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Abstract

Machine learning, when combined with advanced neuroimaging such as three-dimensional
Magnetic Resonance Imaging (MRI), has opened new possibilities for understanding brain
health and disease. Among MRI modalities—structural MRI (sMRI), functional MRI (fMRI),
and Diffusion Tensor Imaging (DTI)—sMRI is most widely applied in machine learning
research, as it provides detailed measures of cortical thickness, gray matter volume, and
subcortical anatomy.

Despite significant progress, existing brain age estimation methods face three persistent
challenges: limited predictive accuracy across diverse age groups, insufficient interpretability
of model predictions, and a lack of fairness in mitigating demographic biases such as age-
related bias. These gaps restrict the utility of brain age as a reliable biomarker in both
research and clinical settings.

This thesis addresses these limitations by developing new approaches for brain age
estimation from sMRI, aiming to improve accuracy, enhance interpretability, and incorporate
fairness. To this end, I compiled several large-scale sMRI datasets and proposed three
models: the Nonlinear Age-Adaptive Ensemble (nl-AAE), the Triamese Vision Transformer
(Triamese-ViT), and the Democratic Al framework (u-DemAl).

The nl-AAE improves predictive accuracy by dynamically weighting multiple base learners
according to age groups, achieving a mean absolute error (MAE) of 3.19 years (r = 0.95). The
Triamese-ViT leverages three orthogonal MRI views and integrates built-in interpretability,
meaning that its attention mechanisms generate explanatory maps directly during the
prediction process. These intrinsic explanations, validated against conventional explainable
AT (XAI) techniques, highlight age-related and ASD-related brain regions consistent with
established clinical findings. The u-DemAl framework extends beyond predictive performance
by incorporating user personalization into the framework, enabling community-driven model
updates and explicitly addressing fairness—particularly reducing age-related bias (ageism)
in predictions.

Taken together, these contributions advance the state of the art in brain age estimation
by combining accuracy, interpretability, and fairness. More broadly, this work demonstrates
how democratic principles can be embedded into machine learning frameworks to promote
equitable, transparent, and socially responsible applications in neuroscience and clinical
practice.
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Chapter 1

Introduction

1.1 Background

The global increase in aging populations poses signi cant challenges across medical, economic,
and societal spheres. Notably, aging is closely associated with declines in cognitive
functions and heightened prevalence of neurodegenerative disorders, which together represent
considerable burdens for both healthcare systems and a ected individuals (Reeve, Simcox,
and Turnbull, 2014; R. Jiang, P. Chazot, et al., 2022). Consequently, accurate understanding
and prediction of brain aging processes have emerged as vital research priorities within life
sciences and biomedicine, holding substantial implications for early disease detection, risk
assessment, and interventions aimed at reducing cognitive decline (Cole and Franke, 2017).

Biological aging is marked by the gradual accumulation of adverse biological changes,
leading to progressive deterioration in physiological functions. Brain aging, in particular, is
associated with structural and functional alterations that impact cognition and mental health.
Studies have shown that age-related changes include reductions in brain volume, particularly
in the prefrontal cortex, hippocampus, and insular cortex|regions essential for memory,
planning, and decision-making (Groves et al., 2012; Storsve et al., 2014; Fjell, Walhovd,
et al.,, 2009). Concurrently, the degradation of white matter integrity (Raz and Rodrigue,
2006) and the increase in the volume of the ventricular system and intracranial cerebrospinal
uid further contribute to cognitive decline (Courchesne et al., 2000; Good et al., 2001;
Raz and Rodrigue, 2006). In some cases, neurodegenerative diseases such as Alzheimer's
are characterized by abnormal amyloid-beta plaques (Sadigh-Eteghad et al., 2015) and tau
protein tangles (Binder et al., 2005), accelerating neuronal degeneration.

In response to the growing incidence of disabling, albeit non-fatal conditions such as
dementia and cognitive deterioration associated with population aging, there is an urgent
need to elucidate the underlying relationships between the mechanisms of brain aging and
the progression of neurodegenerative diseases. E ective methodologies must be developed
for early identi cation of individuals at heightened risk of age-associated neurological
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deterioration, continuous monitoring of disease progression, and implementation of targeted
therapeutic interventions.

Age-related structural and functional brain changes signi cantly contribute to the
etiology of various neurological conditions. The divergence between biological brain age
and chronological age oers a potential biomarker for assessing vulnerability to health
complications across di erent life stages. One prominent approach in brain aging research
is brain age estimation (Figure 1.1), a technique that uses neuroimaging data to predict an
individual's brain age based on characteristic age-related patterns. The deviation between
predicted brain age and chronological age, commonly referred to as the brain age gap
(BAG), has emerged as a signi cant biomarker for neurological and psychiatric disorders,
including Alzheimer's disease (Beheshti, Maikusa, and Matsuda, 2018), psychosis (Chung
et al., 2018), mild cognitive impairment (Gaser et al., 2013), and depression (Han et al.,
2021). An elevated brain age gap typically indicates a higher likelihood of neurodegenerative
disorders and increased mortality, underscoring its diagnostic and prognostic value (Cole
and Franke, 2017; Cole, Ritchie, et al., 2018). In recent decades, advances in data-driven
methodologies|particularly machine learning models applied to magnetic resonance imaging
(MRI) scans|have greatly enhanced brain age estimation. These models commonly employ
supervised regression trained on neuroimaging data from cognitively healthy individuals
to map brain-derived features to chronological age, and then predict brain age in unseen
cases. Deviations from normative trajectories serve as indicators of brain health: a positive
BAG re ects an older-appearing brain and is associated with pathological alterations and
mortality risk, whereas a negative BAG suggests comparatively preserved cognitive function
(Cole and Franke, 2017). Beyond its diagnostic utility, brain age estimation has also shed
light on lifestyle and environmental in uences on cognitive aging, demonstrating protective
e ects of higher education and physical activity (Ste ener et al., 2016), as well as practices
such as meditation, in maintaining cognitive resilience (Luders, Cherbuin, and Gaser, 2016).
Together, these ndings establish brain age estimation as a valuable framework for both
disease detection and preventive strategies that promote healthy aging.

Brain age estimation also plays a signi cant role in medicine research and development,
particularly in clinical trials, which are fundamental to clinical science (Bzdok, Varoquaux,
and Steyerberg, 2021; J. A. Sidey-Gibbons and C. J. Sidey-Gibbons, 2019). Many
pharmaceutical companies worldwide are actively engaged in the development of medications
for age-related diseases. However, the therapeutic e ects of these treatments are often not
immediately discernible, making it challenging for clinicians to assess their e cacy in the
short term. Even experienced physicians may nd it di cult to determine whether a drug
has yielded the desired e ects, as its impact on the aging process may take years to manifest.
This prolonged evaluation period complicates data collection for pharmaceutical companies,
ultimately hindering progress in the development of therapeutics for age-related conditions
(J. A. Sidey-Gibbons and C. J. Sidey-Gibbons, 2019).

Brain age estimation provides an alternative approach to addressing this challenge by
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Figure 1.1: The brain age estimation process. MRIs serve as input to the deep learning
models, which then predict the subjects' ages based on these images. These predicted ages are
compared with the subjects' actual chronological ages to calculate key indicators, notably the
brain age gap (predicted age minus chronological age). This brain age gap can be instrumental
in detecting various brain diseases and assessing medicine interventions.

facilitating the continuous monitoring of drug e ects through changes in predicted brain age
over time (J. A. Sidey-Gibbons and C. J. Sidey-Gibbons, 2019). It leverages hierarchical
feature representations in an end-to-end manner to capture subtle neuroanatomical changes
(Cole and Franke, 2017). Empirical studies have shown that the discrepancy between
predicted brain age and chronological age is minimal in cognitively healthy individuals (Cole
and Franke, 2017; Luders, Cherbuin, and Gaser, 2016; Cole, Ritchie, et al., 2018). Brain age
estimation enables pharmaceutical companies to conduct real-time follow-ups from the onset
of treatment, allowing for timely assessments of drug e cacy and expediting the collection
of patient data.

It is important to emphasize that the validity of interpreting brain age ndings
fundamentally depends on the robustness of the employed brain age estimation framework.
Indeed, a highly precise brain age estimation framework can produce more reliable and
clinically meaningful results. Consequently, developing increasingly accurate frameworks for
estimating brain age is crucial, prompting numerous research groups to pursue enhancements
by leveraging various machine learning approaches. Alongside conventional machine learning
methods utilized in brain age estimation (Beheshti, Ganaie, et al., 2021; Ganaie, Tanveer, and
Beheshti, 2024; Ganaie, Muhammad Tanveer, and Beheshti, 2022), deep learning has recently
emerged as a prevalent methodology within the neuroimaging domain, being extensively
applied to diverse tasks such as segmentation, lesion detection, and classi cation (Sajedi and
Pardakhti, 2019). A signi cant advantage of deep learning techniques lies in their inherent
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capability to integrate feature extraction, dimensionality reduction, and predictive modeling
within a uni ed computational architecture, enabling superior performance compared to
traditional machine learning models|particularly when analyzing highly complex datasets.
Accordingly, deep learning has increasingly become the method of choice in brain imaging
research, and the quantity of deep learning-driven neuroimaging investigations has exhibited
substantial and consistent growth over the past decade (Sajedi and Pardakhti, 2019).

1.2 Scope and Boundaries of the Research

1.2.1 Research Questions and Hypotheses

This research is guided by three main questions:

1.

Can novel deep learning models improve the accuracy of brain age estimation from
sMRI compared with existing state-of-the-art approaches?

How can model interpretability be enhanced to identify brain regions associated with
normal aging and to analyze di erences between individuals with ASD and healthy
controls?

Fairness in model prediction refers to ensuring that the model's predictive performance
remains consistent across di erent sub-populations, thereby preventing unequal treat-
ment of particular groups. In the context of brain age prediction, fairness is most
directly related to mitigating ageismithat is, avoiding systematic overestimation or
underestimation of brain age for speci ¢ chronological age groups. So, can fairness be
incorporated into brain age estimation?

Can a democratized Al framework be developed, which enables community involvement
in model optimization while embedding fairness and promoting social values?

Based on these questions, the research advances the following hypotheses:

A

Deep learning models with novel architectures will achieve lower prediction errors than
current leading models.

Built-in interpretability mechanisms in the model will provide reliable insights into
regional brain changes associated with aging and ASD diagnosis.

By considering fairness in the models, they will reduce performance disparities across
demographic subgroups.

A democratized Al system can enhance accessibility, fairness, and societal impact by
integrating user participation into the continuous optimization process.

4
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1.2.2 Research Objectives

The aim of this dissertation is to advance brain age estimation through methodological
innovation, interpretability, fairness, and social applicability. The speci c objectives are
as follows:

1. To design and implement novel deep learning models for brain age prediction based on
SMRI, achieving higher accuracy than existing models.

2. To develop a built-in interpretability approach within the model, enabling direct
analysis of brain regions contributing to normal aging and brain di erences between
healthy individuals and ASD patients.

3. To evaluate and improve fairness in model predictions, ensuring consistent performance
across demographic factors, such as sex, ethnicity, and age groups. In this dissertation,
we only discussed the age groups.

4. To propose a Democratized Al System that integrates fairness principles and involves
relevant stakeholders in model optimization, thereby promoting social value and
community bene t.

1.2.3 Scope of the Research

This research is focused on brain age estimation using SMRI data. Compared with other aging
biomarkers such as telomere length or physiological measures, brain age estimation poses
unigue challenges. First, it relies on high-dimensional neuroimaging data, where complex
spatial patterns must be captured and interpreted, making prediction highly sensitive to
model design and data quality. Second, interpretability remains a central challenge: while
brain age can indicate accelerated or decelerated aging, linking these deviations to specic
neural mechanisms or clinical outcomes requires careful validation. Finally, issues of fairness
and generalizability are particularly salient, as di erences in demographic distributions|such

as sex, ethnicity, or age range|may bias model performance. These challenges highlight
both the complexity and the potential of brain age as a biomarker, underscoring the need for
methodological innovation in accuracy, interpretability, and fairness.

The work is limited to sSMRI modalities and does not extend to other imaging types such
as functional MRI (fMRI), di usion tensor imaging (DTI), or Computed Tomography (CT).
Compared with fMRI, which captures transient neural activity, and DTI, which focuses
on white matter connectivity, SMRI provides stable and high-resolution measurements of
brain anatomy, such as cortical thickness, gray matter volume, and subcortical structures,
which are closely linked to age-related changes. Unlike CT, which is widely used in clinical
practice, sSMRI is non-invasive and better suited for longitudinal studies in healthy and clinical
populations.
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The scope covers methodological development, model interpretability, and fairness
evaluation, as well as the conceptual design of a democratized Al framework. While the
models are tested on large-scale research datasets, they are not intended for direct clinical
deployment. Instead, the emphasis lies on advancing technical performance, interpretability,
and fairness in brain age estimation, and on exploring how such models can contribute to
more equitable and socially responsible Al systems.

1.3 Contribution

A central contribution of this dissertation is the development of two novel model algorithms
for brain age estimation: the Nonlinear Age-Adaptive Ensemble model (nl-AAE) (Z. Zhang,
R. Jiang, et al., 2022) and the Explainable Triamese ViT (Z. Zhang, Aggarwal, et al., 2025).
In addition, this work introduces a new perspective on Democratic Al (Z. Zhang and R. Jiang,
2023), which combines democratic participation with fairness in predictions while maintaining
high accuracy.

The nl-AAE model integrates multiple independent predictors within a nonlinear, age-
adaptive ensemble framework. By leveraging the complementary strengths of GoogLeNet,
ResNet, Support Vector Regression (SVR), and a custom-designed Convolutional Neural
Network (CNN), the model adapts dynamically to age-related variations. Its nonlinear
weighting mechanism adjusts contributions from each constituent model based on the
chronological age of the input, thereby capturing distinct aging patterns across the lifespan
and enhancing predictive performance.

The nl-AAE was evaluated using the PAC 2019 competition dataset and benchmarked
against its four constituent models. Experimental results demonstrate that the ensemble
substantially improves predictive accuracy, achieving a mean absolute error (MAE) of 3.19
years and a Spearman correlation of 0.95, outperforming conventional approaches in brain
age estimation. These ndings highlight the potential of nl-AAE for applications such as
early detection of Alzheimer's disease, assessment of traumatic brain injury, schizophrenia
diagnosis, and evaluation of neuroprotective interventions in clinical trials.

Triamese-ViT is a deep learning model designed to achieve both high predictive accuracy
and intrinsic interpretability in brain age estimation and the study of neurological disorders.
The model was trained on a diverse cohort of 1,351 cognitively healthy individuals, aged 6
to 80, by integrating data from the IXI and ABIDE datasets to establish normative brain
aging trajectories.

The architecture processes sMRI scans from three distinct anatomical orientations using
Vision Transformers (ViTs). Features extracted from these perspectives are then combined
through a tri-MLP framework to generate age predictions. This tri-view design, introduced
for the rst time in this work, enables the model to capture complementary structural
information from di erent orientations. Triamese-ViT achieved a mean absolute error (MAE)
of 3.85 years, a Spearman correlation of 0.94, and a correlation of -0.3 between chronological
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age and the brain age gap, surpassing existing state-of-the-art methods in terms of predictive
accuracy, fairness, and interpretability.

Beyond performance, the model o ers a built-in interpretability mechanism that generates
three-dimensional attention maps by integrating information from multiple views. These
maps provide direct insight into structural correlates of aging and neurological conditions
without requiring post-hoc explainability methods. Compared with recent approaches
(Tanveer et al., 2023; L. Chen and Luo, 2023), Triamese-ViT demonstrates superior accuracy
and fairness, while also o ering enhanced interpretability. In contrast to 3D ViT models such
as that proposed in Singla et al. (2022), Triamese-ViT provides additional advantages:

" Computational e ciency: the multi-view processing strategy reduces complexity
relative to volumetric 3D ViTs;

" Lower memory requirements: the architecture is lightweight and more practical for
large-scale training and deployment;

~ Simpli ed implementation: the model achieves high accuracy while avoiding the heavy
computational burden of full 3D ViTs.

Leveraging its interpretability, Triamese-ViT was applied to investigate normal brain
aging and Autism Spectrum Disorder (ASD). Through attention map analysis, we identi ed
age-speci c¢ structural changes in regions such as the Rolandic Operculum, Cingulum, Tha-
lamus, and Vermis, which are strongly associated with common neurological conditions. In
ASD patients, the model highlighted the Thalamus and Caudate Nucleus, underscoring their
relevance in the disorder's pathology. These ndings were further validated by conventional
occlusion analysis, which conrmed the alignment between built-in interpretability and
established explainable Al techniques.

In summary, the contributions of Triamese-ViT are as follows:

A

Proposes a novel tri-view ViT framework for brain age estimation, achieving higher
predictive accuracy and fairness compared to state-of-the-art models;

Demonstrates improved computational e ciency, reduced memory demand, and
scalability relative to high-accuracy 3D VIiT models;

Provides intrinsic interpretability through attention maps, empirically validated with
occlusion analysis;

Enables the identi cation of brain regions associated with normal aging, o ering
machine learning{based insights into neurobiological changes;

Highlights key regions relevant to ASD, demonstrating the model's potential for clinical
research applications.
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The third contribution of this dissertation is the proposal of u-DemAl, a framework that
operationalizes the concept of Democratic Al by addressing both societal and technological
challenges. Here, democratic Al refers to an implementation in which relevant stakeholders
are directly involved in optimizing Al services, thereby promoting social values and bene ting
user communities. The u-DemAl system enables continual self-improvement through
user interaction and supports model personalization according to individual requirements.
Although it is constructed from a set of basic models that can be locally trained by non-expert
users, its performance rivals or even surpasses advanced expert-driven models. Importantly,
the framework maintains both high predictive accuracy and fairness, where fairness is de ned
as consistent predictive performance across demographic subgroups.

To validate the framework, we conducted a case study on brain age estimation using the
PAC2019 dataset. The u-DemAl achieved strong results with a mean absolute error (MAE)
of 2.67, a standard deviation of absolute error of 2.67, and a Pearson correlation of 0.01
between the brain age gap and chronological age, indicating both high accuracy and fairness.
These ndings serve as a proof-of-concept implementation of Democratic Al, demonstrating
the feasibility of engaging non-experts in Al optimization and highlighting the advantages of
this approach over conventional expert-dominated Al services.

1.4 Overview of the Dissertation

The remainder of this dissertation is organized as follows. In the next chapter, a compre-
hensive literature review of brain age estimation is presented, including an introduction to
neuroimaging analysis, the development of Al models in this eld, and a discussion of popular
deep learning architectures applied to medical image analysis.

Subsequently, Chapter 3 introduces the Nonlinear Age-Adaptive Ensemble Model (nl-
AAE) in detail. This includes dataset preprocessing, model architecture, and a performance
comparison with state-of-the-art algorithms, followed by a discussion of its implications for
brain aging analysis.

Chapter 4 presents the Explainable Triamese ViT. We describe the preprocessing pipeline,
model structure, and comparative performance evaluation. The chapter further emphasizes
the built-in interpretability mechanism, demonstrating its utility in analyzing normal brain
aging as well as di erences between healthy individuals and patients with ASD.

Following this, Chapter 5 introduces the user-centric Democratic Al (u-DemAl) frame-
work. We begin with a conceptual discussion of democratized Al and our proposed de nition,
then describe the system's structure and application to brain age estimation, along with
experimental comparisons against existing methods.

Finally, Chapter 6 concludes the dissertation with a synthesis of the key contributions,
a re ection on the signi cance and limitations of the work, and a discussion of potential
directions for future research.



Chapter 2

Literature Review

2.1 Background

Neuroimaging has become a useful tool in the diagnosis and study of neurodegenerative
diseases, 0 ering non-invasive methods to capture both structural and functional changes in
the brain. Among the commonly used imaging modalities, structural Magnetic Resonance
Imaging (sMRI) provides high-resolution anatomical information, such as cortical thickness,
gray matter volume, and hippocampal atrophy, which are widely used as biomarkers
for conditions like Alzheimer's disease and Parkinson's disease (Frisoni et al., 2010).
Functional Magnetic Resonance Imaging (fMRI) measures blood-oxygen-level-dependent
(BOLD) signals and is employed to assess alterations in brain activity and connectivity
patterns, o ering valuable insights into disrupted neural networks associated with disorders
such as dementia and Huntington's disease (Greicius et al., 2004). Diusion Tensor
Imaging (DTI) can capture the microstructural integrity of white matter tracts, making

it particularly relevant for detecting connectivity disruptions in multiple sclerosis and other
neurodegenerative conditions (Pierpaoli et al., 1996). In addition, Computed Tomography
(CT) remains clinically important for its rapid acquisition and ability to detect structural
abnormalities, including ischemic lesions and vascular pathologies that may contribute to
cognitive decline (Jack Jr et al., 2008).

Since sMRI provides stable and high-resolution measurements of brain anatomy and has
more shared public datasets to analyze, it is always a suitable modality to investigate both
normal brain aging and neurodevelopmental conditions such as Autism Spectrum Disorder
(ASD), o ering quantitative measures of cortical thickness, surface area, and subcortical
volumes.

In the context of normal aging, longitudinal and cross-sectional SMRI studies consistently
report regionally specic cortical thinning and volumetric decline. For instance, Raz
and Rodrigue (2006) followed 55 healthy adults longitudinally and found pronounced
shrinkage in the prefrontal cortex and hippocampus, regions particularly vulnerable to
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aging. Prefrontal Cortex is responsible for higher-order cognitive functions, such as decision-
making, planning, and social behavior regulation. It plays a crucial role in executive control
and emotional regulation. The hippocampus is central to memory formation and spatial
navigation. Age-related hippocampal atrophy is strongly associated with cognitive decline
and neurodegenerative disorders such as Alzheimer's disease.

Expanding to a larger cohort, Fjell, Westlye, et al. (2009) analyzed over 880 cross-
sectional scans and observed widespread cortical thinning with advancing age, especially in
association cortices. The association cortices integrate information from multiple sensory
modalities and are responsible for higher cognitive processes such as language, attention,
and abstract reasoning. They link perception with memory and decision-making, allowing
the brain to synthesize complex information. Longitudinal experiments further clarify these
patterns: Storsve et al. (2014) studied 207 adults across a 4-year follow-up and showed that
cortical volume decline is primarily driven by thinning rather than surface area reduction,
with accelerated changes in temporal and occipital regions. Temporal includes processing
centers and regions important for language comprehension and semantic memory. And
Occipital Lobe is the primary center for visual processing, responsible for interpreting visual
stimuli and spatial orientation.

Meta-analyses have con rmed the robustness of these ndings: Hedman et al. (2012),
synthesizing 56 longitudinal sSMRI studies, concluded that brain atrophy occurs progressively
across the lifespan, with regional trajectories varying by lobe. Together, these studies
establish cortical thinning and subcortical atrophy, as measured by sMRI, as reliable
biomarkers of normal aging.

In ASD research, sSMRI has provided insights into both cortical and subcortical alterations.
Early small-sample studies, such as Ecker et al. (2013), analyzed 168 adult males
and reported increased cortical thickness in frontal regions and reduced surface area in
orbitofrontal and posterior cingulate cortices, highlighting distinct developmental pathways
underlying ASD morphology. Frontal Lobe governs voluntary movement, problem-solving,
and personality expression. Its progressive volume decline with age. As for Orbitofrontal
Cortex, it involved in reward processing, impulse control, and social cognition. And
Cingulate Cortex integrates emotional and cognitive information, mediating decision-making
and adaptive behavior. It forms part of the limbic system and is sensitive to both aging and
neurodevelopmental abnormalities.

Larger consortia datasets have since clari ed the picture. Haar et al. (2016), using
the Autism Brain Imaging Data Exchange (ABIDE) dataset with over 1,100 participants,
found only limited structural di erences|namely, enlarged ventricles and smaller corpus
callosum|while failing to replicate several previously reported ndings, underscoring the role
of sample heterogeneity. Corpus Callosum is the largest white matter structure connecting
the two hemispheres of the brain, enabling e cient interhemispheric communication. Its
deterioration with age is linked to slowed information transfer and cognitive decline.
Van Rooij et al. (2018) pooled sMRI data from over 3,000 individuals, identi ed subtle
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