronal plane features were more informative
for AD-related distinctions, whereas axial features were more relevant
for early-stage and SMC-related comparisons.

The inclusion of Ap stratification enabled a more biologically
grounded analysis of disease progression. The results indicate that
Ap status contributes to improved discriminability in later stages,
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where pathological differences are more pronounced, while remaining
challenging in early-stage and within-stage comparisons. This suggests
that the influence of amyloid burden on structural MRI patterns is
progressive and stage-dependent.

Despite these promising findings, several limitations should be con-
sidered. The study relies exclusively on the ADNI cohort and T1-
weighted sMRI, which may limit generalizability across populations
and imaging protocols. In addition, distinguishing amyloid-positive and
negative subjects within adjacent stages remains challenging, suggest-
ing that subtle pathological differences may not be fully captured
by sMRI alone. The relatively limited size of some subgroups and
the restricted exploration of DL approaches may also have influenced
performance and model stability. Overall, the results indicate that the
proposed approach is competitive with the single-modality state of the
art where direct comparison is possible. Its main contribution lies in
a unified, amyloid-stratified, fully CV evaluation framework spanning
all stages and pairwise comparisons, including many scenarios not
addressed in previous studies. Notably, all performance estimates were
obtained using CV, whereas hold-out strategies may lead to overly op-
timistic performance estimates at first step, reinforcing the robustness
and reliability of the reported results.

Future work should focus on multimodal biomarker integration,
including PET and CSF, validation in independent cohorts and evalua-
tion in clinically realistic settings, such as decision-support systems and
longitudinal disease monitoring.
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