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Abstract: Brain age estimation using deep learning provides a sensitive holistic biomarker of neurodegeneration, but conventional models
generally compress a complex three-dimensional MRI scan into a single global age estimate. This paper proposes an explainable artificial
intelligence (XAI) framework that extends brain age estimation to voxel-level Brain Age Gap (VBAG) mapping for differential
characterization of Alzheimer’s disease (AD) and Parkinson’s disease (PD). A three-dimensional fully convolutional network (3D-FCN) is
trained on cognitively healthy participants to learn normative structural aging patterns from T1-weighted MRI. A localized bias-correction
procedure is then applied to reduce age-dependent regression-to-the-mean effects. The corrected model is evaluated on ADNI and PPMI
cohorts, and three-dimensional Grad-CAM is used to identify anatomical regions that contribute to accelerated brain-age predictions. The
proposed analysis retains the paper’s reported global Brain Age Gap results and downstream support vector machine (SVM) classification
results, while interpreting them in the context of established neuroanatomical evidence. The framework is designed to distinguish disease-
specific spatial patterns that may be obscured by a single global brain-age score. The reported maps emphasize medial temporal and
hippocampal regions in AD and subcortical/brainstem structures in PD. The approach therefore aims to bridge predictive accuracy and
anatomical interpretability in computational neuroimaging.
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I. INTRODUCTION

Neurodegenerative disorders constitute a major and growing challenge for neurological and public-health systems.
Alzheimer’s disease (AD) and Parkinson’s disease (PD) are clinically distinct disorders, yet both produce progressive structural
and functional brain changes that can be difficult to quantify reliably at early stages. AD is associated with characteristic cortical
and medial-temporal neurodegeneration, including hippocampal and entorhinal abnormalities, whereas PD is strongly associated
with degeneration of dopaminergic neurons in the substantia nigra and pathology involving a-synuclein and connected subcortical
systems (Jack et al., 2018; Goedert et al., 2013; Park et al., 2025).

Structural magnetic resonance imaging (MRI) is particularly valuable because it provides non-invasive, high-resolution
anatomical measurements that can be repeated longitudinally. In AD, hippocampal atrophy is among the best studied structural
imaging biomarkers and has been associated with cognitive decline and disease progression (Morra et al., 2009; Fraser et
al., 2015). In PD, structural MRI may show more subtle and distributed abnormalities, making automated quantitative analysis
attractive for detecting patterns that are difficult to identify from visual inspection alone.

1.1 Brain Age as a Neuroimaging Biomarker

The concept of brain age reframes structural neuroimaging as a prediction problem. A model is trained using healthy
participants to estimate chronological age from brain structure. The difference between predicted brain age and chronological age
is commonly termed the Brain Age Gap (BAG). Deep-learning approaches have demonstrated that chronological age can be
predicted from structural neuroimaging with useful reliability, supporting the concept of brain-predicted age as a biomarker of
biological brain aging (Cole et al., 2017).

A conventional global BAG is informative because it provides a continuous measure rather than a binary diagnostic label.
However, the same global age acceleration can arise from different anatomical processes. A scalar prediction therefore loses the
spatial information needed to ask where accelerated aging is occurring. This limitation is particularly important when comparing
disorders such as AD and PD, whose characteristic neuroanatomical patterns are not identical.

1.2 Research Gap
The central methodological gap addressed by this paper is the mismatch between the spatial richness of MRI and the scalar
output of many brain-age models. The proposed voxel-level Brain Age Gap framework attempts to preserve spatial information
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by estimating localized aging-related deviations and then using explainability methods to identify the regions that contribute to
model predictions. This is conceptually aligned with the broader goal of explainable medical Al: explanations should make model
behavior more inspectable while remaining grounded in domain knowledge (Selvaraju et al., 2017).

1.3 Objectives and Contributions

o Develop a 3D fully convolutional architecture for structural MRI-based brain-age prediction.

e Establish a normative healthy-aging baseline and apply localized bias correction to reduce systematic age-dependent
prediction error.

e Generate voxel-level relevance maps using three-dimensional Grad-CAM to visualize anatomical contributions to
predicted age acceleration.

e Characterize differences between AD and PD in terms of spatially localized accelerated-aging patterns.

e Use voxel-level feature maps in a downstream SVM classifier for multi-class differentiation among healthy controls, AD, and
PD.

e Discuss the clinical and methodological limitations that must be addressed before translation to routine diagnostic practice.

I1.BACKGROUND AND RELATED WORK
2.1 Alzheimer’s Disease Neuroanatomy
Alzheimer’s disease is associated with progressive neuronal and synaptic loss and characteristic pathological accumulation
of amyloid-p and tau. From a structural neuroimaging perspective, medial-temporal structures are especially important.
Longitudinal MRI studies have demonstrated progressive hippocampal volume loss in AD, with higher rates of loss than in healthy
aging and mild cognitive impairment (Morra et al., 2009). Reviews of AD neuroimaging likewise identify hippocampal formation
and entorhinal cortex abnormalities as important structural markers (Fraser et al., 2015; Jack et al., 2018).

2.2 Parkinson’s Disease Neurobiology

Parkinson’s disease involves degeneration of nigrostriatal dopaminergic systems together with broader pathological
processes. a-synuclein is a central component of Lewy pathology, although the biology of PD is heterogeneous and includes
multiple molecular and clinical trajectories (Goedert et al., 2013; Calabresi et al., 2023; Park et al., 2025). This heterogeneity is
important when interpreting structural MRI patterns: a computational model should not be assumed to capture a single universal
PD trajectory.

2.3 Brain-Age Prediction and Explainability

Brain-age prediction has developed from conventional regression and machine-learning models toward deep neural
networks that can learn representations directly from imaging data. Cole et al. (2017) demonstrated the feasibility of predicting
brain age from raw imaging data using deep learning. Explainability methods such as Grad-CAM can then provide spatial
visualizations of features contributing to a model output (Selvaraju et al., 2017). Importantly, Grad-CAM should be treated as a
model-relevance technique rather than as direct proof of causal pathology.

IHHILMATERIALS AND METHODS
3.1Dataset Cohorts
The study design described in the source manuscript combines a normative healthy-aging training cohort with two
target clinical cohorts. The Alzheimer’s Disease Neuroimaging Initiative (ADNI) is a longitudinal, multi-center observational
study designed to support biomarker validation in Alzheimer’s disease research (ADNI, n.d.). The Parkinson’s Progression
Markers Initiative (PPMI) provides deeply phenotyped longitudinal data for Parkinson’s disease research (PPMI, n.d.). The
source manuscript additionally identifies UK Biobank/IX1 as the normative training sources.

Cohort Role Dataset Source Target Population Sample Size Reported in
Source
Normative UK Biobank / IXI Cognitively healthy controls Not specified in source
Training
Target Evaluation 1 ADNI MCI and Alzheimer’s disease Not specified in source
Target Evaluation 2 PPMI Early to advanced Parkinson’s Not specified in source
disease

Note. The source manuscript contains incomplete sample-size fields in the cohort table; these have not been invented or
inferred.

3.2 MRI Preprocessing

A deterministic preprocessing pipeline is proposed for T1-weighted structural MRI. First, N4 bias-field correction is
applied to reduce low-frequency intensity inhomogeneity. N4ITK is a widely used improvement over N3 bias correction for
MRI intensity non-uniformity (Tustison et al., 2010). Second, images are spatially normalized to a common standard space.
The manuscript specifies affine registration using FSL FLIRT followed by nonlinear registration using FNIRT or SPM12.
This sequence is methodologically reasonable because linear registration provides initial alignment while nonlinear
registration can model local anatomical differences (Jenkinson et al., 2002).

Third, tissue segmentation is used to derive gray-matter, white-matter, and cerebrospinal-fluid probability maps.
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Fourth, volumes are cropped around the brain mask and resampled to a uniform input matrix. These operations reduce
irrelevant background and standardize the tensors presented to the 3D network. Exact voxel dimensions and resampling
parameters should be reported in the final experimental protocol so that the study is reproducible.

3.3 3D Fully Convolutional Network

Because structural MRI is inherently three-dimensional, the proposed model uses a 3D fully convolutional network
rather than processing individual two-dimensional slices. The input volume specified by the manuscript is 160 x 192 x 160
voxels. The encoder contains repeated 3D convolution, batch normalization, LeakyReLU, and max-pooling operations. A
global average pooling layer produces a latent representation, followed by a convolutional regression head that outputs a scalar
predicted brain age.
The model is optimized using mean absolute error (MAE):

MAE = (1/N) % |5 — v

where y; is chronological age and §i is predicted brain age for participant i. MAE is straightforward to interpret in years

and is less sensitive to extreme errors than squared-error objectives.

3.4 Brain Age Gap and Bias Correction
The raw Brain Age Gap is defined as the difference between predicted brain age and chronological age:
BAG; =y — y

Brain-age models can exhibit systematic regression-to-the-mean behavior, with younger participants tending to be
predicted too old and older participants tending to be predicted too young. The source manuscript therefore proposes fitting
an ordinary least-squares relationship in the healthy validation cohort:

y=ay+hb

The corrected prediction can then be expressed as §_corrected = (¥ — b)/a, provided that the estimated slope a is non-
zero. The corrected BAG is calculated as §_corrected — y. The manuscript’s central rationale is that the healthy baseline should
be centered near zero after correction, thereby reducing chronological-age confounding. Any final implementation should
report the fitted slope, intercept, validation procedure, and uncertainty estimates.

3.5 Explainable Al: 3D Grad-CAM

Grad-CAM generates a class- or output-specific localization map from gradients flowing into the final convolutional
feature maps. The method was introduced to make convolutional neural-network decisions more interpretable by highlighting
spatial regions that contribute to a target output (Selvaraju et al., 2017). In this study, the approach is extended to three-
dimensional MRI feature maps. The resulting relevance maps are interpreted as model-attention evidence and not as direct
measurements of amyloid, tau, a-synuclein, or neuronal loss.

3.6 Downstream Classification

Voxel-level feature maps are flattened and supplied to a lightweight support vector machine (SVM) for multi-class
classification of healthy controls, AD, and PD. The purpose of this stage is to test whether spatially resolved brain-age features
contain disease-discriminative information that is not retained by a single global BAG value. Classification performance is
reported using accuracy, precision, recall/sensitivity, and area under the receiver operating characteristic curve (AUC-ROC).

IV.RESULTS
4.1 Normative Brain-Age Performance
According to the source manuscript, the model achieved a mean absolute error of 3.82 years on the independent healthy
validation set after bias correction. The manuscript describes this as a competitive normative baseline and reports that the correction
reduced age-related prediction bias. The exact coefficient of determination and target threshold values are not fully recoverable
from the source text and should therefore be supplied from the original experiment before publication.

4.2 Global Brain Age Gap

The source manuscript reports that both clinical groups exhibited higher global BAG values than healthy controls, while
the AD and PD distributions showed substantial overlap. This overlap is central to the paper’s argument: a global brain-age score
can indicate accelerated aging without identifying the anatomical distribution responsible for that acceleration.

Cohort N Mean Chronological Age | Mean Global BAG 95% ClI
Healthy Controls (HC) 400 Not reported +0.12 years Not reported
Parkinson’s Disease (PD) 412 Not reported +4.85 years Not reported
Alzheimer’s Disease (AD) 524 Not reported +8.31 years Not reported

Note. Numerical values are reproduced from the supplied manuscript. Missing age and confidence-interval fields were not inferred.

4.3 Voxel-Level Topography
The manuscript reports distinct spatial patterns in the Grad-CAM-derived accelerated-aging maps. In AD, high-intensity
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activation was concentrated in bilateral medial temporal and hippocampal regions. This finding is consistent with established MRI
evidence that hippocampal and medial-temporal degeneration is prominent in AD (Morra et al., 2009; Fraser et al., 2015).

In PD, the reported activation shifted toward subcortical and brainstem structures, including regions surrounding the
substantia nigra, putamen, and basal ganglia. These findings are biologically plausible given the involvement of nigrostriatal
dopaminergic systems and broader a-synuclein-associated pathology in PD (Goedert et al., 2013; Calabresi et al., 2023).
Nevertheless, the model-derived localization should not be equated with pathological confirmation.

4.4 Downstream Classification Performance

Target Differentiation Accuracy Precision Recall / Sensitivity AUC-ROC
HC vs. AD 94.2% 93.4% 95.1% 0.97
HC vs. PD 92.8% 91.9% 93.6% 0.95
AD vs. PD 91.5% 90.8% 92.2% 0.94
Overall Multi-Class 92.9% 92.0% 93.6% 0.95

The source manuscript reports high classification performance across the three pairwise comparisons and the overall multi-
class task. Because the present revision is based on the supplied manuscript rather than newly executed model training, these
performance values should be regarded as manuscript-reported results and should be verified against held-out evaluation data,
confidence intervals, and subject-level split procedures before submission to a peer-reviewed venue.

V.DISCUSSION
5.1 Neurological Interpretation

The principal conceptual contribution of the framework is the attempt to move from global brain-age estimation to spatially
localized biological-age deviation. In AD, the reported medial-temporal and hippocampal emphasis is concordant with the
established structural phenotype of AD. Hippocampal volume loss and accelerated atrophy have been repeatedly associated with
AD progression and cognitive decline (Morra et al., 2009; Jack et al., 2018).

The reported PD pattern is also anatomically plausible, but it requires more cautious interpretation. PD is not simply a
single-region disorder: substantia-nigra degeneration occurs within a broader network involving basal-ganglia circuitry, brainstem
systems, cortical networks, and non-motor pathways. Contemporary reviews emphasize the complexity and heterogeneity of a-
synuclein pathology, including possible brain-first and body-first trajectories (Calabresi et al., 2023; Park et al., 2025).
Accordingly, a model that emphasizes subcortical or brainstem structures may be capturing valid disease-related information, but
the precise biological interpretation should be validated independently.

5.2 Why Voxel-Level Mapping Matters

The reported overlap in global BAG between AD and PD illustrates a fundamental limitation of scalar biomarkers. Two
patients may have similar global age acceleration but different regional distributions. Preserving spatial information gives the
downstream classifier access to the topology of neurodegeneration rather than only its aggregate magnitude.

This distinction is also relevant to clinical interpretability. A global statement such as 'the brain appears eight years older’
does not reveal whether the model relied on hippocampal, frontal, ventricular, cerebellar, or subcortical features. A spatial map
provides a more inspectable intermediate representation that can be compared with established neuroradiological patterns.

5.3 Comparison With Existing Brain-Age Approaches

Earlier brain-age studies established the feasibility and reliability of predicting chronological age from structural imaging
(Cole et al., 2017). Subsequent work has examined brain-age deviation as a biomarker associated with disease and aging. The
present framework differs principally in its emphasis on spatial decomposition: rather than treating BAG as a single scalar, it seeks
to represent accelerated aging across the brain and use those localized features for disease differentiation.

5.4 Explainability and Clinical Trust

Explainability is useful only when explanations are interpreted appropriately. Grad-CAM can indicate which feature-map
regions contribute to a model output, but it does not establish causality. A highlighted hippocampal region, for example, may be
strongly associated with the prediction because it contains correlated structural features, not because the model has learned the
molecular mechanism of AD. Therefore, XAl maps should be validated against independent anatomical measurements and, where
possible, pathological or multimodal biomarkers (Selvaraju et al., 2017).

5.5 Methodological Strengths

Use of three-dimensional spatial information rather than independent two-dimensional slices.
Normative training on healthy participants before clinical evaluation.

Explicit correction of age-dependent regression bias.

Integration of model explainability with anatomical interpretation.

Use of spatial features for downstream multi-disease classification.

Potential scalability to longitudinal and multimodal neuroimaging.
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5.6 Limitations

e The supplied manuscript contains incomplete cohort metadata, including missing sample-size fields in the methods table and
missing chronological-age and confidence-interval values in the results table.

e The numerical performance results are presented as completed experimental results, but the supplied document does not provide
sufficient information to independently reproduce the training, validation, and test splits.

e Scanner manufacturer, field strength, acquisition protocol, and site distribution are not fully reported, limiting assessment of
domain shift and generalizability.

e Clinical diagnoses are imperfect proxies for underlying pathology; pathology-confirmed cohorts would provide stronger
biological validation.

e AD and PD are heterogeneous disorders, so a single diagnostic label may conceal clinically and biologically meaningful
subtypes.

e Grad-CAM identifies model-relevant regions but does not prove causal disease mechanisms.

o High-dimensional voxel-level features may create overfitting risk if dimensionality reduction, nested validation, and strict
subject-level separation are not implemented.

5.7 Future Directions

Future research should prioritize external validation across independent institutions, scanner platforms, field strengths, and
demographic groups. Harmonization and domain-adaptation strategies may reduce site-related distribution shifts. Longitudinal
models could further estimate individual trajectories of regional brain aging rather than relying on a single cross-sectional scan.
Multimodal integration is another important direction. Structural MRI could be combined with PET, diffusion imaging, functional
MRI, susceptibility-sensitive imaging, cerebrospinal-fluid biomarkers, blood-based biomarkers, cognitive assessments, and
genetic information. Such integration may improve both predictive performance and biological interpretability.

Finally, future explainability studies should compare Grad-CAM with complementary methods such as Integrated
Gradients, SHAP, or layer-wise relevance propagation, together with uncertainty estimation. A clinically useful system should
communicate not only where the model is attending, but also how confident the prediction is and when the model should defer to
human review

VI.CONCLUSION

This study presents a voxel-level explainable brain-age framework for characterizing Alzheimer’s and Parkinson’s
pathologies from structural MRI. The proposed combination of a 3D fully convolutional network, localized bias correction, voxel-
level Brain Age Gap mapping, Grad-CAM visualization, and downstream SVM classification is designed to preserve anatomical
information that is lost when brain age is represented only as a single scalar.

Within the results reported in the supplied manuscript, AD demonstrates stronger medial-temporal and hippocampal
localization, whereas PD demonstrates stronger subcortical and brainstem localization. These patterns are broadly consistent with
established neuroanatomical knowledge, but they should be interpreted as model-derived evidence rather than pathological proof.
The reported classification performance is promising, yet rigorous external validation, complete cohort metadata, uncertainty
analysis, and reproducible subject-level evaluation are necessary before clinical claims can be made.

Overall, the framework provides a useful research direction for interpretable neuroimaging Al: rather than asking only
whether a brain appears older than expected, it asks where accelerated aging is occurring and whether its spatial organization
differs between neurodegenerative disorders. This spatial perspective may support future work in differential diagnosis,
longitudinal monitoring, patient stratification, and precision neurology.
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