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Abstract. Brain age gap (BAG) derived from structural MRI is a promis-
ing surrogate biomarker for quantifying neurodegenerative burden across
the Alzheimer’s disease (AD) continuum; however, most existing meth-
ods emphasize global accuracy while offering limited support for region-
level interpretation. We propose VCDA-Net, a multi-scale brain age esti-
mation framework that couples global morphological context with local
geometric cues derived from voxel-cluster density. VCDA-Net introduces
Voxel-Cluster Density Attention (VCDA) to encode stable regional ge-
ometry from high-saliency features and models inter-regional relations
via a multi-attributed brain graph with Multi-Edge Attention. A Trans-
former aggregation module captures long-range dependencies across 32
anatomical structures, while an adaptive gated fusion integrates graph-
derived signatures with UNet bottleneck priors for final age regression
and structure-wise BAG profiling. Evaluated on multi-cohort norma-
tive modeling and the AD-spectrum, VCDA-Net achieves an MAE of
3.71 ± 0.31 years (r = 0.97, R2 = 0.94). Our results reveal progres-
sively increased BAG from MCI to AD, with regional BAG highlight-
ing AD-vulnerable structures such as the bilateral hippocampus and
the ventricular system. The code is available at https://github.com/
quoctienchonnam25-collab/Voxel-Cluster_Density_Attention_Network.

Keywords: Voxel-Cluster Density · Brain Age Gap · Alzheimer’s Dis-
ease · Graph Neural Network · Interpretability

1 Introduction

The brain age gap (BAG) measures the discrepancy between predicted and
chronological age to quantify neurodegeneration. Although deep learning im-
proves global accuracy, many models remain black boxes that lack anatomical
transparency. By focusing on holistic features, these approaches often ignore

https://github.com/quoctienchonnam25-collab/Voxel-Cluster_Density_Attention_Network
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heterogeneous information within specific structures. For example, localized hip-
pocampal atrophy contributes significantly to aging but is frequently obscured
by single global representations.

While SFCN [18] offers resource efficiency, its shallow architecture often
overlooks fine-grained anatomical details. Deeper models like ResNet50 [9] and
DenseNet121 [12] extract complex features but struggle with boundary biases.
The minimalist approach by Dartora et al. [3] enhances utility but remains sus-
ceptible to non-brain signals and fails to capture long-range structural depen-
dencies. Similarly, despite the advances in cross-domain adaptation introduced
by SynthBA [20], its reliance on rigid spatial transformations restricts the learn-
ing of natural anatomical variations. The ORDER loss function [22] addresses
regression toward the average but faces systematic bias at age boundaries. Fur-
thermore, voxel-level tasks [17] require immense computational resources for 3D
Transformers and rely on idealized aging assumptions. These limitations under-
score the necessity of a unified framework capable of capturing multi-scale varia-
tions while preserving both predictive accuracy and pathological interpretability.

We propose the Voxel-Cluster Density Attention (VCDA) mechanism to
quantify neurodegeneration through spatial-density variations. Our adaptive dual-
stream system integrates global UNet features [21,6] with local VCDA graphs
via a Multi-Edge Attention mechanism, inspired by [1]. This mechanism incor-
porates dot-product, Euclidean distance, and cosine similarity to prioritize diag-
nostic connectivity. By combining a Transformer [24] with Gated Fusion [5], the
model effectively captures early micro-scale changes. This approach accurately
identifies global and regional BAGs across 32 structures, enabling quantitative
stratification from MCI to AD.

The main contributions are: (i) the VCDA mechanism for enhanced sensitiv-
ity to early-stage neurodegeneration; (ii) a dual-stream architecture using Gated
Fusion and Multi-Edge Attention to capture complex inter-regional dependen-
cies; and (iii) a framework tracking global and regional BAG across 32 structures
to characterize pathological shifts in the AD-spectrum.

2 Methods

As shown in Fig. 1, our proposed model integrates global morphological features
with local voxel-cluster densities via a dual-stream gated fusion mechanism. Af-
ter optimization, the model estimates multi-scale BAG values to differentiate
between MCI and AD populations, thereby characterizing the neurodegenera-
tive continuum at both global and regional levels.

2.1 Voxel-Cluster Density Attention Mechanism

As illustrated in Fig. 2, conventional regional volume measures exhibit limi-
tations in tracking neurodegenerative progression due to inherent segmentation
noise. In small structures such as the Right Hippocampus, inaccuracies in bound-
ary delineation lead to suboptimal Dice scores (0.6188). Even in larger regions
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Fig. 1: Overview of the proposed VCDA-Net and its clinical application work-
flow.

like the Left Lateral Ventricle (0.8322), calculated volumetric metrics often mis-
represent the true anatomical volume, as they remain highly susceptible to in-
consistent segmentation masks.

To address this, regional saliency maps are generated from 3D feature maps
fi ∈ RH×W×D via Global Average Pooling (GAP), for each brain region in-
dex i ∈ {1, . . . , 32}. By deriving min-max normalized importance weights si =
Norm(GAP(fi)) ∈ [0, 1], we identify stable, high-intensity voxel clusters robust
to segmentation noise. These weights guide the selection of the top-K coordi-
nates Pi = {pm}Km=1, where p ∈ R3. Analysis in Fig. 2(c) confirms that increas-
ing K from 64 to 512 raises voxel density while maintaining spatial stability,
as evidenced by converged centroids. While K = 512 introduces some periph-
eral, low-significance voxels, the increased granularity at this scale captures finer
morphological details, ultimately yielding the optimal MAE as reported in Ta-
ble 1. Consequently, the VCDA mechanism utilizes Pi to build a local geometric
descriptor via a Gaussian-weighted Euclidean distance matrix Alocal

i ∈ RK×K

with entries amn = exp(−∥pm − pn∥2/2σ2), where σ is experimentally fixed at
10 to balance spatial decay. This matrix is processed to extract fine-grained ge-
ometric features hgeom

i ∈ R256. A ResNet-based stream extracts global features
hmorph
i ∈ R256, which are concatenated into hi = [hmorph

i ∥ hgeom
i ] ∈ R512 to

capture both morphological and geometric characteristics.
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(a) Right Hippocampus Analysis (b) Left Lateral Ventricle Analysis

Tri-planar Feature Saliency

Gaussian distance weight matrix creation
from top 128 voxels

Gaussian distance weight matrix creation
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Tri-planar Feature Saliency

(c) Voxel cluster density concentration from the center of mass with increasing K (Right Hippocampus)

Fig. 2: Quantitative analysis of regional segmentation and voxel den-
sity. (a, b) UNet predictions vs. ground truth for the Right Hippocampus and
Left Lateral Ventricle. (c) Cluster distribution across K scales; increasing K
raises density while maintaining spatial stability via tightly converged centroids.

2.2 Graph-based Structural Modeling
We represent the brain as a multi-attributed graph G = (V, E) with N = 32
nodes, corresponding to anatomical regions segmented by SynthSeg [2]. The edge
set E follows a k-NN topology (k = 10) in the latent space, where each edge (i, j)
incorporates an attribute vector eij = [hi · hj , ∥hi − hj∥2, cos(hi,hj)]

⊤. These
attributes comprise the dot product, Euclidean distance, and cosine similarity,
providing diverse relational perspectives among node embeddings. To priori-
tize diagnostic connections, a Multi-Edge Attention mechanism re-weights these
interactions as e′ij = Softmaxattr(W2(tanh(W1eij + b1)) + b2) ⊙ eij , where
the Softmax is computed across the attribute dimension to ensure weights for
the three features sum to one per edge. Node features are then updated via
GINEConv layers [11]:

h
(l+1)
i = MLP(l)

(1 + ϵ(l))h
(l)
i +

∑
j∈N (i)

ReLU(h
(l)
j +W(l)

e e′ij)

 (1)

This integration embeds multi-dimensional edge information directly into the
message-passing process to emphasize disease-specific connectivity.

2.3 Feature Aggregation and Gated Fusion
Following the graph-based message passing, we employ a Transformer Aggrega-
tion module to distill global structural markers from the final node embeddings
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{h(L)
i }32i=1 after L message-passing iterations. Through multi-head self-attention,

the model captures long-range dependencies across the 32 anatomical regions to
produce a topological aging descriptor strans ∈ R256. To integrate these regional
associations with global contextual priors, an Adaptive Gated Fusion mechanism
dynamically blends strans with the UNet Bottleneck embedding sbot ∈ R256 via
a learnable gating network:

sfused = g ⊙ ϕ1(strans) + (1− g)⊙ ϕ2(sbot), (2)

where g = Sigmoid(MLPgate([strans ∥ sbot])) denotes sample-specific gating
weights, and ϕ1, ϕ2 are linear projections. This strategy enables the model to
selectively emphasize either graph-derived relational patterns or global mor-
phological features. The final brain age prediction ŷ is obtained via an MLP
regression head applied to the fused representation sfused.

2.4 Multi-scale Age Prediction and Bias Correction

We employ a hierarchical framework to estimate brain age, followed by bias
correction [23] to mitigate regression-to-the-mean effects. For each region i ∈
{1, . . . , 32}, a Ridge decoder predicts the raw local age from node embeddings:

ŷrawi,local = Wridgeh
(L)
i + bridge. (3)

We prioritize Ridge regression over complex non-linear decoders to enhance
model stability and interpretability while preventing overfitting through L2 reg-
ularization. To ensure the BAG reflects true pathology, we apply a linear correc-
tion ŷcorr = (ŷraw − β)/α, where parameters are derived by fitting (ŷraw − y) =
β1y+β0 on the HC group (y denotes chronological age, α = 1+β1, and β = β0).
This procedure isolates pathological accelerated aging by decoupling systematic
prediction bias from true neurodegenerative-induced age advances. The final
multi-scale BAGs are defined as:

∆global = ŷcorrglobal − y, ∆i,local = ŷcorri,local − y. (4)

This strategy minimizes age-related bias, enabling standardized identification of
individuals exhibiting rapid neurodegeneration across clinical cohorts.

3 Experiments and results

3.1 Experimental Setup

Datasets. We utilized 1,710 structural MRI scans for normative modeling, defin-
ing this collection as the Multi-cohort Normative Dataset (MCN-Set). These
were aggregated from ABIDE [4] (427), ADNI [19] (146), PPMI [16] (201), IXI
[13] (449), and OASIS-1/-2 [15,14] (487; 90/397). To avoid longitudinal overlap
in OASIS-2, we selected unique baseline scans to ensure a balanced age distri-
bution (range: 6–97 years, mean±SD: 51.65 ± 25.70, sex: 849F/861M). Disease
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Table 1: Quantitative comparison between VCDA-Net and existing methods
on the MCN-Set. Best and second-best results are highlighted.

Methods MAE ↓ RMSE ↓ R2 ↑ r ↑
DenseNet121 [12] 6.27 ± 0.33 8.34 ± 0.44 0.90 ± 0.01 0.95 ± 0.01
ResNet50 [9] 8.16 ± 0.51 11.48 ± 0.81 0.80 ± 0.03 0.90 ± 0.01
SynthBA-G [20] 9.76 ± 0.60 13.77 ± 0.99 0.71 ± 0.05 0.90 ± 0.02
SynthBA-U [20] 10.89 ± 0.71 15.74 ± 1.10 0.62 ± 0.06 0.86 ± 0.02
Ordinal-DR [22] 5.14 ± 0.39 7.94 ± 0.72 0.90 ± 0.02 0.95 ± 0.01
Voxel-level BA [17] 6.96 ± 0.52 10.72 ± 1.23 0.80 ± 0.05 0.90 ± 0.02
MP-BA Net [3] 4.24 ± 0.33 6.78 ± 0.63 0.92 ± 0.02 0.96 ± 0.01
SFCN [18] 4.60 ± 0.30 6.49 ± 0.50 0.93 ± 0.01 0.97 ± 0.01
VCDA (K = 64) 5.34 ± 0.32 7.48 ± 0.57 0.92 ± 0.02 0.96 ± 0.01
VCDA (K = 128) 4.22 ± 0.32 6.55 ± 0.65 0.93 ± 0.01 0.97 ± 0.01
VCDA (K = 256) 4.05 ± 0.28 6.03 ± 0.42 0.94 ± 0.01 0.97 ± 0.01
VCDA (K = 512) 3.71 ± 0.31 6.21 ± 0.66 0.94 ± 0.01 0.97 ± 0.01

sensitivity was assessed using test sets from ADNI (427 MCI, 157 AD) and OA-
SIS (514 Clinical Dementia Rating [CDR] 0.5: 70/444; 187 CDR 1.0: 28/159).
These were evaluated against 257 independent Healthy Control (HC) samples,
enabling multi-scale BAG quantification for clinical stratification across the AD-
spectrum.

Implementation Details. The proposed framework was implemented in PyTorch
on an RTX 3090; sMRI scans were skull-stripped via SynthStrip [10] and resam-
pled to 1283. The model was optimized end-to-end for 300 epochs (Adam/Huber
loss) on a 70/15/15% data split. To preserve spatial features pre-trained on IXI,
differential learning rates were used: 10−5 for the UNet backbone and 10−3 for
remaining modules. Performance was validated via a 1,000-iteration bootstrap
(95% CI) on the fixed test set. For regional analysis, the model served as a fea-
ture extractor to compute ∆local, with significance and effect sizes assessed via
one-sample t-tests and Cohen’s d against a zero-deviation null hypothesis.

3.2 Performance Evaluation and Ablation Study

Performance Comparison. Our proposed model outperforms established base-
lines (Table 1), including DenseNet121 (6.27 ± 0.33), ResNet50 (8.16 ± 0.51),
SFCN (4.60 ± 0.30), and MP-BA Net (4.24 ± 0.33) in MAE. The high accu-
racy (r = 0.97, R2 = 0.94) confirms that integrating voxel-cluster features with
GNNs effectively captures complex aging patterns. We observe a performance
trade-off: K = 512 achieves the lowest MAE (3.71±0.31) via fine-grained details,
while K = 256 yields the optimal RMSE (6.03± 0.42), indicating better outlier
robustness. Thus, while higher densities enhance precision, moderate cluster-
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Table 2: Ablation studies of VCDA-Net on the MCN-Set.
Configuration MAE ↓ RMSE ↓ R2 ↑ r ↑
Edge Attributes
Euclidean dist. 4.42 ± 0.30 6.55 ± 0.51 0.93 ± 0.01 0.97 ± 0.01
Cosine sim. 5.82 ± 0.34 7.99 ± 0.52 0.90 ± 0.01 0.95 ± 0.01
Dot prod. 4.40 ± 0.30 6.60 ± 0.60 0.93 ± 0.01 0.97 ± 0.01
Multi-edge attn. 4.22 ± 0.32 6.55 ± 0.65 0.93 ± 0.01 0.97 ± 0.01
Attention Modules
Baseline 6.86 ± 0.38 9.01 ± 0.46 0.87 ± 0.01 0.94 ± 0.01
Baseline+(A) 6.58 ± 0.36 8.64 ± 0.44 0.88 ± 0.01 0.94 ± 0.01
Baseline+(B) 6.69 ± 0.38 8.88 ± 0.54 0.88 ± 0.02 0.94 ± 0.01
Baseline+(A)+(B) 4.22 ± 0.32 6.55 ± 0.65 0.93 ± 0.01 0.97 ± 0.01
Baselines
UNETR 5.27 ± 0.46 8.96 ± 0.96 0.88 ± 0.03 0.94 ± 0.01
Swin UNETR 4.76 ± 0.39 7.84 ± 0.90 0.91 ± 0.02 0.95 ± 0.01
UNet 4.22 ± 0.32 6.55 ± 0.65 0.93 ± 0.01 0.97 ± 0.01

Table 3: Statistical analysis of global BAG (∆global) across different cohorts.
Dataset Group Mean ± SD 95% CI
MCN-Set HC 0.00 ± 6.06 [−0.74, 0.74]
OASIS CDR 0.5 2.29 ± 7.65 [1.63, 2.95]

CDR 1.0 5.10 ± 8.06 [3.94, 6.27]
ADNI MCI 2.68 ± 5.25 [2.18, 3.18]

AD 4.09 ± 6.53 [3.06, 5.11]

ing stabilizes predictions, providing a more effective biomarker than traditional
voxel-level or global approaches.

Ablation Studies. Ablation experiments, conducted at K = 128 (Table 2), val-
idate the core components of our proposed model. The Multi-Edge Attention
mechanism achieves optimal performance (MAE = 4.22± 0.32, r = 0.97± 0.01)
by dynamically weighting structural covariance patterns. While VCDA (A) en-
sures feature stability, Morphological Attention (B) provides critical global con-
text; their synergy reduces MAE from 6.86 ± 0.38 to 4.22 ± 0.32. Notably, our
UNet-bottleneck backbone outperforms heavier models like UNETR [8] (MAE =
5.27± 0.46) and Swin UNETR [7] (MAE = 4.76± 0.39), demonstrating that a
streamlined architecture can balance high accuracy with interpretability without
the complexity of large Transformers.

3.3 Statistical Analysis of Brain Age Gaps

The statistical evaluation across clinical cohorts, summarized in Table 3, reveals
that the global BAG serves as a sensitive biomarker for cognitive decline. In the
MCN-Set, the HC group exhibits a mean ∆global of 0.00 ± 6.06 with a narrow
95% CI [−0.74, 0.74], confirming that the bias correction effectively eliminates
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Fig. 3: Comparison of regional brain age gaps (∆local) between AD and MCI
subjects across 32 anatomical regions defined by SynthSeg in the ADNI dataset.

system errors. We observe a progressive increase in ∆global linked to impairment
severity: in OASIS, the BAG rises from 2.29 ± 7.65 (CDR 0.5) to 5.10 ± 8.06
(CDR 1.0), while in ADNI, it increases from 2.68 ± 5.25 (MCI) to 4.09 ± 6.53
(AD). This global trend is further supported by regional BAG analysis, which
identifies distinct neuroanatomical signatures across the AD-spectrum.

As illustrated in Fig. 3, the most significant regional differentiators are local-
ized within the hippocampal and ventricular systems. Specifically, the Right and
Left hippocampi exhibit positive gaps (∆local) of 2.11±8.08 (p < .005, d = 0.26)
and 1.41 ± 6.65 (p < .009, d = 0.21) in the AD group, respectively, while the
MCI group remains relatively stable. Conversely, Right lateral ventricle expan-
sion is significantly elevated in both AD (3.94 ± 7.39, p < .001, d = 0.53) and
MCI (3.03 ± 6.91, p < .001, d = 0.44), suggesting that ventricular enlargement
accelerates during the disease transition. Other notable AD-specific deviations
include significant gaps in the Left caudate (5.63± 8.37, p < .001, d = 0.67) and
Left cerebral white matter (4.24 ± 9.24, p < .001, d = 0.46). Collectively, these
markers form a robust regional profile to distinguish pathological neurodegener-
ation from normal biological decline.

4 Conclusion

The proposed multi-scale framework achieves high predictive fidelity by inte-
grating global morphological features with regional VCDA geometric extraction,
Multi-Edge Attention, and Gated Fusion. This architecture effectively captures
pathological signatures, exemplified by hippocampal atrophy and ventricular ex-
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pansion, to facilitate precise clinical stratification from MCI to AD across the
neurodegenerative continuum. By localizing neurodegenerative changes to spe-
cific anatomical structures, the framework enhances model interpretability and
establishes a robust methodology for monitoring disease progression in clinical
research.
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