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Abstract: Cognitive impairment and dementia represent a heterogeneous group of disorders
with variable patterns of brain atrophy. Automated brain volumetry combined with machine
learning offers the potential to identify biologically meaningful subgroups beyond traditional
clinical classifications. This study aimed to characterize cerebral volumetric profiles and
identify distinct volumetric endophenotypes in individuals with cognitive impairment using
unsupervised machine learning. This retrospective cross-sectional study included 78
participants with cognitive impairment who underwent T1-weighted three-dimensional
magnetic resonance imaging (MRI). Automated brain volumetry was performed using mdbrain
software (version 2.2), which provides normalized percentile values for 42 brain regions
adjusted for age, sex, and total intracranial volume. Unsupervised k-means clustering was
applied to volumetric percentiles to identify distinct endophenotypes. Cluster validation was
performed using elbow method, silhouette analysis, Calinski-Harabasz index, and Davies-
Bouldin index. Discriminative features were identified using ANOVA with effect size
calculations (1?). A multinomial logistic regression model was developed to predict cluster
membership. The cohort comprised 48 (61.5%) females and 30 (38.5%) males. Substantial inter-
individual variability was observed across all brain regions, with hippocampal percentiles
ranging from 0.1 to 99.8 (median: 25.6). Clustering analysis revealed three distinct volumetric
endophenotypes: Cluster 1 (Preserved, n=27, 34.6%) characterized by percentiles above the 40th
percentile; Cluster 2 (Moderate Atrophy, n=31, 39.7%) with percentiles in the 10th-30th range;
and Cluster 3 (Severe Atrophy, n=20, 25.6%) with hippocampal percentiles below the 5th
percentile and ventricular percentiles above the 85th percentile. Hippocampal volumes
demonstrated the strongest discriminative ability (left hippocampus: F=68.4, 1?>=0.64; right
hippocampus: F=65.2, n?=0.63), followed by temporal (1>=0.60-0.61) and ventricular volumes
(n?=0.57-0.58). Interhemispheric asymmetry was minimal (median absolute difference: 3.4-7.2
percentile points). A parsimonious model using four volumetric features (left hippocampus,
left temporal, left ventricle, and right frontal percentiles) achieved excellent classification
accuracy (87.2%, cross-validated AUC=0.91). Automated brain volumetry combined with
unsupervised machine learning identified three distinct volumetric endophenotypes in
cognitive impairment, primarily discriminated by hippocampal, temporal, and ventricular
volumes. These findings suggest that cognitive impairment manifests through heterogeneous
patterns of structural brain involvement, with potential implications for prognosis and
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personalized care. The high accuracy of a parsimonious four-feature model supports the clinical
utility of focused volumetric assessment for risk stratification. Future longitudinal studies with
multimodal biomarker integration are warranted to validate these findings and establish their
prognostic value.

Keywords: brain volumetry; cognitive impairment; dementia; machine learning; clustering
analysis; hippocampal atrophy; endophenotypes; neuroimaging; artificial intelligence; preci-
sion medicine

1. Introduction

Major neurocognitive disorders, collectively referred to as dementia, represent
one of the most pressing public health challenges of the 21st century, with an estimated
55 million individuals affected worldwide a figure projected to triple by 2050 due to
demographic aging [1, 2]. While cognitive decline in domains such as memory, execu-
tive function, and language constitutes the core diagnostic features, the clinical and
socioeconomic burden of dementia is disproportionately driven by its associated neu-
ropsychiatric manifestations [3].

Beyond cognitive deterioration, up to 90% of individuals with dementia experi-
ence Behavioral and Psychological Symptoms of Dementia (BPSD), including agita-
tion, apathy, depression, psychosis, and sleep disturbances [4]. These symptoms are
strongly correlated with reduced quality of life, accelerated institutionalization, care-
giver burnout, and substantially increased healthcare expenditures [5, 6]. The neurobi-
ological underpinnings of both cognitive decline and BPSD are complex, involving re-
gion-specific patterns of neurodegeneration that vary across dementia subtypes and
disease stages [7, 8].

In this context, the identification of objective, quantifiable biomarkers that corre-
late with cognitive severity and predict disease progression has become a research pri-
ority. Automated brain volumetry, leveraging deep learning algorithms applied to T1-
weighted magnetic resonance imaging (MRI), has emerged as a powerful tool for quan-
tifying regional brain atrophy with high precision and reproducibility [9, 10]. Unlike
qualitative visual assessment, automated volumetry provides normalized percentile
values adjusted for age, sex, and total intracranial volume (ICV), enabling precise char-
acterization of atrophy patterns across distinct brain regions [11].

Previous studies have established that hippocampal atrophy is a robust biomarker
for Alzheimer's disease, while distinct patterns of frontal, temporal, or parietal atrophy
correspond to other dementia subtypes such as frontotemporal dementia or dementia
with Lewy bodies [12-15]. However, the multidimensional relationships between re-
gional brain volumes across the entire cerebrum and the graded severity of cognitive
impairment ranging from mild to moderate to severe remain incompletely character-
ized. Furthermore, whether distinct volumetric endophenotypes exist within cogni-
tively impaired populations, and whether such clusters can predict the risk of cognitive
worsening, represents a critical gap in the literature [12-15].

The advent of artificial intelligence (AI) and machine learning (ML) in neuroim-
aging has opened new avenues for data-driven phenotyping. Unsupervised learning
techniques, such as clustering algorithms, can identify natural groupings within pa-
tient populations based on multidimensional volumetric data, potentially revealing bi-
ologically meaningful subtypes that transcend traditional clinical classifications [15,
16]. Such an approach aligns with the Research Domain Criteria (RDoC) framework,
which seeks to link observable biological features to clinical phenomena [17].

1.1. Aim and Objectives

Aim: This study aims to characterize cerebral volumetric profiles in patients with
cognitive impairment using automated brain volumetry and to identify distinct volu-
metric endophenotypes through unsupervised machine learning, with the ultimate
goal of informing prognostic risk stratification pending longitudinal validation.

Specific Objectives:
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1. To quantify regional brain volumes (total brain, gray matter, white matter, cortical
gray matter, frontal, parietal, temporal, occipital lobes, hippocampus, thalamus,
brainstem, and lateral ventricles) using automated volumetry in a cohort stratified
by cognitive severity (mild: 40%, moderate: 40%, severe: 20%).

2. To identify distinct volumetric endophenotypes (clusters) through unsupervised
machine learning (k-means clustering) based on multidimensional percentile data,
controlling for age, sex, and total intracranial volume.

3. To evaluate the association between baseline volumetric percentiles and severity
of cognitive impairment using multivariate regression models.

4. To develop a predictive risk model for cognitive worsening based on volumetric
cluster membership and regional atrophy patterns.

1.2. Novelty Elements

This study introduces several novel contributions to the existing literature:

First, while previous research has predominantly focused on single-structure vo-
lumetry (e.g., hippocampus) for diagnostic classification, we employ a comprehensive,
whole-brain approach encompassing 42 distinct brain regions, including cortical and
subcortical structures, brainstem compartments, and ventricular systems. This multi-
dimensional perspective allows for the identification of complex atrophy patterns ra-
ther than isolated structural changes.

Second, we utilize unsupervised machine learning (k-means clustering) to derive
data-driven volumetric endophenotypes, moving beyond a priori clinical classifica-
tions. This approach enables the discovery of biologically meaningful patient sub-
groups that may not align with traditional cognitive severity categories, potentially
revealing distinct neurodegenerative trajectories [15].

Third, this study integrates volumetric percentiles normalized for age, sex, and
total intracranial volume, leveraging a large reference cohort (n = 6,371) to ensure ac-
curate, individualized assessments. This normalization is critical for distinguishing
pathological atrophy from normal age-related changes.

Fourth, we develop a predictive risk model linking baseline volumetric cluster
membership to the risk of cognitive worsening, addressing a critical gap in prognostic
neuroimaging. Such predictive analytics represent a paradigm shift from reactive di-
agnosis to proactive risk stratification [18].

1.3. Practical Clinical Applications

The findings of this study hold several potential clinical applications:

Enhanced Diagnostic Accuracy: By providing objective, quantitative percentiles
for regional brain volumes, clinicians can augment visual radiological assessment with
precise numerical data, reducing inter-rater variability and improving diagnostic con-
fidence in early-stage cognitive impairment.

Personalized Risk Stratification: Identification of distinct volumetric endophe-
notypes enables clinicians to stratify patients based on their specific atrophy profiles,
facilitating more accurate prognostic counseling regarding the likelihood and timeline
of cognitive decline progression.

Targeted Monitoring: Patients identified as high-risk based on their volumetric
cluster can be prioritized for more frequent clinical follow-up, cognitive assessments,
and early intervention strategies, potentially delaying institutionalization.

Informed Therapeutic Decision-Making: Volumetric profiles may guide treat-
ment selection by identifying patients who might benefit most from specific pharma-
cological or non-pharmacological interventions. For example, patients with predomi-
nant hippocampal atrophy may be optimal candidates for cholinesterase inhibitors,
while those with frontal-predominant patterns might benefit from behavioral interven-
tions targeting apathy and executive dysfunction.

Objective Outcome Measurement: In clinical trials, volumetric percentiles can
serve as quantitative, objective endpoints for assessing treatment efficacy in slowing
neurodegeneration, complementing traditional cognitive scales which are subject to
practice effects and rater variability.
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Resource Allocation: Healthcare systems can utilize volumetric risk stratification
to allocate limited resources such as specialist consultations, home care services, or in-
stitutional placement to patients with the highest predicted risk of rapid decline.

2. Materials and Methods

2.1. Study Design and Population

This was a retrospective, cross-sectional cohort study designed to characterize cer-
ebral volumetric profiles in patients with cognitive impairment using automated brain
volumetry and unsupervised machine learning. The study protocol was conducted in
accordance with the ethical standards of the institutional research committee and with
the 1964 Helsinki declaration and its later amendments. Informed consent was ob-
tained from all participants or their legal guardians prior to enrollment.

A total of 78 participants were included in the final analysis. The cohort consisted
of individuals with cognitive impairment who underwent brain MRI as part of their
diagnostic evaluation. Demographic characteristics, including age and sex, were rec-
orded for all participants.

Inclusion criteria were: (1) age > 50 years; (2) clinical diagnosis of mild cognitive
impairment or major neurocognitive disorder (dementia) according to DSM-5 criteria;
(3) availability of a high-quality T1-weighted 3D MRI sequence suitable for automated
volumetry; (4) complete volumetric data for all 42 brain regions.

Exclusion criteria were: (1) presence of large territorial stroke, intracranial mass,
or other structural lesions interfering with volumetric analysis; (2) history of traumatic
brain injury with loss of consciousness > 30 minutes; (3) active substance use disorder;
(4) contraindications to MRI; (5) severe motion artifacts on MRI scans precluding accu-
rate segmentation; (6) missing volumetric data for > 5% of brain regions.

2.2. MRI Acquisition Protocol

All participants underwent brain MRI on a 1.5 or 3.0 Tesla scanner using a stand-
ardized protocol. Scanner field strength (1.5T vs. 3.0T) was recorded for each partici-
pant and included as a covariate in sensitivity analyses to assess its potential influence
on volumetric measurements; no significant effect of field strength on cluster assign-
ment was identified. The core sequence for volumetric analysis was a three-dimen-
sional T1-weighted magnetization-prepared rapid gradient-echo (MPRAGE) sequence
with the following parameters: repetition time (IR) = 2300 ms, echo time (TE) = 2.98
ms, inversion time (TI) = 900 ms, flip angle = 9°, field of view (FOV) = 256 x 256 mm,
matrix size = 256 x 256, slice thickness = 1.0 mm with no gap, yielding isotropic voxel
dimensions of 1.0 x 1.0 x 1.0 mm?3. All scans were reviewed by a board-certified neuro-
radiologist to ensure adequate image quality and absence of significant artifacts.

2.3. Automated Brain Volumetry: Software and Technical Specifications

Image processing was performed using the "mdbrain" software (version 2.2) from
Mediaire GmbH, Berlin, Germany. This software is approved as a medical device in
accordance with the European Medical Devices Directive (CE marking) and is compli-
ant with the European Commission requirements for medical software. The system
performs automated brain volumetry for different brain segments and lobes using na-
tive T1-weighted 3D MRI sequences as input.

The segmentation algorithm employs a custom deep learning model based on the
U-Net architecture a convolutional neural network (CNN) specifically designed for bi-
omedical image segmentation. The U-Net architecture consists of a contracting path to
capture context and a symmetric expanding path that enables precise localization, al-
lowing the model to segment anatomical structures with high spatial accuracy. The
model was trained on a large, diverse dataset of manually annotated MRI scans to en-
sure robust performance across different scanner types, acquisition parameters, and
patient populations.

The mdbrain software generates volumetric measurements for 42 distinct brain
regions. For each region, the software outputs both absolute volume (in milliliters) and
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normalized percentile values. Percentiles are derived by comparing the individual's
volumes to a reference cohort of healthy individuals (n = 6,371; age range 10-97 years)
stratified by age, sex, and total intracranial volume (ICV). This normalization approach
accounts for physiological variations in brain size due to demographic factors, ena-
bling the identification of pathological atrophy independent of normal age-related
changes.

For each participant, both absolute volumes (mL) and percentiles were exported
from the mdbrain platform for subsequent statistical analysis.

2.4. Volumetric Measures

The primary volumetric measures extracted for this study included:

Global measures:

e Total brain volume (TBV)

e Total gray matter volume (GM)

e Total white matter volume (WM)

e Cortical gray matter volume (cGM)
Lobar measures (bilateral):

e Frontal lobe (left and right)

e DParietal lobe (left and right)

e Occipital lobe (left and right)

e Temporal lobe (left and right)
Subcortical structures (bilateral):

e Hippocampus (left and right)

e Thalamus (left and right)
Brainstem structures:

e Midbrain

e DPons
Ventricular measures:

e Lateral ventricle (left and right)

For each region, both absolute volumes (mL) and percentiles were analyzed. Per-
centile values were used as the primary input for clustering analyses, as they provide
age- and sex-adjusted normalization.

2.5. Statistical Analysis

Statistical analyses were performed using R software (version 4.3.2, R Foundation
for Statistical Computing, Vienna, Austria) and Python (version 3.11, Python Software
Foundation, Wilmington, DE, USA). All statistical tests were two-tailed, and a signifi-
cance threshold of a = 0.05 was adopted. Correction for multiple comparisons was ap-
plied where appropriate using the Benjamini-Hochberg false discovery rate (FDR)
method.

2.5.1. Descriptive Statistics

Continuous variables were expressed as mean + standard deviation (SD) for nor-
mally distributed data or median with interquartile range (IQR) for non-normally dis-
tributed data. Normality was assessed using the Shapiro-Wilk test and visual inspec-
tion of Q-Q plots. Categorical variables were expressed as frequencies and percentages.
Descriptive statistics were calculated for all global volumetric measures (absolute vol-
umes) and regional volumetric percentiles.

2.5.2. Correlation Analysis

To examine the relationships between volumetric percentiles across different
brain regions, Spearman's rank correlation analysis was performed. Correlation coeffi-
cients were interpreted as: negligible (1ol <0.1), weak (0.1 < | gl <0.3), moderate (0.3 <
lol <0.5), strong (0.5< lol <0.7), and very strong (10| 20.7). Correlation matrices were
generated for all 42 brain regions, with particular focus on:

e Interhemispheric correlations for homologous structures
e Hippocampal correlations with lobar regions

e Ventricular correlations with parenchymal structures

e Brainstem correlations with subcortical structures
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Confidence intervals for correlation coefficients were calculated using Fisher's z-
transformation with 1,000 bootstrap replicates.

2.5.3. Unsupervised Machine Learning: Clustering Analysis

To identify distinct volumetric endophenotypes within the cohort, we performed
unsupervised clustering using the k-means algorithm. The input feature matrix con-
sisted of volumetric percentiles for all 42 brain regions.

Preprocessing steps included:

1. Handling of missing values: Participants with > 5% missing volumetric data were ex-
cluded. No participants met this exclusion criterion. For the remaining dataset, there
were no missing values, as the mdbrain software provides complete volumetric data
for all regions.

2. Standardization: All percentile features were standardized to have zero mean and unit
variance (z-score normalization) to ensure equal weighting of all regions regardless of
their absolute value ranges. This transformation was performed using the Standard-
Scaler function in scikit-learn.

3. Outlier detection: Multivariate outliers were identified using Mahalanobis distance
with a threshold of p <0.001. No participants were excluded based on this criterion.

Determination of optimal cluster number:
The optimal number of clusters (k) was determined using a combination of four
validation methods:

¢ Elbow method: The within-cluster sum of squares (WCSS) was plotted as a function
of k (k =1-10). The elbow point, defined as the value of k where the rate of decrease in
WCSS substantially slows, was identified as the optimal number of clusters.

e Silhouette analysis: The average silhouette width was computed for each k (k = 2-10).
The silhouette width measures how similar a point is to its own cluster compared to
other clusters, with values ranging from -1 to 1. Higher values indicate better-defined
clusters. The optimal k was selected as the value maximizing the average silhouette
width.

e (Calinski-Harabasz index: Also known as the variance ratio criterion, this index calcu-
lates the ratio of between-cluster dispersion to within-cluster dispersion. Higher values
indicate better cluster separation. The index was computed for k = 2-10, and the opti-
mal k was selected as the value maximizing the index.

e Davies-Bouldin index: This index measures the average similarity between clusters,
where lower values indicate better separation. The index was computed for k = 2-10,
and the optimal k was selected as the value minimizing the index.

Clustering algorithm implementation:
K-means clustering was performed using the KMeans class in scikit-learn with the
following parameters:

e Number of clusters: k = 3 (as determined by validation metrics)

e Initialization: k-means++ to improve convergence

e Number of initializations: n_init =10

¢  Maximum iterations: max_iter = 300

¢ Random state: random_state = 42 for reproducibility

Clustering stability assessment:

Cluster stability was assessed using bootstrap resampling with 1,000 iterations.
For each bootstrap sample (sampling with replacement, n =78), the k-means algorithm
was reapplied, and cluster assignments were compared to the original solution using
the adjusted Rand index (ARI). A mean ARI > 0.8 was considered indicative of stable
cluster solutions.

Cluster characterization:
Following cluster identification, each cluster was characterized by its centroid
(mean vector of standardized percentiles) and by the median and interquartile range
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of original percentiles for each brain region. Clusters were labeled based on their vol-
umetric profiles (Preserved, Moderate Atrophy, Severe Atrophy).

2.5.4. Discriminative Feature Analysis

To identify the brain regions that most strongly discriminated between clusters,
we performed one-way analysis of variance (ANOVA) comparing mean percentiles
across the three clusters for each brain region. For regions where the assumption of
normality was violated, the Kruskal-Wallis test was used as a non-parametric alterna-
tive.

Effect sizes were calculated using eta-squared (n?) for ANOVA, interpreted as:
small (n? > 0.01), medium (1?2 = 0.06), and large (n)? = 0.14) effects. For each region, the
F-statistic or H-statistic, p-value, and effect size were reported.

Post-hoc pairwise comparisons between clusters were conducted using Tukey's
honest significant difference (HSD) test for ANOVA and Dunn's test with Bonferroni
correction for Kruskal-Wallis. Regions were ranked by their discriminative ability
based on F-statistic and 1.

2.5.5. Interhemispheric Asymmetry Analysis

To assess whether atrophy patterns were symmetric or asymmetric across hemi-
spheres, we calculated the absolute difference between left and right percentiles for
each paired structure (hippocampus, frontal lobe, parietal lobe, temporal lobe, occipital
lobe, thalamus, and lateral ventricle). For each structure, we reported:

e Median absolute difference
e Interquartile range (IQR)
¢ Range (minimum-maximum)

Participants with absolute differences exceeding the 90th percentile were exam-
ined individually to identify potential cases of atypical asymmetry.

2.5.6. Predictive Modeling for Cluster Membership

To identify the minimal set of volumetric features that could accurately predict
cluster membership, we performed multinomial logistic regression with elastic net reg-
ularization using the glmnet package in R. The outcome variable was cluster member-
ship (three categories: Cluster 1, Cluster 2, Cluster 3).

Feature selection:

The initial feature set included all 42 volumetric percentiles. Elastic net regulari-
zation, which combines L1 (lasso) and L2 (ridge) penalties, was used for feature selec-
tion. The regularization parameter A was selected using 10-fold cross-validation with
the one-standard-error rule to minimize overfitting. The mixing parameter a was set
to 0.5 to balance between lasso and ridge penalties.

Model specification:

The final model included the following predictors selected through regulariza-
tion:

Left hippocampus percentile
Left temporal lobe percentile
Left lateral ventricle percentile
Right frontal lobe percentile

Model performance evaluation:

Model performance was evaluated using:

e Opverall accuracy: Proportion of correctly classified participants

e Sensitivity per cluster: Proportion of participants correctly classified within

each cluster

e Cross-validated area under the receiver operating characteristic curve (AUC-
ROCQ): Calculated using one-vs-rest approach with 10-fold cross-validation re-
peated 100 times. AUC values were interpreted as: 0.5-0.7 (poor), 0.7-0.8 (ac-
ceptable), 0.8-0.9 (excellent), > 0.9 (outstanding).

Odds ratios:
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For each predictor, odds ratios (OR) with 95% confidence intervals were calcu-
lated comparing Cluster 2 versus Cluster 1 and Cluster 3 versus Cluster 1. Wald tests
were used to assess statistical significance.

2.6. Ethical Considerations

The study protocol was approved by the institutional ethics committee at the Uni-
versity of Medicine and Pharmacy “Grigore T. Popa”, and all participants provided
written informed consent before enrollment.

All procedures were conducted in accordance with the ethical standards of the
responsible committee on human experimentation and with the Helsinki Declaration
of 2013. Written informed consent was obtained from all participants or their legally
authorized representatives. All data were anonymized prior to analysis to ensure par-
ticipant confidentiality.

3. Results

3.1. Demographic Characteristics of the Study Cohort

A total of 78 participants were included in the final analysis. The cohort consisted
of individuals with cognitive impairment, with volumetric data available for all 42
brain regions per participant. Demographic characteristics are presented in Table 1.
Sex distribution showed a predominance of female participants (n = 48, 61.5%) com-
pared to male participants (n =30, 38.5%). Mean age was 73.4 + 8.7 years (range: 52-91
years). MRI acquisitions were performed on 1.5T (n =34, 43.6%) and 3.0T (n=44, 56.4%)
scanners; sensitivity analyses confirmed no significant effect of field strength on cluster
assignment. Full demographic characteristics are presented in Table 1.

Table 1. Demographic and Clinical Characteristics of the Study Cohort

Characteristic Total Co-
hort (N =78)
Female 48 (61.5%)
Male 30 (38.5%)
Age, years (mean + SD) 734 + 87

(range 52-91)

3.2. Global Volumetric Measures

Global volumetric measures, including total brain volume (TBV), total gray matter
(GM), total white matter (WM), and cortical gray matter (cGM), are presented in Table
2. Substantial inter-individual variability was observed across all global measures, re-
flecting the heterogeneous nature of neurodegenerative processes in this cohort.

Table 2. Global Volumetric Measures

Volumetric Measure (mL) Mean £+ SD Median (IQR) Range (Min—-Max)
Total Brain Volume (TBV) 1132.4+137.8 1139.5(1048.3-1242.8) 741.3-1388.0
Total Gray Matter (GM) 483.6 +68.4 482.3 (445.0-523.5) 283.2-625.9

Total White Matter (WM) 648.8 £74.2 649.0 (597.2-690.9) 458.1-847.9
Cortical Gray Matter (cGM) 446.2 £ 58.1 445.8 (407.5-482.4) 322.2-559.3

SD, standard deviation; IQR, interquartile range.

3.3. Regional Volumetric Percentiles

To account for age, sex, and total intracranial volume, normalized percentile val-
ues for each brain region were analyzed. Table 3 presents the descriptive statistics for
all volumetric percentiles across the entire cohort.
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3.3.1. Hippocampal Volume Percentiles

Hippocampal percentiles showed wide variability across the cohort, reflecting the
spectrum of neurodegenerative involvement. Left hippocampal percentiles ranged
from 0.1 to 99.8, with a median of 25.6 (IQR: 3.6-58.7). Right hippocampal percentiles
ranged from 0 to 99.9, with a median of 26.2 (IQR: 3.7-61.8). The substantial proportion
of participants with very low hippocampal percentiles (< 10th percentile) indicates sig-
nificant hippocampal atrophy in a subset of the cohort.

3.3.2. Lobar Volume Percentiles

Frontal lobe percentiles demonstrated significant variability, with left frontal per-
centiles ranging from 0.1 to 100 (median: 19.8, IQR: 3.5-66.2) and right frontal percen-
tiles ranging from 0 to 100 (median: 23.6, IQR: 4.6-71.6). The wide range suggests het-
erogeneous frontal involvement across participants.

Temporal lobe percentiles showed similar patterns, with left temporal percentiles
ranging from 0.1 to 99.9 (median: 28.9, IQR: 6.8-67.3) and right temporal percentiles
ranging from 0 to 100 (median: 34.2, IQR: 8.9-72.1).

Parietal lobe percentiles ranged from 0 to 97.3 (left) and 0 to 99.8 (right), with me-
dians of 12.6 and 13.9, respectively. Occipital lobe percentiles showed the highest me-
dian values among lobar regions (left: 38.6, right: 41.8), consistent with relative preser-
vation of visual cortex.

3.3.3. Subcortical and Brainstem Structures

Thalamic percentiles ranged from 0 to 100 for both hemispheres, with medians of
17.9 (left) and 16.8 (right). Brainstem structures showed relatively higher percentiles
compared to cortical regions, with midbrain median percentile of 28.6 (IQR: 19.3-46.9)
and pons median percentile of 34.2 (IQR: 20.4-60.1).

3.3.4. Ventricular Volumes

Lateral ventricular percentiles were markedly elevated in a subset of participants,
with left ventricle percentiles ranging from 0 to 100 (median: 59.8, IQR: 16.4-90.2) and
right ventricle percentiles ranging from 0 to 100 (median: 64.5, IQR: 18.7-92.5). The
high median values reflect compensatory ventricular enlargement secondary to paren-
chymal atrophy.

Table 3. Descriptive Statistics for Regional Volumetric Percentiles (N = 78)

Region Mean + SD Median (IQR) Range (Min-Max)
Hippocampus

Left Hippocampus 321+£294  25.6 (3.6-58.7)  0.1-99.8
Right Hippocampus 335+30.2 262(3.7-61.8) 0-99.9
Frontal Lobe

Left Frontal 324+308 19.8(3.5-66.2) 0.1-100
Right Frontal 35.8+314  23.6 (4.6-71.6) 0-100
Parietal Lobe

Left Parietal 235+258 12.6(2.8-38.7) 0-97.3
Right Parietal 249+267 139(3.1-415) 0-99.8
Occipital Lobe

Left Occipital 442+304  38.6 (14.2-74.3) 0-99.9
Right Occipital 451+30.8 41.8(15.4-75.6) 0-100
Temporal Lobe

Left Temporal 364+301 289 (6.8-67.3) 0.1-99.9
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Right Temporal 385+30.6 342(8.9-721) 0-100
Subcortical

Left Thalamus 279+264 179 (5.2-464) 0-100
Right Thalamus 27.6+26.6  16.8 (4.8-46.7)  0-100
Brainstem

Midbrain 348+253  28.6(19.3-469) 0-97.7
Pons 39.7+278  34.2(20.4-60.1) 0-99.9
Ventricular

Left Lateral Ventricle 56.4+31.2 59.8(16.4-90.2) 0-100
Right Lateral Ventricle 59.3+30.8 645 (18.7-92.5) 0-100

3.4. Correlation Analysis Between Brain Regions

To examine the relationships between volumetric percentiles across different
brain regions, we performed Spearman's rank correlation analysis. The correlation ma-
trix revealed strong interhemispheric correlations for homologous structures, as well
as distinct patterns of correlation between cortical and subcortical regions.

3.4.1. Hippocampal Correlations

Left and right hippocampal percentiles showed a very strong positive correlation
(0 = 0.89, p <0.001), indicating symmetric involvement in most participants. Hippo-
campal percentiles also demonstrated strong positive correlations with temporal lobe
percentiles (left hippocampus-left temporal: ¢ = 0.74, p < 0.001; right hippocampus-
right temporal: 0 =0.71, p <0.001) and moderate correlations with frontal lobe percen-
tiles (left hippocampus-left frontal: o = 0.52, p < 0.001).

3.4.2. Lobar Correlations

Strong correlations were observed between homologous lobar regions across
hemispheres: frontal lobes (o = 0.91, p < 0.001), parietal lobes (o = 0.88, p < 0.001), tem-
poral lobes (o = 0.87, p < 0.001), and occipital lobes (¢ = 0.84, p < 0.001). These strong
interhemispheric correlations suggest that atrophy patterns tend to be relatively sym-
metric in this cohort.

3.4.3. Ventricular Correlations

Lateral ventricular percentiles showed strong negative correlations with hippo-
campal percentiles (left ventricle-left hippocampus: ¢ =-0.58, p < 0.001; right ventricle-
right hippocampus: o = -0.55, p < 0.001), reflecting the expected inverse relationship
between parenchymal atrophy and ventricular enlargement. Ventricular percentiles
also demonstrated moderate negative correlations with temporal lobe percentiles (o =
-0.47 to -0.51) and frontal lobe percentiles (¢ = -0.38 to -0.43).

Table 4. Selected Correlation Coefficients Between Key Brain Regions

Region Pair Spearman's p  95% CI p-value

Interhemispheric Correlations

Left Hippocampus - Right Hippocampus  0.89 [0.83-0.93] <0.001
Left Frontal - Right Frontal 091 [0.86-0.94] <0.001
Left Parietal - Right Parietal 0.88 [0.82-0.92] <0.001
Left Temporal - Right Temporal 0.87 [0.80-0.91] <0.001
Left Occipital - Right Occipital 0.84 [0.76-0.89] <0.001

Hippocampus - Lobar Correlations
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Left Hippocampus - Left Temporal 0.74 [0.61-0.83] <0.001
Left Hippocampus - Left Frontal 0.52 [0.34-0.67] <0.001
Left Hippocampus - Left Parietal 0.44 [0.24-0.60] <0.001
Left Hippocampus - Left Occipital 0.28 [0.06-0.48] 0.014
Hippocampus - Subcortical Correlations

Left Hippocampus - Left Thalamus 0.48 [0.29-0.64] <0.001
Right Hippocampus - Right Thalamus 0.45 [0.25-0.61] <0.001
Ventricular - Parenchymal Correlations

Left Ventricle - Left Hippocampus -0.58 [-0.72 --0.41] <0.001
Left Ventricle - Left Temporal -0.51 [-0.66 --0.32] < 0.001
Right Ventricle - Right Hippocampus -0.55 [-0.70 --0.37] < 0.001
Brainstem - Subcortical Correlations

Midbrain - Left Thalamus 0.41 [0.21-0.58] <0.001
Pons - Left Thalamus 0.38 [0.17-0.56] <0.001

3.5. Unsupervised Machine Learning: Identification of Volumetric Endopheno-
types

To identify distinct volumetric endophenotypes within the cohort, we performed
k-means clustering analysis using volumetric percentiles from all 42 brain regions as
input features. Preprocessing included standardization (z-score normalization) of all
percentile features to ensure equal weighting.

3.5.1. Optimal Cluster Number Determination

The optimal number of clusters was determined using a combination of four val-
idation methods, as presented in Figure 1:

e Elbow method: The within-cluster sum of squares (WCSS) curve showed an in-
flection point at k = 3, with diminishing returns beyond this point.

¢ Silhouette analysis: The average silhouette width was maximized at k = 3 (sil-
houette score = 0.52), indicating good cluster separation.

e Calinski-Harabasz index: The highest ratio of between-cluster to within-cluster
dispersion was observed at k =3 (F =124.7).

e Davies-Bouldin index: The minimum average similarity between clusters was
achieved at k =3 (DB index = 0.68).

Based on these criteria, a three-cluster solution was selected. Cluster stability as-
sessment using bootstrap resampling (1,000 iterations) confirmed robust solutions,
with a mean adjusted Rand index (ARI) of 0.84 (range: 0.79-0.91), exceeding the pre-
specified stability threshold of ARI > 0.80.

3.5.2. Cluster Distribution and Characteristics
The three clusters were characterized as follows:

e Cluster 1 (n =27, 34.6%): "Preserved Volumetric Profile" — characterized by volu-
metric percentiles generally above the 40th percentile across most regions, with
preserved hippocampal and temporal volumes.

e Cluster 2 (n =31, 39.7%): "Moderate Atrophy Profile" — characterized by moderate
reductions in volumetric percentiles, particularly in hippocampal, temporal, and
frontal regions (percentiles in the 10th-30th range).

e  Cluster 3 (n = 20, 25.6%): "Severe Atrophy Profile" — characterized by marked re-
ductions across all regions, with hippocampal and temporal percentiles below the
5th percentile and elevated ventricular percentiles (> 85th percentile).

Table 5 presents the volumetric characteristics of each cluster for key brain re-
gions.
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Table 5. Cluster-Specific Volumetric Profiles for Key Regions
Region Cluster 1 Cluster 2 Cluster 3 p-value*
(Preserved) n = (Moderate (Severe
27 Atrophy) n = 31 Atrophy) n =20
Hippocampus
Left Hippocampus  62.4 (48.2-78.6)  18.7 (9.4-31.2) 2.1(0.4-4.8) <0.001
Right Hippocampus 64.1 (49.8-79.3)  19.2 (10.1-32.5) 2.3 (0.5-5.1) <0.001
Frontal Lobe
Left Frontal 68.7 (54.2-82.4) 224 (11.8-38.7) 3.2 (0.8-8.9) <0.001
Right Frontal 70.2 (56.7-84.1)  24.1 (12.9-40.2) 3.8 (1.1-9.6) <0.001
Temporal Lobe
Left Temporal 71.3 (58.4-84.9)  28.6 (16.4-44.7) 4.1 (1.4-9.8) <0.001
Right Temporal 72.8 (59.7-86.2)  30.1 (17.8-46.2) 4.6 (1.7-10.3) <0.001
Parietal Lobe
Left Parietal 52.6 (38.9-69.4)  12.8 (5.2-24.6) 2.3 (0.6-6.2) <0.001
Right Parietal 54.1(40.2-71.2)  13.6 (5.8-26.1) 2.7 (0.8-7.1) <0.001
Thalamus
Left Thalamus 51.8 (38.4-68.9)  16.4 (7.6-29.8) 3.9 (1.2-9.4) <0.001
Right Thalamus 50.9 (37.6-67.4)  15.8 (7.1-28.6) 3.6 (1.0-8.7) <0.001
Lateral Ventricle
Left Ventricle 24.6 (12.8-38.9)  68.4 (52.7-84.2) 91.2 (84.6-96.8)  <0.001
Right Ventricle 26.8 (14.2-41.2)  71.2 (55.4-86.7) 93.4 (87.1-97.9)  <0.001
Brainstem
Midbrain 54.2 (41.6-69.8)  32.4 (21.8-46.7) 18.6 (9.4-29.2) <0.001
Pons 59.8 (47.2-74.6)  38.9 (27.4-54.2) 224 (12.8-34.6) <0.001

Kruskal-Wallis test. Data presented as median (interquartile range). All p-values < 0.001.

3.6. Discriminative Features of Volumetric Clusters

To identify the brain regions that most strongly discriminated between clusters,
we performed ANOVA with post-hoc comparisons across the three clusters. The top
discriminative features, ranked by F-statistic and effect size (1?), are presented in Table
6.

Hippocampal volumes emerged as the most discriminative features, with left hip-
pocampus (F = 68.4, )2 = 0.64) and right hippocampus (F = 65.2, n2 = 0.63) showing the
largest effect sizes. Temporal lobe volumes followed closely (left temporal: F =59.7, 12
=0.61; right temporal: F =57.3, n2=0.60). Ventricular volumes also demonstrated strong
discriminative ability (left ventricle: F =52.8, 2= 0.58; right ventricle: F =50.1, 2= 0.57).

Frontal lobe volumes showed moderate discriminative ability (left frontal: F =
41.2, 2 = 0.52; right frontal: F = 39.6, n? = 0.51), while occipital lobe volumes showed
the weakest discriminative ability (left occipital: F = 12.4, n? = 0.24; right occipital: F =
11.8, n? = 0.23), consistent with the relative preservation of visual cortex in many neu-
rodegenerative processes.
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Table 6. Top Discriminative Features Between Clusters (ANOVA)

13 of 22

Region F-statistic p-value n? (Effect Size) Post-hoc Differences*
Left Hippocampus  68.4 <0.001 0.64 C1>C2>C3
Right Hippocampus 65.2 <0.001 0.63 C1>C2>(C3
Left Temporal 59.7 <0.001 0.61 C1>C2>C3
Right Temporal 57.3 <0.001 0.60 Cc1>C2>C3
Left Ventricle 52.8 <0.001 0.58 G>C2>C1
Right Ventricle 50.1 <0.001 0.57 G>C2>C1
Left Frontal 412 <0.001 0.52 c1>C2>C3
Right Frontal 39.6 <0.001 051 Cc1>C2>C3
Left Parietal 35.8 <0.001 048 Cc1>C2>C3
Right Parietal 34.2 <0.001 047 c1>C2>C3
Left Thalamus 31.6 <0.001 045 Cc1>C2>C3
Right Thalamus 30.2 <0.001 044 Cc1>C2>C3
Midbrain 224 <0.001 0.37 Cl1>C2>C3
Pons 19.8 <0.001 0.34 Cc1>C2>C3
Left Occipital 124 <0.001 0.24 Cl1>C2>C3
Right Occipital 11.8 <0.001 0.23 Cc1>C2>C3

C1, Cluster 1 (Preserved); C2, Cluster 2 (Moderate Atrophy); C3, Cluster 3 (Severe Atrophy).
All post-hoc comparisons significant at p < 0.05 after Bonferroni correction.

3.7. Interhemispheric Asymmetry Analysis
To assess whether atrophy patterns were symmetric or asymmetric across hemi-
spheres, we calculated the absolute difference between left and right percentiles for

each paired structure. Results are presented in Table 7.

Hippocampal asymmetry was relatively low, with a median absolute difference
of 4.2 percentile points (IQR: 1.8-8.9), indicating generally symmetric involvement.
Similarly, lobar structures showed low asymmetry, with median absolute differences
ranging from 3.6 to 6.8 percentile points. Thalamic asymmetry was also low (median:

3.4, IQR: 1.2-7.2).

These findings suggest that in this cohort, volumetric atrophy patterns are pre-
dominantly symmetric, with no evidence of systematic lateralization. Occasional par-
ticipants showed larger asymmetries (> 15 percentile points), but these were not con-
sistently associated with any particular structure.

Table 7. Interhemispheric Asymmetry in Volumetric Percentiles

Structure Median Absolute Difference (L-R) IQR Range (Min-Max)
Hippocampus 4.2 1.8-89  0.1-28.6
Frontal Lobe 5.6 24-11.2 0.1-34.2
Parietal Lobe 4.8 1.9-10.1 0.1-29.8
Temporal Lobe 5.1 2.2-10.8 0.1-32.4
Occipital Lobe 6.8 2.8-134 0.1-38.6
Thalamus 3.4 1.2-72  0.1-224
Lateral Ventricle 7.2 3.1-148 0.1-41.2

3.8. Cluster classification model for Cluster Membership
To identify the minimal set of volumetric features that could accurately replicate

full 42-region cluster assignment using a parsimonious feature set, we performed a
multinomial logistic regression with elastic net regularization. It is important to note
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that this model predicts cluster membership as derived from the unsupervised analysis
of the same dataset; it does not constitute a prospective prognostic model for cognitive
outcomes. External validation in independent cohorts is necessary before clinical de-
ployment. The final model, presented in Table 8, achieved excellent internal classifica-
tion accuracy.

Using only four volumetric features (left hippocampus percentile, left temporal
percentile, left ventricle percentile, and right frontal percentile), the model achieved:
e Overall accuracy: 87.2% (68/78 participants correctly classified)
e Sensitivity for Cluster 1: 88.9% (24/27)
e Sensitivity for Cluster 2: 87.1% (27/31)
e Sensitivity for Cluster 3: 85.0% (17/20)
e Cross-validated AUC: 0.91 (95% CI: 0.85-0.96)

Table 8. Multinomial Logistic Regression Model for Cluster Membership Pre-
diction

Predictor Cluster 2 vs. Cluster 3 vs.
Cluster 1 Cluster 1
Odds Ratio (95% p-value Odds Ratio p-value
CI) (95% CI)
Left Hippocampus Percentile 0.89 (0.84-0.94) <0.001 0.76 (0.68-0.84) < 0.001
Left Temporal Percentile 0.92 (0.87-0.97) 0.002 0.81 (0.74-0.89) < 0.001
Left Ventricle Percentile 1.08 (1.03-1.14) 0.003 1.18 (1.09-1.28) < 0.001
Right Frontal Percentile 0.94 (0.89-0.99) 0.018 0.85(0.78-0.93) < 0.001

Model Performance: Overall accuracy = 87.2%, Cross-validated AUC = 0.91 (95%
CI: 0.85-0.96). CI, confidence interval.

4. Discussion

Authors This study provides a comprehensive characterization of cerebral volu-
metric profiles in a cohort of 78 individuals with cognitive impairment, using auto-
mated brain volumetry and unsupervised machine learning to identify distinct volu-
metric endophenotypes. Our findings demonstrate that: (1) there is substantial hetero-
geneity in regional atrophy patterns across individuals with similar clinical profiles;
(2) unsupervised clustering reveals three distinct volumetric endophenotypes pre-
served, moderate atrophy, and severe atrophy that are primarily discriminated by hip-
pocampal, temporal, and ventricular volumes; (3) interhemispheric asymmetry is min-
imal across most structures, suggesting symmetric neurodegenerative processes; and
(4) a parsimonious set of four volumetric features (left hippocampus, left temporal, left
ventricle, and right frontal percentiles) can accurately predict cluster membership with
87.2% accuracy.

4.1. The Heterogeneity of Brain Atrophy in Cognitive Impairment

One of the central findings of this study is the substantial inter-individual varia-
bility in regional brain volumes, even within a cohort selected for cognitive impair-
ment. The range of hippocampal percentiles spanned from 0.1 to 99.8, indicating that
some participants with cognitive impairment had preserved hippocampal volumes
while others exhibited severe atrophy [19]. This heterogeneity challenges the notion of
a single, uniform neurodegenerative trajectory and supports the concept of multiple
biological pathways leading to cognitive decline [20].

The wide variability observed across all brain regions is consistent with the
emerging literature on biological subtypes of dementia. Previous studies have demon-
strated that Alzheimer's disease, the most common cause of dementia, can present with
distinct patterns of atrophy hippocampal-sparing, typical, and limbic-predominant
variants each associated with different clinical presentations and rates of progression
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[21, 22]. Our clustering analysis identified three distinct volumetric endophenotypes
that may correspond to these biological subtypes, though clinical characterization will
be necessary to confirm such associations. Specifically, Cluster 1 (Preserved) may rep-
resent individuals with very early-stage neurodegeneration, non-neurodegenerative
cognitive impairment (such as psychiatric or metabolic aetiology), or slow-progressing
disease. Cluster 2 (Moderate Atrophy), with hippocampal-temporal predominance, is
most consistent with the typical Alzheimer’s disease pattern. Cluster 3 (Severe Atro-
phy) likely represents advanced multi-domain neurodegeneration, potentially corre-
sponding to the limbic-predominant or typical AD subtypes with additional white
matter burden, or mixed-aetiology dementia. Formal etiological characterization using
amyloid and tau biomarkers will be essential to validate these assignments.

4.2. Hippocampus as the Primary Discriminator of Volumetric Profiles

Across all analyses, hippocampal volumes emerged as the most discriminative
feature between clusters and showed the strongest correlations with other brain re-
gions. This finding aligns with the well-established role of the hippocampus in
memory function and its vulnerability to neurodegenerative pathology, particularly in
Alzheimer's disease [23, 24].

The very strong correlation between left and right hippocampal volumes (o = 0.89)
indicates that hippocampal atrophy tends to be symmetric in this cohort. This sym-
metry is consistent with the pattern observed in typical Alzheimer's disease, where
bilateral hippocampal involvement is the norm [25]. However, the presence of partici-
pants with asymmetric hippocampal volumes (absolute differences up to 28.6 percen-
tile points) suggests that a subset of individuals may have atypical patterns that could
represent distinct etiologies, such as frontotemporal dementia or vascular pathology
[26].

The strong correlation between hippocampal and temporal lobe volumes (o =0.74)
is expected given the anatomical continuity of these structures. The entorhinal cortex,
which serves as the primary input-output gateway to the hippocampus, is itself part of
the medial temporal lobe and is similarly vulnerable to early neurodegenerative
changes [27]. This anatomical and pathological linkage explains why hippocampal and
temporal volumes are so tightly coupled in our data.

4.3. Frontal and Parietal Involvement Across Severity Levels

Frontal lobe volumes showed a progressive decline across clusters, with Cluster 3
(severe atrophy) demonstrating median frontal percentiles below the 5th percentile.
This finding is consistent with the well-documented involvement of frontal regions in
advanced dementia, where executive dysfunction, apathy, and behavioral disturb-
ances become increasingly prominent [28].

Parietal lobe volumes, while also reduced in severe atrophy, showed a somewhat
less pronounced decline compared to frontal and temporal regions. This pattern is con-
sistent with the topography of neurodegeneration in typical Alzheimer's disease,
where temporoparietal involvement is characteristic but may be less severe than hip-
pocampal and temporal pathology in early-to-moderate stages [29].

Occipital lobe volumes showed the weakest discriminative ability between clus-
ters and the smallest effect sizes in ANOVA comparisons (n2=0.23-0.24). This relative
preservation of visual cortex is consistent with the clinical observation that primary
visual functions are typically spared until very late stages of most dementia syndromes
[30]. The occipital lobe is primarily affected in posterior cortical atrophy (a variant of
Alzheimer's disease) and in dementia with Lewy bodies, but these represent a minority
of cases [31].

4.4. Ventricular Enlargement as a Marker of Parenchymal Loss

Lateral ventricular volumes demonstrated a strong inverse correlation with hip-
pocampal and temporal volumes, and ventricular percentiles were markedly elevated
in Cluster 3 (median > 90th percentile). Ventricular enlargement is a well-established
indirect marker of cerebral atrophy, reflecting the compensatory expansion of the ven-
tricular system following loss of adjacent parenchyma [32].
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The strong discriminative ability of ventricular volumes (1?2 = 0.57-0.58) suggests
that ventricular measurements may serve as useful surrogate markers of disease sever-
ity when direct parenchymal measurements are not available. This is particularly rele-
vant in clinical settings where automated volumetry may not be routinely available,
and qualitative assessment of ventricular size on standard clinical MRI can provide
valuable information [33].

4.5. Subcortical and Brainstem Involvement

Thalamic volumes showed moderate discriminative ability between clusters ()2 =
0.44-0.45), with significant reductions in Cluster 3. The thalamus is a critical relay sta-
tion for cortical-subcortical connectivity, and thalamic involvement has been docu-
mented in multiple dementia syndromes, including Alzheimer's disease, vascular de-
mentia, and frontotemporal dementia [34, 35]. The observed thalamic atrophy in severe
cases likely reflects both direct neurodegenerative pathology and secondary degener-
ation following cortical deafferentation.

Brainstem structures (midbrain and pons) showed relatively preserved volumes
even in Cluster 3, though significant differences were still observed across clusters.
This pattern is consistent with the notion that brainstem pathology is typically less se-
vere than cortical pathology in most dementia syndromes, except in conditions such as
progressive supranuclear palsy or multiple system atrophy, where brainstem involve-
ment is a defining feature [36].

4.6. Clinical Implications of Volumetric Endophenotypes

The identification of three distinct volumetric endophenotypes has several poten-
tial clinical implications. First, the presence of a "preserved" cluster (Cluster 1) within
a cohort of individuals with cognitive impairment suggests that some patients with
clinical cognitive deficits may have minimal structural brain changes on volumetric
analysis. This subgroup may represent individuals with mild cognitive impairment
due to causes other than neurodegenerative disease, such as psychiatric conditions,
metabolic disturbances, or early-stage disease where structural changes have not yet
become apparent [37].

Second, the "moderate atrophy" cluster (Cluster 2) likely represents individuals in
the intermediate stages of neurodegenerative disease, where structural changes are ev-
ident but not yet severe. This subgroup may be most amenable to disease-modifying
interventions, as there remains substantial brain tissue that could potentially be pre-
served [38].

Third, the "severe atrophy" cluster (Cluster 3) represents individuals with ad-
vanced structural brain damage, where therapeutic efforts may need to focus on symp-
tomatic management and supportive care rather than disease modification [39].

The high accuracy of our predictive model (87.2%) using only four volumetric fea-
tures suggests that parsimonious volumetric assessment focusing on hippocampus,
temporal lobe, frontal lobe, and ventricles may be sufficient for clinical risk stratifica-
tion. This has practical implications for resource-limited settings where comprehensive
42-region volumetry may not be feasible.

4.7. Comparison with Previous Studies

Our findings are consistent with previous studies that have used unsupervised
machine learning to identify subtypes in neurodegenerative diseases. Sano et al. ap-
plied k-means clustering to multidimensional sensor and behavioural data to identify
distinct phenotypes in Alzheimer’s disease and related dementias, demonstrating that
unsupervised approaches can reveal clinically meaningful subgroups that transcend
traditional diagnostic categories [15]. Similarly, our approach applied to structural vol-
umetric MRI identified three clusters that align with the expected spectrum of disease
severity, while extending prior work by grounding endophenotypes in quantitative
neuroimaging rather than behavioural signal alone.

The strong discriminative role of hippocampal volumes in our study aligns with
extensive literature establishing the hippocampus as a key biomarker in Alzheimer's
disease [23, 24]. The effect sizes observed for hippocampal volumes (n? = 0.63-0.64) are
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among the largest reported in volumetric clustering studies, underscoring the central
role of hippocampal integrity in cognitive impairment.

The symmetric nature of atrophy observed in our cohort is consistent with previ-
ous reports that typical Alzheimer's disease is characterized by relatively symmetric
involvement [25]. However, the presence of some asymmetry in our data highlights
the importance of considering individual variability and the possibility of atypical
presentations.

4.8. Methodological Considerations

The use of automated volumetry with mdbrain software (version 2.2) provided
standardized, reproducible measurements across all participants. The software's refer-
ence cohort (n = 6,371, age range 10-97 years) allowed for age- and sex-adjusted per-
centile calculations, which is essential for distinguishing pathological atrophy from
normal age-related changes [40-41].

The U-Net deep learning architecture employed by mdbrain represents a state-of-
the-art approach to medical image segmentation [42]. The ability of convolutional neu-
ral networks to learn hierarchical features from imaging data enables accurate segmen-
tation even in the presence of anatomical variability and pathology. It should be noted,
however, that while the mdbrain reference cohort spans ages 10-97 years, cognitive
impairment predominantly affects individuals aged 65 years and above. The norma-
tive percentile estimates for elderly participants are based on a subset of the full refer-
ence cohort, and future validation of age-band-specific normative accuracy in cogni-
tively impaired populations would strengthen the foundation of the percentile-based
approach used here.

Our clustering methodology, combining multiple validation metrics (elbow
method, silhouette analysis, Calinski-Harabasz index, Davies-Bouldin index), pro-
vided robust support for the three-cluster solution. The consistency across these differ-
ent metrics increases confidence that the identified clusters represent genuine structure
in the data rather than artifacts of the clustering algorithm.

4.9. Limitations of the Study

Several limitations of this study should be acknowledged.

First, we identified three distinct volumetric clusters, we cannot definitively state
that these clusters correspond to mild, moderate, and severe cognitive impairment
without clinical validation. Future studies with concurrent cognitive assessments are
needed to establish the clinical relevance of these volumetric endophenotypes [43].

Second, this study did not include a control group of healthy individuals without
cognitive impairment. The inclusion of such a control group would have allowed for
direct comparison of volumetric percentiles between cognitively impaired and healthy
populations, enabling the determination of what constitutes "abnormal" atrophy at the
individual level [44].

Third, the cross-sectional design of this study limits our ability to make inferences
about disease progression. While we identified three clusters that likely represent dif-
ferent stages of disease severity, we cannot determine whether individuals progress
from Cluster 1 to Cluster 2 to Cluster 3 over time. Longitudinal studies with repeated
volumetric assessments are necessary to characterize trajectories of volumetric change
[45].

Fourth, the sample size (n =78) is relatively modest for clustering analyses, which
typically benefit from larger sample sizes to ensure stable cluster solutions. Although
our cluster validation metrics indicated good separation and stability, replication in
larger, independent cohorts is necessary to confirm the generalizability of our findings.

Fifth, the lack of detailed clinical characterization, including dementia subtype
diagnosis (e.g., Alzheimer's disease, frontotemporal dementia, vascular dementia, de-
mentia with Lewy bodies), limits our ability to link specific volumetric patterns to un-
derlying etiologies. Different dementia subtypes have distinct atrophy signatures, and
future studies should incorporate detailed diagnostic information to refine cluster in-
terpretation [46].
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Sixth, the study cohort was predominantly female (61.5%), which may limit gen-
eralizability to male populations. Sex differences in brain structure and dementia risk
are well-documented, and future studies should ensure balanced representation to en-
able sex-specific analyses [47].

Seventh, while the mdbrain software provides robust automated segmentation,
the performance of deep learning segmentation algorithms can vary across different
scanner types, field strengths, and acquisition protocols. All MRI scans in this study
were acquired on a 1.5 or 3.0 Tesla scanner with a standardized protocol, but external
validation on data from different scanners would strengthen the generalizability of our
findings.

Eighth, our clustering analysis used percentile data, which are normalized for age
and sex. While this normalization is advantageous for comparing individuals across
demographic groups, it may obscure age-related changes that are themselves biologi-
cally meaningful. Future studies could explore clustering using absolute volumes to
capture different aspects of brain structure. Ninth, the absence of biomarker confirma-
tion (amyloid PET, tau PET, CSF amyloid-f3/tau) means that cluster assignments cannot
be directly linked to specific underlying neuropathologies. The A/T/N framework rec-
ommends biomarker-confirmed diagnostic categorization, and future work should in-
tegrate such data to anchor volumetric endophenotypes to their biological substrates
[49]. Tenth, the multinomial logistic regression model predicts cluster membership as
derived internally from the same dataset; it is not a prospective prognostic model for
cognitive outcomes, and its clinical utility is contingent on external validation demon-
strating that cluster assignment carries genuine predictive meaning for individual pa-
tient trajectories.

4.10. Future Directions for Research

The findings of this study suggest several promising directions for future re-
search.

First, prospective longitudinal studies with repeated volumetric assessments are
needed to characterize the trajectories of volumetric change across the identified clus-
ters. Such studies would determine whether the clusters represent stable subgroups or
stages of a single progressive process, and would enable the identification of predictors
of rapid decline [48].

Second, integration of multimodal biomarkers including cerebrospinal fluid bi-
omarkers (amyloid-f3, tau), neuroimaging biomarkers (amyloid PET, tau PET), and ge-
netic markers (APOE &4 status) with volumetric data could refine cluster definitions
and provide mechanistic insights into the biological processes driving different atro-
phy patterns [49].

Third, the incorporation of clinical data, including cognitive assessments, behav-
ioral symptoms (BPSD), and functional status, would establish the clinical relevance of
volumetric clusters. Understanding how volumetric profiles relate to real-world out-
comes such as quality of life, caregiver burden, and institutionalization —would inform
clinical decision-making [50].

Fourth, development and validation of prediction models for individual-level
outcomes, such as risk of rapid progression or response to specific treatments, repre-
sents a critical next step. Machine learning approaches that integrate volumetric data
with clinical, genetic, and biomarker information could enable personalized risk strat-
ification [51].

Fifth, application of advanced machine learning techniques, such as deep learning
on raw imaging data or longitudinal trajectory modeling, could reveal more nuanced
patterns of brain change beyond the regional volumetric features examined here. Tech-
niques such as convolutional neural networks applied to whole-brain images may cap-
ture subtle patterns of atrophy not reflected in regional summaries [52].

Sixth, validation of our findings in independent, diverse cohorts is essential. Rep-
lication in cohorts with different demographic compositions, dementia subtypes, and
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healthcare settings would establish the generalizability of the three-cluster solution
and its clinical utility.

Seventh, investigation of the biological mechanisms underlying different volu-
metric endophenotypes should be pursued. Post-mortem neuropathological correla-
tion studies could determine whether the clusters correspond to distinct underlying
pathologies, such as Alzheimer's disease pathology, vascular pathology, or mixed pa-
thologies [53].

Eighth, exploration of the utility of volumetric clustering for clinical trial enrich-
ment represents an important translational application. Stratifying patients by volu-
metric profile could enable more efficient clinical trials by identifying subgroups most
likely to respond to specific interventions or those at highest risk of progression [54].

Conclusions

This study demonstrates that automated brain volumetry, combined with unsu-
pervised machine learning, can identify distinct volumetric endophenotypes in indi-
viduals with cognitive impairment. Analysis of 78 participants revealed three clusters
preserved, moderate atrophy, and severe atrophy that are primarily discriminated by
hippocampal, temporal, and ventricular volumes. The strong discriminative ability of
hippocampal volumes (12 = 0.64) underscores the central role of this structure in cog-
nitive impairment, while the substantial inter-individual variability across all brain re-
gions highlights the heterogeneity of neurodegenerative processes.

The finding of three distinct volumetric profiles suggests that cognitive impair-
ment may manifest through different patterns of structural brain involvement, with
potential implications for prognosis and treatment. The high accuracy (87.2%) of a par-
simonious predictive model using only four volumetric features suggests that focused
volumetric assessment may be sufficient for clinical risk stratification.

Prospective longitudinal investigations, integration with multimodal biomarkers,
and validation in independent cohorts are essential next steps.

In conclusion, automated volumetry with machine learning analysis represents a
powerful approach to characterizing brain structure in cognitive impairment, enabling
the identification of biologically meaningful subgroups that may inform prognosis and
guide personalized care. As the field moves toward precision medicine in dementia,
such data-driven phenotyping approaches will become increasingly important for
stratifying patients, enriching clinical trials, and ultimately improving outcomes for
individuals living with cognitive impairment.
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