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Abstract. Genome-Wide Association Studies (GWAS) generate high-
dimensional genetic data that challenge machine learning models and
increase susceptibility to overfitting. This study compares linear, nonlinear,
and deep learning-based feature extraction methods for Alzheimer’s disease
classification using ADNI data. Latent representations combined with de-
mographic risk factors were evaluated via a Random Forest classifier under
cross-validation and independent test subsets. Results show that the non-linear
Diffusion Maps technique achieved the highest dimensionality reduction
while maintaining predictive performance comparable to the baseline model,
preserving the essential predictive variance of the original SNP matrix.

1. Introduction
Alzheimer’s Disease (AD) is the leading cause of dementia, accounting for 60-
80% of all cases and posing a critical socioeconomic burden for modern societies
[Al-Shoukry et al. 2020]. As a progressive brain disorder that limits daily autonomy
[Smid et al. 2022], AD has become the sixth leading cause of death in the United States,
affecting approximately 6 million people in 2021 with projections reaching 14 million
by 2060 [Malik et al. 2024]. This growing global epidemic demands advanced computa-
tional approaches to improve early stratification and understand its complex pathophysi-
ology.

Due to AD’s strong hereditary contribution [Saykin et al. 2015] and polygenic na-
ture, where biological signals emerge from combined genetic interactions rather than iso-
lated genes [Fridman et al. 2004], genomic datasets typically feature millions of genetic
variants per participant. This severe imbalance relative to the sample size triggers the
curse of dimensionality, reducing machine learning performance and increasing overfit-
ting risks [Alatrany et al. 2022]. Consequently, dimensionality reduction is vital for com-
putational feasibility and mitigating overfitting, though it requires rigorous architectural
choices to avoid discarding low-effect variants essential to the complex biological signa-
ture of AD [Khanal et al. 2021].

To address these high-dimensional challenges and mitigate computational re-
dundancy, dimensionality reduction stands as an indispensable step for efficient ma-
chine learning deployment [Borah et al. 2024]. This process typically relies on two dis-
tinct paradigms: Feature Selection (FS) and Feature Extraction (FE) [Borah et al. 2024,
Berahmand et al. 2024]. While FS filters the dataset to retain only the most informative



original variables-preserving interpretability [Labory et al. 2024]-, FE maps the data onto
a reduced mathematical space, deriving new latent variables through linear or non-linear
combinations of the initial characteristics [Pölsterl et al. 2016]. Within the FE domain,
approaches are broadly categorized into classical statistical methods- divided into linear
and non-linear - and deep learning frameworks, which iteratively adjust latent boundaries
through sequential layered processing [Berahmand et al. 2024]. In genomic studies, these
latent representations function as condensed mathematical summaries capable of captur-
ing hidden biological variation within a significantly lower dimension [Borah et al. 2024].

Given the complexity and high dimensionality of AD genetic data, this study com-
pares linear, nonlinear, and deep learning-based FE methods for AD classification.The
goal is to investigate how different latent representations affect predictive performance,
assessing whether dimensionality reduction can preserve the discriminative information
contained in the original GWAS data relative to a baseline model trained on the full feature
space.

This work is organized as follows: Section 2 presents related works. Section 3
discusses the dataset, preprocessing procedures, and the experimental methodology used.
Section 4 summarizes and discusses the obtained results. Finally, Section 5 presents the
work’s conclusions, limitations, and potential directions for future research.

2. Related Work
Although dimensionality reduction is widely used in bioinformatics, the literature on AD
classification from GWAS data remains heavily focused on FS strategies. A relevant ex-
ample is the work of [Khanal et al. 2021], who presented a two-step FS pipeline applied
to genetic data, producing a curated list of important genetic markers for AD classifi-
cation. However, the authors relied exclusively on FS techniques, without investigating
whether FE approaches could recover additional discriminative signal from the same data.
Therefore, their study was adopted as the main experimental benchmark for evaluating the
improvements achieved through FE approaches.

A systematic review by [Dehbozorgi et al. 2025] compared statistical, radiomics,
and DL feature extraction techniques across multiple medical imaging modalities, show-
ing that the application of FE techniques in AD research is predominantly concentrated
on unstructured data, particularly medical imaging, while remaining largely unexplored
in structured genetic matrices such as GWAS data. Another significant limitation is the
fragmentation of experimental results. [Labory et al. 2024] evaluated linear and nonlin-
ear dimensionality reduction methods on metabolomics datasets and found that combining
FS and FE improved patient classification performance. However, DL-based architectures
were not considered in the same study.

Additionally, the review by [Malik et al. 2024], which surveyed DL architectures
applied to AD prediction across a wide range of imaging modalities, highlights the
widespread adoption of end-to-end DL architectures, in which the FE and classifier are
trained jointly. Although effective, such approaches make it difficult to independently
evaluate the quality of the learned representations and may increase the risk of overfit-
ting in high-dimensional genomic settings. Finally, manifold learning methods such as
Diffusion Maps remain underexplored in GWAS applications when compared to more
established approaches such as Kernel PCA, Sparse PCA, and Autoencoders.



To address these gaps, this work performs a comparison of linear, nonlinear, and
DL-based FE methods under the same experimental protocol and using the same genetic
input data, including approaches that remain relatively unexplored in GWAS studies, such
Diffusion Maps and Variational Autoencoders.

3. Data and Method

This study utilized the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database
to extract all required data files. As illustrated in the methodology diagram Figure 1,
the workflow of this study is structured into two main stages: (i) pre-processing, which
encompasses cohort selection, phenotype extraction, demographic covariate definition,
and genomic data quality control; and (ii) experimental execution and evaluation, utilizing
FE algorithms combined with a Random Forest classifier. Each stage is detailed in the
following subsections.

Figure 1. Methodological workflow of the study, detailing the data preprocessing
pipeline (QC, GWAS association, clumping, and population stratification
check) and the downstream experimental design using nested grid search
optimization.

3.1. Data and preprocessing

The study used the ADNIMERGE dataset, which integrates longitudinal clinical data from
ADNI. To fit the analysis into a cross-sectional framework, only the most recent record
of each participant was retained. A cascading filtering strategy was applied: first, the
last active phase for each participant was selected, and then the most recent visit within
that phase was retained. This approach captures the most advanced and up-to-date clin-
ical status of a progressive neurodegenerative disease [Scheltens et al. 2021]. To ensure
a robust binary classification task and reduce noise during model training, intermediate
or ambiguous diagnostic categories were excluded, retaining only AD and Cognitively



Normal (CN) participants. Due to this study’s cross-sectional design, transitional phe-
notypes were excluded, as their validation requires longitudinal tracking. Additionally,
clinical diagnoses often introduce label noise that can impair machine learning training
[Alatrany et al. 2022]. After defining the final cohort, the dataset was split into 80% train-
ing and 20% testing subsets. This partition generated participant identification lists for
each subset, the phenotype file required for GWAS analyses, and the corresponding fea-
ture matrices.

Additionally, a rigorous quality control (QC) procedure was applied to the ge-
netic data from GWAS containing Single Nucleotide Polymorphisms (SNPs) - which
represent single-base variations in the DNA sequence commonly utilized as genetic
markers - extracted from the three study phases: ADNI1, ADNI2/GO, and ADNI3.
This step was performed using PLINK - a specialized bioinformatics software for high-
throughput genomic data processing and GWAS analytics - following the protocol de-
scribed by [Marees et al. 2018], which documents the standard GWAS quality con-
trol procedures and corresponding commands. The procedure was applied indepen-
dently to each ADNI phase to avoid batch effects, since different genotyping platforms
were used across phases (Illumina 610-Quad, OmniExpress, and GSA2, respectively)
[Squillario et al. 2020, Nasr et al. 2025]. To ensure statistical consistency across datasets
generated by different genotyping arrays, genomic harmonization was conducted in two
stages: (1) coordinate conversion of ADNI1 data from NCBI36/hg18 to GRCh37/hg19
using ADNI2 as positional reference; and (2) strand and allele alignment, using ADNI1
as the reference dataset for standardizing major and minor allele assignments. Variants
with incompatibilities or missing information across phases were excluded. After merg-
ing the datasets, the analysis was restricted to autosomal chromosomes due to quality
issues in sex chromosomes, resulting in an intersection of 72,867 common SNPs. After
dataset integration, additional quality control procedures requiring the complete cohort
were applied, including minor allele frequency filtering and relatedness removal to pre-
vent confounding effects during association analyses [Marees et al. 2018], resulting in
62,129 variants.

The genomic dataset was then divided into training and testing subsets using the
participant lists previously extracted from ADNIMERGE, preventing data leakage dur-
ing the final quality control stages. Association analysis and extraction of ten princi-
pal components for population stratification correction were performed exclusively on
the training set. The resulting ancestry components were projected onto the test set us-
ing singular value decomposition with dot-product alignment to resolve sign ambiguities
[Bro et al. 2008]. Finally, to reduce statistical redundancy caused by linkage disequilib-
rium, the clumping procedure was applied to the training set [Marees et al. 2018], select-
ing the most significant SNP from each correlated block and reducing the feature space to
603 variants.

3.2. Experiments and Evaluation

After preprocessing, the final genomic matrix contained 603 genetic variants from 1,383
unique individuals. The training set consisted of 1,106 participants (561 AD cases and
545 CN controls), including 573 males and 533 females. This subset achieved a call
rate of 0.9984, indicating that more than 99.84% of allele dosage values were success-
fully retained without missing data, demonstrating the effectiveness of the quality control



pipeline. The test set comprised the remaining 277 participants (141 AD and 136 CN),
including 148 males and 129 females, with a similar call rate of 0.9980. Notably, this
class parity was achieved naturally as a direct result of the cohort definition and quality
control pipeline, without the need for any algorithmic balancing or resampling techniques.
In addition to genetic data, age, years of education, and the previously computed popu-
lation stratification components were incorporated as predictors. Age and education are
well-established demographic risk factors that improve classification boundaries in AD
modeling [Khanal et al. 2021], while the population components ensure that baseline ge-
ographical variations are controlled during the downstream representation learning.

For comparative analysis, a Random Forest (RF) model trained directly on the
raw genotype data without dimensionality reduction was established as the baseline. In
addition to being a widely adopted traditional machine learning algorithm in GWAS clas-
sification studies, RF offers a favorable balance between predictive performance, robust-
ness, interpretability, and computational cost when handling high-dimensional genetic
data. Although literature-such as the study by [Khanal et al. 2021]-highlights both XG-
Boost and RF as leading algorithms for similar tasks, preliminary experiments conducted
on our specific dataset demonstrated that RF achieved more stable predictive behavior
and superior performance metrics than boosting-based alternatives. Therefore, RF was
selected as the common downstream classifier to ensure a consistent and computation-
ally efficient comparison across all feature extraction workflows. The raw genotype data
were encoded using an additive inheritance model (0, 1, or 2 copies of the alternative
allele) and subsequently standardized using StandardScaler. To evaluate the impact of la-
tent representations against the baseline, a standardized experimental pipeline was estab-
lished for the alternative workflows using a stratified 5-fold cross-validation framework
combined with Grid Search for hyperparameter optimization. To guarantee a rigorous
evaluation, prevent data leakage, and mitigate overfitting [Alatrany et al. 2022], FS was
embedded directly within this cross-validation loop. Specifically, for each split, FS was
performed strictly on the active training folds using SelectKBest with the ANOVA scoring
function-a widely adopted and validated approach for genetic data screening in bioinfor-
matics [Pölsterl et al. 2016]. This step filtered the high-dimensional space down to the
top 57 genetic predictors. This strategy aligns with the findings of [Najar et al. 2021].
The choice of retaining 57 SNPs was guided by the findings of [Najar et al. 2021], who
demonstrated that polygenic profiles constructed from this specific number of variants
were associated with a clinical hazard ratio for dementia onset. Furthermore, given the
available cohort size, limiting the feature space to 57 SNPs helped maintain an appro-
priate sample-to-feature ratio, reducing dimensionality-related issues and minimizing the
risk of overfitting when integrating genetic, demographic, and population stratification
predictors. Following this feature reduction, the optimization and classification workflow
followed a nested, sequential design across all workflows. In the first stage, a Grid Search
was applied to each of the six FE techniques within the active training folds. This step
optimized each method’s intrinsic parameters to compress the 57 selected markers into
the most representative latent spaces. In the second stage, a subsequent Grid Search was
executed to train and tune the final RF classifier using these optimized latent features con-
catenated with the standardized demographic and population covariates. The complete
hyperparameter search spaces for both stages are detailed in Table 1. Finally, the opti-
mal configurations selected from this nested pipeline were frozen and evaluated on the



completely isolated testing subset along with the demographic predictors to validate the
model’s generalizability and ultimate predictive performance.

The evaluated FE techniques were selected to explore diverse mathematical as-
sumptions and structural data geometries within the GWAS dataset, with their formal
mathematical foundations and theoretical formulations detailed in the respective original
or foundational references cited below:

Linear Methods: Sparse PCA (SPCA) and Non-Negative Matrix Factoriza-
tion (NMF) were implemented to model linear genomic variance. SPCA was evalu-
ated for its potential to filter out background genomic noise by concentrating variance
onto fewer components, isolating targeted blocks of correlated SNPs [Zou et al. 2006,
Berahmand et al. 2024]. Conversely, NMF operates under non-negativity constraints to
decompose the genomic matrix into positive components that combine additively. This
structural design is hypothesized to mirror the multi-hit, cumulative genetic risk profile of
AD by isolating additive mutational signatures that reflect cumulative genetic burden in
an interpretable manner [Lee and Seung 1999, Berahmand et al. 2024].

Nonlinear Methods: Kernel PCA (KPCA) and Diffusion Maps were employed
to map non-linear topological configurations. KPCA was evaluated for its poten-
tial to capture epistasis-where the phenotypic effect of a SNP depends on alternative
modifiers-potentially uncovering complex genetic interactions that linear models overlook
[Labory et al. 2024, Schölkopf et al. 1998, Borah et al. 2024].Diffusion Maps construct a
graph-based probabilistic framework to measure geometric connectivity between genetic
profiles, exploring whether clustering individuals based on localized graph alignment can
reveal structural patterns associated with the target cohorts [Coifman and Lafon 2006].

Deep Learning Methods: Deterministic Autoencoders (AE) and Variational Au-
toencoders (VAE) were designed as neural network architectures, restricted to a single
hidden layer to mitigate overfitting under sample constraints. The AE compresses fea-
tures by minimizing reconstruction error, acting as a structural filter against statistical
noise and variant redundancies [Berahmand et al. 2024]. The VAE replaces this rigid
bottleneck with a probabilistic framework, encoding genomic data into a distribution op-
timized via Kullback-Leibler divergence. This technique evaluates whether constructing a
continuous, regularized latent space can successfully map the subtle biological variations
separating the cohorts [Kingma and Welling 2014].

The dimensionality reduction details, including input dimensions, latent space
sizes, and corresponding compression ratios for each workflow, are summarized in Ta-
ble 3. Predictive performance across all workflows was evaluated using Area Under the
ROC Curve (AUC-ROC) as the primary discriminative metric, given its reliability in AD
classification [Alatrany et al. 2022]. Additionally, Accuracy, Precision, Recall, and F1-
Score were computed to provide a comprehensive analysis of classifier behavior. To
assess stability and generalizability, 95% confidence intervals were calculated over the
cross-validation folds, with the calculation based on Student’s t-distribution utilizing the
standard error of the mean and the appropriate degrees of freedom for the sample size
(n− 1), followed by final evaluation on the completely isolated testing subset.



4. Results and Discussion
The statistical validity of the initial association screening was evaluated via Manhat-
tan and Quantile-Quantile (Q-Q) plots (Figures 2 and 3). The distributed landscape in
the Manhattan plot confirms the polygenic nature of AD, characterized by multiple sub-
threshold genetic variations rather than isolated major peaks. Concurrently, the tight ad-
herence of data points to the diagonal identity line in the Q-Q plot demonstrates that pop-
ulation stratification and genomic inflation were successfully controlled, while the sharp
upward deviation at the upper-right tail confirms a true biological association signal.

Figure 2. Manhattan plot showing the genetic association results across chromo-
somes. Individual points represent variants, where higher points indicate
stronger association with Alzheimer’s disease.

Grid Search optimization Table 1 revealed distinct geometric behaviors. While
SPCA, KPCA, NMF, and the neural architectures required moderately sized latent spaces
(d = 25) and specific inductive biases (e.g., sparsity penalties, non-negative constraints,
or SELU activations) to stabilize boundaries, Diffusion Maps efficiently mapped the un-
derlying topological connectivity onto an compact manifold (d = 5, k = 10).

The complete predictive performance metrics obtained across both the cross-
validation folds and the independent testing subset are detailed in Table 2. As shown by
the results, with the exception of the VAE, the adopted experimental pipeline achieved
higher predictive performance than the benchmark reported by [Khanal et al. 2021],
which achieved a maximum AUC of 0.64 using ADNI GWAS data and demographic
covariates without FE.

Table 3 summarizes the dimensionality reduction details, including input dimen-
sions, latent space sizes, and corresponding compression ratios for each workflow. Al-
though the baseline model outperformed the other approaches in absolute AUC-ROC
terms, Diffusion Maps utilized only 8.7% of the original data (reducing from 57 to 5
latent features) and achieved a test AUC-ROC of 0.70 (cross-validation AUC-ROC of
0.71 ± 0.03). This small difference of only 0.01 compared to the baseline indicates that
the method preserved nearly all essential predictive variance after dimensionality reduc-
tion, demonstrating efficiency in separating patient classes while operating under a high
compression ratio of 11.4.



Figure 3. Quantile-Quantile (Q-Q) plot evaluating data quality. Points aligned with
the diagonal line confirm that background noise was controlled, while the
deviation at the upper tail shows true genetic signals.

Table 1. Hyperparameter search spaces and corresponding optimal configura-
tions determined via grid search across all evaluated models.

Algorithm Hyperparameter Evaluated Range Optimal
SPCA Sparsity penalty (α) [0.1, 0.5, 1.0] 0.5

Latent dimensions (d) [5, 10, 15, 20, 25] 25
NMF Initialization method [’nndsvd’, ’nndsvda’, ’random’] nndsvd

Latent dimensions (d) [5, 10, 15, 20, 25] 25
KPCA Kernel function [’cosine’, ’rbf’, ’poly’] cosine

Latent dimensions (d) [5, 10, 15, 20, 25] 25
Diffusion Maps Number of neighbors (k) [10, 20, 30] 10

Latent dimensions (d) [5, 10, 15, 20, 25] 5
Autoencoder (AE) Hidden layer size [32, 64] 64

Activation function [’SELU’, ’ReLU’] SELU
Learning rate (η) [0.0001, 0.0005, 0.001] 0.001
Latent dimensions (d) [5, 10, 15, 20, 25] 25

VAE Hidden layer size [32, 64] 32
Activation function [’SELU’, ’ReLU’] SELU
KL divergence weight (β) [0.01, 0.05] 0.01
Learning rate (η) [0.0001, 0.0005, 0.001] 0.0001
Latent dimensions (d) [5, 10, 15, 20, 25] 25

RF Number of trees (nestimators) [1200, 1500] 1200
Maximum depth (maxdepth) [6, 8] 6
Minimum samples per leaf [20, 25, 30] 30

This performance can be interpreted as a result of a structural alignment between
the graph-based framework and the localized splitting mechanics of the Random For-
est classifier. By modeling geometric connectivity via graph-probabilistic diffusion paths,



Table 2. Comparative performance of the evaluated feature extraction methods
and the Baseline RF. Validation results are presented as mean ± 95% con-
fidence interval from stratified 5-fold cross-validation, while Test results
correspond to the independent test set.

AUC Accuracy Precision Recall F1-Score
Method CI Test CI Test CI Test CI Test CI Test

SPCA
0.71

± 0.03 0.68
0.67

± 0.02 0.64
0.66

± 0.03 0.63
0.70

± 0.04 0.69
0.68

± 0.02 0.66

NMF
0.69

± 0.03 0.68
0.64

± 0.02 0.64
0.64

± 0.03 0.64
0.67

± 0.04 0.67
0.65

± 0.01 0.66

Kernel PCA
0.70

± 0.03 0.69
0.64

± 0.04 0.62
0.65

± 0.05 0.64
0.65

± 0.02 0.60
0.65

± 0.03 0.62

Diffusion Maps
0.71

± 0.03 0.70
0.65

± 0.02 0.65
0.66

± 0.02 0.69
0.64

± 0.12 0.55
0.65

± 0.06 0.61

Autoencoder
0.68

± 0.01 0.67
0.62

± 0.02 0.62
0.62

± 0.01 0.63
0.67

± 0.02 0.64
0.65

± 0.02 0.65

VAE
0.65

± 0.03 0.62
0.62

± 0.04 0.57
0.62

± 0.03 0.58
0.67

± 0.05 0.57
0.64

± 0.04 0.58

Baseline RF
0.73

± 0.03 0.71
0.66

± 0.05 0.65
0.65

± 0.04 0.67
0.71

± 0.07 0.64
0.68

± 0.05 0.65

Table 3. Dimensionality reduction metrics and architectural compression ratios
achieved across the feature extraction frameworks, showcasing the map-
ping from original selected SNPs to latent features.

Method Input Features Latent Features Compression Ratio
Baseline RF 57 57 1.0
SPCA 57 25 2.28
NMF 57 25 2.28
Diffusion Maps 57 5 11.4
KPCA 57 25 2.28
Autoencoder 57 20 2.85
VAE 57 10 5.7

Diffusion Maps cluster individuals based on non-linear structural similarities. When these
5 unsupervised topological coordinates are fed into the decision trees, the classifier con-
structs effective decision boundaries while achieving an 11.4× reduction in input dimen-
sionality without significant performance degradation. These results suggest that, for this
genomic dataset, AD-related patterns may be more effectively captured through localized
graph connectivity than through global variance maximization.

However, despite the high compression efficiency and robust precision achieved
by this non-linear manifold mapping, the lower recall metric (0.55) observed for Diffusion
Maps compared to the baseline Random Forest (0.64) presents a clear technical limita-
tion. Because the topological graph embedding operates in an unsupervised manner, the
geometric compression prioritizes preserving the structural connectivity of the genomic
variants without direct knowledge of the clinical outcomes. Consequently, heterogeneous
or early-stage AD profiles may remain geometrically close to cognitively normal individ-
uals within the latent space, hindering the classifier’s ability to minimize false negatives.

This localized geometry premise is supported by the lower performance of Ker-



nel PCA (Test AUC = 0.69). Despite using a cosine kernel to model complex non-linear
boundaries, KPCA’s constraint to maximize global variance was outmatched by the lo-
calized connectivity of Diffusion Maps, suggesting that relevant discriminative informa-
tion may be concentrated in localized regions of the genomic manifold rather than being
distributed across the entire feature space. Within the linear domain, SPCA and NMF
achieved macro-level parity (Test AUC-ROC = 0.68, Accuracy = 0.64) at d = 25, but
diverged granularly in their classification dynamics. SPCA exhibited higher sensitivity
(Test Recall = 0.69 vs. 0.67 for NMF), making it more effective at identifying true pos-
itive AD cases. Conversely, NMF demonstrated superior positive predictive value (Test
Precision = 0.64 vs. 0.63 for SPCA), indicating a lower rate of false positive assignments.

Finally, the deep learning frameworks underperformed, with the VAE yielding the
lowest discriminative metrics (Test AUC-ROC = 0.62). Although both networks used re-
stricted hidden layers to prevent overfitting, the discrete and sparse nature of alternative
allele frequencies challenges deep architectures. Crucially, the continuous probabilistic
space enforced by the VAE via Kullback-Leibler divergence smoothed out the boundaries
required to segregate the cohorts. By mapping discrete multi-locus variants into a contin-
uous Gaussian latent distribution, the VAE reduced the biological contrasts between CN
and AD groups, demonstrating that generative smoothing can obscure sparse pathogenic
boundaries in high-dimensional GWAS datasets.

5. Conclusion

This study compared linear, non-linear, and Deep Learning feature extraction methods for
Alzheimer’s disease genomic classification. Diffusion Maps achieved near-parity with the
baseline model using only 5 latent components instead of the 57 original SNPs, suggesting
that AD genetic patterns are effectively captured by local graph connectivity rather than
global variance. Concurrently, linear frameworks (SPCA/NMF) showed solid macro par-
ity by balancing sensitivity and precision, whereas generative deep architectures (VAE)
underperformed due to the sparse, discrete nature of allele frequencies. Although lower
recall presents a technical limitation—and a clinical risk of delaying early treatment due
to false negatives—the precision, AUC-ROC, and compression capacity offer a solid ba-
sis for future work. Future studies can explore alternative classifiers beyond Random
Forest, use supervised mappings, adjust decision thresholds, or expose the variants under-
lying latent representations to improve biological interpretation—a capability our frame-
work already supports. Despite computational constraints, this study establishes a clear
benchmark for geometric feature extraction and polygenic mapping in neurodegenerative
genomics.
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