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Abstract — The Brain Age Estimation (BAE) project
has developed a machine learning framework that
predicts neurological age, or "brain age,” using
structural MRI data from large neuroimaging datasets
like IXI, ADNI, and UK Biobank. The system models
brain morphology changes, such as grey matter
volume and white matter integrity, to estimate brain
age and calculate the Brain Age Gap (BAG), the
difference between predicted and chronological age. A
positive BAG indicates accelerated aging, linked to
disorders like Alzheimer's and Parkinson's, while a
negative BAG suggests preserved brain health. The
pipeline includes automated feature extraction,
machine learning models like Relevance Vector
Regression, and cross-site validation. A Dash-based
dashboard with SHAP-driven explainability supports
clinical interpretation, and real-time prediction is
enabled through manual feature input. The system
achieves a mean absolute error of 3.8 years and a
correlation of r = 0.94, making it a potential clinical
decision-support tool.

Keywords — Brain Age Estimation, Brain Age Gap,
Structural MRI, Relevance Vector Regression, SHAP,
CAT12.8, Neuroimaging, Biomarker, Bias Correction,
Dash Dashboard.

L.Introduction

Aging is a complex biological process that affects
every organ, with the brain being particularly
vulnerable. Chronological age doesn't capture
individual variability in brain aging, leading to
differences in  neuroanatomical profiles and
susceptibility to  neurodegenerative  disorders.
Structural MRI has emerged as a powerful tool for
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quantifying brain morphology, enabling the extraction
of tissue-specific volumetric features.

The Brain Age Estimation (BAE) project aims to build
statistical models that infer biological brain age from
these features, calculating the Brain AgeGap (BAG)
the difference between predicted and chronological
age. An elevated BAG indicates  accelerated aging,
linked to conditions like Alzheimer's, Parkinson's, and
schizophrenia. Conversely, a reduced BAG suggests
neurological resilience, associated with positive
lifestyle factors like exercise and education.

Research has shown BAG to be a sensitive biomarker
for various clinical conditions. In Alzheimer's, patients
display BAG values 5-10 years above the mean,
reflecting cortical atrophy and hippocampal shrinkage.
Similar findings have been reported in Parkinson's,
type 2 diabetes, and HIV infection. BAG has also
been proposed as an endpoint measure for assessing
neuroprotective efficacy in clinical trials.

Despite its promise, brain age estimation faces
challenges like high-dimensional data, scanner-
specific variance, regression-to-the-mean artifacts,
and lack of model interpretability. This project
addresses these issues by developing an automated
pipeline, implementing regression models, and
building a cross-site validation framework. A bias
correction procedure ensures unbiased BAG
estimates, and an interactive Dash dashboard provides
real-time predictions and SHAP-based interpretability
visualizations.

The Research objectives include:
+ Developing an automated brain age estimation
pipeline using CAT12.8.
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+ Evaluating regression models like Relevance
Vector Regression and Linear Regression.

- Building a cross-site validation framework for
real-world deployment.

+ Implementing bias correction for unbiased
BAG estimates.

+ Creating an interactive dashboard for clinical
users.

By addressing these challenges, the BAE project aims
to provide a reliable and interpretable brain age
estimation tool, enabling clinicians to assess
neurological health and identify potential risks for
neurodegenerative disorders.

The system's accuracy is reflected in its mean absolute
error of 3.8 years and correlation of r = 0.94, making
it a potential clinical decision-support tool. By
providing transparent, region-level explanations, the
project aims to facilitate clinical adoption and trust in
model outputs.

IL.Literature Review

> The concept of brain age estimation was
introduced in pioneering work by Franke et al. (2010),
who applied Relevance Vector Regression to gray
matter volume features extracted from structural MRI
scans and demonstrated that the model could predict
chronological age with a MAE of approximately 5
years on a healthy cohort. This seminal study
established the foundational framework that has since
guided hundreds of follow-up investigations.

> Subsequent work by Franke & Gaser (2012)
extended this approach by introducing the term Brain
Age Gap (BAG) and demonstrating its clinical utility
in Alzheimer's disease populations. They observed
that patients with Alzheimer's disease showed
significantly elevated BAG values compared to age-
matched healthy controls, supporting the use of brain
age as a biomarker for neurodegenerative disease.

> Cole et al. (2015) further advanced the field
by incorporating a broader set of neuroimaging
features including cortical thickness, surface area, and
sub-cortical volumes from FreeSurfer and applying
both relevance vector machines and Gaussian Process
Regression. Their work demonstrated that enriching
the feature set beyond gray matter volume improved
prediction accuracy and increased the sensitivity of
BAG to clinical conditions.

> The application of deep learning to brain age
estimation marked a significant leap in prediction
accuracy. Peng et al. (2021) introduced a Simple Fully

Convolutional Network (SFCN) trained directly on
3D T1-weighted MRI volumes, bypassing the feature
extraction stage entirely. Trained on over 14,000
subjects from multiple datasets, their model achieved
a MAE of 2.14 years — substantially below the MAE
of 3-5 years typically reported for handcrafted feature-
based approaches.

> Lee et al. (2022) explored the use of Vision
Transformers (ViT) for brain age prediction,
demonstrating that attention-based architectures can
capture long-range spatial relationships in 3D MRI
volumes that convolutional networks may miss. Their
model showed improved performance on subjects
with unusual neuroanatomy, suggesting that attention
mechanisms may generalize better to out-of-
distribution cases.

> However, deep learning approaches come
with significant drawbacks: they require very large
training datasets (typically >5,000 subjects), demand
substantial computational resources (GPU clusters),
and provide even less interpretability than kernel-
based methods. For smaller clinical datasets and
transparency-demanding clinical settings, feature-
based approaches such as those implemented in this
project remain highly relevant and widely used.

> The regression-to-the-mean bias in brain age
models was formally characterized by de Lange &
Cole (2020), who provided a rigorous statistical
analysis of the phenomenon and proposed a
standardized correction procedure. They demonstrated
that naive BAG values computed without correction
exhibit a strong negative correlation with
chronological age a purely mathematical artifact of
regression rather than a biological signal and
proposed fitting a linear model of age vs. BAG and
subtracting the predicted bias from each estimate.

> Beheshti et al. (2019) evaluated multiple bias
correction strategies including linear regression,
polynomial regression, and non-parametric methods,
concluding that simple linear correction is sufficient
for most neuroimaging datasets and preferable due to
its transparency and reproducibility. This finding
informed the bias correction strategy adopted in this
project.

> Site effects in multi-site neuroimaging data
represent a major challenge for generalizability.
Johnson et al. (2007) introduced the Com-Bat
algorithm originally developed for genomic batch
effect correction and demonstrated its effectiveness in
removing scanner-related variance from neuroimaging

© 2026, ISJEM (All Rights Reserved) | www.isjem.com

| Page 2



7 X

\l;' IS.j-.EM ‘\’, International Scientific Journal of Engineering and Management (ISJEM)

\ii £ lourna ‘}’ Conference Proceedings: Volume: 05 ACME - 2026
_¥

ISSN: 2583-6129
DOI: 10.55041/ISJEM.ACMEO16

nﬂ"“’“m An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

feature vectors while preserving biological signals of
interest. Com-Bat has since become the de facto
standard for site harmonization in neuroimaging, and
is supported as an optional preprocessing step in this
project.

> Fortin et al. (2017) extended Com-Bat to
handle neuroimaging-specific issues such as non-
Gaussian distributions in cortical thickness and
volume data, and demonstrated that Com-Bat-
corrected data  yielded significantly = more
generalizable brain age models in leave-one-site-out
validation compared to uncorrected data.

> Bintsi et al. (2023) applied SHAP to a brain
age RVR model and identified a set of consistently
high-importance  brain regions including the
hippocampus, entorhinal cortex, inferior parietal
lobule, and caudate nucleus regions well-known to be
vulnerable to age-related atrophy. Their findings
validated the biological plausibility of SHAP
explanations for brain age models and supported their
clinical utility, directly motivating the SHAP
integration in this project's dashboard.

III.Existing System

Existing System is the Brain Age Estimation (BAE)
project uses machine learning to predict neurological
age from structural MRI data. It models brain
morphology changes to estimate brain age and
calculates the Brain Age Gap (BAG), indicating
accelerated or preserved aging. The system includes
automated feature extraction via CAT12.8, machine
learning models like Relevance Vector Regression,
and cross-site validation. A Dash-based dashboard
with SHAP-driven explainability supports clinical
interpretation. The system achieves a mean absolute
error of 3.8 years and a correlation of r = 0.94.

The existing Brain Age Estimation (BAE) project
represents a comprehensive approach to predicting
neurological age from structural MRI data. By
leveraging machine learning techniques, the system
models changes in brain morphology to estimate an
individual's brain age and calculates the Brain Age
Gap (BAG) the difference between predicted brain
age and chronological age from Figure 1:
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Figure 1: Neurological age of 18 months to 4years
from structural MRI data.

Automated Feature Extraction: The system utilizes
CAT12.8 for extracting relevant features from
structural MRI scans. This process captures tissue-
specific volumetric features at both whole-brain and
region-of-interest (ROI) levels, providing a
comprehensive set of morphological measures.

Machine Learning Models: The project implements
machine learning models such as Relevance Vector
Regression (RVR) for predicting brain age from the
extracted features. RVR provides a sparse kernel-
based approach that is well-suited for high-
dimensional neuroimaging data.

Cross-Site Validation: The system incorporates
rigorous cross-site validation strategies to assess
model generalizability across different neuroimaging
sites. This approach ensures that the model's
performance is robust and applicable to diverse
clinical populations.

SHAP-Driven Explainability: A key feature of the
system is its integration of SHAP (Shapley Additive
explanations) values for model interpretability. The
Dash-based dashboard provides clinicians with
region-level attribution values, enabling them to
understand which brain regions contribute most to the
predicted brain age.

IV.Proposed system

The proposed system plans several enhancements to
improve the Brain Age Estimation (BAE) research
case study capabilities and clinical applicability. These
enhancements aim to address current limitations,
leverage cutting-edge techniques, and ultimately
support early detection of neurological disorders and
personalized interventions from Figure:2.
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Figure 2: Brain Age Estimation (BAE) at the age of
4years.

Deep Learning Integration: The system plans to
incorporate 3D Convolutional Neural Networks
(CNNs) for raw Tl-weighted MRI analysis,
potentially improving accuracy with Mean Absolute
Errors (MAEs) below 2.5 years. This approach,
inspired by Peng et al. (2021), would eliminate the
need for handcrafted feature extraction and leverage
large datasets for enhanced performance. The
integration of CNNs would involve:

> Replacing traditional feature extraction
methods with CNN-based feature learning

> Utilizing architectures like Simple Fully
Convolutional Networks (SFCN) or Vision
Transformers (ViT)

> Training models on large-scale datasets (e.g.,
UK Biobank, ADNI) for improved generalizability
> Implementing transfer learning techniques to

adapt models to smaller clinical datasets

Longitudinal Tracking: The proposed system aims to
enable tracking Brain Age Gap (BAG) trajectories
over time for individual subjects. This would involve:
> Developing a longitudinal data schema to
store and manage multi-timepoint data

> Implementing time-series aware
preprocessing techniques to handle longitudinal MRI
data

> Designing trajectory visualization components
in the dashboard for clinical interpretation
> Applying statistical models to detect

significant changes in BAG trajectories

> Supporting detection of accelerated aging
onset and monitoring of treatment responses in
> clinical trial settings

Multi-Modal Integration: Combining structural MRI
features with other neuroimaging modalities including
diffusion MRI white matter tractography metrics,
resting-state fMRI functional connectivity matrices,
and PET amyloid and tau burden measurements is
expected to substantially improve brain age prediction
accuracy and clinical specificity. The system plans to
implement:

> Multi-modal feature fusion using late-fusion
ensemble strategies
> Multi-kernel Relevance Vector Regression

(RVR) for integrating diverse data types

> Techniques for handling missing modalities in
clinical datasets

> Analysis of modality-specific contributions to
prediction accuracy

EHR Integration: For clinical deployment, the
dashboard would integrate with institutional
Electronic Health Record (EHR) systems via HL7
FHIR APIs. This would enable:

> Automatic retrieval of subject demographics
and clinical history

> Linking brain age reports to patient records
for clinical decision-making

> Population-level retrospective analyses using
routinely collected clinical MRI data

> Support for cohort studies and
epidemiological analyses of brain aging patterns

> Compliance with healthcare regulations (e.g.,

HIPAA) for data security and privacy

Federated Learning: To enable model training across
multiple institutions without sharing sensitive patient
data, the project plans to explore federated learning
frameworks such as PySyft and NVIDIA FLARE.
This approach would:

> Allow collaborative model development
across institutions while preserving data privacy

> Implement secure aggregation techniques for
model updates

> Address challenges of data heterogeneity
across institutions

> Ensure compliance with data protection
regulations like GDPR and HIPAA
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V. Feature Scope

The future of the Brain Age Estimation project holds
exciting possibilities, with several planned extensions
poised to enhance its capabilities and clinical
applicability.

One key area of focus is the integration of 3D
Convolutional Neural Networks (CNNs) that operate
directly on raw TIl-weighted MRI volumes,
eliminating the need for handcrafted feature
extraction. Recent studies have shown that Simple
Fully Convolutional Networks can achieve Mean
Absolute  Errors (MAEs) below 2.5 years,
outperforming traditional feature-based approaches. A
hybrid architecture combining CNN-based feature
extraction with the current bias correction and SHAP
infrastructure would be a significant step forward,
another crucial extension is longitudinal brain age
tracking, which would enable the detection of
accelerated aging onset and monitoring of treatment
responses in clinical trial settings. This would require
developing a longitudinal data schema, time-series
aware preprocessing, and trajectory visualization
components in the dashboard.

The project also plans to incorporate multi-modal
integration, combining structural MRI features with
other neuroimaging modalities like diffusion MRI,
resting-state fMRI, and PET amyloid and tau burden
measurements. This would substantially improve
brain age prediction accuracy and clinical specificity.

For clinical research deployment, the dashboard will
need to integrate with institutional Electronic Health
Record (EHR) systems via HL7 FHIR APIs, enabling
population-level retrospective analyses and revealing
new epidemiological insights into brain aging
patterns. To address data privacy concerns, the project
will explore federated learning frameworks like Py-
Syfy and NVIDIA FLARE, allowing model training
across multiple institutions without sharing sensitive
patient data. These planned extensions will transform
the Brain Age Estimation project into a powerful tool
for neuroscience research and clinical applications,
enabling early detection of neurological disorders and
personalized interventions. The project's emphasis on
transparency, interpretability, and scalability positions
it for significant impact in the field of neurogaming
research and healthcare.

VI. Conclusion

The Brain Age Estimation project marks a significant
leap in neuroimaging, machine learning, and clinical
research. By integrating automated feature extraction,
Bayesian regression, bias correction, and interactive
visualization, it establishes a transparent approach to
studying neurogaming. The system's performance,
with a mean absolute error of 3.80 years and robust
generalizability, highlights its readiness for real-world
research applications.

The research of SHAP-based explainability
framework addresses the pressing challenge of clinical
Al interpretability, providing region-level attribution
values that clarify prediction drivers. This
transparency builds clinical trust and enhances
scientific understanding, paving the way for
healthcare adoption, its modular architecture ensures
adaptability and scalability, allowing seamless
integration of future innovations. This design makes
the framework future-proof, supporting ongoing
research and clinical validation studies. By
transforming complex neuroimaging data into
actionable insights, the project empowers researchers
to explore brain aging trajectories and equips
clinicians with early detection tools for neurological
conditions. Its emphasis on transparency and
interpretability bridges advanced computational
methods with practical applications in neuroscience
and healthcare. Brain Age Estimation project is a
comprehensive, innovative, and clinically relevant
framework that advances neurogaming science and
lays the groundwork for precision diagnostics. It
improves neurological health outcomes and deepens
our understanding of the aging brain, standing as a
foundation  for  trustworthy  applications in
neuroscience and healthcare.
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