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Abstract: 
Background:
While cortical atrophy has been widely studied in dementia, emerging evidence highlights the role of subcortical degeneration, particularly in deep gray matter structures such as the thalamus, claustrum, and basal nuclei, in both Alzheimer’s Disease (AD) and Frontotemporal Dementia (FTD). However, disease-specific subcortical patterns remain undercharacterized.
Objective:
To quantify deep gray matter atrophy across the AD continuum (mild cognitive impairment and AD) and three FTD subtypes (bvFTD, svFTD, PNFA), and to assess longitudinal atrophy, cognitive associations, and diagnostic classification.
Methods:
We applied a novel segmentation pipeline (sTHOMAS) to T1-weighted MRI data from 380 participants in the ADNI cohort and 274 participants in the FTLDNI cohort, with longitudinal follow-up available for 237 participants in the FTD cohort. Group differences were assessed using ANCOVA (adjusted for age and sex), followed by post hoc comparisons and effect size estimation (Cohen’s d). Neuropsychological associations were examined using partial correlations. A hierarchical Random Forest model was trained to classify diagnostic groups.
Results:
Pronounced atrophy was observed in the mediodorsal, anteroventral, pulvinar thalamic nuclei, and nucleus accumbens, and claustrum in both AD and FTD, but was significantly greater in bvFTD. Longitudinal analysis revealed the fastest progression in bvFTD. Classification achieved 96.8% accuracy (AUC = 0.99) for AD vs. FTD and 77.7% accuracy (AUC = 0.83) for PNFA vs. svFTD. Subcortical atrophy correlated to executive, language, and semantic deficits.
Conclusions:
Atrophy in the mediodorsal, pulvinar, anteroventral thalamic nuclei, nucleus accumbens, and claustrum distinguishes AD from FTD and differentiates FTD subtypes. These subcortical structures represent promising biomarkers for diagnosis and monitoring of neurodegeneration.
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1. [bookmark: _Hlk189552929]INTRODUCTION: 
[bookmark: _Hlk200119402]Alzheimer’s disease (AD), the most prevalent form of dementia, has traditionally been associated with early neurodegeneration in the medial temporal lobe, including the hippocampus and entorhinal cortex1,2. While cortical atrophy has been extensively studied, very few studies have focused on subcortical involvement (other than the hippocampus3,4) such as the thalamic nuclei5 in sporadic AD.  In recent years, thalamic nuclei atrophy in AD compared to healthy controls has been demonstrated using FreeSurfer6. Subsequent studies have provided evidence of thalamic nuclear involvement, specifically affecting the anteroventral, pulvinar, mediodorsal, and medial geniculate nuclei even in early stages of the sporadic AD continuum7. Asymmetrical atrophy in ventral thalamic subnuclei, particularly with leftward lateralization, has been associated with greater cognitive impairment and neuropsychiatric symptoms8. More recently, broader thalamic involvement has been reported in early-onset compared to late-onset AD, with the anteroventral nucleus showing differential associations with tau pathology and cognitive deficits across age groups9.
Another major neurodegenerative disorder, Frontotemporal Dementia (FTD) is a leading cause of early-onset dementia, typically manifesting between ages 45 and 6510. FTD encompasses a heterogeneous group of syndromes, commonly divided into behavioral variant FTD (bvFTD) and primary progressive aphasia (PPA), the latter further subclassified into semantic variant FTD (svFTD) and progressive non-fluent aphasia (PNFA)11-15. Studies have reported consistent and subtype-specific thalamic atrophy in FTD, most notably in the mediodorsal, anteroventral, pulvinar, and ventral lateral posterior nuclei16,17. 
Commonly used neuroimaging tools for subcortical segmentation have notable limitations when it comes to accurately parcellating deep brain structures. The Functional Magnetic Resonance Imaging of the Brain (FMRIB) Software Library’s Integrated Registration and Segmentation Tool (FSL-FIRST) provides reliable segmentation of the basal nuclei and other deep gray matter structures such as the hippocampus and amygdala; however, it does not support the parcellation of individual thalamic nuclei. In contrast, FreeSurfer offers thalamic nuclei segmentation using the Iglesias atlas6; however, its segmentation of other deep gray matter structures lacks the accuracy and completeness provided by FSL-FIRST18,19 and thus requiring the use of multiple methods and introducing concerns of reproducibility and consistency. Given the growing recognition of subcortical involvement in both AD and FTD, a critical challenge lies in the accurate segmentation of deep gray matter structures using standard T1-weighted MRI.  
Conventional T1-weighted MRI lacks the contrast needed for precise deep gray matter segmentation, particularly for thalamic nuclei7,20 . Advanced sequences such as White-Matter-nulled (WMn) MPRAGE enhance intrathalamic contrast and facilitate more accurate visualization of thalamic subregions. The THalamus Optimized Multi Atlas Segmentation (THOMAS) method21,22 was developed to leverage this contrast for robust segmentation. However, WMn sequences are not available in widely used clinical datasets like Alzheimer’s Disease Neuroimaging Initiative (ADNI) and Frontotemporal Lobar Degeneration Neuroimaging Initiative (FTLDNI). To overcome this limitation, the Histogram-based Polynomial Synthesis (HIPS) method was recently introduced, leading to the HIPS-THOMAS pipeline, which synthesizes WMn-like contrast from conventional T1-weighted images before applying THOMAS-based segmentation20,23. This framework has recently been extended from thalamic nuclei to include other subcortical structures like the caudate, putamen, nucleus accumbens, globus pallidus, claustrum, and red nucleus, resulting in a unified and open-source tool known as subcortical THOMAS (sTHOMAS)24. This new development can enable comprehensive subcortical analyses using a single open-source software, reducing variations that arise from the use of multiple programs, increasing repeatability and reproducibility. We therefore sought to comprehensively quantify atrophy across multiple deep gray matter structures, including the thalamus, basal nuclei, claustrum, and red nucleus using an advanced segmentation pipeline capable of resolving subcortical substructures from standard T1-weighted MRI25.
The thalamus, a central hub with extensive cortical–subcortical connections, plays a critical role in sensory integration, cognition, emotion, and motor coordination26,27. Its nuclei, essential for sensory processing, attention, and memory, are selectively vulnerable in both AD and FTD28. The striatum (caudate, putamen, nucleus accumbens) also displays distinct patterns of atrophy in AD and FTD29,30,31. In FTD, pan-striatal atrophy is common, especially in bvFTD with right-hemisphere dominance linked to behavioral symptoms32,33. 
Deep gray matter atrophy has been consistently associated with important cognitive and behavioral symptoms, including executive dysfunction, naming deficits, and neuropsychiatric changes, across multiple neurodegenerative syndromes. For instance, volume loss in the thalamus, caudate, and nucleus accumbens has been linked to cognitive impairment and functional disability in both AD and FTD34,35. Subcortical atrophy has also been shown to precede overt dementia in prodromal stages, highlighting its value as an early biomarker35,36. Moreover, recent studies demonstrate that subcortical degeneration, particularly in the thalamic and striatal circuits is not merely a byproduct of cortical disease but plays an active role in shaping symptom expression and disease trajectories35,37. Thus, deep gray matter structures hold substantial clinical and cognitive importance in dementia and such findings underscore the potential of deep gray matter nuclei as transdiagnostic imaging biomarkers capable of differentiating dementia phenotypes.
In this study, we first applied the sTHOMAS segmentation pipeline to T1-weighted MRI scans from ADNI to characterize deep gray matter atrophy across the AD continuum (i.e. mild cognitive impairment and AD) and then compared these atrophy patterns to FTD patients from the LONI FTLDNI across the three  FTD subtypes such asbvFTD, svFTD, and PNFA. We then applied a Random Forest machine learning classifier to identify disease-specific atrophy patterns and assess their diagnostic relevance38,39,40. Random Forest was chosen due to its robustness in handling high-dimensional neuroimaging data, its ability to capture complex interactions between structural and cognitive features, and its superior performance in distinguishing bvFTD, svFTD, and PNFA41,42. Finally, we characterized longitudinal atrophy patterns in FTD subtypes and assessed the functional relevance of these anatomical changes using correlations between nuclear volumes and neuropsychological test scores.
Building on prior findings and addressing key gaps in the literature, we hypothesize progressive degeneration in the mediodorsal, anteroventral, and pulvinar thalamic nuclei, nucleus accumbens, and putamen, with distinct patterns across AD and FTD subtypes. We expect greater atrophy in frontostriatal regions, including the nucleus accumbens and putamen in FTD compared to AD, consistent with prior evidence of more severe deep gray matter degeneration in FTD43. Furthermore, given the claustrum’s extensive cortical connectivity and emerging role in sensory-cognitive integration44,45, we further expect its degeneration to contribute to the behavioral and linguistic deficits characteristic of FTD.

2. METHODS: 

2.1. Data Acquisition
ADNI Data: ADNI data were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu) and used in compliance with the ADNI Data Use Agreement, including all ethical and AI-related restrictions. Funded by the National Institute on Aging (NIH Grant U19AG024904), This study utilized timepoint 1 data downloaded from the LONI platform in November 2023.
FTLDNI Data: Data for this study were obtained from the Frontotemporal Lobar Degeneration Neuroimaging Initiative (FTLDNI) database (NIH Grant R01 AG032306). Funded by the National Institute on Aging and coordinated through the UCSF Memory and Aging Center, FTLDNI aimed to develop neuroimaging and analytical tools for tracking frontotemporal lobar degeneration (FTLD). Data collection involved collaborative efforts across multiple U.S. sites, including the University of California at San Francisco (UCSF), Massachusetts General Hospital (MGH), and Mayo Clinic. High-resolution T1-weighted MRI scans were acquired using 3 Tesla scanners. Institutional Review Boards at all participating institutions approved the study protocols, and informed consent was obtained from all participants. This study utilized timepoint 1 data downloaded in November 2023 and timepoint 2 data downloaded in April 2024 from the LONI platform.
For inclusion in this study, participants were required to have a high-quality 3D T1-weighted MPRAGE scan acquired at 3T, no major motion artifacts, and a confirmed clinical diagnosis (e.g., cognitively normal, EMCI, LMCI, AD, bvFTD, svFTD, or PNFA) based on established diagnostic criteria. Participants with incomplete imaging data, segmentation failures, or missing demographic/clinical information were also excluded.
Diagnostic classifications in both the ADNI and FTLDNI datasets were based on clinical criteria assessed at each site, and not on biomarker-based definitions (e.g., amyloid PET or CSF analysis). For ADNI participants, clinical diagnoses of AD, EMCI, LMCI were made using ADNI-defined criteria, which incorporate neuropsychological performance, Clinical Dementia Rating (CDR) scores, and clinician judgment. These diagnoses reflect clinical syndromes and do not confirm underlying AD pathology. For FTLDNI participants, diagnoses of bvFTD, svFTD, and PNFA were assigned by site investigators using standardized clinical assessments based on expert consensus at each site, including structured cognitive, behavioral, and language evaluations.

Given that the imaging data were acquired across multiple sites (ADNI and FTLDNI) with minor differences in acquisition protocols and scanner hardware, we considered the potential impact of inter-site variability on our analyses. To mitigate this, all T1-weighted scans were preprocessed using the same automated segmentation pipeline (sTHOMAS), which includes intensity normalization and multi-atlas label fusion techniques designed to enhance anatomical consistency across scanners. Additionally, ICV and diagnostic group were included as covariates in all statistical models to account for variability in brain size and disease effects. While we did not apply explicit statistical harmonization methods such as ComBat, this will be considered in future work to further reduce non-biological site-related variance.
2.2. Imaging and Segmentation
T1-weighted MRI scans were obtained using 3D MPRAGE sequences or equivalent protocols with consistent high-resolution settings across sites (1–1.2 mm isotropic voxel size). Thalamic and other deep gray matter nuclei segmentation was performed using the sTHOMAS method, an adaptation of the HIPS-THOMAS pipeline21,22. This pipeline enhances intra-thalamic contrast through a Histogram-Based Polynomial Synthesis (HIPS) preprocessing step, simulating WMn imaging contrast. Segmentation utilized multi-atlas labeling and intensity normalization, enabling accurate delineation of deep gray matter subregions from conventional T1-weighted images. ICV values were obtained using FastSurfer46 (eTIV output) to adjust for variability in head size and morphology in analyses. 
The segmentation outputs of sTHOMAS, showcasing representative T1-weighted and HIPS-synthesized WMn images, along with segmented overlays highlighting key subcortical regions, are shown in Figure 1 for a healthy control participant and a patient with svFTD. Notably, the algorithm performs well even in patients with enlarged ventricles, which can pose registration challenges. The full list of thalamic, basal nuclei, and additional subcortical regions segmented by sTHOMAS is provided in Supplementary Table 1, including region names, nuclei, and their respective abbreviations. All segmented thalamic labels were overlaid on the corresponding T1-weighted structural images and visually inspected to verify anatomical plausibility and segmentation accuracy. The Quality Control (QC) process was performed manually to flag segmentation failures. Segmentations that showed clear anatomical mislabeling, severe boundary leakage, or failure to align with the underlying anatomy were excluded from further analysis. 

2.3. Data Analyses
2.3.1. Cross-sectional analyses
Group differences in deep gray matter nuclei volumes were assessed using analysis of covariance (ANCOVA), adjusting for age, sex, and ICV, followed by Dunnett's test for post hoc comparisons against the control group. Effect sizes were calculated using Cohen’s d in both AD and FTD. Normality of data distributions was verified using the Shapiro-Wilk test and longitudinal median atrophy rates between timepoint 1 (baseline) and timepoint 2 (follow-up) in FTD were calculated to capture patterns of progression and variability across groups.
Outlier detection was performed for all thalamic nuclei, basal nuclei (caudate nucleus, putamen, internal and external globus pallidus, and nucleus accumbens), claustrum, and red nucleus volumes, using the 2×IQR rule. For each nucleus and diagnostic group, the interquartile range (IQR) was computed, and volumes falling outside two IQRs from the first or third quartile were flagged as outliers. Being slightly more conservative than the usual 1.5×IQR, we opted for the 2×IQR to avoid undue reduction of sample size, whilst still eliminating larger outliers.
Adjusted mean volumes were computed for each group using estimated marginal means derived from the ANCOVA model. To quantify differences between patient groups and controls, we calculated the percentage reduction in adjusted volumes relative to controls. 

2.3.2. Machine Learning Framework for AD and FTD Classification: 
To classify individuals with AD and FTD into diagnostic groups based on deep gray matter nuclei volumes, two classification approaches were implemented: a non-hierarchical five-way classification and a hierarchical classification framework. The non-hierarchical approach directly classified individuals into one of five groups: cognitively normal (CN), AD, bvFTD, PNFA, and svFTD. This approach treated all groups equally, aiming to differentiate them in a single step. However, given the overlapping structural patterns particularly among FTD subtypes and between AD and bvFTD, direct classification led to increased misclassification rates, especially between PNFA and svFTD.
To refine classification accuracy, a hierarchical classification approach was implemented. This structured the classification task into four sequential steps, progressively narrowing the diagnostic categories:
· Step 1: CN vs. AD + FTD – Distinguishing cognitively normal individuals from all dementia patients.
· Step 2: AD vs. FTD – Separating AD from the FTD spectrum.
· Step 3: bvFTD vs. PPA (PNFA + svFTD) – Classifying the behavioral variant against language-dominant variants.
· Step 4: PNFA vs. svFTD – Differentiating between the two PPA subtypes.
For both classification strategies, a random forest (RF) model was employed due to its ability to handle high-dimensional data, capture nonlinear relationships, and mitigate class imbalances through bootstrap aggregation41,42. The RF models were trained using 1,000 decision trees, with hyperparameters such as the number of features per split (mtry) optimized through grid search. Balanced sampling was applied at every stage to prevent bias toward majority classes.
Model performance was assessed using accuracy, area under the curve (AUC), sensitivity, and specificity. Five-fold cross-validation was performed to ensure robust evaluation, and confusion matrices were analyzed to identify misclassification trends, particularly between AD and FTD variants, and across the classification hierarchy. Feature importance was ranked using the mean decrease in Gini index, highlighting the most predictive deep gray matter nuclei for distinguishing diagnostic groups. Notably, inclusion of FTD in both non-hierarchical and hierarchical classification along with AD allowed direct assessment of structural overlap and divergence between AD and FTD phenotypes.


2.3.3. Longitudinal analyses 
We calculated median atrophy rates in deep gray matter nuclei relative to baseline volumes for each FTD participant . The time intervals between scans varied, ranging from 18 to 36 months, depending on data availability. When a 24-month follow-up was available, it was prioritized; otherwise, the closest available time points were used.	  Annualized atrophy rates (in percentage) were derived as:
Annualized Atrophy Rate (% per year) = 100 × (Baseline Volume - Follow-up Volume) / (Baseline Volume × Time Interval (years))
 To assess group-wise differences, a one-way ANOVA was performed to evaluate whether atrophy varied significantly across clinical groups (CN, bvFTD, PNFA, and svFTD), with CN as the reference. Post hoc Dunnett’s tests were conducted to identify pairwise differences between each clinical group and CN, with adjusted p-values (*p < 0.05, **p < 0.01, ***p < 0.001) to account for multiple comparisons. 
Finally, we also computed the difference in Cohen’s d between the two timepoints for each structure as an alternative measure of differential atrophy. If there were no differential atrophy rate of thalamic nuclei in FTD compared to controls, we would expect the difference to be close to zero. 

2.3.4. Partial Correlation Analysis
For each FTD group (bvFTD, PNFA, svFTD), correlation analyses were performed in timepoint 1 to examine the relationships between deep gray nuclei volumes and neuropsychological test scores. To isolate nuclei-specific contributions over and above whole thalamus atrophy, partial correlations were computed while controlling for the contribution of the whole thalamus (left and right). The analysis processed the baseline FTD dataset containing adjusted deep gray matter volumes and neuropsychological scores. Within each group (bvFTD, PNFA, svFTD), Pearson correlations were calculated between each nucleus volume and each neuropsychological test score. Significance levels (* for 𝑝 < 0.05, ** for 𝑝 < 0.01, *** for 𝑝 < 0.001) and sample sizes (n) were recorded for each association. In addition, the Benjamini–Hochberg (BH) False Discovery Rate correction was applied separately for each (Group × Neuropsych_Test) combination across all nuclei, producing adjusted p-values and rejection flags. 

This study includes the Boston Naming Test (BNT), Modified Trails, Digit Span, and Peabody Picture Vocabulary Test (PPVT) to evaluate cognitive domains commonly affected in FTD and its subtypes.  The BNT assesses naming ability for visually presented objects, with lower scores strongly linked to semantic deficits and anterior temporal lobe atrophy, particularly in svFTD47. Modified Trails evaluates executive functioning, with errors and slower completion times reflecting impaired attention and cognitive flexibility, key deficits in bvFTD48. Digit Span measures working memory, with backward recall highlighting executive dysfunction associated with early frontal atrophy. The PPVT captures semantic deficits across verbal, descriptive, animate, and inanimate categories, indicative of anterior temporal lobe degeneration in svFTD47. Partial correlations between thalamic nuclei volumes and cognitive performance (measured by BNTCORR, MTTTIME, MTCORR, MTERROR, DIGITFW, DIGITBW, PPVTVRB, PPVTDES, PPVTANI, and PPVTINA scores, full names provided in Supplementary Table 2) were examined while controlling for age, sex, and ICV to uncover disease-specific patterns and explore the neural mechanisms underlying FTD symptoms.
Deep gray matter nuclei volumes were adjusted for individual ICV and age, to ensure comparability across participants , prior to correlation analyses. The adjusted volume calculation is based on a linear regression model that accounts for the effects of ICV and age (the residual method49) described below. 

Adjusted Volume = Raw Volume - β₁(ICV - mean ICV) - β₂(Age - mean Age)
Where:
- Raw Volume is the original volume measurement for a specific structure
- β₁ is the regression coefficient for ICV (obtained from the control group)
- β₂ is the regression coefficient for Age (obtained from the control group)
- mean ICV is the average ICV of the group being adjusted
- mean Age is the average age of the group being adjusted



3. RESULTS:
3.1. Descriptive Statistics
The AD cohort comprised 380 participants (199 males, 52.4%; 180 females, 47.4%) spanning the Alzheimer's disease continuum and controls at a single timepoint. Diagnostic groups included cognitively normal (CN; n = 108), mild cognitive impairment (MCI; n = 200), and Alzheimer’s disease (AD; n = 72). The overall mean age was 72.7 ± 7.56 years (range: 55–89), with group-wise means of 73.1 years for CN, 71.4 years for MCI, and 72.2 years for AD (Table 1). Initially, 385 participants were available, but five participants failed QC due to segmentation failure on either the left or right side, or both.
Table 1. Demographic of the Alzheimer’s disease study cohort
	Metric
	Timepoint 1

	Total Participants 
	380

	Males (Count, %)
	200 (52.6%)

	Females (Count, %)
	180 (47.4%)

	CN (Count, % of total)
	108 (28.4%)

	MCI (EMCI + LMCI) (Count, % of total)
	200 (52.6%)

	AD (Count, % of total)
	72 (18.9%)

	Age (Overall) (Mean ± SD, Range)
	72.7 ± 7.56 (55–89)

	Age (CN) (Mean ± SD, Range)
	73.1 ± 6.49 (56–85)

	Age (MCI) (Mean ± SD, Range)
	71.4 ± 7.65 (55–89)

	Age (AD) (Mean ± SD, Range)
	75.5 ± 8.02 (56–89)



For FTD two timepoints were available and analyzed - at Timepoint 1 (baseline), the study included 274 participants (145 males, 52.9%; 129 females, 47.1%) across bvFTD (n = 65, 23.7%), PNFA (n = 36, 13.1%), svFTD (n = 37, 13.5%), and control (CN, n = 136, 49.6%) groups. Mean age was 63.2 ± 7.28 years (range: 36–81), with group means of 61.2 (bvFTD), 68.0 (PNFA), 63.1 (svFTD), and 63.0 (CN).
At Timepoint 2 (follow-up), 237 participants remained (124 males, 52.3%; 113 females, 47.7%). Group distribution was bvFTD (n = 50, 21.1%), PNFA (n = 31, 13.1%), svFTD (n = 34, 14.3%), and CN (n = 122, 51.5%). Mean age was 65.8 ± 7.79 years (range: 37–85), with means of 62.7 (bvFTD), 69.2 (PNFA), 65.0 (svFTD), and 66.5 (CN) (Table 2).
Initially, 281 participants were available at timepoint 1, but seven participants failed QC due to segmentation failure on either the left or right side, or both. At timepoint 2, 244 participants were initially available, but 7 participants  failed QC for similar reasons. As a result, 274 participants at timepoint 1 and 237 participants at timepoint 2 were used in the analyses. 
Table 2. Summary of demographic and age-related characteristics of participants at timepoint 1 (baseline) and timepoint 2 (longitudinal follow-up) for FTD
	Metric
	Timepoint 1
	Timepoint 2

	Total Participants 
	274
	237

	Males (Count, %)
	145 (52.9%)
	124 (52.3%)

	Females (Count, %)
	129 (47.1%)
	113 (47.7%)

	BV (% of total)
	65 (23.7%)
	50 (21.1%)

	CN (% of total)
	136 (49.6%)
	122 (51.5%)

	PNFA (% of total)
	36 (13.1%)
	31 (13.1%)

	SV (% of total)
	37 (13.5%)
	34 (14.3%)

	Age (Overall) (Mean ± SD, Range)
	63.2 ± 7.28 (36-81)
	65.8 ± 7.79 (37-85)

	Age (CN) (Mean ± SD, Range)
	63.0 ± 7.38 (36-81)
	66.5 ± 8.17 (37-85)

	Age (bvFTD) (Mean ± SD, Range)
	61.2 ± 6.55 (45-74)
	62.7 ± 6.48 (48-76)

	Age (PNFA) (Mean ± SD, Range)
	68.0 ± 7.33 (54-81)
	69.2 ± 7.96 (55-83)

	Age (svFTD) (Mean ± SD, Range)
	63.1 ± 6.16 (50-73)
	65 ± 6.37 (52-75)




3.2. Thalamic Volume Atrophy 
Cross-sectional Analysis across AD and FTD subtypes 
AD showed significant volume reductions in specific deep gray matter nuclei (Figure 2, and significant Cohen’s d values for each nucleus and group comparison are presented as a heatmap in Figure 3.). In MCI, moderate atrophy (Cohen’s d > 0.4) was observed in the claustrum, nucleus accumbens and also inmediodorsal, pulvinar, and anteroventral thalamic nuclei. In AD, additional regions including the centromedian, ventral lateral posterior, medial geniculate thalamic nuclei, and whole thalamus bilaterally also showed significant atrophy. The effect sizes increased progressively from MCI to AD, with several nuclei such as the claustrum, nucleus accumbens, and anteroventral nucleus showing large effects (d > 0.9) in AD. 
In MCI compared to CN, moderate effect sizes were already evident for the mediodorsal nucleus (L: d = 0.447, R: d = 0.412), nucleus accumbens (L: d = 0.395, R: d = 0.405), and claustrum (L: d = 0.514, R: d = 0.403), with smaller but still significant effects in the anteroventral (L: d = 0.399, R: d = 0.336) and pulvinar nuclei (L: d = 0.334, R: d = 0.266). These results confirm that subcortical volume loss is already present in the prodromal stage of AD.





In contrast, FTD subtypes exhibited more widespread and distinct patterns of atrophy (Figure 3, Figure 4), with very large effects (Cohen’s d > 2) observed in several nuclei in bvFTD, particularly in the mediodorsal and anteroventral thalamic nuclei highlighting early limbic involvement. The pulvinar nucleus showed strong atrophy (d > 1.0) in both bvFTD and svFTD, suggesting contributions to visuospatial and language deficits. The nucleus accumbens and putamen also demonstrated substantial atrophy (d > 0.8) in bvFTD and PNFA, while the claustrum was extensively affected in bvFTD (d > 1.7), a pattern that mirrors findings in AD. Additionally, the caudate showed moderate to large reductions (d > 0.7) across all FTD subtypes.









Notes:
· *** indicates p < 0.001; ** indicates p < 0.01; * indicates p < 0.05.
· Percent reduction represents changes relative to the CN group.
Moreover, adjusted mean volumes for each group were derived from the ANCOVA model using estimated marginal means, with percentage reductions relative to controls reported in Supplementary Table 3.

3.3. Classification Performance for AD and FTD subtypes 
	At timepoint 1, a Random Forest (RF) model was trained using both non-hierarchical and hierarchical classification strategies to distinguish cognitively normal (CN) individuals, AD cases, and FTD subtypes (bvFTD, PNFA, svFTD).
The non-hierarchical model showed moderate performance (accuracy: 63%, AUC: 0.86), with high specificity (0.90) but low sensitivity (0.59), highlighting difficulty in separating FTD subtypes (Table 3).
A four-step hierarchical strategy improved classification:
· Step 1 (CN vs. AD+FTD): accuracy 76%, AUC 0.85
· Step 2 (AD vs. FTD): accuracy 97%, AUC 0.99
· Step 3 (bvFTD vs. PNFA+SV): accuracy 73%, AUC 0.75
· Step 4 (PNFA vs. SV): accuracy 78%, AUC 0.83
Overall, the hierarchical approach clearly outperformed the non-hierarchical model, particularly by reducing misclassification between FTD subtypes. Figure 5 visually contrasts both strategies, with 5A highlighting the limitations of flat multiclass classification and 5B demonstrating improved accuracy through stepwise refinement.
Additionally, Supplementary Figure 1 and 3A presents the feature importance scores from each hierarchical and non-hierarchical step, identifying the mediodorsal thalamic nucleus, nucleus accumbens, and claustrum as the most discriminative regions. Supplementary Figure 2 and 3B displays the confusion matrices from each hierarchical and non-hierarchical step, underscoring the improved separability of diagnostic groups. Full classification metrics are provided in Table 3.

Table 3. Random Forest classification performance for AD and FTD subtypes in timepoint 1
	Classification Type
	Comparison
	Metric
	Mean ± SD
	Min
	Max

	Non-Hierarchical
	4-way (CN, AD, BV, PNFA, SV)
	AUC
	0.862 ± 0.035
	0.825
	0.901

	
	
	Accuracy
	0.631 ± 0.051
	0.568
	0.693

	
	
	Sensitivity
	0.591 ± 0.097
	0.473
	0.737

	
	
	Specificity
	0.899 ± 0.018
	0.881
	0.927

	Hierarchical
	Step 1: CN vs. AD, BV, PNFA, SV
	AUC
	0.846 ± 0.056
	0.778
	0.933

	
	
	Accuracy
	0.763 ± 0.045
	0.716
	0.838

	
	
	Sensitivity
	0.819 ± 0.048
	0.778
	0.885

	
	
	Specificity
	0.686 ± 0.047
	0.645
	0.762

	
	Step 2: AD vs. BV, PNFA, SV
	AUC
	0.986 ± 0.022
	0.948
	1.000

	
	
	Accuracy
	0.968 ± 0.032
	0.935
	1.000

	
	
	Sensitivity
	0.945 ± 0.038
	0.889
	1.000

	
	
	Specificity
	0.980 ± 0.025
	0.936
	1.000

	
	Step 3: BV vs. PNFA, SV
	AUC
	0.745 ± 0.063
	0.646
	0.796

	
	
	Accuracy
	0.734 ± 0.066
	0.619
	0.789

	
	
	Sensitivity
	0.603 ± 0.081
	0.500
	0.739

	
	
	Specificity
	0.830 ± 0.052
	0.760
	0.900

	
	Step 4: PNFA vs. SV
	AUC
	0.827 ± 0.135
	0.611
	0.972

	
	
	Accuracy
	0.777 ± 0.161
	0.500
	0.917

	
	
	Sensitivity
	0.787 ± 0.105
	0.667
	1.000

	
	
	Specificity
	0.767 ± 0.093
	0.625
	0.889



3.4. Longitudinal Analysis of Atrophy in FTD 
Longitudinal analyses revealed distinct, progressive atrophy patterns across FTD subtypes compared to controls, with specific deep gray matter nuclei differentially affected (Figure 6).
In bvFTD, bilateral thalamic atrophy was observed, more pronounced on the right (4.08%, p < 0.00001) than left (3.68%, p < 0.00001). The mediodorsal (5.37%, p < 0.001) and ventral lateral posterior (3.82%, p < 0.0001) nuclei were notably reduced, while the nucleus accumbens (6.64%) and claustrum (10.3%) showed the most severe atrophy (p < 0.0001). PNFA showed more localized effects, especially in the left Ventral lateral posterior (5.26%) and MD (5.62%) (p < 0.001), along with modest atrophy in the right caudate (2.47%) and putamen (2.44%) (p < 0.01). In svFTD, bilateral thalamic atrophy was present (left: 2.72%, right: 4.08%, p < 0.00001), with pronounced reductions in the nucleus accumbens (left: 12.9%, right: 10.5%), anteroventral nucleus (11.3% left), mediodorsal (4.87% left), pulvinar (5.19% left), and claustrum (14.4% left).
Volume change effect sizes (Cohen’s d) also revealed subtype-specific patterns (Supplementary Figure 4). In bvFTD, the left AV (d = 0.743), MD, and VLp exceeded the 0.3 threshold. PNFA showed effects in the left thalamus, VLp, VPL, and MD (d = 0.46–0.53). In svFTD, the largest d values were found in the AV, VPL, LGN, MGN, MD, nucleus accumbens (d = 0.66), and claustrum (d = 0.753), all indicating moderate to large changes.

3.5. Partial correlation analyses





Partial correlations revealed subtype-specific associations between deep gray matter nuclei volumes and cognitive performance in FTD (Figure 7; BH-adjusted results in Supplementary Figure 5). BH-adjusted results were not marked in the main figures but are provided in the Supplementary Materials for statistical confirmation. The main manuscript presents stars based on raw p-values for exploratory interpretation, while BH-adjusted values are available for readers seeking rigorous confirmation. For visualization, both raw and BH outputs were filtered to include only positive correlations (r > 0) when directional associations were the focus. 
In bvFTD, working memory (DIGITBW) was positively associated with multiple thalamic regions, including the ventral lateral posterior nucleus (VLp-L: r = 0.40**, VLp-R: r = 0.41**), ventral lateral anterior nucleus (VLa-L: r = 0.35**), and mediodorsal nucleus (MD-R: r = 0.33*). Naming ability (BNTCORR) also showed positive links with the nucleus accumbens (Nac-R: r = 0.34**).
In PNFA, verbal repetition (PPVTVRB) showed robust positive correlations with the ventral lateral posterior nucleus (VLp-R: r = 0.60***), centromedian nucleus (CM-R: r = 0.50**), and mediodorsal nucleus (MD-R: r = 0.50**). Semantic comprehension (PPVTINA) was linked to the CM-R (r = 0.60***) and GPi-R (r = 0.47**).
In svFTD, fewer strong associations were observed, but select positive correlations were noted in pulvinar and mediodorsal subregions for language-related measures.


4. [bookmark: _Hlk192861847][bookmark: _Hlk189557434][bookmark: _Hlk194918690]DISCUSSION:
[bookmark: _Hlk187765807][bookmark: _Hlk189124281]This study provides a detailed characterization of deep gray matter atrophy across the AD continuum and FTD subtypes, revealing distinct and progressive degeneration in the mediodorsal, anteroventral, and pulvinar thalamic nuclei, as well as the nucleus accumbens and claustrum. These structures exhibited distinct and progressively worsening atrophy across the AD continuum, while showing even more severe and subtype-specific degeneration in bvFTD and svFTD. Importantly, we demonstrated that these subcortical alterations not only differentiate AD from FTD but also contribute to improved diagnostic classification and tracking of disease progression. 

Our study uses the state-of-the-art sTHOMAS segmentation method to analyze deep gray matter nuclei—including the thalamus, basal nuclei, claustrum, and red nuclei in AD and FTD. By synthesizing WMn-like contrast from standard T1-weighted MRI, sTHOMAS overcomes the contrast limitations of traditional T1 contrast, especially relevant for thalamic nuclei but also for structures such as the claustrum. The use of a single open-source containerized software for characterization of thalamic and other subcortical structures helps with reproducibility and repeatability. 
Progressive atrophy in thalamic nuclei is increasingly recognized as a key feature of AD, extending beyond the traditionally emphasized medial temporal lobe2. Prior studies have reported volume loss in limbic-associated thalamic regions, including the anteroventral, mediodorsal, pulvinar, across the AD continuum6,19. These nuclei are involved in memory, visuospatial processing, and sensory integration, and their degeneration may underlie the broader clinical phenotype of AD. 
In line with earlier findings7, our own analysis of the AD spectrum revealed significant and progressive volume loss in the anteroventral, mediodorsal, and pulvinar thalamic nuclei, as well as in the nucleus accumbens and claustrum, reinforcing their role in the evolving landscape of AD pathology. This pattern was most pronounced in the later disease stages, with effect sizes and statistical significance increasing from MCI to AD across key nuclei, particularly the anteroventral, mediodorsal, pulvinar thalamic nuclei nucleus accumbens, and claustrum, highlighting a trajectory of escalating subcortical involvement across the AD continuum. These findings underscore the relevance of subcortical degeneration as a potential transdiagnostic biomarker and provide a foundation for investigating disease-specific patterns in neurodegenerative disorders.
In contrast to AD, FTD showed significantly higher atrophy in all deep grey nuclei and more involvement of the basal nuclei, claustrum, and the red nucleus compared to AD. Our study is the first to perform detailed cross-sectional analyses in both AD and FTD, and to additionally incorporate longitudinal atrophy analyses in FTD subtypes. Our findings highlight the progressive degeneration of deep gray matter, with significant atrophy in the mediodorsal, anteroventral, pulvinar, and ventral lateral posterior thalamic nuclei, as well as in the nucleus accumbens, claustrum, caudate, and putamen, particularly in bvFTD and svFTD. Consistent with previous studies16,17,32,50, our results confirm the widespread involvement of thalamic nuclei in bvFTD and the selective atrophy patterns in PNFA and svFTD. Notably, significant volume reductions were observed in the mediodorsal, pulvinar, and anteroventral thalamic nuclei across all patient groups, with the most pronounced atrophy in bvFTD. These findings corroborate with earlier work17, which identified mediodorsal nucleus involvement as a hallmark feature across FTD subtypes. The mediodorsal nucleus, central to executive, emotional, and behavioral regulation through its connections with prefrontal, temporal, and limbic regions, was universally affected across our cohort, underscoring its pivotal role in FTD pathophysiology.
These subcortical atrophy patterns align with the clinical and anatomical features of each FTD subtype. bvFTD presents with disinhibition, apathy, and ritualistic behavior, reflecting frontal and subcortical degeneration. svFTD involves anterior temporal lobe atrophy, impairing word comprehension and naming, while PNFA is marked by left-hemisphere loss, leading to non-fluent, effortful speech11-15. Specific nuclei further clarify these patterns: the mediodorsal nucleus, involved in executive and emotional regulation, is consistently affected across subtypes; the pulvinar, linked to visual attention and language, is more vulnerable in svFTD; and the ventral lateral posterior nucleus, involved in speech planning, is notably impacted in PNFA16,51,46. The anteroventral nucleus, part of the Papez circuit, is implicated in behavioral regulation and is affected in both bvFTD and early-onset AD52. These findings highlight the value of nucleus-specific profiling for differentiating subtypes and tracking disease progression.
Bocchetta et al. (2020) and McKenna et al. (2022) published pioneering studies in the characterization of thalamic atrophy in FTD subtypes, providing foundational insights into phenotype-specific focal degeneration and thalamocortical circuit disruption16,50. Their work established the importance of thalamic involvement in FTD and utilized advanced segmentation techniques, such as FreeSurfer, to delineate thalamic nuclei. Despite significant contributions, both studies had some limitations. While McKenna et al. included 170 participants, their FTD cohort was relatively small (n = 70) and unevenly distributed across subtypes, limiting statistical power for subtype-specific analyses, particularly in svPPA (n = 5), bvFTD (n = 10), and nfvPPA (n = 15). Our findings diverge significantly from those of Bocchetta et al. (2020) also, who examined thalamic nuclei involvement in FTD subtypes using a larger cohort (n = 402). However, their analysis was restricted to cross-sectional FTD comparisons and did not evaluate longitudinal progression or contextualize findings within the broader spectrum of AD-related subcortical atrophy. 
[bookmark: _Hlk192179018]Our study expands on McKenna and Bocchetta by integrating cross-sectional and longitudinal analyses, offering novel insights into the temporal dynamics of thalamic involvement in FTD. We characterized longitudinal atrophy using two methods. The first is a more direct computation of the median atrophy rate of FTD (as %) compared to controls (Figure 6). We also compared Cohen’s d at timepoint 2 (follow-up) with timepoint 1 (baseline) (Supplementary Figure 4). Several nuclei demonstrate an increased Cohen’s d at timepoint 2 indicating increased atrophy compared to healthy controls. This approach represents a hybrid between cross-sectional and longitudinal methods, serving as a complementary cross-check, given that longitudinal atrophy rates can be inherently noisy, particularly when derived from only two time points. 
[bookmark: _Hlk193296140]Longitudinal median atrophy rate analysis revealed extensive bilateral atrophy in bvFTD, more focal asymmetry in PNFA, and targeted reductions in svFTD. In bvFTD, widespread degeneration in the mediodorsal, ventral lateral posterior, and pulvinar thalamic nuclei, along with the nucleus accumbens, caudate, and claustrum, aligns with frontostriatal and limbic circuit disruptions53,54. Mediodorsal atrophy implicates executive dysfunction55, while pulvinar involvement suggests visuospatial and attentional deficits56. In PNFA, left-lateralized atrophy in the ventral lateral posterior, ventral posterior lateral, mediodorsal thalamic nuclei, and putamen corresponds with language deficits affecting motor planning and speech production57. In svFTD, bilateral anteroventral, pulvinar, and mediodorsal atrophy disrupts the semantic memory network and limbic structures58. 
Thus, longitudinally, the mediodorsal and pulvinar thalamic nuclei, along with nucleus accumbens, and claustrum showed the most pronounced volume loss, with additional reductions in the anteroventral, ventral lateral posterior, ventral posterior lateral nucleus, putamen, and globus pallidus externus, particularly in bvFTD and svFTD. Cross-sectional timepoint differences (Figure 4, only regions with effect sizes ≥ 0.3 are shown corroborate these patterns, showing significant atrophy in the mediodorsal, anteroventral, ventral lateral posterior, ventral posterior lateral, lateral and medial geniculate thalamic nuclei, nucleus accumbens, and claustrum, as well as bilateral whole thalamus across all FTD subtypes. The strong overlap between longitudinal and cross-sectional findings underscores the vulnerability of deep gray matter nuclei in FTD and their potential as biomarkers for tracking disease progression.
The claustrum, often described as one of the brain’s most interconnected structures, receives and projects information to nearly all cortical regions, supporting its proposed role in integrating multimodal sensory, motor, and cognitive processes59. Its function as a "conductor of consciousness" has been hypothesized, suggesting that it unifies perceptual experience through its extensive connectivity, a role that may be disrupted in FTD due to claustral degeneration60. Given this, its atrophy may contribute to the disorder’s diverse cognitive and behavioral deficits by disrupting these integrative processes. In our study, the claustrum also showed significant and progressive atrophy across the AD continuum, reinforcing recent evidence that this integrative hub may contribute to cognitive deficits in AD. Given its role in attention, memory, and language processing, claustral degeneration may underlie aspects of disorientation and executive dysfunction observed in Alzheimer’s disease. Our findings underscore the need for future studies to explore the functional consequences of claustral atrophy in FTD, particularly in relation to attention, awareness, and cognitive integration.
While prodromal AD (MCI) already shows measurable subcortical involvement, our baseline data indicate that deep gray matter atrophy is also an early feature of FTD. In MCI, moderate volume reductions were observed in the mediodorsal, anteroventral, and pulvinar thalamic nuclei, as well as in the nucleus accumbens and claustrum (Cohen’s d ≈ 0.33 – 0.51), with effect sizes increasing in AD. This pattern is consistent with prior work showing that thalamic and accumbens atrophy predicts conversion from MCI to AD and correlates with cognitive decline61, and with recent evidence of early mediodorsal nucleus vulnerability in at-risk midlife adults62. In FTD, large effect sizes were already present at baseline in bvFTD across multiple nuclei, consistent with rapid early degeneration in frontostriatal and limbic thalamic circuits. PNFA and svFTD, though generally less affected, still showed significant early reductions in the mediodorsal, pulvinar, and nucleus accumbens. These patterns suggest that, whereas subcortical atrophy in AD may evolve alongside or after cortical degeneration, FTD subtypes, particularly bvFTD exhibit pronounced subcortical degeneration from the outset, reflecting early disruption of core symptom networks.
Finally, our study demonstrates the effectiveness of a hierarchical Random Forest (RF) framework in improving classification of AD and FTD subtypes based on deep gray matter nuclei volumes. Compared to the non-hierarchical model, which achieved moderate performance (accuracy: 63.1%, AUC: 0.86), the hierarchical approach substantially improved classification by breaking down the problem into sequential steps. The best performance was observed in Step 2 (AD vs. FTD), with an accuracy of 96.8% and AUC of 0.99, highlighting the model's robustness in distinguishing AD from FTD. Step 1 (CN vs. dementia) achieved 76.3% accuracy (AUC: 0.85), while Step 3 (bvFTD vs. PPA subtypes) and Step 4 (PNFA vs. svFTD) yielded lower accuracies (73.4% and 77.7%, respectively), reflecting greater structural overlap among FTD variants. 
Feature importance analyses (Supplementary Figure 1 and 3A) consistently identified the mediodorsal nucleus, nucleus accumbens, and claustrum as the most discriminative features across classification tasks. These regions were especially influential in distinguishing AD from FTD (Step 2), where classification performance was highest. In AD, these structures also exhibited progressively increasing volume loss from MCI to AD, but to a lesser extent than in FTD, suggesting their value as transdiagnostic markers with greater sensitivity to FTD-related degeneration. The anteroventral nucleus, another top contributor to the classifier, showed significant atrophy in both AD and FTD but was particularly affected in bvFTD and svFTD, indicating its potential utility for FTD subtype monitoring. Pulvinar atrophy, which was more pronounced in svFTD than in AD, aligns with its role in visuospatial attention and behavioral regulation17,50. The caudate showed significant volume loss in bvFTD and PNFA, consistent with its role in motor sequencing and speech production, while putamen atrophy was prominent in both PNFA and bvFTD, reflecting its involvement in motor control and reward processing63.
These results underscore the advantage of a structured, stepwise classification framework when dealing with overlapping neurodegenerative phenotypes. The strongest discrimination between AD and FTD was driven by distinct atrophy patterns in the mediodorsal and anteroventral thalamic nuclei, along with the nucleus accumbens, supporting their potential as diagnostic biomarkers. Previous studies have shown that cross-sectional analyses often underestimate true brain changes64,65—a limitation our findings confirm. Discrepancies between cross-sectional and longitudinal data reinforce the need to capture temporal dynamics to accurately map neurodegenerative trajectories. Our results particularly highlight bvFTD as exhibiting the most rapid progression66, with marked decline in the mediodorsal nucleus, anteroventral nucleus, and nucleus accumbens—regions critical for cognitive control, reward processing, and behavioral regulation. Our study uniquely integrates cross-sectional and longitudinal structural analyses, linking thalamic nuclei volumes to neuropsychological performance in FTD. While most prior studies have focused exclusively on structural atrophy, our partial correlation analysis provides functional validation by revealing significant associations between the ventral lateral posterior nucleus and working memory in bvFTD, the mediodorsal nucleus and naming/semantic tasks in PNFA, and the nucleus accumbens with semantic processing in both bvFTD and PNFA. The claustrum was also linked to semantic tasks, supporting its emerging role in language and integrative cognitive processing. Additionally, caudate and putamen volumes correlated with visuospatial deficits in bvFTD, underscoring the cognitive impact of subcortical degeneration in FTD.
Moreover, the partial correlation analyses add an important dimension by showing that the most discriminative subcortical regions, such as the mediodorsal and pulvinar thalamic nuclei, claustrum, and nucleus accumbens, which are also functionally relevant. By controlling for whole-thalamus volume, age, and ICV, we isolated the unique contributions of individual nuclei to specific cognitive domains. These findings strengthen the link between structural degeneration and behavioral deficits, supporting these regions as mechanistically and diagnostically informative biomarkers. For instance, strong associations between the mediodorsal nucleus and semantic measures in PNFA, and between the ventral lateral posterior nucleus and working memory in bvFTD, provide convergent evidence that the neuroanatomical specificity observed in volumetric and classification analyses corresponds to domain-specific cognitive impairments.
Finally, although the study was motivated by specific hypotheses regarding the role of deep gray matter nuclei in dementia, the large number of regions and cognitive measures examined makes the statistical analyses inherently exploratory. We therefore present raw p-values with conventional significance thresholds to highlight potential effects for future replication, while providing BH FDR-adjusted values in the Supplementary Materials for transparency. This approach preserves sensitivity to possible structure–function relationships that may otherwise be obscured by overly conservative correction, but it also increases the risk of Type I errors; accordingly, these findings should be interpreted with caution until replicated in independent cohorts.
Our study also had several limitations. The smaller sample sizes for PNFA (n = 36) and svFTD (n = 37) reduced statistical power, potentially biasing results toward bvFTD. This imbalance may also contribute to differences observed between cross-sectional and longitudinal findings, highlighting the need for larger, subtype-balanced cohorts in future research. Additionally, while sTHOMAS improves segmentation precision from standard T1-weighted images, the NIFD dataset was acquired across three imaging sites with minor protocol differences. Although most data originated from a single scanner, site effects may persist, and future studies should apply harmonization techniques such as ComBat to mitigate inter-site variability. Furthermore, the focus is on volumetric atrophy; diffusion-weighted imaging (DWI) was not incorporated, which could offer insights into white matter tract integrity and subcortical connectivity. Multi-modal imaging approaches, including DTI and fMRI, are needed to comprehensively capture thalamocortical network disruptions. 
Another limitation relates to demographic variation across diagnostic groups. In the AD cohort, participants with AD were significantly older than those with MCI or CN. Similarly, in the FTD cohort, PNFA participants were notably older than those with bvFTD or svFTD. While all analyses statistically adjusted for age, these differences may still act as biological confounders, particularly in age-sensitive regions. Future studies with age-matched diagnostic groups will be important to further disentangle age-related from disease-specific effects. Additional limitations should also be acknowledged: although our classification results were promising, we did not perform external validation using an independent dataset. Future work should include such validation to assess the generalizability of our findings. Moreover, the cognitive correlation analyses were cross-sectional in nature, limiting interpretations about the temporal dynamics between atrophy and behavioral decline. Longitudinal cognitive-imaging analyses will be critical to assess whether these structure-function relationships evolve with disease progression. Furthermore, our study focused primarily on subcortical volumetry, and did not include cortical morphometry. Integrating measures of cortical thickness or surface area, particularly in frontal and temporal regions could further enhance the anatomical and diagnostic specificity of the findings.
In conclusion, our study provides novel, integrative insights into subcortical atrophy patterns in both AD and FTD, using the advanced sTHOMAS segmentation framework for precise delineation of thalamic and basal nuclei substructures. By combining cross-sectional analyses across the AD continuum with cross-sectional and longitudinal data in FTD, we identify distinct and progressive atrophy patterns in the mediodorsal, anteroventral, ventral lateral posterior, pulvinar nuclei, nucleus accumbens, and claustrum. Our hierarchical classification model outperformed a non-hierarchical approach, improving diagnostic specificity, particularly in discriminating AD from FTD and distinguishing among FTD subtypes. Additionally, associations between deep gray matter volumes and neuropsychological scores highlight the clinical relevance of structural degeneration, reinforcing the link between anatomy and function.
Importantly, our findings in AD support a growing body of evidence indicating that subcortical degeneration—particularly in the mediodorsal and anteroventral nuclei, nucleus accumbens, and claustrum—is not unique to FTD but also emerges in Alzheimer’s disease, albeit to a lesser extent. This reinforces the idea that deep gray matter changes may represent a shared but variably expressed hallmark across neurodegenerative conditions. Together, these findings underscore the value of multi-modal approaches that combine advanced segmentation, machine learning, and cognitive profiling to improve diagnosis, monitor disease progression, and enable more precise subtype differentiation in both FTD and AD.
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