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ABSTRACT

DECIPHERING EPIGENETIC SIGNATURES OF AGING AND NEURODEGENERATION IN

ALZHEIMER’S DISEASE WITH MACHINE LEARNING

Lasya P. Sreepada

Corey T. McMillan

David A. Wolk

Aging of the human brain is marked by considerable heterogeneity, with specific regions such as the

medial temporal lobe (MTL) exhibiting increased vulnerability to neurodegeneration in disorders

like Alzheimer’s disease (AD). Emerging evidence suggests that epigenetic mechanisms, particularly

DNA methylation, may contribute to this regional susceptibility and offer potential as peripheral

biomarkers of brain aging. In this dissertation, we investigate the hypothesis that blood-based epige-

netic modifications reflect and predict patterns of brain aging and neurodegeneration, as measured

by in vivo structural MRI.

To address this, we pursue two aims using a combination of statistical modeling and machine learning

(ML) techniques. In Aim 1, we assess whether biological aging—quantified via epigenetic clocks

applied to blood-derived DNA methylation—explains individual differences in cortical and MTL

neurodegeneration beyond chronological age. We introduce a novel imaging-derived biomarker, the

Cortico-Medial Temporal (CoMeT) index, to capture regional atrophy along the cortical-MTL axis.

Associations between CoMeT and epigenetic age acceleration are evaluated through hypothesis test-

ing and subgroup analyses, revealing that faster biological aging correlates with greater vulnerability

in AD-sensitive brain regions.

In Aim 2, we develop predictive models of brain age and hippocampal volume from genome-wide

methylation data using Elastic Net regression. Within a nested cross-validation framework, we

compare feature selection strategies and identify robust epigenetic signatures of neurodegeneration.

These features are annotated and interpreted using gene ontology and enrichment analyses. We
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further assess the convergence of methylation markers across independent datasets and examine their

correspondence between blood and brain, as well as associations with blood gene expression. Results

indicate partial overlap in peripheral and central signatures, suggesting that while blood methylation

captures biologically relevant information, it incompletely reflects brain-specific processes.

Together, these studies demonstrate that epigenetic markers are associated with regional patterns

of brain aging and neurodegeneration, and that blood-based methylation profiles offer promising,

albeit limited, surrogates for brain imaging phenotypes. This work provides new insights into the

molecular correlates of neurodegeneration and highlights the potential of epigenetics for advancing

early detection and mechanistic understanding of age-related cognitive decline.
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CHAPTER 1

INTRODUCTION

1.1 Biological Background

1.1.1 Aging

Aging is a universal biological process characterized by the gradual decline of physiological systems

and the reduced capacity to maintain homeostasis. At the cellular level, aging is characterized

by progressive decline in physiological integrity, leading to senescence and vulnerability to death

(López-Otín et al., 2013). Cellular senescence refers to a state of cell cycle arrest accompanied

by phenotypic changes that accumulate in tissues over time, contributing to age-related tissue dys-

function and chronic inflammation (Campisi and d’Adda di Fagagna, 2007). Genetic and epigenetic

variations impacting cellular and molecular pathways play a central role in modulating the pace and

presentation of aging. Pathways involved in DNA repair, mitochondrial function, and stress resis-

tance have been shown to influence life- and and health-span across diverse organisms. Moreover,

age-associated epigenetic modifiers, including DNA methylation changes and histone modifications,

regulate gene expression and in turn drive cellular aging and tissue dysfunction (Liu et al., 2020).

At a macroscopic scale, cellular and molecular processes manifest as coordinated changes across

multiple organ systems, resulting in increased susceptibility to disease, functional impairment,

and mortality (Gladyshev, 2016). For example, in the cardiovascular system, aging leads to ar-

terial stiffening, endothelial dysfunction, and impaired cardiac output, contributing to the elevated

incidence of hypertension, atherosclerosis, and heart failure in older adults (Vakka et al., 2023).

The immune system also undergoes profound changes that impair adaptive immune responses and

promote chronic low-grade inflammation, which is implicated in a range of age-related diseases

(Liu et al., 2023). In the musculoskeletal system, aging is associated with loss of muscle mass and

strength and reductions in bone mineral density, leading to frailty and an increased risk of falls

and fractures. These systemic changes collectively diminish resilience to stressors and reduce the

capacity for tissue repair and regeneration (Leser et al., 2021). Aging thus acts as a primary driver

1



of many life-threatening conditions, including cancer, cardiovascular disease, metabolic dysfunc-

tion, and neurodegenerative diseases (López-Otín et al., 2013). Among these, Alzheimer’s disease

(AD) is one of the most prevalent and devastating neurodegenerative disorders, affecting over 30

million individuals worldwide and representing a leading cause of morbidity and mortality in older

adults (Gustavsson et al., 2023). The incidence of AD rises sharply with age, underscoring the pro-

found interplay between aging processes and neurodegeneration. Emerging research suggests that

genetic and epigenetic factors not only modulate susceptibility to AD, but also shape its progres-

sion by influencing neuroinflammation and neuropathological pathways such as protein aggregation

(Smith et al., 2021).

1.1.2 Brain Aging

The brain is particularly vulnerable to the effects of aging. Over the lifespan, a wide range of struc-

tural, functional, and molecular changes occur that influence cognitive performance and increase

the risk of neurodegenerative disease (Gonzales et al., 2022). Even in the context of healthy aging,

individuals commonly experience subtle but progressive declines in cognitive domains such as mem-

ory, processing speed, and executive function. These changes are thought to reflect a combination

of synaptic loss, reductions in grey and white matter volume, and alterations in functional brain

networks (Jost and Kujach, 2025). Despite these changes, many adults maintain relatively stable

cognitive function into late life, suggesting individual variability in aging trajectories.

On the other hand, brain aging also sets the stage for pathological processes that underlie neurode-

generation. For example, biological processes such as the accumulation of oxidative stress, chronic

inflammation, and mitochondrial dysfunction contribute to neuronal vulnerability and eventually,

apoptosis. These mechanisms are especially pertinent to the onset and progression of AD and re-

lated dementias (Lin and Beal, 2006; Wang et al., 2025). AD is the most common cause of dementia

worldwide and is characterized by the progressive accumulation of amyloid-β plaques and tau neu-

rofibrillary tangles, accompanied by widespread synaptic and neuronal loss. These pathologies begin

years, if not decades, before clinical symptoms emerge, highlighting the need for early detection and

prevention strategies (Jack Jr et al., 2018). The convergence of age-related physiological decline
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with disease onset that occurs long before our ability to detect it clinically underscores the impor-

tance of studying brain aging not only as an accumulation of damage, but also as an active biological

process with identifiable and potentially modifiable mechanisms. To this end, many groups have

developed methods to capture and quantify various aspects of brain aging, ranging from structural

and functional imaging to molecular and cellular biomarkers (Komleva et al., 2025). Quantitative

measures are essential for capturing the continuous changes that characterize brain aging, enabling

earlier detection and more precise characterization of dynamic age-related processes.

1.1.3 Heterogeneity of Aging and Implications for Quantifying Brain Age

Aging is not a uniform process; rather, it is highly individualized, shaped by a combination of

genetic, environmental, and lifestyle factors. One of the most intuitive illustrations of this hetero-

geneity lies in the human face. With the exception of identical twins, each person’s face is uniquely

identifiable, and these differences persist and evolve with age. Observable features such as skin

texture, pigmentation, wrinkle distribution, facial contour, and other dermal markers offer visible

cues to an individual’s age. Yet these features do not change uniformly across individuals. One

person may exhibit early facial aging marked by deep wrinkles and pigmentation changes, while

another of the same chronological age may retain a youthful appearance (Guyuron et al., 2009). As

such, while it is often possible to approximate someone’s age based on their facial features, these

estimates are inherently imprecise and reflect variability in how aging manifests externally.

This variability has inspired the development of computational, data-driven approaches that can

estimate age from various data modalities, including facial images, with increasing accuracy. Sec-

tion 1.2 provides a detailed treatment of the foundations and applications of modern engineering

methods that can estimate biological measures of age, including brain age. Importantly, the increas-

ing interest in these approaches underscores a broader point: individuals of the same chronological

age can exhibit strikingly different biological profiles, physical capabilities, and levels of indepen-

dence. For example, some older individuals remain fully active and cognitively unimpaired, while

others require substantial assistance with activities of daily living, whether due to typical aging or

underlying neuropathological processes. This divergence highlights the critical difference between
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chronological age, or the amount of time lived, and biological age, which reflects the cumulative

physiological burden experienced by an individual. This variability complicates efforts to define

“normal” brain aging and encourages precision medicine approaches to diagnosis and treatment of

neurological disorders.

1.1.4 Neuroimaging as a Window into the Heterogeneity of Brain Aging and AD

Understanding heterogeneity in aging is particularly crucial when considering AD, and there is

growing recognition that AD is both clinically and biologically heterogeneous. There is substantial

variability not only in the clinical presentation but also in temporal onset, anatomical spread,

and underlying pathology of AD. Historically, the gold standard for AD diagnosis relied on post-

mortem histopathological analysis and quantification of amyloid plaques and neurofibrillary tangles

in brain tissue. These pathological hallmarks defined the disease and anchored definitive diagnosis

for decades. However, clinical diagnosis had limited accuracy in prediction of pathology, particularly

in early disease stages, hindering the development of interventions targeting these early disease

stages.

The advent of in vivo neuroimaging, beginning in the mid-20th century, has transformed our under-

standing of the aging brain and provided essential tools to assess the heterogeneity inherent in both

normal cognitive aging and AD. Structural magnetic resonance imaging (MRI) enabled detailed

visualization of brain anatomy, allowing researchers to track patterns of atrophy across aging and

disease states. Later, the development of positron emission tomography (PET) imaging facilitated

the direct measurement of pathological proteins such as amyloidβ and tau, thus bridging the gap

between clinical presentation and neuropathology. Together, these imaging modalities offered an

unprecedented opportunity to observe the living brain and assess the presence and distribution of

AD pathology even before the onset of clinical symptoms. This has enabled newfound insights into

the spatial and temporal dynamics of AD pathology in the brain during life, facilitating a more

nuanced understanding of the disease’s progression and heterogeneity across individuals.

This new paradigm was formalized in the A/T/N biomarker framework proposed by Jack and

colleagues in Jack Jr et al. (2018), which used biomarker-based criteria, specifically amyloid (A),
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tau (T), and neurodegeneration (N), to define the AD continuum in vivo. The A/T/N biomarkers

now serve as the foundation for research definitions of AD, moving diagnosis toward an ante mortem,

biologically grounded model. The guidelines were updated in 2024 (Jack et al., 2024), reaffirming

and expanding this framework to incorporate newer imaging tracers and integrate longitudinal

assessments.

Longitudinal neuroimaging studies have shown that the regional buildup of amyloid and tau precedes

and predicts downstream neurodegeneration, which can be visualized on an MRI as cortical thinning

or regional volume loss. Typical AD is characterized by widespread amyloid accumulation and more

regionally focal tau deposition, particularly within the medial temporal lobe (MTL) or “limbic”

regions, including the entorhinal cortex (ERC) and hippocampus. This distribution aligns with

the hallmark symptom of memory impairment, as these regions are essential for episodic memory

encoding and consolidation.

1.1.5 Atypical Presentations of AD

Neuroimaging has revealed considerable anatomical and functional variability among individuals

with AD, particularly in atypical cases. Structural MRI and PET frequently identify regional

patterns of neurodegeneration and pathology that deviate from the canonical MTL-dominant tra-

jectory. For instance, occipital-predominant atrophy and lateral temporal degeneration are common

neuroimaging features of two established atypical clinical syndromes associated with AD pathology.

These patterns often emerge early and persist longitudinally, suggesting that heterogeneity is not

merely a byproduct of disease stage but reflects fundamental differences in disease biology. Yet,

interpreting such imaging data remains complex due to overlapping pathologies, inter-individual

anatomical variability, and limited resolution of current biomarkers in distinguishing mixed disease

states. This leaves us with an incomplete understanding of why certain brain regions are more

susceptible in some individuals than others. Integrating neuroimaging findings with multimodal

data is essential for explaining the biological mechanisms driving AD heterogeneity.

While the aforementioned changes contribute towards a common endpoint in AD, the pathways to

this endpoint are diverse. The observation of biomarker accumulation outside typical regions un-
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derscores the mechanistic heterogeneity of AD and suggests that multiple biological subtypes may

exist within the AD spectrum. For example, amyloid and tau pathology may be concentrated in

lateral temporal, parietal, or frontal regions, sometimes in the absence of significant MTL involve-

ment. These “atypical” patterns (i.e., cortical-predominant or MTL-predominant) may correspond

to distinct clinical phenotypes, such as posterior cortical atrophy, or suggest the presence of co-

pathologies like limbic-predominant age-related TDP-43 encephalopathy (LATE). By enabling the

direct measurement of disease processes across time and individuals, in vivo neuroimaging offers a

powerful tool for characterizing heterogeneity in AD.

1.1.6 Genetic and Epigenetic Explanations of Heterogeneity in Brain Aging and AD

While neuroimaging provides a powerful means to visualize and quantify variability in brain struc-

ture, pathology, and function, it does not, on its own, explain why individuals diverge so markedly in

their aging trajectories or responses to neuropathological burden. A growing body of research points

to a constellation of biological and environmental factors that also interact in complex, dynamic

ways, as contributors to heterogeneity in brain aging and AD.

Genetic variability plays a foundational role in shaping individual susceptibility to aging-related

processes and neurodegenerative disease. For instance, the APOE ε4 allele is the strongest known

genetic risk factor for sporadic AD, influencing both the likelihood and age of onset. Beyond APOE,

genome-wide association studies (GWAS) have identified numerous loci linked to AD risk, However,

the effect sizes of individual variants are typically modest, and the interaction between genetic

background and other risk modifiers contributes substantially to the observed variability in disease

expression.

With the completion of the Human Genome Project in the early 21st century and the recogni-

tion that the genome sequence is quite similar across humans and even species, scientists are now

focused on so-called “post-genome” era studies of gene regulation and expression in bulk tissue

and single cells. Epigenomics, literally meaning “above the genome”, refers to the study of heritable

modifications in gene expression that do not involve changes to the DNA sequence itself. These mod-

ifications, including DNA methylation, histone modifications, and non-coding RNA activity, play
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essential roles in regulating gene function and cellular identity. Epigenomics presents a particularly

compelling area of study due to its unique intersection between genetic regulation, environmental

influence, and disease susceptibility. Unlike the static nature of the genome, epigenetic patterns are

dynamic, modifiable across the lifespan, and responsive to a broad range of physical, biological, and

psychosocial stimuli.

However, a significant challenge in studying brain aging with epigenetics lies in the inaccessibility

of brain tissue throughout the human lifespan. The brain cannot be biopsied or monitored longi-

tudinally in a minimally invasive manner, limiting opportunities to investigate dynamic molecular

changes in vivo. In contrast, peripheral tissues such as blood can be collected repeatedly, safely,

and at relatively low cost. These practical advantages have motivated the use of peripheral epi-

genetic data as proxies for brain aging processes. While epigenetic signatures are known to be

highly tissue- and cell-specific, reflecting the roles of epigenetic regulation in cellular differentiation,

emerging research has identified patterns of concordance between blood and brain methylation pro-

files (C. Silva et al., 2022). Notably, several studies have demonstrated that peripheral epigenetic

markers can, to some extent, capture age-related molecular changes relevant to the central nervous

system, supporting their utility as surrogate indicators of brain health (Milicic et al., 2022, 2023).

This growing body of evidence suggests that peripheral epigenetic data may offer a valuable, non-

invasive window into brain-related aging processes. Ongoing studies are refining our understanding

of cross-tissue methylation patterns, with a focus on identifying specific loci and pathways that

show consistent regulation across blood and brain. As a result, there is increasing interest in inte-

grating epigenomic data into studies of neurodegeneration and dementia to improve early detection,

stratify individual risk, and elucidate molecular mechanisms that underlie the clinical and biological

heterogeneity of brain aging and AD.

1.1.7 Engineering Approaches to Estimate Biological Age

In the past decade, there has been increasing interest to develop advanced engineering methods

to leverage large-scale multimodal data to predict biological measures of age. Among these are

“epigenetic clocks”, which are machine learning (ML) algorithms that have emerged as promising
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tools to quantify biological age in individuals using DNA methylation profiles from tissues of inter-

est (Horvath, 2013). In Chapter 2, Section 2.4, we provide more details on three “generations” of

epigenetic clocks, including their construction and utility in predicting a variety of age-associated

phenotypes (Teschendorff and Horvath, 2025). Epigenetic clocks have been associated with vari-

ous age-related phenotypes, cognitive decline, and mortality risk, offering a powerful framework

for examining individual differences in aging trajectories. Recent studies have demonstrated that

epigenetic modifiers are not only influenced by lifestyle and environmental exposures, including diet,

exercise, stress, and social and structural determinants of health (SSDOH), but also serve as robust

predictors of biological age.

In parallel with the development of epigenetic clocks, brain age estimation has emerged as a comple-

mentary approach for quantifying biological aging using neuroimaging data. Brain age estimation

methods leverage ML algorithms trained on large datasets of structural and functional brain imag-

ing to predict an individual’s chronological age. The discrepancy between predicted brain age and

actual chronological age, known as the “brain age gap”, has been associated with a range of neuro-

logical, psychiatric, and systemic health outcomes, including cognitive decline, dementia risk, and

all-cause mortality. These models are particularly sensitive to factors such as neuroinflammation,

vascular burden, and lifestyle exposures, reflecting the brain’s vulnerability to both intrinsic and

extrinsic aging processes. The next section introduces the foundational principles of ML, delving

into the computational mechanisms underlying biological age estimation models.

1.2 Principles of Machine Learning

The renowned American scholar Herbert Simon described learning as “any process by which a

system improves performance from experience.” While learning has traditionally been associated

with intelligent life forms, artificial intelligence (AI) focused on the development of computing

systems that automatically learn to make predictions or decisions. The term “machine learning”

was popularized by Arthur Samuel, a pioneer of computer gaming and AI. Samuel famously noted

that ML, which is one of the foundational subfields of AI, “gives computers the ability to learn

without being explicitly programmed”. At its core, ML is concerned with generalization, or the
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capacity to infer patterns in observed data that support accurate predictions on new, previously

unseen examples. This capability makes ML especially valuable in complex domains such as aging

research, where large-scale, high-dimensional datasets present intricate, often nonlinear relationships

that challenge traditional statistical modeling.

ML encompasses a broad family of approaches, typically organized into three primary paradigms

based on the nature of the data and the type of learning task. In supervised learning, models are

trained on labeled datasets that provide both input features and corresponding target outcomes.

The goal is to learn a mapping from inputs to outputs that generalizes well to new data. On

the other hand, unsupervised learning deals with unlabeled data and seeks to discover hidden

patterns, groupings, or lower-dimensional representations, such as clusters or latent factors, without

predefined targets. A third paradigm, reinforcement learning, involves training agents to make

sequences of decisions by interacting with an environment, receiving feedback in the form of rewards

or penalties, and gradually learning a policy to optimize task performance. While reinforcement

learning currently plays a less prominent role in current biomedical research, both supervised and

unsupervised learning have proven indispensable for tasks such as biomarker discovery and disease

progression modeling.

The remainder of this section focuses on supervised learning, the most widely used paradigm in

biological age estimation models. We examine its fundamental components, including data repre-

sentations, model architectures, training processes, and evaluation metrics, to lay the groundwork

for understanding how ML models are developed and validated in aging research.

1.2.1 Supervised Learning Paradigm

Most biological age estimation frameworks rely on supervised learning, a paradigm in which models

learn a mapping between a set of input features (e.g., parcellated gray matter volumes or methylation

levels) and a known output (e.g., chronological age). The training dataset is composed of pairs,

(x1, y1), ..., (xn, yn) where xi ∈ Rd denotes a d -dimensional input vector for the i -th individual,

and yi ∈ R represents the corresponding target variable. The objective of supervised learning is

to identify a function f : Rd → R that accurately predicts the output y for a given input x, even
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when applied to previously unseen data. In regression tasks, such as predicting chronological age,

the labels y are continuous, real-valued variables. Model performance is commonly optimized by

minimizing the error of a loss function. Minimizing the loss guides the model to approximate the

underlying relationship between input features and the output variable as closely as possible.

Supervised learning algorithms can be broadly categorized into several families, each with distinct

modeling assumptions and tradeoffs. In the next section, we provide an overview of different ML

model families and loss functions, which comprise two of the design choices in ML model architecture.

1.2.2 Model Architecture and Design

Designing a supervised ML model involves three core decisions that critically shape its ability to

learn patterns from data and generalize to unseen examples: choosing a model family, defining

an appropriate loss function, and selecting an optimization algorithm. The model family refers

to the class of functions the model can learn. A central concept in evaluating model families is

their capacity, or the complexity of functions they can represent. High-capacity deep learning (DL)

models can capture intricate, nonlinear relationships in the data, while lower-capacity models such

as linear regression impose stronger assumptions. However, greater model capacity increases the risk

of “overfitting”, where the model learns spurious noise or random fluctuations specific to the training

data, rather than capturing the underlying signal. Conversely, models with insufficient capacity may

underfit, failing to learn meaningful patterns and yielding poor predictive performance. This tension

is formally captured by the “bias-variance trade-off”, a fundamental principle in ML. Models with

high bias rely on overly simplistic assumptions and tend to underfit the data, systematically missing

relevant structure. In contrast, high-variance models are overly sensitive to the training data and

prone to overfitting, exhibiting large fluctuations in predictions when exposed to new data. Optimal

generalization performance requires finding a balance between these two sources of error, which is

especially challenging in biological settings characterized by high-dimensional features and relatively

small sample sizes. The second major design element is the loss function, which is essentially an error

metric that the model seeks to minimize during training. In regression-based age prediction tasks,

the most common loss functions are the mean squared error (MSE) and mean absolute error (MAE).
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The choice of loss function reflects assumptions about the error distribution and directly influences

the optimization landscape. Finally, the learning process is guided by the third design choice—the

optimizer, which adjusts model parameter weights to minimize loss. Optimization algorithms such

as gradient descent iteratively update parameter weights based on the gradient of the loss function.

Together, these three design choices determine the representational capacity, learning behavior, and

performance of an ML model. The next section turns to the critical role of data preprocessing

and feature extraction, steps that directly impact model capacity and the bias-variance tradeoff by

shaping the input representation before learning begins.

1.2.3 Data Preprocessing and Feature Engineering

Extensive data preprocessing and feature engineering are necessary to ensure the input data is

structured, reliable, and informative prior to model training. This process involves extracting

and integrating features from diverse sources and handling missing data. Common approaches

to missing value handling include elimination of incomplete features or samples or imputation of

missing values using statistical methods or model-based prediction. Missingness could be caused by

numerous reasons, from random human error and measurement faults, to mismatches during data

merging, to inherent properties of the data and feasibility of acquisition (e.g., patient dropout due to

disease severity or death and accessibility to healthcare) In neuroimaging and epigenomic datasets,

the number of input features often far exceeds the number of observations. For example, structural

MRI scans can yield thousands of anatomical measures, and DNA methylation arrays now profile

almost 1 million cytosine-guanine dinucleotide (CpG) sites per sample (Kaur et al., 2023). This

leads to multicollinearity and an increased risk of overfitting, making traditional statistical methods

unreliable. Dimensionality reduction and regularization are two key strategies for addressing this

issue. Regularization introduces a prior into the loss function to constrain model complexity and

stabilize learning. L1 (Lasso) regularization promotes sparsity by shrinking some coefficients to

zero, effectively performing feature selection, while L2 (Ridge) regularization shrinks all coefficients

toward zero without eliminating any entirely. Elastic Net regression combines both L1 and L2

penalties, making it a favorable model for high-dimensional datasets such as epigenomic profiles.
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Data-driven dimensionality reduction strategies, such as principal component analysis (PCA), pro-

vide another alternative. PCA transforms the original feature space into a smaller set of uncor-

related components. Recent generations of epigenetic clocks, known as “PC clocks,” rely on PCA

to condense epigenome-wide methylation signals into a limited number of principal components

that capture dominant sources of variation (Higgins-Chen et al., 2022). While this improves model

stability and reduces overfitting, it also diminishes interpretability by obscuring the contributions

of individual CpG sites and biological pathways. As a result, PC clocks tend to prioritize predic-

tive performance over biological insight, underscoring the trade-off between model simplicity and

interpretability that often arises in high-dimensional biological data.

1.2.4 Training, Optimization, and Evaluation

The training phase of a supervised ML model involves adjusting model weights and hyperparameters

to minimize prediction error on a labeled dataset. However, optimizing performance on the training

set alone is insufficient: the true goal is to develop models that generalize, i.e., maintain predictive

accuracy on unseen data. To this end, cross-validation (CV) is essential. Nested CV is highly

recommended when performing both feature selection and hyperparameter tuning, as it prevents

data leakage and yields more reliable performance estimates. CV simulates the deployment of the

model in independent samples, providing a robust assessment of its practical utility.

In addition to optimizing performance, modern evaluation frameworks incorporate stratified sam-

pling to ensure balanced representation of subgroups, e.g., those defined by sex, clinical diagnosis, or

ancestry, which helps to reduce bias and improve fairness. Model performance is typically assessed

using standard regression metrics such as MAE and the Pearson correlation coefficient. In aging

studies, derived metrics such as the biological age gap provide biologically meaningful interpreta-

tions of model output. These derived measures are frequently used as surrogate aging biomarkers

and linked to health outcomes, underscoring the importance of rigorous and transparent evaluation

in the development of ML models for aging research.
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1.2.5 Interpretability, Fairness, and Bias

Interpretability of AI models has emerged as a crucial concern, not only for understanding how

models make predictions, but for ensuring that those predictions are meaningful, trustworthy, and

ethically sound. The embedded feature selection and weighting provided by Elastic Net makes it a

popular method when interpretability is prioritized, despite the lower capacity of linear regression

models. In DL settings where full transparency is not feasible, tools such as SHapley Additive

Explanations (SHAP values) enable researchers to decompose predictions into feature-level con-

tributions (Lundberg and Lee, 2017), offering insights into which features most influence a given

prediction. These explanations are particularly useful for debugging and model validation, even.

Coupling interpretability techniques with domain expertise can reveal biologically plausible asso-

ciations, uncover data preprocessing issues, and support the generation of new hypotheses about

aging mechanisms.

Beyond interpretability, ensuring fairness and mitigating model bias are critical challenges, especially

when working with biomedical datasets. Supervised models trained on biased datasets, such as those

with imbalanced representations of racial, ethnic, and socioeconomic groups, are prone to systematic

error disparities and biased predictions. These biases can be inherited from historical inequalities

embedded in the data, including tainted labels or differential measurement quality. To reduce such

risks, models should be trained on large and diverse datasets, using data augmentation or transfer

learning when necessary, However, fairness is not a purely technical problem. Rather, it is shaped by

societal norms and longstanding ethical debates. Decisions about which metrics define a “fair” model

must involve close collaboration with domain experts, recognizing that imposed fairness constraints

may not always align with clinical or biological validity. Transparency, careful evaluation, and

human-in-the-loop approaches are essential to ensure that ML models contribute to equitable and

scientifically robust insights.

1.2.6 Applications to Biological Age Estimation

Quantifying biological age measures, including brain age, has become a prominent focus of com-

putational neuroscience research with ML/DL playing an increasingly critical role. Traditionally,
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brain aging was studied using scalar neuroimaging markers such as cortical thickness, hippocam-

pal volume, or white matter hyperintensity burden. However, recent advances have enabled the

development of multivariate models that estimate an individual’s brain age from high-dimensional

neuroimaging data, most commonly T1-weighted structural MRI, by training regression algorithms

to predict chronological age from imaging features. The predicted brain age is then compared to

actual chronological age to compute the brain age gap, which is interpreted as a biomarker of ac-

celerated or decelerated aging. Models have ranged from linear regressions on hand-crafted features

to more complex random forests, support vector regressors, and DL models including convolutional

neural networks (CNNs) applied directly to voxel-wise data. CNNs promise higher predictive ac-

curacy and minimal reliance on preprocessing or feature engineering. However, they also introduce

challenges around interpretability, data leakage, overfitting, and reproducibility.

Many studies evaluate brain age gap as a biologically useful metric of its own, positing that the

discrepancy between observed and predicted age is reflective of biological variability that may be

linked to resilience or vulnerability. A central controversy in this field surrounds residual-based ap-

proaches to calculate brain age gap. Often intended to correct for regression-to-the-mean effects, this

practice can introduce statistical artifacts and undermine biological interpretability. For instance,

residuals may reflect model variance rather than true biological deviations, and their distribution

can be distorted by age-skewed training samples. Moreover, the use of age as a training target

inherently conflates chronological and biological aging, raising questions about whether ML models

are capturing meaningful pathophysiological signals or merely age-correlated anatomical variance.

Cross-site generalizability is another significant engineering barrier, as site-specific scanner effects,

demographic variation, and preprocessing pipelines can substantially degrade model performance.

Recent efforts to address these issues include harmonization techniques such as ComBat, domain

adaptation, and federated learning frameworks that aim to reduce site bias without compromising

privacy.

Given the parallels between brain age and epigenetic age estimation, many of these challenges and

considerations are directly applicable to epigenetic clocks. Ultimately, while ML-based biological
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age models hold considerable promise as non-invasive tools for early detection and monitoring, their

clinical and mechanistic validity hinges on resolving these methodological challenges, integrating

multimodal data, and developing models that are both accurate and interpretable.

1.3 Overview of Dissertation Aims

Building upon recent advances in neuroimaging, epigenetics, and ML approaches to biological age

estimation, this dissertation examines how epigenetic measures relate to in vivo neuroimaging

biomarkers of brain aging and neurodegeneration, offering a biologically grounded structure for

understanding disease progression and heterogeneity of aging and AD. Within this context, we ex-

plore the potential for peripheral blood-based epigenetic markers to offer insights into brain aging

processes and their variability across individuals.

At the core of this dissertation is the central hypothesis that epigenetics contributes meaningfully

to the heterogeneity of brain aging and neurodegeneration, as quantified by structural MRI. We

postulate that the intra-individual variation in vulnerability of specific brain regions to AD pathol-

ogy and neurodegeneration, such as in the MTL, may be at least partially explained by differences

in biological age as quantified by epigenetic clocks. We leverage both statistical and data-driven

approaches in the following two aims to explore this central question.

Aim I: Determine how biological age by blood-based epigenetic profiles influences atyp-

ical neurodegenerative patterns in AD

Chronological age has been associated with distinct patterns of AD pathology, including variations

in the regional distribution and severity of neurodegeneration. To understand the heterogeneity

in AD, particularly in cases exhibiting atypical patterns of neurodegeneration, it is essential to

consider factors beyond chronological age that may contribute to divergent clinical and anatomical

presentations. One such factor is biological aging, which can be estimated using DNA methylation-

based epigenetic clocks that reflect cumulative molecular damage and regulatory drift over time.

We apply established epigenetic clocks to whole-blood DNA methylation profiles to compute bi-

ological age gap (BAG), which quantifies the discrepancy between an individual’s biological and

chronological age. We will use BAG to classify individuals into accelerated or decelerated biological
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age groups, thereby allowing us to probe whether biological aging status relates to distinct neu-

rodegenerative patterns in AD. Using established neuroimaging signatures of AD, we will define a

novel MRI-derived Cortico-Medial Temporal index (CoMeT) as the signed difference of the cortical

and MTL structural measures. We will statistically examine the relationship between BAG and

CoMeT using hypothesis testing, effect sizes, and power assessments. In summary, we will quantify

atypical neurodegenerative pattern along the corticolimbic axis and assess whether biological age

explains regional vulnerability beyond the known effects of chronological age. This will allow us

to uncouple the association between atypical neurodegenerative patterns and age of onset, focusing

more on biological explanations for AD heterogeneity than chronological age alone. Working Hy-

pothesis: Decelerated BAG is associated with a more cortical-predominant anatomical presentation

of AD, while an accelerated BAG corresponds to the more typical MTL-dominant pattern, thereby

providing a mechanistic link between biological aging and phenotypic heterogeneity in AD.

Aim II: Identify blood-based epigenetic signatures and associated biological pathways

underlying brain aging and neurodegeneration in the MTL

To develop novel epigenetic clocks that specifically predict brain age and hippocampal volume,

traditional ML algorithms (Elastic Net) will be applied to whole-blood DNA methylation profiles

covering 700,000 CpGs across the epigenome. Various feature selection methods using nested cross

validation with hyperparameter tuning will be implemented to preselect CpGs that have the great-

est association with the target feature of interest (i.e., brain aging or hippocampal volume), and

subsequent prediction performance will be assessed to identify the best feature selection method and

number of features to input to an Elastic Net model. Training and validation be done with an initial

discovery cohort and the final clock will be tested in an independent dataset to evaluate predictive

performance. The CpGs selected by Elastic Net will be annotated using existing databases. Gene

set enrichment and gene ontology analyses will be conducted to assess the biological implications

of these features. Finally, the relationship between methylation of the selected CpGs and brain

methylation, as well as the relationship to blood and brain gene expression, will be analyzed to infer

the ability of blood-based methylation profiles to inform brain-related processes. Working Hypoth-

esis: Epigenetic modifiers measured in blood are predictive of brain aging and neurodegenerative
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processes affecting the MTL.

Figure 1.1 illustrates the conceptual framework guiding the two aims of this dissertation, which seek

to unify two distinct but complementary domains of research: (1) epigenetic models of biological

aging derived from accessible peripheral tissue and (2) neuroimaging-based models of structural and

pathological changes in brain aging and AD. By bridging these domains, the dissertation investigates

whether epigenetic variation helps explain the divergent patterns of brain aging and variability in

focal neurodegenerative patterns observed across individuals.

1.4 Outline of Chapters

Below, we describe the chapters of this dissertation in the furtherance of the aims outlined above.

In Chapter2, we discuss the background and recent methodological developments that motivate

this thesis. First, we summarize the various clinical and neuropathological presentations of AD

with a particular focus on identified atypical variants of the disease. Then, we summarize the vari-

ous current frameworks for explaining this observed heterogeneity and atypicality, also identifying

limitations of each framework, and motivating the study of epigenetics as a potentially unifying

explanation. We then delve into blood-based epigenetic studies of the brain and comprehensively

review studies focused on assessing cross-tissue methylation patterns and using blood as a surrogate

for brain. Finally, we motivate the empirical chapters of this thesis based on the reviewed back-

ground, postulating epigenetics as a unifying explanation for regional vulnerability in the brain and

hypothesizing that these changes can be measured in blood.

In Chapter3, we investigate how biological age determined by blood-based epigenetic profiles in-

fluences atypical neurodegenerative patterns in AD (Aim I). We demonstrate the utility of our

CoMeT measure in capturing the spectrum of neurodegeneration along the corticolimbic axis and

its implications for atypical variants of AD by validating it using established results from literature

associating this pattern with chronological age. We then further determine the influence of biologi-

cal age on this pattern. This chapter aligns with the first central question regarding the ability of

epigenetics to explain region-specific neurodegenerative patterns, as well as the second question of
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whether these epigenetic markers can be assessed in blood, linking it to the next chapter.

In Chapter 4, we identify blood-based epigenetic signatures and associated biological pathways

underlying brain aging and neurodegeneration (Aim II). We discuss the ability of blood based epige-

netic clocks to inform brain related processes, especially when those processes are highly associated

with chronological aging. We identify and interpret the meaning of potential pathways implicated

in the vulnerability of the MTL, identified by the data driven methods employed in this aim.

In Chapter 5, we discuss the results from each of the empirical chapters in the context of the central

questions and hypotheses of this thesis. We summarize the key contributions of this dissertation and

offer a roadmap for future studies to continue this work. We identify limitations, challenges, and

alternative approaches that future studies can address, ideally with unlimited resources and time.

This focuses on both engineering and methodological innovations as well as biological advances,

concluding with potential implications for clinical practice and translational research.

The engineering methods and biological findings of this dissertation may improve the exploration of

biological mechanisms underlying aging and neuropathological processes underlying neurodegener-

ative diseases such as AD. This may better inform patient stratification, therapeutic targeting, and

further basic research into the prevention or even reversal of these processes.
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CHAPTER 2

LITERATURE REVIEW

This chapter lays the foundation for the empirical chapters of this dissertation. In Section 2.1, we

provide an overview of heterogeneity in AD, focusing on regional vulnerability to disease pathology

and downstream effects on cognition. We then delve into current frameworks to explain hetero-

geneity in AD and identify limitations of each in Section 2.2, motivating the need to develop a

complementary explanation. This sets the stage for Section 2.3, which is a précis on the case

for epigenetics as a potentially unifying framework for characterizing heterogeneity and regional

vulnerability in AD. Section 2.4 provides a literature review of peripheral blood-based epigenetic

studies of brain aging and associated phenotypes. Finally, Section 2.5 provides a summary of the

chapter and ongoing research challenges, offering a roadmap for future work and a contextualized

preview of empirical Chapters 3 and 4, which begin to address some of these open questions.

2.1 Heterogeneity and Atypicality in AD

Recognized globally as a devastating neurodegenerative disorder, AD was first described in the

early 20th century by its namesake, Dr. Alois Alzheimer, who was relating a case which had been

observed in the insane asylum of Frankfurt am Main in Germany. Dr. Alzheimer noted at the time,

“Considering everything, it seems we are dealing here with a peculiar illness” (Stelzmann et al.,

1995), emphasizing that the case was so clinically unusual that it could not be classified as one of

the recognized illnesses. Despite the rapidly growing prevalence of AD since it was first documented

just over 100 years ago, Dr. Alzheimer’s description remains apt, albeit in a different sense than what

he may have meant. The word “peculiar” is defined as “characteristic of only one person, group, or

thing”, alternatively, “distinctive” (Merriam-Webster, 2025). Today, there is increasing recognition of

the extensive heterogeneity in AD leading to vastly different clinical presentations, pathologies, and

rates of progression among individuals. This makes it indeed a “peculiar” disease. Heterogeneity in

AD has significant implications for both research and clinical practice, particularly in the current era,

as disease-modifying therapies become available and precision medicine approaches are prioritized.
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2.1.1 Typical presentations of AD

Typically, AD is characterized by a gradual and progressive decline in cognition, with the earliest

and most salient impairment occurring in anterograde episodic memory. During the prodromal

phase of AD, in which individuals are often diagnosed with mild cognitive impairment (MCI) due

to AD, memory concerns are reported most frequently. Individuals often face difficulty recalling

recent events or conversations (Wilson et al., 2011). As the disease progresses, additional cognitive

domains become affected, including executive function, attention, semantic memory, visuospatial

processing, and praxis (Grady et al., 1988). Despite this evolution, episodic memory impairment

remains the clinical hallmark of the “typical”, amnestic presentation of AD. The onset is usually

insidious, and both patients and family members may attribute early symptoms to normal aging,

often delaying clinical recognition until deficits become pronounced (Grady et al., 1988). Memory

dysfunction reflects the early involvement of MTL structures, particularly the hippocampus and

ERC, which are critical for encoding and consolidating new episodic memories.

Neuropathology

The neuropathology of typical AD is defined primarily by two protein aggregates: amyloid-beta (Aβ)

peptides in the form of senile plaques and hyperphosphorylated tau protein forming neurofibrillary

tangles (NFTs). The pathological deposition of (Aβ) is believed to initiate in the ERC, subse-

quently involving the hippocampus and other MTL structures, and finally extending to neocortical

areas including the lateral temporal, parietal, and frontal cortices. This stereotyped progression of

tau pathology has been formalized into the Braak staging system (Braak and Braak, 1991), which

strongly correlates with clinical severity. However, some individuals exhibit tau distributions that

deviate from classical staging schemes, highlighting the complex biological heterogeneity underpin-

ning clinical phenotypes (Jack Jr et al., 2018). Notably, Aβ deposition often plateaus early in the

disease and shows weak correlations with symptom severity, whereas the spread of tau pathology

more closely tracks with cognitive decline and neuronal loss (Jack et al., 2024).
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Neuroimaging features

Neuroimaging studies have substantially contributed to our understanding of the topography and

progression of AD-related neurodegeneration, providing in vivo correlates of both neuropathology

and clinical symptoms. Structural MRI reliably demonstrates early atrophy of the MTL, partic-

ularly the hippocampus, ERC, and parahippocampal gyrus. This pattern of atrophy mirrors the

regions initially affected by tau pathology and aligns with the hallmark memory impairment seen

in typical AD. As the disease progresses, greater neurodegeneration is observed in the lateral and

posterior temporal lobes, inferior parietal cortex, and medial posterior cingulate, correlating with

impairments in semantic memory, visuospatial abilities, and attention. Fluorodeoxyglucose positron

emission tomography (FDG-PET) reveals reduced glucose metabolism in the posterior cingulate cor-

tex, precuneus, and temporoparietal junctions. Hypometabolism in these areas has been associated

with deficits in episodic memory retrieval, orientation, and attentional modulation. Amyloid PET

imaging, using tracers such as Pittsburgh Compound B, florbetapir, or florbetaben, can detect fib-

rillar Aβ deposition years before the onset of clinical symptoms (Landau et al., 2013). However,

amyloid burden shows only modest associations with disease severity and is often widespread even in

asymptomatic individuals, suggesting it is necessary but not sufficient for symptom manifestation.

Finally, the development of PET tracers that allow visualization of tau neurofibrillary pathology is

a more recent development that shows greater spatial correlation with neurodegeneration and cogni-

tive decline. In typical AD, tau PET reveals that accumulation is most prominent in MTL structures

in the early stages and spreads to lateral temporal and parietal cortices (Ossenkoppele et al., 2016).

2.1.2 Atypical Presentations of AD

Atypicality in AD refers to deviations from the typical presentation of the disease as described

in Section 2.1.1. Atypical presentations include variations in age of onset, initial deposition and

spread of pathology, and neuroanatomical changes, often leading to challenges in accurate diagnosis

and management. These presentations disproportionately affect individuals with earlier disease

onset, with symptoms emerging before the age of 65 years. Table 2.1 provides an overview of the

recognized subtypes and atypical variants of AD.
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Table 2.1: Comparative Overview of Alzheimer’s Disease Subtypes and Variants

Subtype Atrophy Pattern Clinical Features Pathology
Typical Amnestic Severe hippocampal and

MTL atrophy; additional
temporoparietal cortical
loss.

Prominent episodic mem-
ory impairment and spatial
disorientation.

Relatively balanced tau distri-
bution affecting limbic and as-
sociation cortices.

Cortical-
Predominant
(Hippocampal
Sparing)

Relative preservation of
hippocampus; pronounced
atrophy in parietal, tempo-
ral, and frontal association
areas.

Non-amnestic symptoms
(aphasia, apraxia, vi-
suospatial or executive
dysfunction); younger
onset; faster progression.

High neocortical, low hip-
pocampal tau.

Limbic-
Predominant

Disproportionate hip-
pocampal and MTL
atrophy with minimal
cortical involvement

Profound memory loss in
very old patients; amnestic
presentation

Dense tau in hippocampus
and entorhinal cortex; rel-
atively spared neocortex
(Braak stage VI)

lvPPA Focal atrophy in left
posterior perisylvian (tem-
poroparietal) cortex.

Fluent aphasia with
word-finding pauses and
impaired repetition; pre-
served grammar and early
memory.

Asymmetric AD pathol-
ogy in language regions;
hippocampal-sparing tau
pattern

PCA Occipital and parietal atro-
phy, often right-lateralized;
MTL relatively spared.

Visual cognitive deficits
(reading, object agnosia);
spatial difficulties.

Concentrated in posterior cor-
tex; delayed hippocampal in-
volvement.

Frontal / Behav-
ioral

Frontal-predominant corti-
cal atrophy.

Behavioral changes (ap-
athy, disinhibition, poor
judgment); resembles fron-
totemporal dementia.

Pathology focused on frontal
networks; confirmed via
biomarkers or autopsy.

Clinically defined variants

The two most well-documented atypical phenotypes are Posterior Cortical Atrophy (PCA) and

logopenic variant Primary Progressive Aphasia (lvPPA). PCA is a clinical syndrome of progressive

visuospatial dysfunction characterized by difficulties with spatial awareness and perception and

worsening ability to interpret visual information. For example, individuals with PCA may struggle

with reading, object recognition, spatial navigation, or simultaneous perception. First described by

(Benson et al., 1988; Crutch et al., 2012), PCA exemplifies how AD pathology can target non-MTL

cortical regions, leading to a clinical syndrome distinct from that of typical AD. Structural MRI of

PCA typically demonstrates pronounced atrophy of the parietal and occipital cortices, which can be

bilateral but is often asymmetric and more pronounced in the right hemisphere. A notable feature is

the relative sparing of the hippocampus and MTL in PCA compared to typical AD. This preservation

of MTL structures correlates with the observation that episodic memory is relatively intact in earlier
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stages and is maintained longer during the disease course. Correspondingly, FDG-PET reveals

hypometabolism in occipitoparietal regions, reflecting degeneration of posterior cortical networks.

AD is the neuropathological cause of the majority of PCA cases, with abundant amyloid plaques

and tau tangles accumulating in posterior cortical regions (Singh et al., 2015). Less commonly,

other etiologies such as dementia with Lewy bodies (DLB) or corticobasal degeneration can also

result in a PCA-like syndrome (Crutch et al., 2012; Chapleau et al., 2024).

In contrast, lvPPA presents primarily with language deficits, notably non-fluent speech and agram-

matism. This syndrome is characterized by progressive language impairment, notably difficulties

with word-finding and impaired sentence repetition, with relative preservation of grammar and mo-

tor speech (Gorno-Tempini et al., 2011). Like in PCA, other cognitive functions such as memory

remain relatively preserved in early stages although individuals may develop more widespread cog-

nitive deficits later. Neuroimaging in lvPPA classically reveals predominant atrophy in the left

posterior superior temporal and inferior parietal cortices, corresponding to the posterior perisylvian

language network. FDG-PET studies similarly show hypometabolism in left lateral temporoparietal

regions and posterior cingulate cortex (Matías-Guiu et al., 2015). Clinically, lvPPA presents as a

fluent aphasia with pauses (i.e., logopenia) rather than the amnestic memory loss observed in typ-

ical AD. Frequently, lvPPA is underpinned by AD pathology, evidenced by histology and amyloid

PET studies. In one clinicopathological study, 84% of PPA cases with AD pathology exhibited a

logopenic language phenotype (Henry and Gorno-Tempini, 2010). Thus, lvPPA represents a focal

presentation of AD in which amyloid and NFTs are concentrated asymmetrically in left perisylvian

cortices while MTL structures are relatively spared earlier in the disease course.

Neuropathologically-defined variants

Beyond clinical syndromes, post mortem studies have defined distinct neuropathological subtypes of

AD based on the regional distribution of neurofibrillary tangles. In a landmark analysis of hundreds

of AD brains, Murray and colleagues identified a “hippocampal-sparing” subtype – essentially a

cortical-predominant pattern – in which tau pathology is disproportionately high in the neocortex

but relatively low in the MTL and particularly the hippocampus (Murray et al., 2011). Conversely,
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a limbic-predominant (i.e., MTL predominant) subtype showed the opposite pattern, with heavy

NFT burden in the hippocampus and MTL with comparatively sparse neocortical involvement.

The remaining “typical” AD cases had a more balanced distribution of tangles in both hippocampal

and cortical regions. Quantitatively, about 75% of individuals fell into the typical category, whereas

roughly 15% of AD cases were classified as either hippocampal-sparing or limbic-predominant. These

neuropathological subtypes help explain some of the clinical variability in AD. Notably, they do not

necessarily correspond one-to-one with the named clinical syndromes, but they provide a framework

for extremes of regional vulnerability within AD. It is also notable that the “-sparing” nomenclature

may be potentially misleading, given that almost all individuals along the AD spectrum experience

global neuropathological changes, including in the hippocampus. It is helpful to instead consider

these terms as relative rather than absolute for the purpose of biologically informed AD subtyping.

Neuroimaging correlates of these subtypes have been demonstrated in vivo. MRI studies and vi-

sual rating scales can reliably identify individuals with predominant cortical involvement versus

those with predominant MTL involvement. Cortical-predominant AD shows relatively preserved

hippocampal volume but disproportionate atrophy in cortical areas, including the temporoparietal

and frontal regions. This pattern aligns with a non-amnestic clinical profile in which individuals

are far less likely to present with memory loss. Approximately 42% of individuals begin with an

amnestic syndrome and are more likely to present with language, visuospatial, or executive deficits

(Graff-Radford et al., 2021). By contrast, MTL predominant presentations produce the most severe

hippocampal and MTL atrophy with relatively lower cortical atrophy. Consistent with this, most

MTL-predominant individuals present with the classic amnestic syndrome—in one study, 94% had

memory-predominant concerns at disease onset (Whitwell et al., 2008).

Emerging atypical variants and subtyping methods

The frontal variant of AD is a rare subtype associated with prominent frontal cognitive and behav-

ioral symptoms, which may include executive dysfunction and changes in personality. This variant

is characterized by a significant increase in neurofibrillary tangles within frontal regions compared

to typical AD pathology. Additionally, some individuals exhibit symptoms akin to frontotemporal
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dementia in what is known as the behavioral variant of AD. This syndrome is characterized by

changes in behavior and personality rather than memory loss. Another presentation is the dysexec-

utive variant, where individuals predominantly experience difficulties with executive functions such

as working memory and cognitive flexibility. Recent studies have also identified various cognitive

subtypes of AD through data-driven clustering methods applied to cross-sectional neuropsycho-

logical data. These studies have highlighted the difficulties of capturing the temporal nature of

disease progression solely through cross-sectional assessments, as they often fail to reflect the dy-

namic changes in cognitive function over time (Scheltens et al., 2017). More recent studies have

utilized innovative statistical methods to explore cognitive subtypes within AD, revealing diverse

trajectories of cognitive decline among these variants.

2.1.3 Implications of AD heterogeneity on research and clinical practice

The phenotypic diversity observed in atypical AD underscores the complexity of clinical presenta-

tions, as these variants often exhibit overlapping symptoms that defy conventional classifications.

Research indicates that only about 25% of atypical AD displays a “pure” clinical presentation, sug-

gesting that most individuals experience a continuum of symptoms rather than discrete variants

(Whitwell, 2024). Diagnosing AD is inherently complex due to the overlap of symptoms with other

medical conditions, such as depression and metabolic disorders. This complexity is heightened in

atypical cases, where symptoms may deviate significantly from the standard memory loss typically

associated with the disease. Atypical forms of AD, particularly non-amnestic subtypes, frequently

lead to misdiagnosis, complicating access to appropriate treatments and support services which are

critical for improving quality of life. Integrating multi-dimensional data from neuropsychological

assessments, neuroimaging, and genetic analyses may provide a more comprehensive understanding

of atypical AD and inform the development of individualized treatment plans. As our understand-

ing of atypical AD variants evolves, ongoing research should aim to refine diagnostic criteria and

improve recognition among healthcare providers.

Understanding the heterogeneity of AD is also crucial for improving treatment strategies. The

advent of disease-modifying therapies underscores the need for more precision medicine-based ap-

25



proaches to diagnosing and managing atypical AD, particularly as evidence suggests that initiating

treatment in presymptomatic stages could yield better outcomes (Devi, 2023). Moreover, recogniz-

ing the unique trajectories of cognitive decline and the mechanisms behind them may facilitate the

development of novel therapies that address the specific needs of patients. The diversity of atypical

variants demonstrates that AD pathology can produce vastly different clinical syndromes depending

on the regions affected, suggesting that additional modulators of disease heterogeneity are at work.

Together, these variants highlight the importance of recognizing clinicopathological heterogeneity

and spur further investigation into why different brain regions are vulnerable to neurodegenerations

in different individuals. This sets the stage for developing frameworks to identify disease mechanisms

and understanding how they interact to modulate patterns of regional vulnerability.

The variability in regional neurodegenerative patterns seen in atypical AD raises fundamental ques-

tions: why do certain brain regions succumb to AD pathology and neurodegeneration in some

individuals, but not others? What drives the initial deposition of pathology in certain brain regions

prior to others?

In the next section, we will discuss current frameworks for explaining atypicality and regional

vulnerability in AD. Emerging evidence suggests that a complex interplay of factors may modulate

regional vulnerability to neurodegeneration. Understanding the spectrum of AD variants and their

neuroimaging signatures provides a crucial foundation for exploring how various biological and

environmental factors, such as epigenetic modification, might influence these heterogeneous patterns

of neuroanatomical change.

2.2 Frameworks Explaining Heterogeneity in Neurodegenerative Patterns

2.2.1 Chronological age

Association of age with atypical clinical presentations

Younger individuals more frequently exhibit atypical, non-amnestic AD variants, whereas older in-

dividuals more often have a “typical” amnestic presentation. In sporadic early-onset AD (EOAD),

memory loss may not be the dominant symptom; instead, individuals can present with focal cortical
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syndromes such as PCA (visual-spatial impairments), lvPPA (language deficits), frontal/dysexecutive

AD, or an AD-related corticobasal syndrome. Amnestic AD increases in prevalence with older age,

whereas at least a third of AD cases under 65 are non-amnestic variants. These atypical variants

often begin in the 50s or early 60s. cortical-predominant AD tends to occur at a younger age of onset

(often early 60s to 70s), whereas limbic-predominant AD is more common in older adults (late 70s

to 80s) and predominantly female individuals. Cortical-predominant cases had a mean age 72 at

death (over 10 years younger than typical AD) and were mostly male, whereas limbic-predominant

cases averaged 86 years old and were mostly female. The relative degree of MTL versus cortical

neurodegeneration can vary widely in AD, contributing directly to differences in clinical presentation

and progression (Murray et al., 2011). Clinically, sporadic EOAD cases progress faster, with more

global cognitive impairment (attention, language, visuospatial, executive) compared to late-onset

cases at a similar stage (Sirkis et al., 2022). Thus, chronological age not only modulates overall risk

of AD, but also influences the regional atrophy patterns and syndrome variants, with early-onset

cases providing key evidence of AD’s potential to target specific functional networks beyond the

medial temporal memory system.

Neuropathological evidence corroborating the age-atypicality association

Younger individuals with AD tend to have a higher burden of tau neurofibrillary tangles and more

pronounced cortical atrophy at disease onset than older individuals with AD. Especially in atypi-

cal cases, EOAD shows “hypothesis-free” patterns of tau deposition that correspond to the clinical

syndrome. For example, high occipitoparietal tau is observed in PCA and likewise, left perisylvian

tau in lvPPA. On the other hand, individuals with later-onset AD often have less neocortical tau

and more mixed pathologies such as TDP-43 or vascular changes confounding the picture. Post-

mortem and tau-PET imaging studies have demonstrated that younger AD onset is associated with

a “cortical-predominant” pattern of tau pathology (more intense tau in neocortical association areas

with relative sparing of the MTL), whereas individuals with later-onset AD show a more limbic-

predominant tau pattern (heavy involvement of hippocampus and ERC). This aligns with classic

Braak staging (Braak and Braak, 1991), in which tau pathology in typical late-onset AD (LOAD)

progresses from ERC to hippocampus and then neocortex, but in younger individuals the neocortical
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involvement is disproportionately high.

Limitations of age-based explanations of atypical neurodegenerative patterns

While chronological age is a useful heuristic for anticipating clinical and neuropathological patterns

in AD, it has clear limitations in fully accounting for the observed regional heterogeneity across

individuals. Although EOAD is more often associated with atypical variants and LOAD with

typical amnestic presentations, this is not always the case. Some younger individuals present with

an MTL-predominant pattern of neurodegeneration and classic amnestic symptoms, and conversely,

some older adults exhibit cortical-predominance and atypical clinical symptoms. These mismatch

cases challenge the notion that age alone determines the topography of pathology and the resulting

clinical phenotype. Such variability suggests that other factors likely modulate disease expression

beyond chronological age. This underscores the need for individualized assessments incorporating

biomarker and imaging data rather than relying solely on age-based expectations to understand and

predict AD subtype expression.

Genetic models

Investigations into the genetic underpinnings of atypical AD have revealed that common genetic

risk factors, such as the APOE ε4 allele, are primarily associated with LOAD. Emerging stud-

ies suggest that AD heterogeneity may be influenced by heritable mutations in specific genes as

well as rare variants. Furthermore, imaging-genetic endophenotype studies aim to connect genetic

markers with specific disease phenotypes, potentially elucidating the biological mechanisms driving

the heterogeneity observed in atypical AD presentations. Ongoing research is also examining how

factors like genetic polymorphisms impact heterogeneity along the spectrum of relative cortical to

MTL network involvement. For example, the tau-associated MAPT H1 haplotype was significantly

more frequent in limbic-predominant AD than in cortical-predominant AD, potentially reflecting

network-level factors favoring cortical spread of tau, whereas limbic-predominant AD suggests a

biology that confines pathology to MTL circuits.
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Familial versus sporadic cases

Approximately 5 to 10% of AD cases show familial clustering and a small subset are caused by

autosomal-dominant mutations, comprising less than 1% of all AD cases (Sirkis et al., 2022). These

cases are often associated with early onset of disease and demonstrate more aggressive progression.

Familial AD cases are usually caused by mutations in one of three genes: amyloid precursor protein

(APP), PSEN1, or PSEN2. These mutations lead to increased production of Aβ-42 peptide, which

is prone to aggregation, or otherwise alter the Aβ-42/Aβ-40 ratio. These known variants account for

a majority of familial and autosomal dominant AD cases and approximately 10-15% of early-onset

cases overall, indicating that most EOAD is not due to known Mendelian variations.

By contrast, over 90% AD cases are late-onset sporadic AD, which is not caused by a single gene

but is influenced by a polygenic risk architecture. The strongest genetic risk factor for sporadic AD

is the APOE ε4 allele, which is common at approximately 20% frequency in the general population

and dose-dependently increases AD risk at about 3-fold per allele. It is found in a large proportion

of AD individuals and is estimated to account for roughly a quarter of the genetic predisposition

to LOAD. Notably, however, atypical EOAD variants are less likely to carry APOE4 compared

to typical amnestic AD – for example, individuals with PCA or other nonmemory presentations

often do not have APOE4, suggesting that APOE-associated pathways preferentially lead to the

typical hippocampal pathology. Beyond APOE, recent genome-wide association studies have iden-

tified over 40 genetic risk loci for LOAD. These include genes involved in lipid metabolism (e.g.,

APOE, ABCA7), microglial immune response (e.g., TREM2, CR1, CLU, ABI3), synaptic func-

tion, and other pathways. Notably, rare variants in the microglial receptor gene TREM2 confer an

approximately 2 to 3-fold increase in AD risk, similar in magnitude to a single APOE4 allele.

Limitations of genetic models

Genetics alone cannot fully explain regional vulnerability in aging and neurodegeneration. Even

individuals with the same mutation can have variations in clinical presentation and known genes do

not dictate which brain networks will bear the brunt of pathology in each individual. Furthermore,

most sporadic cases have no single genetic cause, and risk alleles like APOE only partially predict
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disease, indicating that other factors contribute to why certain brain regions degenerate in some

individuals more than others.

2.2.2 Network-based models of pathological propagation

AD pathology follows a characteristic spatiotemporal sequence, suggesting brain network-based vul-

nerability and disease spread as a potential explanation for regional vulnerability. As previously

mentioned, the Braak staging scheme establishes that tau pathology starts in the ERC and hip-

pocampus and then progresses to higher-order association cortices in a stepwise manner. Modern

network models build on this staging scheme by proposing that misfolded proteins, especially tau,

propagate trans-synaptically from neuron to neuron along the brain’s connectivity graph. In other

words, the neurodegenerative process may “travel” via anatomical connections, causing connected

regions to degenerate in tandem, rather than solely spreading contiguously through tissue. This

hypothesis is supported by neuropathological evidence of misfolded tau and Aβ seed propagation

and by the observation that syndromic variants of AD correspond to network-specific patterns of

atrophy rather than random lesions. For example, the default mode network (DMN) is a highly

connected network involving the posterior cingulate, precuneus, hippocampus, and temporoparietal

junction. The DMN is heavily impacted in typical amnestic AD, whereas the visual network is

targeted in PCA as are language networks in lvPPA. These patterns align better with functional

connectivity maps than with just blood flow and vasculature or anatomical boundaries, hinting that

network connectivity mediates vulnerability. Neuroimaging research has provided empirical support

for network-based models.

Within the network paradigm, two complementary theoretical models have been proposed. The

first is the trans-synaptic spread model, where the emphasis is on the agent (i.e., misfolded tau or

Aβ) moving along pathways in the connectome. This model accounts for the experimental evidence

that injected pathological tau can propagate to synaptically connected neurons. The second is

the cascading network failure theory, which focuses on the vulnerability of network topology itself.

This theory posits that certain networks and hubs are inherently more susceptible to failure in

AD. For example, highly connected hub nodes such as those in the DMN may accumulate amyloid
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and undergo functional failure, which then causes connected nodes to degenerate due to loss of

network support. In this view, Aβ has a more global distribution, often relatively uniform across

the cortex early on, reflecting uptake in hub-rich networks that support widespread connectivity.

Tau pathology, on the other hand, marks the specific network modules associated with clinical

deficits, leading to the diverse phenotypes.

Functional MRI (fMRI) studies show that AD-related tau and neurodegeneration tend to appear in

regions that are functionally connected at rest. For instance, regions with strong connectivity to the

ERC are the same regions that develop tau tangles later in the disease. Likewise, tau PET scans in

atypical AD variants reveal that tau deposition respects functional network boundaries. Individuals

with language predominant AD have tau concentrated in the left frontal-temporal language network,

whereas PCA individuals have tau in occipital and dorsal parietal areas of the visual network.

Diffusion-weighted MRI studies of the connectome further suggest that the progression of atrophy

can be modeled by a network diffusion process starting from an epicenter such as the ERC, with

the pathology spreading along white matter tracts to connected regions over time.

The cascading network model elegantly explains why amyloid PET tends to show diffuse cortical

uptake even in atypical AD. Amyloid targets hub-rich regions that are common to many networks,

yielding a uniform “substrate” for disease, perhaps impairing hub connectivity or triggering tau. On

the other hand, tau and neurodegeneration are more heterogeneous and reflect the specific network

that fails in each individual. Generally, amyloid and tau distributions can be dissociated, such that

tau and resultant neurodegeneration correlate better with clinical phenotype than amyloid. Build-

ing on emerging models of tau-neurodegeneration (T-N) mismatch, network-based frameworks of

AD heterogeneity suggest that regional vulnerability and resilience are shaped not solely by tau

deposition, but by the proportion of tau pathology observed relative to neurodegeneration, i.e.,

T-N mismatches (Lyu et al., 2024). This highlights the variable susceptibility of neural systems to

tau-induced injury. For example, in some individuals, pronounced MTL tau burden may result in

minimal neurodegeneration, potentially reflecting resilience within the limbic network, whereas in

others, modest cortical tau can lead to substantial neurodegeneration in association areas, indicating
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heightened vulnerability. These network-based susceptibilities likely interact with co-pathologies,

age-related neurobiological changes, and individual differences in cognitive reserve. Thus, mapping

T-N mismatch patterns across networks provides a framework for understanding how disease ex-

pression deviates from age-based expectations and may offer more precise, biologically informed

subtyping of AD.

Limitations of network models

Overall, network-based frameworks have substantially advanced our understanding of how AD might

propagate through neuronal circuitry by accounting for connectome architecture rather than just

anatomical proximity. These models align with the observation that AD targets networks, not just

isolated regions. However, network models still leave some open questions, particularly surrounding

the initial targeting of vulnerable regions or networks. For example, they do not fully explain why

certain networks, such as the DMN, are initially vulnerable to AD pathology. Additionally, they

cannot nor why misfolded proteins like tau begin aggregating in specific epicenters such as layer

II ERC neurons. Network models must also be reconciled with biochemical factors driving the

initiation of tau misfolding and interactions between amyloid and tau interactions that modulate

network spread. These gaps point to the possibility that other biological mechanisms, including

those at the molecular and epigenetic level, are at play in conferring regional susceptibility to

pathology.

2.2.3 Other factors influencing AD heterogeneity

Co-pathologies

Older AD individuals frequently have additional age-related pathologies such as cerebrovascular

disease or TDP-43 protein inclusions in limbic regions resulting in LATE. These co-pathologies

might exacerbate neurodegeneration in some regions. For example, TDP-43 in the hippocampus

leads to worsening memory loss in older individuals, thereby skew the clinical presentation toward

“typical AD” in older individuals. In contrast, younger AD individuals may have relatively “purer”

brains terms of pathology, which might allow the idiosyncratic network-specific effects of tau to

manifest more clearly, such as isolated visual syndrome in PCA). This perspective suggests that
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part of regional vulnerability is contextual, depending on what other pathologic processes are present

to interact with Aβ or tau.

In younger-onset cases, the absence of traditional vascular risk factors suggests that atypical AD

may arise from distinct underlying processes, possibly related to specific genetic factors, such as

the absence of the APOE4 allele. A newer concept is that different conformations of misfolded

proteins might cause different patterns of pathology. In other proteinopathies such as prion disease

or alpha-synucleinopathies, distinct strains can target different cell types. One study suggested

that the diversity of clinical phenotypes and atrophy patterns in AD could arise from different

fibrillar strains of pathogenic tau, as well as from genetic predispositions. However, clear evidence

of strain-specific tau in AD variants is still being investigated. This model attempts to link molecular

heterogeneity at the protein level to regional vulnerability.

Neuroinflammatory and Glial Responses

There is growing evidence that non-neuronal cells, especially microglia and astrocytes, play a role

in regional vulnerability. Regions with high baseline inflammation or an exaggerated glial response

might suffer more damage once AD pathology begins. Studies comparing atypical and typical

AD variants have found some intriguing differences – for instance, one PET study showed that

individuals with PCA had disproportionately increased microglial activation in the parietal-occipital

cortex and lower activation in the MTL, relative to typical AD. This suggests the immune response in

PCA was concentrated in the regions that degenerated (visual cortices) and comparatively blunted in

usually vulnerable areas (hippocampus), possibly contributing to the shift in vulnerability profile.

Likewise, genetic studies indicate that certain immune-related gene variants (including TREM2)

confer different risk levels for atypical presentations. The concept of regional “neuroinflammatory

signatures” is emerging: some brain regions might be primed to respond to pathology with an

aberrant immune reaction, accelerating local neurodegeneration. Glial cells also undergo aging;

epigenomic studies show that microglia in aged brains can develop “immune tolerance” or primed

states that might differ between brain regions. Such differences could underlie why, for example, the

hippocampus and ERC (which show early AD changes) might have a distinct inflammatory milieu
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or protein clearance capacity compared to relatively spared regions like the cerebellum.

Cognitive Reserve and Environmental Exposures

Cognitive reserve refers to the concept that individuals with higher education, occupational com-

plexity, or intellect may cope longer with pathology before showing symptoms. As such, cognitive

reserve may play a role in heterogeneous presentations of AD. For example, it could lead to atypical

clinical presentations: a person with high reserve might sustain significant hippocampal pathology

without obvious memory loss, only to present later when the disease affects another network, result-

ing in an atypical non-memory syndrome. Conversely, someone with lower reserve might become

symptomatic earlier in the course, perhaps with the classic memory complaints. Thus, two indi-

viduals with a similar distribution of pathology could show different primary symptoms. Cognitive

reserve does not explain regional vulnerability to the pathology itself, but it influences how that

pathology translates to clinical heterogeneity.

In addition to cognitive reserve, lifestyle and environmental factors significantly modulate AD het-

erogeneity by interacting with brain health, resilience, and vulnerability. Exercise, diet, regular and

restorative sleep, and engagement in cognitively and socially stimulating activities are all associated

with reduced risk of AD and may buffer the effects of tau and neurodegeneration on cognition. These

protective behaviors often correlate with higher education and income, highlighting the influence of

broader social and structural determinants of health. Socioeconomic status and environmental expo-

sures such as air pollution, neighborhood safety, access to green spaces, clean water, and nutritious

food shape opportunities for healthy lifestyle choices. In turn, these exposures influence biological

aging and vulnerability to neurodegenerative disease. Disparities in access to healthcare, diagnos-

tic delays, and historical and ongoing structural inequities further compound risk in marginalized

racial and ethnic groups, particularly in the United States. As such, the clinical manifestation of

AD cannot be disentangled from the lived environments and social conditions that shape reserve,

exposure, and resilience across the life course. Understanding these interdependent factors is critical

to addressing heterogeneity in AD and developing equitable approaches to prevention, diagnosis,

and care.
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Each framework provides valuable insight yet leaves important gaps. It is important to note that

these theories are not mutually exclusive and likely interact. This opens the door for additional

explanations that support existing frameworks and offer a way to bridge the gaps.

2.2.4 The case for epigenetics as a potential modulator of AD heterogeneity

Epigenetics might play a key role as a complementary explanation. Epigenetic changes, such as

DNA methylation and histone modification, are dynamically influenced by aging and environment

and regulate gene expression in a cell- and region-specific manner. There is evidence that in AD,

neurons in vulnerable regions show different epigenetic marks compared to those in resistant regions.

For instance, one study found large-scale changes in histone acetylation in AD brains that correlated

with tau pathology load. Epigenetic dysregulation could conceivably make certain regions, like the

hippocampus, less resilient to Aβ or tau accumulation effectively predisposing those regions to

earlier or more severe degeneration. Similarly, microglia in aging brains develop “innate immune

memory” via epigenetic reprogramming. If microglia in the hippocampus accrue a pro-inflammatory

or primed epigenetic state with age, that region might mount a more toxic response to amyloid

plaques than a region whose microglia remain quiescent. Region-specific epigenetic landscapes could

help tie together multiple pieces of the puzzle by integrating nature and nurture: epigenetics can

be influenced by genetics, environmental exposures, and developmental history of brain networks.

Considering epigenetic mechanisms is thus a logical next step, offering a framework that is both

dynamic and regional. The epigenome can change over time and differ across brain regions and cell

types. This could explain, for example, why the same disease process manifests differently across

individuals or how lifestyle changes could modulate disease trajectory through epigenetic pathways.

It could also explain the “latent” period of AD: decades of mid-life exposures and aging might

epigenetically prime certain brain regions for vulnerability to pathology buildup in alignment with

the prevailing staging schemes and hypotheses.

2.2.5 Summary

Current frameworks have significantly advanced our understanding of heterogeneity and regional

vulnerability in AD leading to atypical clinical variants. Genetic models highlight inherited sus-
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ceptibilities but leave much of the sporadic variation unexplained. Network-based models account

for the patterned spread of pathology across connected brain regions, matching the clinical syn-

dromes, yet they do not fully answer why those networks are initially targeted. Other theories of

region-specific vulnerability draw attention to intrinsic cellular factors, comorbid pathologies, and

systemic influences like neuroinflammation or cognitive reserve, each shedding light on pieces of the

puzzle. However, each framework in isolation has limitations and heterogeneity likely arises from a

convergence of these factors.

This sets the stage for exploring epigenetic mechanisms as a complementary and potentially uni-

fying explanation. Epigenetics offers a dynamic framework linking aging, genetics, cellular and

regional network biology, and environmental factors. By influencing gene expression in a region-

and cell-type-specific manner, epigenetic changes could underlie the differential vulnerability of brain

regions, the impact of age and life experiences, and even the network-level propagation of pathology.

Furthering research in epigenetic models may yield a more holistic model of AD heterogeneity and

inspire new avenues for individualized therapeutic strategies targeting epigenomic modulation of

vulnerable brain regions.

The next section delves into established and emerging research on epigenetic modifications under-

lying brain-related phenotypes associated with aging and neurodegenerative disease, with a par-

ticular focus on peripheral blood-based signatures. We examine how epigenetics might interface

with genetic, network, cellular, and environmental frameworks to produce the observed tapestry of

heterogeneity and regional specificity in AD.

2.3 Epigenetics as a Complementary Framework for Modeling Heterogeneity

As discussed in Section 2.2, existing frameworks for explaining heterogeneity in AD remain insuf-

ficient to fully capture the complexity of its clinical and anatomical diversity. Genetic risk factors

explain only a fraction of sporadic AD cases, while models based on connectivity and spread do not

adequately account for initial vulnerability of specific brain regions. Epigenetics offers a promising

integrative framework capable of reconciling these gaps by providing a mechanistic basis for region-

specific susceptibility. Positioned at the intersection of genetic potential, developmental history,
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and lifelong environmental exposures, epigenetic regulation may underlie the divergent trajectories

of AD pathology across individuals and brain networks.

Reframing epigenetics as one of the drivers of initial pathology deposition and spatial distribution,

rather than solely where it spreads, shifts the modeling paradigm. Epigenetic factors may dictate

the regional “permissiveness” that enables initial pathological seeding. This permissiveness refers

to enduring molecular configurations, such as DNA methylation patterns, histone modifications,

and chromatin accessibility, that influence cellular identity, gene expression, and the intrinsic vul-

nerability or resilience of specific brain regions to neurodegenerative processes. The focal atrophy

observed in atypical AD variants such PCA and lvPPA cannot be fully explained by pathological

spread alone. Rather, these patterns may reflect developmental epigenetic programming that leaves

certain cortical regions predisposed to neurodegeneration under pathological stress. Early-life ad-

versity and prenatal conditions may also leave lasting epigenetic imprints on specific brain areas,

shaping long-term susceptibility. These imprints persist and evolve in interaction with environ-

mental exposures, physiological stressors, and the aging process, contributing to the emergence of

atypical phenotypes later in life.

Unlike the genome, the epigenome is dynamic and potentially reversible. It encodes an individual’s

developmental history and environmental interactions in a region- and cell-type-specific manner

(De Jager et al., 2014; Gjoneska et al., 2015). As such, epigenetic regulation provides a powerful

framework for understanding both common and atypical forms of AD, capturing the intersection of

biological determinism and environmental modulation more wholly than existing models.

This theoretical synthesis positions epigenetics as a unifying model for explaining heterogeneity in

AD and lays the conceptual foundation for identifying biomarkers of regional vulnerability. The

next section builds on this framework by reviewing emerging research into the epigenetics of brain

aging and AD, focusing on how age-related epigenomic changes may shape trajectories of neurode-

generation. We place a particular emphasis on detecting epigenetic modifications in peripheral

blood tissues, which are more stable and easily accessible than brain tissue and can be acquired

longitudinally throughout the lifespan.
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2.4 Peripheral Blood DNA Methylation as a Surrogate Marker of Brain Change

There is increasing recognition that epigenetic mechanisms play a central role in modulating region-

specific vulnerability to structural brain changes in AD. Epigenetic modifications are heritable

yet reversible alterations to DNA and chromatin that regulate gene expression without changing

the underlying DNA sequence. They operate in cell- and region-specific manners to orchestrate

gene regulatory programs. These mechanisms serve as an interface between genetic predisposition,

environmental exposures, and developmental processes, offering a plausible explanation for the

multifactorial nature and phenotypic heterogeneity of AD.

One key epigenetic process implicated in this context is DNA methylation, which refers to the ad-

dition of a methyl group on the 5’ cytosine at a phosphorylated cytosine-guanine dinucleotide along

the genome. Greater methylation indicates tighter regulation and therefore reduced expression of

the associated gene. This review focuses on epigenetic studies in humans that explore molecular

mechanisms underlying regional brain vulnerability in AD, with particular emphasis on cross-tissue

analysis between blood and brain methylation. We survey recent advances in understanding how

peripheral blood-based DNA methylation changes contribute to brain aging and AD-related phe-

notypes. Additionally, we discuss tissue- and cell-type specificity of epigenetic regulation, region-

specific epigenetic landscapes in the brain, and how these relate to structural and functional network

vulnerabilities. Finally, we also explore how epigenetics interact with AD co-pathologies and cogni-

tive changes.

2.4.1 Regional epigenetic atlases and landscapes

Over the past decade, research has increasingly demonstrated that epigenetic regulation is essential

for normal neuronal processes, including synaptic plasticity and memory formation, and that these

regulatory systems become disrupted during aging and in AD. Epigenetic alterations have been

implicated across nearly all major pathological pathways associated with AD, including amyloid-β

accumulation, tau pathology, neuroinflammation, and metabolic dysfunction, through their capacity

to modulate gene transcription at scale. Because these mechanisms mediate interactions between

the genome and environmental factors, they provide a compelling framework for understanding how
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modifiable lifestyle factors such as diet, education, and environmental toxins can influence AD risk.

Moreover, they may help explain the vulnerability of certain brain regions and cell types to AD

pathology, while others remain comparatively resilient.

Comprehensive methylation atlases from human cohorts (e.g., ROSMAP) show regionally distinct

epigenetic landscapes correlating with known AD vulnerability patterns. The ERC and hippocam-

pus—early targets of tau pathology—exhibit unique methylation profiles compared to more resilient

areas like the cerebellum, indicating a potential molecular basis for regional vulnerability across in-

dividuals (De Jager et al., 2014; Ng et al., 2021). Integrative analyses using human brain tissue have

identified epigenetically regulated gene networks associated with tau burden, amyloid deposition,

and cognitive decline (Mostafavi et al., 2018; Ng et al., 2021). These networks highlight roles for

immune-related genes in microglia, synaptic genes in excitatory neurons, and metabolic pathways

in astrocytes, linking cell-specific epigenetic dysregulation with clinical phenotypes.

2.4.2 Associations between Blood and Brain Methylation

Epigenetic patterns are highly tissue specific. Human studies demonstrate significant differences

in epigenetic landscapes between peripheral tissues (blood) and central nervous system tissues.

DNA methylation in peripheral blood associates modestly with AD status, cognitive decline, and

aging (Lunnon et al., 2014; Levine et al., 2015). However, peripheral epigenetic changes often

do not reflect brain-specific regulation. Post-mortem brain analyses reveal extensive methylation

differences between AD-affected and unaffected regions, underscoring the need for brain-specific

epigenetic investigations (De Jager et al., 2014). This has important implications for AD research,

since many studies seek biomarkers in peripheral blood that reflect brain changes. In general, most

DNA methylation marks are not shared between blood and brain – inter-individual methylation

variability in whole blood poorly predicts methylation variability in cortical brain tissue. The brain

also exhibits unique chromatin states and histone modification patterns consistent with its long-

lived post-mitotic cells and complex circuitry. These fundamental differences mean that epigenetic

dysregulation in AD brain may not be detectable in blood, and conversely, peripheral epigenetic

changes (for example, due to systemic inflammation or aging) might not mirror those occurring
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in neurons. Indeed, epigenome wide association studies in blood have identified some methylation

changes associated with AD, but their overlap with brain-specific changes is limited. Thus, the

tissue specificity of epigenetic marks necessitates cautious interpretation of peripheral epigenetic

biomarkers and underscores the importance of examining the brain directly to understand AD

epigenetics.

A fundamental question in neuroepigenetics is to what extent DNA methylation patterns in easily

accessible tissues like blood reflect those in the brain. Direct brain samples are difficult or impossible

to obtain in living individuals, so many studies have investigated whether peripheral blood can serve

as a surrogate for brain epigenetic changes. Overall, most CpG sites show poor correlation between

blood and brain methylation levels, indicating that peripheral markers generally do not mirror brain

methylation one to one. For example, a within-subject analysis of paired blood and brain samples

found that only 7.9% of CpGs had a statistically significant strong correlation across the two tissues.

This means that most DNA methylation changes in blood do not reliably predict methylation status

in the brain. However, a small subset of CpGs does exhibit cross-tissue concordance, providing a

potential opportunity to use those specific sites as proxies for brain changes.

Recent efforts have leveraged cross-tissue DNA methylation datasets to identify thousands of in-

formative CpGs with high correlation (r > 0.7) between blood and various brain regions (BECon,

Hannon et al., 2014). Notably, a 2024 study selected approximately 18,293 correlated CpGs and

showed that some of these markers can distinguish neurodegenerative disease patients from controls

using blood samples. In that study, nine blood–brain correlated CpGs showed significantly altered

blood methylation in individuals with AD compared to controls, and those same CpGs displayed

parallel differences in AD brain tissue. These concordant CpGs were in or near genes previously

implicated in AD, lending biological plausibility to their disease association. Such findings support

the rationale for using blood DNA methylation as a minimally invasive surrogate for certain brain

epigenetic changes in aging and neurodegeneration. It is hypothesized that circulating immune

cells such as T lymphocytes may acquire brain-specific methylation signatures and carry them in

peripheral blood. In summary, while blood and brain methylomes are largely tissue-specific, a cross-
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tissue comparison approach can isolate a subset of CpGs that meaningfully reflect brain processes,

providing a foundation for blood-based biomarkers of brain aging and disease.

2.4.3 Association of blood-based Epigenetic clocks with Brain Changes

One of the most prominent applications of epigenetics in aging research is the development of epi-

genetic clocks, which are composite scores of DNA methylation that estimate biological age. First-

generation clocks including Horvath’s multi-tissue clock and Hannum’s blood clock were trained to

predict chronological age from methylation data and are broadly applicable across tissues (Horvath

2013, Hannum et al., 2013). Subsequent second-generation clocks were designed to capture aspects

of biological aging more closely linked to morbidity and mortality risk. These newer clocks, including

PhenoAge (Levine et al., 2018) and GrimAge (Lu et al., 2019, 2022) incorporate DNA methylation

changes associated with the “health span” and “lifespan”, rather than age alone. Notably, second-

and third-generation clocks generally show stronger associations with age-related health outcomes

than the original clocks. However, early studies yielded mixed results on whether epigenetic aging

in blood relates to brain aging and dementia. A recent systematic review of mostly cross-sectional

studies found no strong evidence that blood DNA methylation age acceleration is associated with

dementia or mild cognitive impairment risk (2022). Similarly, a very recent expert review noted that

neither second- nor third-generation clocks have shown robust associations with clinical dementia

to date. These observations suggested that global epigenetic aging might have limited utility as a

proxy for brain aging, at least when measured cross-sectionally (2025).

More recent studies, however, indicate that epigenetic clock measures can predict brain-related out-

comes when considering longitudinal data. Two second-generation clocks, PhenoAge and GrimAge,

significantly predicted progression to AD and faster cognitive deterioration in follow-up assessments.

Strikingly, higher epigenetic age was also strongly associated with MRI evidence of brain aging, in-

cluding greater cortical thinning in vulnerable AD-related regions, and increased white matter lesion

burden. These findings suggest that blood-based epigenetic clocks can capture aspects of brain ag-

ing and neurodegeneration, especially when using clocks calibrated to biological aging and when

analyzing changes over time.
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Beyond traditional clocks, emerging “Pace of Aging” metrics have shown even more promise in link-

ing blood methylation to brain health. The DunedinPACE clock is a third-generation blood-based

epigenetic biomarker of the rate of aging that was tested in a large 2022 study of older adults from

ADNI and the Framingham Heart Study. Notably, DunedinPACE was significantly associated with

poorer cognitive test performance and with clinical AD diagnosis in the ADNI cohort, whereas first-

and second-generation clock ages (Horvath, Hannum, PhenoAge, and GrimAge) showed inconsistent

or no associations in that cross-sectional analysis. Moreover, participants with a faster Dunedin-

PACE had higher risk of developing dementia during longitudinal follow-up. In an independent

sample of 2,200 individuals, each standard deviation increase in DunedinPACE conferred a 27%

higher hazard of future dementia onset. These results were confirmed in replication and highlight

that the pace of biological aging, defined epigenetically, may be more relevant to brain aging than

static age acceleration at a cross-sectional time point. In summary, blood-derived epigenetic aging

metrics do reflect brain aging to a degree, especially when using more recent clocks and when ex-

amining longitudinal changes. These measures have been linked to higher likelihood of subsequent

cognitive impairment, AD conversion, and even measurable brain atrophy.

Still, epigenetic clock readouts are influenced by a host of systemic factors, and initial reports

caution that these markers are not yet robust dementia predictors on an individual basis. Ongoing

research is working to improve brain-specific epigenetic clocks and to understand how blood-based

age acceleration relates to neuropathology. The hope is that such biomarkers can eventually monitor

brain aging and AD risk in a minimally invasive manner.

2.4.4 Performance of Brain-Based Epigenetic Clocks in Blood

Shireby et al. developed a cortex-specific epigenetic clock, henceforth referred to as the Cortical

Clock, trained exclusively on DNA methylation data from human cortical tissue across a broad age

range (1–108 years). Using Elastic Net, they identified 347 CpG sites that robustly predicted chrono-

logical age in brain tissue. In both a test dataset (n = 350) and an independent cortical validation

cohort (n = 1221), the clock outperformed widely used epigenetic age estimators, including Hor-

vath’s multi-tissue clock (Pearson R = 0.83 vs. R = 0.65), Zhang’s blood clock (Pearson R = 0.52),
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and Levine’s PhenoAge clock (Pearson R = 0.32). These results confirmed that the Cortical Clock

provided a highly accurate and unbiased estimate of chronological age in brain tissue.

To assess its generalizability, the authors applied the cortex-trained clock to peripheral blood sam-

ples (n = 1175, aged 28–98 years). While the Cortical Clock still showed a relatively strong

correlation with chronological age (R = 0.88) and an RMSE of approximately 10.8 years, its per-

formance was inferior to blood-trained clocks, particularly Zhang’s model (R = 0.97, RMSE =

3.9 years approximately). Moreover, the cortex-trained clock systematically underestimated age

in older adults, indicating a non-linear deviation that likely reflects the divergence of age-related

methylation patterns between brain and blood tissues. This underlines a key limitation: although

brain-trained clocks can capture some aspects of biological age in peripheral blood, they introduce

systematic error when used outside their tissue of origin.

Overall, the findings by Shireby et al. (2020) highlight the importance of tissue-specific training for

epigenetic clocks. While a brain-derived model retains some utility in peripheral tissues, its age

predictions are biased and less accurate compared to clocks trained directly on blood methylation

data. These results emphasize the necessity of using tissue-appropriate or cross-tissue-calibrated

clocks for applications in aging and neurodegenerative disease research, particularly when using

blood as a surrogate for brain-related biological processes.

2.4.5 Blood-based Epigenetic Studies of AD

Numerous studies have interrogated blood DNA methylation differences in AD. Human postmortem

brain tissue analyses have revealed widespread methylation alterations in AD, particularly in cortical

regions. The question is whether any of these disease-associated methylation changes manifest in

peripheral blood, which could enable early detection or risk assessment without invasive procedures.

Over the past decade, a plethora of case–control studies have compared blood methylomes of AD

patients and cognitively normal controls. A 2018 systematic review identified 36 such studies and

reported that about 67% found significant DNA methylation differences associated with dementia.

This indicates that while not every study detects changes, a majority do report some AD-related
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differential methylation in blood. However, specific findings have varied across cohorts, reflecting

moderate reproducibility. Early candidate-gene studies focused on loci with known roles in AD

and often found methylation differences in peripheral blood at AD-related genes. For example,

hypomethylation of promoters in APP and PSEN1 was observed in some individuals, consistent

with their overexpression in familial AD. More recently, epigenome-wide approaches have highlighted

novel loci including hypermethylation in HOXB6, which was robustly associated with AD in multiple

cohorts. DNA methylation changes at certain loci may be detectable years before symptom onset.

Fransquet et al. (2020) found distinct methylation signatures in blood that could predict dementia

up to 3 years prior to clinical diagnosis. Specific CpGs in genes like HOXB6, and APP showed

altered methylation in individuals who later developed AD, compared to controls. These candidate

markers hint at pathophysiologic changes measurable peripherally during the prodromal phase of

disease.

Large-scale EWAS have attempted to systematically discover blood based CpGs associated with AD.

Notably, a large meta-analysis in 2022 combined the Alzheimer’s Disease Neuroimaging Initiative

(ADNI) from North America and the Australian Imaging Biomarkers and Lifestyle study (AIBL)

for a total sample of several hundred cases and controls. This meta-EWAS identified five CpG

sites that were significantly associated with AD diagnosis in blood. While a handful of hits may

seem modest, it likely reflects the reality that peripheral methylation differences in AD are subtle

and require large samples to detect. To improve power and relevance, the authors also performed

a cross-tissue analysis by integrating the blood EWAS results with methylation data from four

cohorts with over 1000 postmortem brain samples. This cross-tissue meta-analysis highlighted 97

CpGs and 10 genomic regions that showed consistent methylation associations with AD in both

blood and brain. In other words, by focusing on overlapping signals, they prioritized methylation

changes that occur in the diseased brain and are also detectable in blood. Some of these cross-tissue

markers were located near genes involved in synaptic function and immune pathways, aligning

with known AD mechanisms. This study also created a weighted “methylation risk score” from

the top blood–brain overlapping CpGs, like a polygenic risk score. In an independent cohort, this

score modestly predicted AD status when combined with age, sex, and cell counts (AUC 0.70),
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outperforming models without epigenetic information. Although not yet clinically applicable, this

score demonstrates the potential of blood methylation profiles to contribute to AD risk prediction

or diagnosis when aggregated appropriately.

Several smaller EWAS have reported AD-related methylation hits in blood that have since been

replicated. For instance, hypomethylation at CpGs in B3GALT4 and ZADH2 was observed in AD

compared to healthy individuals. Additionally, multiple studies on Japanese and European cohorts

found significantly lower methylation at immune-related AD risk genes that were already known from

GWAS as genetic risk factors for AD. The methylation evidence suggests an epigenetic component

possibly mediating their effect. It is noteworthy that many AD-associated methylation changes in

blood involve genes tied to the immune system or inflammation. AD pathogenesis has a strong

neuroinflammatory component, and systemic immune dysregulation is often observed in patients.

For example, HOXB6 is implicated in hematopoietic differentiation. Such findings support the idea

that blood methylation changes in AD may reflect peripheral immune responses to the disease.

Immune cells that infiltrate the brain, such as T-cells and monocytes, could undergo epigenetic

reprogramming in the CNS environment and then carry those marks in circulation.

In 2023, an innovative approach was taken by Sun et al., who integrated large-scale genetics and

methylation data to identify blood DNA methylation biomarkers related to AD risk. Instead of mea-

suring methylation in patients directly, the authors used genetic predictors of methylation, known

as methylation quantitative trait loci (meQTL) in about 111,000 AD cases and 677,000 controls

from GWAS data. This methylation-GWAS integration identified 1,168 CpGs whose genetically

predicted methylation levels were associated with AD risk (FDR < 0.05). Many of these CpGs were

linked via expression quantitative trait loci to nearby genes, and in total 32 genes showed a consis-

tent pattern where the risk-associated methylation change corresponded to altered gene expression

and higher AD risk. Gene enrichment analysis confirmed that several of the implicated genes fall in

known AD pathways or a network of neurological disease genes. This study demonstrates a power-

ful strategy to uncover methylation biomarkers, and it reinforces that many loci with methylation

changes in blood are indeed involved in AD pathogenesis.
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2.4.6 Blood-based epigenetic modifiers of brain structure and co-pathologies

Regional atrophy patterns in AD phenotypes may be driven partly by epigenetic regulation in

neurons and glia. DNA hypermethylation of genes involved in cytoskeletal organization and axon

guidance correlates with synaptic loss in AD temporal cortex (De Jager et al., 2014). Further-

more, neuronal chromatin accessibility changes relate directly to cortical atrophy severity (Corces

et al., 2020). EWAS in peripheral tissues may provide non-invasive biomarkers correlating with

these structural brain changes. A recent example comes from the ENIGMA-Epigenetics consortium

which combined almost 3500 samples from 11 cohorts (Jia et al., 2021). The authors examined

epigenome-wide associations with three regional brain volumes and identified two CpGs linked to

the hippocampus, each explaining 0.9% of the phenotypic variance. These results point to small

effect sizes in the relationship between individual peripheral DNA methylation markers and regional

volumes, which might indicate limited value of single CpGs as biomarkers for brain structure. How-

ever, small effects might still be of mechanistic relevance, providing evidence for causality through

pathway and enrichment analyses (Walton et al., 2023).

A model integrating epigenetic receptivity proposes that pathological proteins preferentially prop-

agate to brain regions primed by specific epigenetic states, such as open chromatin and pro-

inflammatory gene expression profiles (De Jager et al., 2014; Corces et al., 2020). This hypoth-

esis complements connectivity-based propagation theories by introducing molecular specificity to

vulnerability. For example, epigenetic signatures accompany tau pathology in vulnerable regions.

In hippocampal and entorhinal tissues, tau accumulation associates with methylation changes in

genes related to microtubule stability and tau clearance, alongside reduced histone acetylation at

neuroprotective loci (Gjoneska et al., 2015; Smith et al., 2021). TDP-43 pathology as seen in LATE

also features distinct epigenetic profiles in hippocampal and amygdalar neurons, implicating altered

methylation of RNA-processing and stress-response genes as mediators of regional vulnerability

(Yang et al., 2022).
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2.4.7 Associations between blood-based epigenetic mechanisms and cognitive change

Cognitive trajectories in AD reflect both pathology and molecular resilience mechanisms. EWAS

in brain tissues identified methylation changes linked to cognitive performance, involving genes for

synaptic function and inflammation (Levine et al., 2015; Ng et al., 2021). Large-scale analyses

indicate that blood DNA methylation has a modest association with cognitive function. In the

first meta-analysis of EWAS on cognitive performance (2018), which pooled 11 cohorts (2,500–6,800

participants each) in middle to late life, only two CpG sites reached genome-wide significance. One

site was associated with general cognitive ability and another with verbal fluency, located in an in-

tergenic region on chromosome 12 and in the gene INPP5A on chromosome 10, respectively. These

loci showed moderate correlation (Pearson R = 0.4) between blood and brain tissue methylation,

suggesting some cross tissue relevance. However, neither CpG was linked to white matter volumes

from brain MRI, and they did not associate with postmortem AD pathology or cognitive decline

trajectories in supplemental analyses. This underscores the point that strong blood DNA methyla-

tion has limited signal associated with cognition, and any detected signal may not directly translate

to structural brain changes or AD-related outcomes.

Several smaller cohort studies, often using twin designs to control for genetics, have reported addi-

tional candidate methylation–cognitive links. For example, an EWAS in 486 middle-aged monozy-

gotic twins (average age 66 years) identified multiple CpGs where differential methylation correlated

with cognitive test scores. The top signals for cross-sectional cognitive ability were in genes like

ZBTB46 and TAF12 (p = 5 × 10−7), and pathways analysis of the top-ranked sites highlighted

neuroactive ligand–receptor interaction pathways. When looking at 10-year cognitive change in the

same twin study, the strongest CpGs were in AGBL4 and SORBS1 (p = 1× 10−6), genes involved

in neuronal survival and previously implicated in AD and stroke. Though these did not reach strict

epigenome-wide significance, they hint that methylation changes in genes related to synaptic func-

tion and neurodegeneration may accompany cognitive aging. Another longitudinal study in Sweden

of 535 twins found six CpGs significantly associated with baseline cognitive level at age 65, located

in or near genes such as PPP1R13L, NRXN3, POGZ, and ENTPD8. These genes are involved in
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neuroinflammation and synaptic function. Notably, that study found no epigenome-wide significant

associations with 20-year cognitive decline, and the cross-sectional associations were roughly halved

in within-pair analyses. This suggests that genetic or familial factors confound many links between

methylation and cognition.

In general, blood methylation signatures explain only a small fraction of variance in cognitive aging.

There is also substantial heterogeneity between studies, including different cognitive domains of

focus, age ranges, tissues, and analytic methods, which makes it challenging to identify consistent

biomarkers. A systematic review in 2020 surveyed 60 studies of DNA methylation vs. brain structure

or function and concluded that results were modest and variable, with no standardized approach

in the field. Key sources of bias included differing tissue sources, lack of cell-type adjustment, and

small sample sizes in many reports. Therefore, while specific CpGs in blood have been linked to

cognitive performance, these findings need replication and often have small effect sizes. Increasingly,

researchers are exploring composite methylation scores rather than single-site biomarkers. These

scores use weighted combinations of methylation levels at sites to create a surrogate measure associ-

ated with a phenotype such as cognitive ability. These “EpiScores” are analogous to epigenetic clock

ages but assess age-associated phenotypes rather than biological age itself. Early evidence suggests

that “EpiScores” can track risk factors for neurodegeneration, like chronic inflammation, and even

directly correlate with cognitive test performance. In summary, blood-based methylation changes

do relate to cognitive aging, but single CpG associations are weak and often entangled with genetic

influences. Future studies leveraging large consortia, longitudinal data, and multi-CpG epigenetic

scores may yield more robust blood biomarkers for cognitive decline.

2.4.8 Summary

Overall, the literature supports that while peripheral blood DNA methylation in AD exhibits con-

sistent alterations at certain sites, these changes are relatively small in magnitude and influenced

by genetic and environmental heterogeneity. No single CpG has emerged as a definitive blood test

for AD. Instead, multiple subtle signals, often related to immune function, metabolic regulation,

or known AD genes, distinguish AD from unimpaired individuals. Combining information across
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many such CpGs is likely needed for any clinically useful biomarker. Another consideration is that

age is the strongest risk factor for sporadic AD, and many AD-related methylation differences could

be accelerated aging marks. Indeed, studies find that AD patients often show accelerated epigenetic

aging in brain tissue, as measured by the Cortical Clock. The latest evidence using longitudinal de-

signs and second or third-generation clocks suggests that methylation measures do capture increased

aging and disease burden in incipient AD. Integrating epigenetic clocks, site-specific methylation

markers, and other omics such as proteomics or transcriptomics may provide a multi-faceted blood

biomarker panel for brain aging and AD.

Human-focused epigenetic research offers crucial insights into the molecular basis of regional vul-

nerability in AD. Studies leveraging brain tissue, peripheral biomarkers, and single-cell methods

illuminate the complexity of epigenetic dysregulation driving AD heterogeneity. Peripheral DNA

methylation is a particularly attractive tissue source due to the relative stability of DNA marks

and reduced invasiveness of blood draws. While challenges remain, the field has made substan-

tial progress in showing that blood methylation reflects aspects of brain health. With continued

large-scale studies and cross-tissue validation, blood-based DNA methylation profiles could become

valuable tools for monitoring neurodegenerative disease risk and the efficacy of interventions in the

future.

2.5 Chapter Summary

This chapter reviewed the emerging evidence that epigenetic mechanisms, particularly DNA methy-

lation, may play a critical role in modulating regional vulnerability in the brain and heterogeneity

in AD. Human studies demonstrate that different brain regions and cell types maintain distinct

epigenetic signatures, which may influence their susceptibility to hallmark AD pathologies such as

tau and amyloid-beta. These regionally specific molecular environments help explain why certain

brain areas degenerate earlier or more severely in both typical and atypical AD phenotypes.

However, the field faces several notable challenges. Firstly, there is limited availability of region-

specific epigenomic data from post mortem human brains, especially in individuals with atypical

AD variants such as PCA or lvPPA. Studies are also constrained by a lack of consistent longitu-
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dinal sampling, and technical variability across platforms complicates longitudinal interpretation.

Finally, atypical presentations of AD remain difficult to diagnose accurately, reducing the power

and generalizability of phenotype-specific studies.

To address these challenges, future research should prioritize (1) regional epigenomic mapping in

atypical AD brains, using emerging technologies such as single cell methylation and spatial epigenet-

ics to resolve cell-type-specific vulnerability, (2) development of peripheral blood-based biomarkers

that reflect central epigenetic states, enabling non-invasive early detection and stratification of pa-

tients based on predicted progression or therapeutic responsiveness, and (3) clinical translation,

especially in the context of amyloid-clearing therapies, where epigenetic profiling may help iden-

tify patients vulnerable to atypical pathology or progression and consequently those less likely to

respond optimally to amyloid-directed therapeutic interventions.

These directions align with a broader shift toward molecularly informed, precision approaches in

neurodegenerative disease research.

2.5.1 Contextualized Preview of Empirical Chapters

This dissertation is motivated by the central hypothesis that epigenetic modifiers modulate the

structural heterogeneity and regional vulnerability to atrophy in AD. While classical models have

focused on genetic risk, molecular pathology, and network-based spread, they do not fully account

for the consistent divergence in regional atrophy seen in atypical AD. Epigenetics offers a com-

pelling unifying framework by capturing both intrinsic cellular properties and the accumulated

impact of environmental exposures, shaping a region’s receptivity to pathology. This view reframes

heterogeneity in AD as an outcome of epigenetically encoded regional susceptibility. In doing so,

it advances a novel, testable model for understanding and eventually intervening in the divergent

trajectories observed across AD phenotypes.

Chapter 3 investigates the role of biological age, defined by peripheral epigenetic measures, in

modulating the relative involvement of the cortex and MTL in AD. Established epigenetic clocks

are applied to blood-based DNA methylation profiles to estimate biological age in individuals. We
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then test the association of biological age acceleration (i.e., the discrepancy between biological

and chronological age) with a novel index derived from structural MRI that quantifies relative

neurodegeneration in the cortex and MTL. As such, this chapter characterizes the role of epigenetic

modifications in modulating regional vulnerability of the brain, providing a novel explanation for

heterogeneity and atypicality in AD.

Chapter 4 examines epigenetic predictors of regional structural atrophy using human methylation

and MRI data. It identifies specific epigenetic markers that significantly predict cortical thickness

and subregional volumes, particularly in the MTL. This chapter also explores shared biological

pathways among predictive loci, revealing possible mechanistic links between epigenetic regulation

and structural degeneration in AD.

Together, these empirical chapters test the central proposition that epigenetic mechanisms under-

lying biological aging and regional vulnerability to pathology underlie the spatial and phenotypic

heterogeneity observed in AD and its atypical variants.
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CHAPTER 3

EPIGENETIC AGE ACCELERATION MODULATES ATYPICAL

NEURODEGENERATIVE PATTERN IN ALZHEIMER’S DISEASE

This chapter was adapted from Sreepada et al. (2025), “Biological age acceleration in Alzheimer’s

disease modulates relative cortical to medial temporal lobe neurodegeneration” published in Neu-

robiology of Aging with contributions from the following co-authors: Christopher A. Brown, MD,

PhD; Sandhitsu R. Das, PhD; Paul A. Yushkevich, PhD; David A. Wolk, MD; and Corey T. McMil-

lan, PhD. As first-author of this publication, I made key contributions in advancing the following

aspects: conceptualization, methodology, Data curation, investigation, data visualization, formal

analysis, writing the original manuscript draft, and review and editing of the manuscript.

The work presented in this chapter builds upon and expands findings previously published. The

chapter presents novel insights into the epigenetic factors underlying the heterogeneity of neurode-

generative patterns in AD and individual vulnerability to less typical presentations of AD. In the

original article, we describe our innovative approach focusing on the discordance between chrono-

logical age and atypicality in AD, hypothesizing that measures of biological age capture additional

variance in this relationship. Here, we provide a more detailed treatment of the methodology and

results. We also contextualize this work within the overall scope of the dissertation, linking it to

preceding and subsequent chapters.

3.1 Introduction

Alzheimer’s disease (AD) is an age-related neurodegenerative condition, and there is increasing

recognition of the extensive heterogeneity in its clinical presentation. While clinical AD typi-

cally presents after 65 years of age, approximately 15% of individuals with AD present atypi-

cally and between 5% and 10% (Sirkis et al., 2022) have a younger age of onset (Koedam et al.,

2010; Graff-Radford et al., 2021; Sirkis et al., 2022). AD is most often considered an amnestic,

multi-domain disorder with memory loss most prominent due to early accumulation of tau and

neurodegeneration in the medial temporal lobe (MTL). However, other less common phenotypes
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are known to occur, including predominant language, visuospatial, or executive impairments that

are often referred to as cortical-predominant presentations of AD, due to disproportionate atrophy

in cortical regions relative to the MTL (Galton, 2000; Murray et al., 2011; Dickerson et al., 2017;

Ferreira et al., 2017; Graff-Radford et al., 2021; Polsinelli and Apostolova, 2022). Although these

presentations occur more frequently in individuals with early-onset disease, the contributions of

aging mechanisms to AD heterogeneity are still poorly understood.

While chronological age is a known driver of AD pathogenesis (Brookmeyer et al., 1998; Swerdlow,

2007), there has been a surge in studies of biological aging in the past decade. There is particular

interest in developing markers of biological aging using the epigenome or other “omics” data that

are highly dynamic over the lifespan (Rutledge et al., 2022).

While biological age has been quantified using various methods and data modalities (Jylhävä et al.,

2017), recent statistical approaches have focused on machine learning algorithms trained to predict

age, mortality risk, or other age-associated phenotypes from DNA methylation profiles, termed epi-

genetic clocks (Hannum et al., 2013; Horvath, 2013; Levine et al., 2018; Lu et al., 2019; Belsky et al.,

2022; Lu et al., 2022). Further, these epigenetic clocks have been used to measure the discordance

between chronological age and biological age, known as the “biological age gap” (BAG), which rep-

resents the degree of age acceleration (biological age > chronological age) or deceleration (biological

age < chronological age) in an individual (Salih et al., 2023). As such, two individuals with the

same chronological age may show phenotypic differences that could be explained by differences in

their BAGs. For instance, accelerated biological age has been associated with age-related outcomes

such as mortality risk, frailty, and neurodegenerative conditions such as AD (Chen et al., 2016;

Jain et al., 2022; Gao et al., 2024). Consistent with standard nomenclature, we adopt the terms

“individuals with accelerated BAG” and “individuals with decelerated BAG” to describe groups who

are estimated to be biologically older or younger on average than their chronological age, respec-

tively.

In this chapter we evaluate the potential contributions of biological aging, defined by DNA methyla-

tion, to AD heterogeneity. We hypothesize that age-related biological factors are the mechanism by
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which chronological age modulates AD presentation, thus we predict that biological age acceleration

modulates atypicality in AD beyond chronological age alone. Given the evidence that less typical

neurodegenerative patterns in AD are associated with earlier disease onset (Koedam et al., 2010;

Graff-Radford et al., 2021; Sirkis et al., 2022), this study tests the a priori hypothesis that, for a

given chronological age, individuals with decelerated BAG (i.e., biologically younger) are likely to

have less typical, cortically predominant presentations and conversely that individuals with acceler-

ated BAG (i.e., biologically older) are likely to have more typical, limbic-predominant presentations.

To investigate this, we developed the Cortico-Medial Temporal index (CoMeT): a novel score of

disease atypicality in AD that is based on relative cortical to MTL involvement (Fig 3.1). CoMeT is

a continuous measure derived from in vivo structural MRI and compares structures of signature brain

regions involved in AD, which were previously established by neuroimaging studies (Bakkour et al.,

2009; Dickerson et al., 2009; Möller et al., 2013; Touroutoglou et al., 2023). Specifically, CoMeT is

defined as the signed difference of cortical thickness in non-MTL signature regions and of thickness

or volume in MTL regions. Lower values of CoMeT indicate relative cortical predominance (i.e., less

typical presentation), while higher values indicate relative MTL predominance (i.e., more typical

presentation). Not reported in Sreepada et al. (2025), to relate structure to cognition, we also

developed a cognitive CoMeT using harmonized cognitive domain scores, such that the executive

function, language, and visuospatial domains represent cortical involvement and memory represents

MTL involvement.

We then apply established epigenetic clocks (Horvath, 2013; Hannum et al., 2013; Shireby et al.,

2020)to DNA methylation profiles to estimate biological age and BAG in symptomatic individuals.

After adjusting for chronological age, we test whether CoMeT is significantly lower in individuals

with decelerated BAG compared to those with accelerated BAG. In other words, we expect biological

aging to influence the neurodegenerative pattern beyond the known effect of chronological age. By

exploring the interplay between biological aging and disease presentation, we aim to deepen our

understanding of the biological mechanisms underlying heterogeneity and atypicality in AD.
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Figure 3.1: The Cortico-Medial Temporal index (CoMeT). This study assesses the spectrum
of neurodegenerative pattern in AD, which varies along a continuum from cortical-predominant
to limbic-predominant (MTL focused). We define CoMeT to quantify the relative involvement of
cortex to MTL. (A) Brain map (left) providing a visualization of the bilateral DKT atlas ROIs
considered as part of cortex (blue): inferior temporal, temporal pole, superior parietal, precuneus,
supramarginal, superior frontal, middle frontal, fusiform, inferior parietal, superior temporal, pos-
terior cingulate, isthmus cingulate, lateral occipital, middle temporal, medial orbitofrontal, cuneus,
lingual, and pericalcarine regions; and MTL (red): ERC and parahippocampal gyrus. Volumes of
hippocampus and amygdala were also included in the MTL. Schematic diagram (right) providing
interpretation of CoMeT, which quantifies relative cortical and MTL atrophy. (B) Table providing
interpretation of CoMeT. Lower values of CoMeT indicate greater cortical involvement relative to
MTL and correspond to less typical presentation. Conversely, higher values of CoMeT indicate
greater MTL involvement relative to cortex, corresponding to more typical presentation. DKT =
Desikan-Killiany-Tourville; MTL = Medial Temporal Lobe. ROI = Region of Interest.
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3.2 Methods

3.2.1 Participants and study design

We included 1011 individuals from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) who

had an MRI scan and known amyloid status (Petersen et al., 2010; Weiner et al., 2017). Amyloid

status was determined using the nearest PET or CSF measure within 2 years of baseline MRI, which

we defined as the earliest timepoint with the smallest interval between MRI and DNA methylation,

or simply the earliest timepoint for participants who did not have DNA methylation. We defined

amyloid positivity using previously defined PET standardized uptake value ratios (SUVR) cut-

offs for florbetapir (18F-AV45 SUVR ≥ 1.1) or Pittsburgh Compound B (PiB SUVR ≥ 1.47)

(Landau et al., 2013), when available, or CSF Aβ peptide (A-β-42 < 980) otherwise (Hansson et al.,

2018).

Participants were further divided into two groups based on clinical consensus diagnosis closest to

baseline MRI: cognitively unimpaired (CU) individuals (n = 329) who are amyloid-negative, and

symptomatic individuals with either mild cognitive impairment (MCI) or dementia due to AD

(i.e., amyloid-positive, n = 682). Among these individuals, a subset of 448 individuals had DNA

methylation data (Vasanthakumar et al., 2020), which was required for analyses of biological aging,

including 163 CU individuals and 285 symptomatic individuals. The Clinical Dementia Rating scale

Sum-of-Boxes (CDRSB) (Morris, 1993; O’Bryant, 2008) was used as a measure of global function

and cognition. A schematic diagram of the cross-sectional study design and inclusion/exclusion

criteria is provided in Fig 3.2.

3.2.2 Estimating biological age using epigenetic clocks

DNA methylation data from whole blood were available in ADNI for 448 individuals who satisfied

the study criteria as described above. DNA methylation was assayed using the Illumina Infinium

Human Methylation EPIC v1.0 BeadChip (Pidsley et al., 2016), which assesses methylation levels at

over 850,000 phosphorylated cytosine-guanine dinucleotide (CpG) sites across the epigenome. Raw

intensity files were processed using the SeSAMe R package (Zhou et al., 2018) according to standard

protocols, including sample filtering, CpG probe filtering, signal correction, and normalization.
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Figure 3.2: Schematic diagram of the study design This is a retrospective, cross-sectional
case-control study. Participants from ADNI with MRI and amyloid status were selected, a subset
of which also had whole-blood DNA methylation data. Participants were matched for age, sex, and
education level and defined as CU individuals, who were amyloid-negative, or symptomatic individ-
uals with MCI or dementia due to AD, who were amyloid-positive. Biological age was estimated
using established epigenetic clocks for participants with DNA methylation. Age acceleration was
computed for each clock age by regressing biological age against chronological age and extracting
residuals. To mitigate noise from individual epigenetic clocks, residuals were averaged across clocks,
giving the biological age gap (BAG) used throughout the study. We define CoMeT, an index to
quantify relative cortical to MTL involvement along a continuum, using regional thickness measures
from in vivo structural MRI. Wilcoxon rank-sum tests and Pearson correlation were used for statis-
tical analysis of the association between BAG and CoMeT. A+/- = amyloid positive/negative; AD
= Alzheimer’s disease; ADNI = Alzheimer’s Disease Neuroimaging Initiative; CU = Cognitively
Unimpaired; CoMeT = Cortico-Medial Temporal index; MCI = Mild Cognitive Impairment.
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Quality control procedures ensured at least 95% signal detection at each CpG (see Figure 3.3a),

and Uniform Manifold Approximation and Projection (UMAP) (McInnes et al., 2020) was used to

check for sample separation by covariates (see Figure 3.3b).

Three established epigenetic clocks (Horvath, 2013; Hannum et al., 2013; Shireby et al., 2020) were

applied to processed DNA methylation data to compute biological age and BAG. The dnaMethyAge

R package (Wang et al., 2023) was used to compute biological ages and the regression-based BAGs

using the clocks referenced above. We opted for the regression-based measure because it reduces

systematic deviations in BAG across datasets (Dhingra et al., 2018). There were no adjustments

for covariates in the BAG calculation, as they were accounted for in downstream analyses. For

timepoints with technical replicates, one replicate was randomly selected for further analysis.

While there is inherent noise in epigenetic clock measures due to variation in the populations and

tissues used to train epigenetic clocks (Higgins-Chen et al., 2022), there is also high covariance

amongst clock measures. To mitigate noise from sample variance, we averaged BAGs from the

Horvath (2013), Hannum et al. (2013), and Shireby et al. (2020) clocks. This average is referred to

simply as “BAG” throughout the rest of the paper and is the measure used in analyses. We report

sensitivity analyses within individual clocks in Figures 3.4a and 3.4b.

Biological and chronological age groups

Participants with DNA methylation data were stratified into biological age groups (accelerated,

decelerated, and neutral) based on BAG as follows (see Fig 3.5). Accelerated: BAG was at least

0.5 standard deviation (SD) above the mean; Decelerated: BAG was at least 0.5 SD below the

mean; Neutral: BAG was within 0.5 SD of the mean. The threshold of 0.5 SD, as opposed to a

more extreme cutoff, was chosen to optimize the sample and effect sizes between the accelerated

and decelerated groups.

All participants, regardless of DNA methylation availability, were grouped by chronological age to

replicate results from literature (Dickerson et al., 2017) and serve as a reference for comparison:

Younger (65 years and younger); Older (80 years and older); Average (between 65 and 80 years).
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Figure 3.3: UMAP of processed DNA methylation data. DNA methylation was assayed using
the Illumina Infinium Human Methylation EPIC v1.0 BeadChip. Raw intensity files were processed
using the SeSAMe R package.
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Figure 3.4: Covariance heatmap of epigenetic clock measures. Correlation matrices including
all study participants with DNA methylation data (n = 448) illustrating the high covariance among
epigenetic clocks. The upper triangle is a heatmap with the Pearson R value and significance level
(*** = p < 0.001) between each pair of age measures. Lighter red indicates lower correlation,
approaching 0, and darker red indicates higher correlation, approaching +1. The lower triangle
shows a scatterplot of each pair of age measures with a linear regression line in blue. Density plots
of each measure are along the diagonal.
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Figure 3.5: Classification of participants by biological age group. Participants with DNA
methylation (n = 448) were classified into biological age groups based on their biological age gap
averaged across clocks (BAG). Scatterplot of BAG versus chronological age, colored by biological
age group, with a solid linear regression line in black and dashed lines showing the ±0.5 SD cutoffs:
Accelerated (top, red) Decelerated (bottom, blue), Neutral (center, green). Sample sizes and % CU
for each group are provided in text. There is no correlation between BAG and chronological age,
suggesting that BAG likely captures additional variance encapsulating biological aspects of aging.
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3.2.3 Neuroimaging measures of cortical structures

The participants in this study were enrolled across multiple phases of ADNI, namely ADNI1 and

ADNIGO/2. Structural T1-weighted MRI acquired at 1.5 Tesla (T) or 3T through ADNI were pro-

cessed and quantified using the FreeSurfer 5.1 cross-sectional pipeline (Fischl, 2004) to yield regional

cortical thickness measures and volumes. Statistical harmonization methods were necessary to ac-

count for scanner differences affecting acquisition and to remove associated batch effects. The Com-

Bat family of harmonization methods is frequently used to correct for batch effects in neuroimaging

data (Fortin et al., 2018). ComBat uses Empirical Bayes models to harmonize means and variances

of neuroimaging measures across batches. We applied ComBat to harmonize cortical thickness and

volume measures at the ROI level using the neuroHarmonize package (Pomponio et al., 2020) in

Python version 3.10.4. The batch variable was defined as the magnetic field strength of the scanner

(either 1.5T or 3T). Prior and observed distributions by batch are illustrated in Figure 3.6. As

established by prior studies (Fortin et al., 2018; Pomponio et al., 2020), the harmonization model

was fit to all CU individuals and applied to symptomatic individuals. The effects of biological co-

variates, namely age, sex, and diagnosis, were preserved. Boxplots of cortical thickness and volume

before and after harmonization in CU individuals are shown in Figure 3.7.

A

Figure 3.6: Density plots of prior (dashed) and observed (solid) distributions of batch effects for
each batch, i.e., scanner field strength, with 1.5T shown in orange and 3T shown in brown.
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Figure 3.7: Harmonization of Neuroimaging Thickness Measures. Cross-sectional thickness
measures derived from MRI were harmonized to adjust for batch effects. The batch variable was
defined as scanner field strength, which was either 1.5 Tesla (T) or 3T. The ComBat harmonization
model (neuroHarmonize Python package) was fit to all CU individuals, preserving the effects of
age and sex. The fitted model was then applied to symptomatic individuals. We present violin
plots of left hippocampal volume (i and ii) and thickness measures in left precuneus (iii and iv),
which is one of the cortical signature brain regions in AD. Plots show all CU individuals (n = 329).
Blue crossbars indicate the means of each distribution. Raw thickness measures (left, i and iii) are
significantly different across batches, while harmonized thickness measures (right, ii and iv) are no
longer significantly different across batches.
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Neuroimaging Cortico-Medial Temporal index (CoMeT)

To quantify the relative involvement of cortex to MTL as a continuous measure, we defined the

Cortico-Medial Temporal index (CoMeT) as follows. First, we identified brain regions of in-

terest (ROIs) by approximately mapping neuroimaging signatures of AD (Bakkour et al., 2009;

Dickerson et al., 2009; Möller et al., 2013; Touroutoglou et al., 2023) to the neuroanatomically-

defined ROIs in the Desikan-Killiany-Tourville atlas (Desikan et al., 2006). Composite structural

measures for cortex and MTL were computed by averaging bilateral ROIs across the respective

brain areas (see Fig 3.1 for the list of ROIs). We then calculated w-scores by adjusting composite

structural measures for age and sex (or age and intracranial volume for volumetric measures) us-

ing the full CU cohort as reference (see Table 1). Finally, CoMeT was calculated by subtracting

the MTL composite w-score from the cortical composite w-score. A mathematical representa-

tion of the CoMeT calculation is provided in Equation 3.1. We define the “cortical” composite as

comprising all non-MTL regions, aligning with established literature discussing the “corticolimbic”

distribution of pathology (Murray et al., 2011; Kouri et al., 2024) i.e., cortical-predominant versus

limbic-predominant or MTL-predominant presentations.

CoMeT =
1

n

n∑
i=1

Wxi −
1

m

m∑
j=1

Wyj (3.1)

where:

• Wxi is the age- and sex-adjusted w-score of the bilateral mean structural measure in cortical

region xi, referenced to a control cohort.

• Wyj is the age- and sex-adjusted w-score of the bilateral mean structural measure in MTL

region yj , referenced to a control cohort.

• n is the number of cortical regions.

• m is the number of MTL regions.
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3.2.4 Neuropsychological Measures by Cognitive Domain

Cognitive domain scores encompassing executive function, visuospatial ability, language, and mem-

ory were sourced from the Alzheimer’s Disease Sequencing Project – Phenotype Harmonization

Consortium (ADSP-PHC) (Consortium, 2021), following harmonization protocols developed by at

University of Washington (Mukherjee et al., 2022). Given the variability in neuropsychological test

batteries across studies and cohorts, cognitive phenotypes needed to be harmonized to allow for the

integration of data from diverse sources by calibrating individual tests to a common metric, thereby

supporting direct comparison across cohorts. Briefly, composite scores for each cognitive domain

were generated using advanced factor-analysis methods. These techniques were co-calibrated across

ten large-scale cohort studies, including ADNI, and the resulting scores were standardized to a uni-

fied scale. We then further w-scored these harmonized composite scores to control for age and sex

effects using the CU cohort as reference, as with the neuroimaging measures.

The memory domain score provided by the PHC integrates a range of memory-related tasks, in-

cluding both recall and recognition, which may dilute its specificity for MTL-dependent processes

(Crane et al., 2012). For this project, a more focused memory score emphasizing recall performance

would provide a purer measure of episodic memory and better align with our goal of mapping

domain-specific neurocognitive changes to focal neuroanatomical regions. Therefore, we derived a

new composite score using the Rey Auditory Verbal Learning Test (RAVLT) (Rey, 1964; Taylor,

1959) in ADNI (Crane et al., 2012) to represent a purer measure of episodic memory . The RAVLT

emphasizes delayed free recall accuracy while penalizing intrusion errors. Our composite measure

integrates the number of correctly recalled words after a delay (AVDELTOT), subtracts intrusion

errors (AVDELERR2), and rescales the composite metric by adding the maximum test score of 15

(see Equation 3.2), which yields a more nuanced index of memory performance and better isolates

MTL-dependent recall processes than the broader PHC harmonized memory composite. Finally, this

episodic memory score was w-scored to account for age and sex, using the CU cohort as reference.

AVDELTOT + 15−AVDELERR2 (3.2)
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Cognitive CoMeT

In alignment with the neuroimaging CoMeT framework, we conceptualized executive function, visu-

ospatial ability, and language as “cortical-centric” cognitive domains, while memory was considered

to reflect MTL function. Cognitive CoMeT scores were then computed by subtracting the episodic

memory domain w-score (i.e., MTL-centric) from each of the cortical domain w-scores, resulting

in three cognitive CoMeT indices: executive-memory, visuospatial-memory, and language-memory.

These scores capture the relative integrity of cortical versus MTL-associated cognitive performance.

We subsequently evaluated the associations between these cognitive CoMeT measures and BAG to

investigate whether epigenetically informed markers of brain aging correspond to domain-specific

patterns of cognitive vulnerability.

3.2.5 Statistical analysis

To study the association between CoMeT and BAG as continuous traits, we performed a correlation

analysis using Pearson’s correlation coefficient. Wilcoxon rank-sum tests were used to statistically

compare CoMeT across symptomatic individuals with decelerated or accelerated BAGs as well as

younger and older symptomatic individuals. Effect sizes were computed as rank-biserial correlations

and interpreted using established guidelines (Cohen, 1992, 2013). Chi-squared tests were conducted

to assess the association between biological age groups and APOE ε4 alleles. Since all measures

were adjusted for chronological age and sex, we do not additionally covary for chronological age or

sex in our statistical analyses. All analyses were conducted in R version 4.4.0 using R Studio.

3.3 Results

3.3.1 Study population characteristics

Cross-sectional characteristics of the study participants by cohort are shown in Table 3.1. The CU

and symptomatic cohorts were comparable for age, sex, and education level. We observed median

CDRSB values of 0 for CU and 3 for symptomatic individuals. Among symptomatic individuals

with MCI or dementia due to AD, the median CDRSB scores were slightly higher (1.5 and 5,

respectively). The time between DNA methylation and the nearest MRI was less than 1 year

on average among participants with both measures. Symptomatic individuals showed a higher
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frequency of carrying at least one APOE ε4 allele (68.5%) compared to CU individuals (21.0%).

Chi-squared tests showed no significant differences by biological age groups across individuals with 0,

1, or 2 APOE ε4 alleles among symptomatic individuals, although these differences were significant

in CU individuals (χ2 = 11.521, p = 0.021), see Table 3.2.

Characteristic Cognitively Unimpaired Symptomatic

N 329 (163 with DNAm) 682 (285 with DNAm)

Clinical Diagnosis – MCI (378, 170 with DNAm)
Dementia (304, 115 with DNAm)

Age at MRI (years) 74.84 (6.96) 75.57 (7.43)
Sex (% female) 50.8% 41.3%
APOE4 (% carrier) 21.0% 68.5%
CDRSB 0 (0) 3 (3.5)
Education (years) 16 (3) 16 (4)
BAG (years) 0.21 (5.69) 0.03 (4.42)
MRI to DNAm (years) -0.98 (1.55) -0.64 (1.36)

Biological Age Groups (%)
Accelerated (22.1%)
Neutral (46.6%)
Decelerated (31.3%)

Accelerated (24.6%)
Neutral (46.0%)
Decelerated (29.5%)

Table 3.1: Demographics and clinical information of the cross-sectional study partici-
pants by cohort. All participants have MRI and amyloid status. The “Cognitively Unimpaired”
(CU) cohort includes all amyloid-negative, CU individuals. The “Symptomatic” cohort includes all
amyloid-positive individuals with either MCI or dementia due to AD. The interval between MRI
and DNAm as well as frequencies by biological age groups are provided for the subset of participants
with DNA methylation (448 total, n = 163 for CU, n = 285 for symptomatic). All values are in
specified units in mean (SD) format or as percentages except for CDRSB and education, which are
in median (IQR) format. APOE4 = Apolipoprotein ε4 allele. BAG = Biological Age Gap. CDRSB
= Clinical Dementia Rating scale Sum of Boxes. DNAm = DNA methylation. IQR = Inter Quartile
Range. MCI = Mild Cognitive Impairment.

3.3.2 Validation of CoMeT by chronological age groups in symptomatic individuals

We first explored how CoMeT associates with chronological age and whether our results aligned with

established findings (see Fig 3.8). Overall, CU individuals had mean structural w-scores of 0 in cortex

and MTL as expected given that these measures were derived from the CU cohort. Symptomatic

individuals had significantly atrophied structures compared to CU individuals in both cortex and

the MTL (p < 0.001). There was a significant correlation between CoMeT and chronological age

among all symptomatic individuals, including participants in the “average” group between 65 and
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(a) (b)
Group / Alleles 0 1 2 0 1 2

Decelerated 48 3 0 30 41 13
Neutral 54 20 2 42 66 23
Accelerated 30 6 0 22 40 8

Table 3.2: χ2 tests of biological age groups (decelerated, neutral, and accelerated) by the number of
APOE ε4 alleles (0, 1, or 2) in (a) all CU individuals with DNA methylation (n = 163) revealed a
significant association between the two variables, χ2 = 11.521, df=4, p = 0.021. (b) all symptomatic
individuals with DNA methylation (n = 285) revealed no significant association between the two
variables, χ2 = 1.9665, df=4, p = 0.742.

80 years of age (n = 682, Pearson R = 0.15, p < 0.001). Among individuals with dementia only,

this correlation was quantitatively stronger (n = 304, Pearson R = 0.27, p < 0.001). Categorical

analyses of chronological age groups revealed that younger symptomatic individuals had significantly

lower cortical thickness compared to older symptomatic individuals with a medium effect size (W =

4598, p < 0.001, rank-biserial correlation= 0.31) but no significant difference in MTL structure

(W = 6235, p = 0.430, rank-biserial correlation= −0.06). This emphasizes the importance of the

relative difference (CoMeT) as opposed to cortical or MTL structures individually. As expected,

CoMeT was significantly lower in younger individuals compared to older individuals within the

symptomatic cohort with a small effect size (W = 4751, p < 0.001, rank-biserial correlation=−0.29),

reflecting greater cortical neurodegeneration relative to MTL in younger individuals. There were

no associations between chronological age and CoMeT in the CU or MCI cohorts (see Figure 3.9).
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Figure 3.8: (A) Violin plots of (i) cortical composite thickness w-scores (ii) MTL composite thickness w-scores (iii) CoMeT by
chronological age groups (younger, ≤ 65 years and older, ≥ 80 years) in CU individuals (left, grey) and symptomatic individuals
(right, in color). Black crossbars show the mean of each distribution. CU individuals are all centered at z̃ero mean after adjusting
for age and sex to remove confounding effects due to healthy aging. Overall, symptomatic individuals show lower thickness in both
cortex and MTL than CU individuals (p < 0.001). Younger symptomatic individuals show significantly lower cortical thickness
but no difference in MTL thickness compared to older symptomatic individuals. Critically, younger symptomatic individuals show
significantly lower CoMeT scores than older symptomatic individuals (p < 0.001), indicating greater cortical involvement relative
to MTL. (B) Scatterplots of CoMeT versus chronological age with blue regression lines in (i) all symptomatic individuals, i.e.,
including ages 65–80 (Pearson R = 0.15, p < 0.001) and (ii) dementia subgroup (Pearson R = 0.27, p < 0.001)
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Figure 3.9: Association of CoMeT with Age and BAG in CU and MCI individuals. Scatterplots of CoMeT in (A) CU
individuals and (B) MCI individuals by (i) chronological age (n = 329, CU and n = 378, MCI) and (ii) BAG (n = 163, CU and
n = 170, MCI), with blue regression lines overlaid. CoMeT was not significantly correlated with chronological age or BAG in
neither CU nor MCI individuals.
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Across all four cognitive domains, CU individuals again had mean w-scores of 0. Symptomatic indi-

viduals had significantly poorer cognition across domains compared to CU individuals (p < 0.001).

Younger symptomatic individuals were more impaired than older symptomatic individuals in all

domains, with the difference in mean w-scores between these groups reaching traditional signifi-

cance levels for executive function, visuospatial, and episodic memory domains but not language.

Table 3.3 provides the mean w-scores for each cognitive domain across chronological age groups. In

contrast to the neuroimaging findings, we did not observe significant associations between chrono-

logical age and any cognitive CoMeT measures in the symptomatic cohort. Again, there were no

associations between chronological age and cognitive CoMeT in the CU or MCI cohorts.

Domain Younger (≤ 65) Average Older (≥ 80) p-value
Executive Function -2.78 (2.26) -1.95 (1.62) -1.63 (1.31) < 0.001
Language -1.80 (1.44) -1.61 (1.39) -1.45 (1.12) 0.127
Visuospatial -1.64 (2.15) -1.08 (1.61) -0.94 (1.43) 0.009
Memory -2.68 (1.59) -2.34 (1.73) -2.00 (1.77) 0.011

Table 3.3: Cognition in symptomatic individuals by chronological age groups. Harmonized
measures from the PHC were adjusted for age and sex relative to the CU cohort to obtain the
executive function, language, and visuospatial w-scores. The memory w-score is a composite derived
from the RAVLT and adjusted for age and sex relative to the CU cohort, representing a purer
measure of episodic memory (as described in the Methods, Section 3.2.4). The w-scores for each
cognitive domain are provided in mean (SD) format.

3.3.3 Association of CoMeT with biological aging in symptomatic individuals

Analyses using continuous measures revealed a positive correlation between BAG and CoMeT

(n = 285, Pearson R = 0.13, p = 0.023), consistent with deceleration relating to relatively greater

cortical involvement and acceleration relating to greater MTL involvement (see Fig 3.10). Cate-

gorical analyses revealed that CoMeT was significantly lower in individuals with decelerated BAG

compared to individuals with accelerated BAG in the symptomatic cohort, with a large effect size

(W = 2314, p = 0.023, rank-biserial correlation=−0.98). Therefore, individuals with decelerated

BAG show a less typical, more cortical-predominant disease pattern compared to individuals with

accelerated BAG. CoMeT scores did not associate with BAG in the CU or MCI cohorts (see Fig-

ure 3.9). We additionally performed a subgroup analysis of symptomatic individuals with dementia
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only, i.e., excluding MCI (see Fig 3.10) that also revealed a significant correlation between CoMeT

and BAG (n = 115, Pearson R = 0.19, p = 0.048), indicating relatively greater cortical involvement

in individuals with decelerated BAG compared to individuals with accelerated BAG. While CoMeT

scores were numerically lower in individuals with decelerated BAG compared to individuals with

accelerated BAG, this result was not significantly different despite a large effect size, likely due to

lower power and smaller sample sizes (W = 445, p = 0.214, rank-biserial correlation=−0.98).
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Figure 3.10: Association of BAG with CoMeT. Violin plots of CoMeT by biological age groups
in (A, i) all symptomatic individuals and (B, i) dementia-only subset. Symptomatic individuals
with decelerated BAG have significantly lower CoMeT scores than those with accelerated BAG
(W = 2314, p = 0.023, rank-biserial correlation= -0.98). This difference is not significant in the
dementia subgroup, likely due to power constraints, but maintains a large effect size (W = 445,
p = 0.214, rank-biserial correlation= -0.98). Scatterplots of CoMeT versus BAG with blue linear
regression lines in (A, ii) all symptomatic individuals (Pearson R = 0.13, p = 0.023) (B, ii)
dementia only subset (Pearson R = 0.19, p = 0.048).
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3.4 Discussion

3.4.1 Interpretation of Results

Our results support established findings reporting an association between younger age of onset and

disproportionately more cortical presentations of AD (Dickerson et al., 2017). As hypothesized,

our results also demonstrate a significant association between biological aging and the spectrum of

cortical to MTL atrophy in AD. Specifically, symptomatic individuals with decelerated BAGs exhibit

significantly lower CoMeT scores, reflecting greater cortical involvement, compared to those with

accelerated BAGs. Moreover, the mean CoMeT score of symptomatic individuals with “neutral”

BAGs fell in between the means of their decelerated and accelerated counterparts. This suggests

that the relationship between biological aging and atypical neurodegenerative pattern exists across a

continuum. Indeed, CoMeT and BAG correlate when examined across all symptomatic individuals.

This association appears at least quantitatively stronger when limited to individuals with dementia

due to AD (i.e., excluding those with MCI due to AD). We observe no significant association in

the MCI subgroup, suggesting that the manifestations of biological age on atypicality may emerge

more prominently with later disease progression. It is also worth noting that since the neutral

group represents the largest proportion of individuals and has CoMeT scores between the two

extreme groups, one might also consider the biologically accelerated group as having a more limbic-

predominant “atypical” presentation, as described in the literature, while the biologically decelerated

group has more cortical-predominant, atypical cases (Murray et al., 2011; Ferreira et al., 2020).

These results align with the effects of chronological age on disease presentation as frequently noted

in prior reports (Swerdlow, 2007; Dickerson et al., 2017) and suggest that biological age captures

additional variance. Therefore, biological age may be a core factor modulating the topography of

AD pathology and may further explain some cases of discordance between chronological age and

degree of atypicality, for instance, older-onset cases with more cortical involvement.

In contrast to the structural neuroimaging findings, our analysis using cognitive domain measures

mapped to cortical or MTL regions did not reveal significant associations between BAG and CoMeT.
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When stratifying by chronological age, however, we observed that younger-onset individuals were

generally more cognitively impaired than their older-onset counterparts, particularly in the executive

function domain. This aligns with prior reports indicating greater impairment in EOAD relative

to LOAD (Koedam et al., 2010; Sirkis et al., 2022). Interestingly, while memory impairment was

more pronounced in younger individuals, structural measures did not reflect this difference. This

could be due to recruitment bias in the ADNI cohort: specifically, younger individuals may have

entered the study with prominent memory complaints, leading to a sample enriched for memory

dysfunction and thus reducing the relative salience of corticolimbic mismatch captured by CoMeT.

Additionally, the lack of association between BAG and cognitive CoMeT may reflect differences in

the temporal dynamics of aging-related changes. While structural decline may accumulate gradually

and reflect broader neurobiological aging processes, cognitive measures are more susceptible to inter-

individual variability, compensation, and floor effects in symptomatic stages. Furthermore, the

spatial mapping of cognitive domains onto specific cortical and MTL regions may not fully capture

the distributed network interactions underlying cognitive dysfunction in AD, limiting the sensitivity

of CoMeT to detect biologically age-related disparities. Future studies should aim to replicate

these findings in more diverse cohorts with broader recruitment criteria or with greater focus on

younger individuals, such as the Longitudinal Early-onset Alzheimer’s Disease Study (LEADS)

cohort (Touroutoglou et al., 2023; Vandekar et al., 2021, 2023). Additionally, leveraging network

measures of cognition-structure mappings may improve our ability to characterize the relationship

between biological aging, brain structure, and cognition.

Biological aging may also interact with other factors to influence AD presentation. Given that MTL

tau deposition is commonly associated with healthy aging (Braak and Braak, 1991), older adults

may already exhibit an MTL-localized epicenter driving the clinical manifestations of AD. This

predisposition could result in a more limbic-predominant presentation as the disease progresses. As

our findings suggest, individuals with accelerated BAG tend to present with higher CoMeT scores,

indicating greater MTL involvement.

As with patterns of atrophy, neuropathological studies have also consistently shown that the dis-
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tribution of tau pathology is not uniform across patients (Arezoumandan et al., 2022). While most

individuals exhibit a mix of MTL and cortical involvement, some exhibit more “atypical” burdens

with disproportionately heavy burden isolated in the MTL or in cortical regions (Murray et al., 2011;

Kouri et al., 2024). These patterns are often linked to differences in clinical symptoms, age of onset,

and the presence of co-pathologies (Ossenkoppele et al., 2020). For example, AD cases with more

cortical tau accumulation tend to exhibit earlier disease onset and atypical cognitive symptoms,

such as language or visuospatial deficits, rather than the more classic memory impairments seen

with MTL-centered pathology (Frontzkowski et al., 2022). Some studies have suggested that certain

genetic factors, such as APOE4 genotype, might influence whether tau pathology predominantly

affects the cortex or the MTL (Therriault et al., 2020; Steward et al., 2023).

The corticolimbic index (CLix) (Kouri et al., 2024) is a recently developed neuropathological mea-

sure derived from ex vivo brain tissue analysis that quantifies the relative burden of tau pathology

in the cortex versus the MTL. CLix was developed to explore corticolimbic vulnerability, conceptu-

alizing tau pathology as a continuous trait that varies across individuals, thus providing a spectrum

of disease topography from predominantly cortical involvement to predominantly MTL involve-

ment. CoMeT is analogous to CLix as a continuous measure that, in contrast, can be assessed with

structural MRI during life. Furthermore, CoMeT can be used in conjunction with other in vivo

biomarkers, including amyloid- and tau-PET, CSF, plasma, and multiomics data to explore how

different factors contribute to the corticolimbic distribution of atrophy. This allows for the dynamic

tracking of pathology and its clinical correlates over time, facilitating future longitudinal studies

that could elucidate the progression of AD and its variants.

Recent studies have highlighted that EOAD, often clinically labeled as “amnestic”, may man-

ifest with non-amnestic, dysexecutive presentations more frequently than previously recognized

(Townley et al., 2020; Corriveau-Lecavalier et al., 2024; Putcha et al., 2025). Notably, analyses of

the LEADS cohort demonstrated that a significant proportion of individuals under 65 diagnosed

with “amnestic AD” exhibited prominent dysexecutive symptoms rather than memory impairment

(Putcha et al., 2025). Our findings of greater cortical relative to MTL involvement in individuals
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with decelerated biological aging may align with these emerging clinical observations, suggesting

that some early-onset, MTL-sparing patients within the ADNI dataset could indeed reflect a dy-

sexecutive phenotype. This highlights the importance of considering biological aging in clinical

phenotypic variability, especially in the context of structural neuroimaging findings in AD. While

this paper focuses on pathological and neurodegenerative heterogeneity in this paper, future research

could expand on our work by studying associations between biological aging and heterogeneity in

clinical presentation.

3.4.2 Limitations and Future Work

There are a few limitations in this study that may also be overcome through future research.

Firstly, we utilized DNA methylation data from blood rather than brain tissue. Since epigenetic

modifiers of gene expression are tissue specific, it would be ideal to study methylation from the

cortex and MTL to understand these age effects more directly. However, this type of data is very

rare and previous studies have shown a high correlation among predicted outcomes from clocks

trained on multiple tissues and applied to blood methylation data (Horvath, 2013; Shireby et al.,

2020; De Lima Camillo et al., 2022). For this reason, we suspect that leveraging other accessible

peripheral tissues, such as salival or buccal cells, would reflect similar associations capturing sys-

temic aging effects that impact neurodegenerative pattern. Peripheral tissues also allow for in vivo

estimation of biological age, as opposed to brain tissue which would necessitate ex vivo analysis.

Future studies combining multi-tissue epigenetic profiling, possibly including cerebrospinal fluid,

buccal swabs, or postmortem brain regions, will be critical for teasing apart shared vs tissue-specific

aging signals, and for refining models of vulnerability to neurodegeneration in the brain.

Our study population had limited representation of individuals under 65 years of age and was con-

strained due to the incorporation of multi-modal data including DNA methylation, imaging, and

amyloid status. Additionally, our sample was primarily comprised of highly educated participants

who self-identified as White (Sreepada et al., 2025). This homogeneity is crucial to address for

broader applicability of these results. Future work is therefore necessary to evaluate the generaliz-

ability of these findings and the application of biological aging measures in more diverse datasets
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across the life-course. Additionally, development of new epigenetic clocks tailored to aging popula-

tions and accounting for co-pathologies may better inform our understanding of age-related disease

trajectories, given that predictors of neurodegeneration differ between CU older adults who subse-

quently become impaired (Armstrong et al., 2019).

In this study, we interpreted the residual from a linear regression of predicted biological age on

chronological age, namely biological age gap (BAG), which captures individual-level deviation from

normative aging, allowing us to quantify accelerated or decelerated brain aging relative to peers. The

current analysis is grounded in the assumption that BAG is a continuous marker of brain aging sever-

ity, not necessarily tied to discrete diagnostic thresholds. Importantly, we applied subtype-informed

biological age models to capture how deviation from typical aging trajectories differs by regional

predominance (Sreepada et al., 2025). Thus, rather than relying on categorical comparisons, we

aimed to exploit individual-level variation to reflect continuous processes of neurodegeneration.

While this approach is simple and interpretable, we acknowledge that an ordinary regression frame-

work assumes linear relationships and that the residual-based approach does not fully separate

variance due to age from variance due to regional patterns such as relative cortical- or MTL-

predominance. In theory, a 2 × 2 factorial design or a Bayesian hierarchical model could more

explicitly model these dimensions by treating regional neurodegenerative subtype and age category

as partially independent factors. Specifically, we could incorporate subtype-by-age interaction terms

or leverage multilevel models that treat individuals nested within subtypes while estimating age-

related trajectories separately. This might allow us to test for interaction effects or shared variance

structures in a more flexible manner.

Regarding variance as a function of age, we did examine whether BAG variance changes across the

age spectrum. The variance of residuals is largely stable across chronological age, consistent with

prior findings that biological age acceleration measures, when derived as residuals from regression

against age, exhibit homoscedasticity across age ranges (Tong et al., 2024). In our data, there was

no significant association between age and the variance of BAG, supporting the validity of applying

a fixed SD threshold across the full age range.
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We stratified participants into biological age groups using a ±0.5 SD threshold from the mean

BAG distribution. We selected the ±0.5 SD threshold a priori to maximize statistical power while

retaining interpretability and ensuring balanced group sizes across accelerated, neutral, and decel-

erated groups (Sreepada et al., 2025). However, we also tested alternative thresholds (e.g., ±0.75, 1

SD) to evaluate robustness. Across these sensitivity analyses, the main effects and directionality of

results were preserved. As expected however, increasing the threshold reduced sample size, which

slightly attenuated statistical significance but did not reverse any findings. In stratified subsamples

by age tertiles, the associations between BAA and outcomes of interest persisted within each age

group, further confirming that the effects of BAA are not confounded by age range. Nevertheless,

we acknowledge that residual-based stratification does not completely remove age-related informa-

tion, particularly in cases where regional atrophy patterns correlate with both age and subtype.

While BAG is orthogonal to age by construction, subtle age-related structure may still exist due to

interactions between age, subtype, and disease severity.

Together, these analyses demonstrate that BAG explains unique variance in brain structure and

cognitive function that is not reducible to chronological age. This supports the core rationale of

using BAG as a biomarker, since it reflects accelerated or decelerated neurobiological aging processes

after accounting for the effects of chronological age.

This is the first study, to our knowledge, investigating the role of biological aging in driving hetero-

geneity in the neuroanatomic distribution of AD. We define a novel continuous measure, CoMeT,

to operationalize and quantify the spectrum of neurodegenerative patterns. As hypothesized, we

observed that decelerated BAG is associated with a less typical disease presentation with relatively

greater cortical involvement, while accelerated BAG is linked to relatively greater MTL involvement.

Future studies involving pathway and enrichment analyses may identify specific epigenetic modifiers

and genetic variants driving this heterogeneity.

We conclude that biological aging modulates atypical disease presentations in AD in conjunction

with and beyond chronological age. This study suggests that fundamental effects of the aging

process contribute to the neuroanatomic presentation of AD, and our work contributes to a better
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understanding of the biological basis and mechanisms underlying AD heterogeneity.

3.5 Chapter Summary

The findings presented in this chapter build directly on prior literature linking atypical AD presenta-

tions to regional vulnerability and epigenetic mechanisms, discussed in Section 2.3. Briefly, previous

studies have highlighted how atypical neurodegenerative patterns, such as disproportionate cortical

versus medial temporal lobe involvement, may stem from intrinsic molecular features of intra-

individual variability in region-specific neurodegenerative vulnerability. Emerging evidence from

cross-tissue blood-brain methylation studies, also comprehensively reviewed in Chapter 2, Section

2.4, demonstrates partial concordance between blood and brain epigenetic signatures, supporting

the use of peripheral markers to infer central nervous system processes. By leveraging blood-based

DNA methylation to estimate biological measures of aging, this study provides new evidence that

biological aging is associated with neuroanatomic patterns of disease expression beyond what is

explained by chronological age alone. These results suggest that systemic aging processes, captured

epigenetically, may play a causal or modulatory role in the emergence of atypical AD phenotypes.

This chapter thus extends the framework of regional vulnerability to incorporate biological aging

as a cross-cutting factor, linking peripheral aging signals to spatially specific neurodegeneration.

Chapter 4 builds on this foundation and aims to capture brain-relevant aging and neurodegener-

ation more precisely by developing blood-based epigenetic signatures of aging and MTL-focused

neurodegeneration. This will further advance our understanding of the epigenetic basis of regional

susceptibility in AD.
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CHAPTER 4

BLOOD-BASED EPIGENETIC SIGNATURES AND BIOLOGICAL PATHWAYS

UNDERLYING BRAIN AGING AND NEURODEGNERATION

4.1 Introduction

Neurodegeneration is a ubiquitous feature of normative aging and is observed to varying extents in

nearly all individuals over the age of 50. It is also a key aspect of neuropathological changes observed

in many neurological disorders, of which AD and related dementias are among the most common.

Neurodegenerative diseases are often characterized by regional aggregation of proteins such as amy-

loid, tau, alpha-synuclein, or transactive response DNA-binding protein 43 (TDP-43). These protein

aggregates interfere with normal cellular function and contribute to neuronal damage, resulting in

downstream neurodegeneration. While the hallmark pathologies of many neurodegenerative dis-

eases have been identified, the spatial distribution and inter-regional severity of neurodegenerative

changes demonstrate considerable inter-individual variability that cannot be solely explained by

chronological aging or the presence of co-pathologies. In particular, the mechanisms underlying the

vulnerability of specific brain regions to neuropathology remain poorly understood.

The MTL is a hotspot for AD pathology and is among the earliest brain regions to exhibit amy-

loid and tau accumulation, resulting in regional neurodegeneration. Several structures frequently

implicated in AD, such as the hippocampus and amygdala, are within the MTL. The hippocampus

plays a critical role in memory and is particularly susceptible to early neurodegenerative processes.

MTL atrophy is a characteristic feature of the typical amnestic presentation of AD and serves as a

widely recognized in vivo biomarker of the disease. However, similar patterns of structural decline

also occur as part of normative aging, albeit at a slower and more gradual rate. Longitudinal neu-

roimaging studies consistently demonstrate age-related volumetric reductions in MTL subregions,

including the hippocampus and ERC, in cognitively unimpaired individuals. The convergence of

structural brain changes in both healthy aging and AD complicates efforts to differentiate normative

aging from early pathological processes. The biological mechanisms underlying aging that confer
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vulnerability to neuropathology and structural changes in the MTL remain poorly understood. This

highlights the need to identify additional factors that mechanistically link systemic aging to regional

neurodegeneration observed in diseases.

One promising avenue to decipher these mechanisms is the study of epigenetic modifications, which

have been recently studied with increasing frequency as measures of biological aging. Unlike al-

terations in the DNA sequence, epigenetic modifiers do not alter the genomic sequence, instead

influencing how genes are expressed. Epigenetics may mediate the complex interplay between en-

vironmental exposures, lifestyle factors, and gene regulation throughout the lifespan. In particular,

DNA methylation patterns are shaped by developmental and environmental factors and play impor-

tant roles in brain development and disease by regulating gene expression. Mechanism: addition of a

methyl group to the 5’ cytosine at a phosphorylated cytosine guanine dinucleotide (CpG) regulates

up or downregulation of the associated gene. Epigenetic markers have become an attractive area

of study in the context of brain aging because they reflect cumulative environmental and lifestyle

influences on the genome and may reveal how such influences contribute to neurodegeneration. In

contrast to fixed genetic risk factors, epigenetic modifications are dynamic and potentially reversible,

suggesting that they could be targets for future therapeutic intervention. Recent studies have also

studied epigenetic reprogramming in stem cells and modifiable lifestyle factors such as diet, exercise,

and treating existing medical conditions like blood pressure could naturally reprogram the epige-

netic switch board regulating genetic expression. This suggests it may be possible to slow aging

processes and thereby mitigate neurodegenerative risk.

Epigenetic modifiers, including DNA methylation, are highly tissue-specific and recent studies have

documented differences between blood and brain methylation patterns. However, blood DNA

methylation shows some promise as a surrogate indicator for brain-related phenotypes in humans,

including cognitive function and neurological disease risk. For instance, epigenetic clock algorithms

now provide an estimate of biological age from an individual’s blood DNA methylation profile. Nu-

merous studies have documented the association between accelerated biological age (biological age

> chronological age) and diffuse neurodegeneration, leading to downstream cognitive impairment.

82



Biological age acceleration has also been associated with greater risk of cognitive decline and pro-

gression to mild cognitive impairment (MCI) or AD in initially healthy, unimpaired individuals, as

well as with greater brain atrophy in AD-vulnerable regions, such as cortical thinning in the ERC. A

recent study assessed the relationship between accelerated vs decelerated biological aging with focal

neurodegeneration in the cortex relative to MTL regions, suggesting that variations in epigenetic

profiles might make an individual more prone to one neurodegenerative pattern vs the other which

could have downstream implications on cognitive function (i.e., less typical, language or behavior

or visuospatial issues or issues with executive function compared to a typical, primarily amnestic

profile). These findings underscore the potential of peripheral epigenetic markers to predict and

reflect brain health. Finally, the ability to measure epigenetic modifiers in vivo from peripheral

tissues like blood offers significant practical advantages. Blood-based epigenetic markers can be

obtained minimally invasively and longitudinally, allowing close monitoring of progression during

life. This is especially promising in an era of precision medicine where disease modifying therapies

are becoming available, and sensitive / specific biomarkers for patient stratification are becoming

paramount.

Several analytical approaches and frameworks can be leveraged to probe the link between peripheral

epigenetics and brain structure. Firstly, an epigenome-wide association study (EWAS) tests for

differential methylation linked to a phenotype of interest, in this case structural brain differences,

allowing for pinpointing of epigenetic markers and associated genomic loci where blood methylation

reflects brain atrophy or preservation. Jia et al performed a large EWAS of subcortical volumes

from the ENIGMA consortium, identifying few CpGs associated with hippocampal volume which

explained 1% of the variance in this phenotype. This suggests that blood has limited ability to

explain brain related phenotypes, but also opens the question of whether newer, more data-driven

techniques than univariate statistical analysis might capture more variance and predictive power.

Another approach that has gained popularity in the past decade is the epigenetic clock, which is

an ML algorithm that learns patterns of DNA methylation from epigenome-wide methylation pro-

files to estimate biological age by predicting age or an age-associated phenotype of interest. There
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are a few generations of clocks, with first-generation clocks predicting age and second-generation

clocks predicting age-related phenotypes. Residual approaches are applied to clock predictions to

assess the discrepancy between the clock prediction and the observed phenotype, whether age or an

associated phenotype. It is understood that clock predictions > observed value reflects accelerated

biological aging, while clock predictions < observed value reflects decelerated biological aging. Mili-

cic and colleagues comprehensively reviewed existing first and second-generation epigenetic clocks

and observed that disproportionate biological aging, as measured by the clocks, is associated with

hippocampal volume. This aligns with the findings discussed in Chapter 3, namely that accelerated

aging is associated with greater MTL atrophy relative to cortex. Traditionally, Elastic Net models

have been used for clock models because of their balance of the L1 and L2 penalties on parameter

weights, effectively driving the weights of many parameters to zero and thereby selecting a few

features that are predictive of the phenotype of interest. However, recent studies have also applied

more complex ML algorithms such as XGBoost and RandomForest.

Brain age models are analogous to established first-generation epigenetic clocks in that they model

chronological age and are trained on multivariate neuroimaging data as opposed to DNA methylation

profiles. In other words, brain age measures complement methylation-based biological age indices

by estimating an imaging-derived correlate of age based on brain structure. We hypothesized that a

novel epigenetic clock could predict an imaging-derived measure of brain-based biological age, akin

to previously established second-generation clocks predicting various age-associated indices derived

from multimodal biomedical datasets, such as PhenoAge (Levine et al. 2018) and GrimAge (Lu et

al 2020, Lu et al. 2022).

One of the issues with epigenetic clocks is the limited interpretability of CpGs selected by the models.

Often, CpGs that are highly correlated and close to each other on the genome are selected at random

by linear models which do not handle collinearity well. Recent approaches have leveraged deep neural

networks for explainable AI models of biological age where CpG selection and information scores

provide more information about why certain CpGs were selected. Another issue is that the most

recent methylation arrays assay over 850,000 CpG sites along the epigenome, which leads to a stark
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imbalance between the number of features and the sample size. This can lead to severe overfitting

or underfitting of the model to the training dataset and reduce generalizability. For this reason,

pre-selecting features using various classes of feature selection methods can help prioritize features

to learn from and reduce the risk of overfitting. Recent studies have focused on implementing

rigorous feature selection schemes prior to epigenetic clock model development (Doherty et al. 2023),

comparing methods in different classes such as filters (univariate, regression-based, or ensembles),

embedded selection, and transformative. These methods often tradeoff between interpretability,

biological relevance, and predictive performance. In this study, we seek to maximize biological

relevance to be able to trace back the relevance of identified CpGs to aging and neurodegenerative

processes in the brain.

Upon selecting a subset of features through model development, the next step is to interpret the bio-

logical pathways implicated by the clocks, by performing gene set enrichment and pathway analyses

using identified epigenetic candidate markers from EWAS or clock analyses. These are downstream

statistical analyses that interpret biological significance by annotating CpGs along the genome, iden-

tifying linked genes, and examining whether the genes associated with significant methylation sites

converge on biological pathways or gene networks. Using gene ontology enrichment and pathway

analyses, we can uncover whether certain pathways are over-represented in the epigenetic signatures

identified. This helps link methylation changes to underlying cellular and biomolecular processes.

To further bridge epigenetic findings with known biology, we can correlate methylation with gene

expression profiles from blood to explore whether differential methylation might be associated with

altered gene expression in pathways relevant to neurodegeneration. This integrative approach pro-

vides a holistic view of how epigenetic variation in peripheral tissue corresponds to multiomic factors

linked to brain structure.

This chapter aims to identify blood-based epigenetic signatures associated with aging and brain

structure, with particular focus on the MTL given its known vulnerability to AD pathology. We

leverage the approaches described above in a multi-level analysis approach with large-scale methy-

lation data and quantitative analysis of large-scale structural MRI to uncover molecular signatures
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in blood that reflect the state of the aging brain. The overarching goal is to link these epigenetic

patterns to the underlying biological processes of neurodegeneration in conjunction with and beyond

the effects of aging. In doing so, we hope to understand how systemic aging processes, influenced

by genetics, environment, and lifestyle, converge to effect regional vulnerability and resilience in

the brain. This may point to novel blood-based biomarkers of structural brain change or inter-

vention targets, serving as accessible predictors of brain aging and AD-vulnerability, with future

implications in early identification of at-risk individuals and opening new avenues for preventative

strategies to promote healthy brain aging.

4.2 Methods

4.2.1 Study Design and Cohort Selection

The study data comprised two independent cohorts from ADNI and the Aging Brain Cohort (ABC)

from the Alzheimer’s Disease Research Center at the University of Pennsylvania. Participants with

both DNA methylation samples and structural MRI were selected. A cross-sectional dataset was

selected within each cohort by matching longitudinal DNA samples to the nearest MRI within 3

years and selecting the time point with the smallest interval between DNA and MRI. Participants

who were identified as CU based on clinical consensus diagnosis closest to MRI were selected. The

CDRSB (Morris, 1993) was used as a measure of global function and cognition. Amyloid status

was not considered based on the a priori hypothesis that amyloid does not significantly impact

structural brain change in preclinical individuals.

The ADNI dataset (Weiner et al., 2017) was used for training and discovery purposes and included

all individuals who met the criteria outlined above (n = 225). All participants provided written

informed consent, and study procedures were approved by the Institutional Review Board (IRB)

of participating sites per the Declaration of Helsinki. The ABC dataset included all individuals

who met the criteria outlined above (n = 215). All ABC participants provided informed consent

for participation, and the study received approval for ethical human subjects research from the

University of Pennsylvania IRB. All experiments were conducted in compliance with institutional

and national ethical standards for the collection and analysis of biospecimens and neuroimaging.
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4.2.2 Epigenomics Data

DNA methylation data were derived from whole blood samples and assayed on the Illumina Infinium

Methylation EPIC BeadChip. All samples were assayed on EPIC v1.0 in ADNI and either EPIC

v1.0 or EPIC v2.0 in ABC.

Data Processing and Quality Control

Raw intensity files were processed to yield beta matrices for each cohort using the SeSAMe R

package (Zhou et al., 2018) according to standard protocols, including sample filtering, CpG probe

filtering, signal correction, and normalization. Quality control (QC) procedures ensured at least

95% signal detection at each CpG. Unsupervised clustering analysis was used to check for potential

technical or biological sources of variation using the UMAP algorithm (McInnes et al., 2020) in the

umap package in R. CpGs with greater than 50% missingness across all samples in each cohort were

removed, and remaining missing values were imputed using the beta value mean from non-missing

samples. Sample separation by covariates is illustrated in Figure 4.1.

Estimation of Cell-type Proportions

Cell type proportions were estimated from DNA methylation data using a reference-based cell type

deconvolution algorithm from the EpiDISH package in R (Teschendorff et al., 2017). The reference

matrix was obtained from the FlowSorted.Blood.EPIC package (Salas et al., 2018), which includes

methylation signatures for CD4+ T cells, CD8+ T cells, B cells, natural killer cells, monocytes,

neutrophils, eosinophils, basophils, and other blood cell types. Beta matrices for ADNI and ABC

cohorts and the reference matrix were filtered to include only CpG sites present in both datasets.

Deconvolution was performed using the Robust Partial Correlations method (Wang et al., 2020b),

which is suitable for blood-based methylation and provides estimates of the relative proportions of

each cell type in each sample. Cell type proportion estimates were extracted from the deconvolution

output and integrated with the main dataset using sample identifiers. This step enabled downstream

analyses that control for cellular heterogeneity in bulk DNA methylation data, which is essential

for understanding how cell type proportions vary across samples and differentially associate with

phenotypes of interest.
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Figure 4.1: Scatterplots of UMAP dimensions 1 and 2 in (a) ADNI and (b) ABC DNA methylation
samples, colored by covariates.
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Data Pooling and Missing Value Handling

Processed DNA methylation data were limited to 721,802 CpGs in common between EPIC v1.0

(Pidsley et al., 2016) and EPIC v2.0 (Kaur et al., 2023) arrays to ensure compatibility across dif-

ferent versions. We further excluded CpG probes flagged as cross-reactive or prone to off-target

binding using the maxprobes package in R (McCartney et al., 2016; Pidsley et al., 2016). A system-

atic approach to missing data was implemented using two-tier filtering: samples with more than

25% missing values were excluded. Subsequently, remaining CpGs with any missing values were

removed. This approach ensured data quality while maximizing the number of samples retained for

analysis and avoiding mean-based imputation, which may obscure biological signals by adding noise

to the data distribution. CpG sites that showed insufficient variation across categorical covariates

were identified and removed to ensure adequate statistical power for downstream analyses.

4.2.3 Neuroimaging Data

All participants underwent in vivo T1-weighted structural MRI scans. The ADNI cohort was

enrolled across multiple phases of ADNI, namely ADNI1 and ADNIGO/2, for which MRI were

acquired at either 1.5T or 3T in ADNI. Participants in ABC had MRI scans at 3T only. Scanner

protocols were harmonized within cohorts to ensure consistency in acquisition parameters, including

voxel resolution, pulse sequence type, and orientation. Detailed imaging protocols for ADNI are

publicly available online. The ABC study protocols were closely aligned with standardized guidelines

for neuroimaging acquisition and were comparable to those of ADNI.

Image Processing and Harmonization

MRI scans were processed and quantified using the Automated Segmentation of Hippocampal Sub-

fields (ASHS) cross-sectional pipeline (Yushkevich et al., 2015) to yield regional volumes and cortical

thickness measures in MTL subregions, as defined by the ASHS atlas. Researchers trained in neu-

roimaging and neuroanatomy assessed the ASHS segmentations for completeness and accuracy of

anatomical boundaries, providing both qualitative evaluations and numerical ratings for QC. Only

scans with acceptable QC ratings were retained for further analysis. Figure 4.2 provides examples

of acceptable segmentations.
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(a) Coronal (bilateral) and sagittal (left hemisphere) slices of T1 MRI with ICV seg-
mentation boundaries indicated in red.

(b) ASHS segmentation boundaries in left hemisphere for anterior hippocampus (red)
and posterior hippocampus (bright green), among other MTL subregions.

Figure 4.2: Manual QC procedure for ASHS pipeline. Acceptable segmentation outputs are
shown for (a) ICV and (b) MTL subregions.
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Figure 4.3: Hippocampal volume in ADNI (left) and ABC (right). Volumes were harmonized
to account for scanner field strength in ADNI and subsequently adjusted for ICV in both cohorts.
There is no significant difference in the means of each cohort (t = −1.3494, df = 437.8, p = 0.178)

.

This study focused on bilateral measures of hippocampal volume averaged across the anterior and

posterior regions. Statistical harmonization methods were necessary to account for varying acqui-

sition field strengths in ADNI, but not in ABC. The ComBat family of harmonization methods is

frequently used to correct for batch effects in neuroimaging measures (Fortin et al., 2018). ComBat

uses Empirical Bayes models to harmonize means and variances across batches while preserving

biological variability related to covariates of interest. We applied ComBat to harmonize total

intracranial volume (ICV) and mean hippocampal volume using the neuroCombat package in R

(Fortin et al., 2018). Magnetic field strength was modeled as the batch variable (i.e., 1.5T or 3T),

while age, sex, and intracranial volume were retained as biological covariates. Finally, hippocampal

volumes were adjusted to account for ICV in both ADNI and ABC . See Figure 4.3 for boxplots of

hippocampal volume in ADNI versus ABC after harmonization and/or adjustment.
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Figure 4.4: Scatterplot of SPARE-BA versus Chronological Age. SPARE-BA has a compa-
rable data distribution in both ADNI and ABC. Additionally, there is a strong positive correlation
between SPARE-BA and age across cohorts (Pearson R = 0.65, p < 0.001).

Brain Age Estimation from Structural Neuroimaging

The Spatial Pattern of Atrophy for Recognition of Brain Aging (SPARE-BA) is a popular brain age

index that provides individualized estimates of brain-based biological age (Habes et al., 2016). The

SPARE-BA model was trained on structural MRI from a large-scale, multi-study dataset pooled and

harmonized by the Imaging-based coordinate SysTem for Aging and NeurodeGenerative diseases

(iSTAGING) Consortium at the University of Pennsylvania (Habes et al., 2021). The SPARE-BA

index has been validated as a useful biomarker of brain aging using clinical measures and neuropsy-

chological test scores. SPARE-BA was calculated for almost all individuals in the ADNI cohort

(n = 223) and a much smaller proportion of the ABC cohort (n = 41). Akin to epigenetic clock

ages, higher SPARE-BA scores indicate relatively older-appearing brains (brain age > chronological

age), while lower scores reflect a younger neuroanatomical profile (brain age < chronological age).

Figure 4.4 illustrates the correlation between SPARE-BA and chronological age.
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4.2.4 Machine Learning and Modeling Framework

DNA methylation levels at CpG sites formed the input feature set for the ML models, while the

target variable was age or an age-associated phenotype relating to brain structure, i.e., SPARE-BA

(Habes et al., 2016) or hippocampal volume. The initial set of CpG sites was restricted to CpGs

common to both ADNI and ABC datasets after QC and missing value handling, forming the final

set of CpGs used in feature selection and ML modeling as described below. The scikit-learn package

in Python was used for the development and application of both feature selection algorithms and

ML models.

Feature Selection

In this study, we used two types of feature selection: filter-based and embedded selection. Table 4.1

provides a description of each of the 4 methods, grouped by type (Doherty et al., 2023).

Filter-based selection typically requires a specified threshold on a metric calculated on the feature

set that describes its association with the target variable and thereby its potential “utility” in a

predictor model. We used three such metrics, namely the F-test, mutual information gain, and the

Pearson correlation coefficient (Pearson R). Using each metric, we ranked the association of each

CpG with the target variable and then applied a filter to include only the top n CpGs based on this

ranking. As such, we not only compare different feature selection metrics, but also determine the

optimal size of the feature subset for each method. We investigated models with successively larger

feature subset sizes (50, 100, 150, 200, 250, etc. in steps of 50 up to 500 features, thereafter in steps

of 100 up to 1000 features, and thereafter by multiplicative or exponential factors to test varying

orders of magnitude). After initial filter-based feature selection, Elastic Net models were trained

with hyperparameter tuning to find the subset size yielding the minimum error and maximum

correlation between predicted and observed values of the target variable.

The embedded feature selection approach in the Elastic Net algorithm was used as a baseline model

for comparison, i.e., no filter was applied to the feature set prior to training the Elastic Net, which

leverages regularization penalties to “select” a final set of features by adjusting their weights during
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the training process. More information on Elastic Net is provided in the following section.

All feature selection procedures were implemented strictly within the inner loop of a nested cross-

validation (CV) framework, as described in (Doherty et al., 2023) and below. This design ensures

that no information from the outer test fold is used during feature selection or model tuning, thereby

avoiding data leakage and producing an unbiased estimate of model performance. Rankings are

recalculated for each inner fold, and model performance is evaluated across those folds to determine

the best-performing feature selection strategy and number of features. These optimal parameters

are then applied to the full outer training set, and performance is assessed on the independent test

set. This nested CV approach ensures that both feature importance and model hyperparameters

are estimated independently of the final test data in each fold, aligning with current best practices

for machine learning in high-dimensional biological data.

Table 4.1: Feature Selection Methods. In this study, we test 3 filter-based feature selection
methods against a baseline method with embedded feature selection.

Type Method Description

Filter — Univariate
Correlation - Pearson’s R Calculates the Pearson correlation coeffi-

cient: ρ(a, b) = cov(a,b)
σaσb

, which quantifies
linear association between feature and re-
sponse. Features below a defined correla-
tion threshold are excluded.

Multiple Hypothesis Test-
ing (F-test)

Uses F-test statistics to evaluate feature-
response association. Features are ranked
based on p-value. CpG sites with p-value
below 0.05 were retained.

Mutual Information Gain
(MIG)

Measures information gain between fea-
ture and response: MI = H(x) +H(x|y),
where H is entropy. Features are ranked
by MI gain.

Embedded Elastic Net Regression Regularized regression method with em-
bedded feature-selection. Mixes both the
L1 and L2 penalties in the objective func-
tion and tunes the bias towards one of the
norms using a hyperparameter.
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Elastic Net Regression and Hyperparameter Tuning

Given its frequent application in both first- and second-generation epigenetic clocks, this study uses

Elastic Net regression as a baseline model, pairing it with the various feature selection approaches

discussed previously. Elastic Net is a popular ML algorithm integrating two different regularization

(i.e., penalty) terms, namely L1 (LASSO) and L2 (Ridge). An L1 penalty also reduces coefficient

magnitudes but can shrink some to exactly zero, effectively removing associated predictors and

performing feature selection. An L2 penalty reduces the magnitude of all coefficients without

setting any to zero. It addresses collinearity and contributes to dimensionality reduction by shrinking

coefficients. Hyperparameters control the mixture of L1 and L2 penalties (α) and the overall strength

of regularization (λ). Hyperparameter tuning ensures that the optimal model is selected for each

feature set and reduces the risk of overfitting. A mathematical representation of the Elastic Net

algorithm is provided in Equation 4.1.

β̂ = argmin
β

{
1

2n

n∑
i=1

(
yi − xT

i β
)2

+ λ

(
α∥β∥1 +

1− α

2
∥β∥22

)}
(4.1)

where:

• yi: response variable for the ith observation

• xi: predictor vector for the ith observation

• β: coefficient vector

• n: number of observations

• λ: regularization parameter controlling the overall strength of penalty

• α: mixing parameter between L1 (LASSO) and L2 (Ridge) regularization terms, where:

– α = 1: Pure LASSO regression

– α = 0: Pure Ridge regression
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• ∥β∥1 =
∑p

j=1 |βj |: L1 norm of the coefficient vector (L1 penalty)

• ∥β∥22 =
∑p

j=1 β
2
j : Squared L2 norm of the coefficient vector (L2 penalty)

Two-Stage Model Development using Cross-Validation

We applied a two-stage modeling framework to develop epigenetic clocks of brain age and hip-

pocampal volume. An illustration of the modeling framework, adapted from (Doherty et al., 2023),

is presented in Figure 4.5.

Stage 1: The first stage of the analysis involved comparing multiple feature selection approaches

in conjunction with Elastic Net using a nested 5 × 3 CV framework. The outer loop consisted

of a 5-fold CV, effectively splitting the training dataset using an 80-20 split for training (Xtrain)

and validation (Xval). The inner loop consisted of a 3-fold CV for hyperparameter tuning. Each

feature-selection method was applied wholly to Xtrain, yielding a subset of features used to train an

Elastic Net model in the inner CV loop with a randomized hyperparameter search, evaluated based

on mean absolute error (MAE). Upon completion of the inner loop, the tuned ElasticNet model for

the given feature subset size and chosen hyperparameters (i.e., estimator) was applied for prediction

in Xval. A range of performance scores were used to evaluate estimator efficacy within nested CV.

This constitutes one iteration of the 5-fold outer CV that is part of the 5×3 nested CV loop and is

repeated for the remaining iterations in the outer loop. Performance metrics for each of the 5 folds

were averaged to assess overall estimator performance.

The nested CV process was repeated for each combination of feature selection method (i.e., 4

methods comprising the baseline and 3 filter-based approaches) and feature subset size. Overall

performance curves for each estimator were plotted against feature subset size, illustrating the effect

of increasing feature subset size on model performance. Using the “elbow method”, we identified

the point of diminishing returns, namely the smallest number of features that yielded performance

within 1% of the maximum observed across all subset sizes. This point represents a balance between

parsimony and predictive accuracy and was selected as the optimal subset size for that feature

selection method. This implementation ensured that the selected model was both interpretable and
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Figure 4.5: Two-stage ML Framework for Epigenetic Clock Engineering. In the first stage
(internal validation, left), a nested 5 × 3 CV loop is used for feature selection and hyperparameter
tuning. The outer loop (5-fold) performs feature selection on 80% of the data while the inner loop
(3-fold) performs hyperparameter tuning within-fold. The tuned models are then tested on the
remaining 20% of the data. In this manner, 4 models are developed for each target phenotype to
enable comparison of feature selection methods (i.e., three with coupled feature selection and Elastic
Net, and a baseline naïve Elastic Net). In the second stage (independent testing, right), the best
approach is selected, based on internal validation performance, to train a final model using the full
training dataset. Performance is evaluated in both stages using MAE, MAPE, and Pearson’s R.
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generalizable, while minimizing overfitting. Finally, the performance of the best estimators for each

feature selection method were compared to pick the optimal feature selection algorithm. Stage 1

was repeated for each target variable, yielding 3 estimators for final training and evaluation in the

second stage.

Stage 2: Based on the best estimators selected from the first stage, final epigenetic clocks were

constructed for each target variable. Each approach was applied to the full training dataset (i.e.,

Xtrain +Xval) using 10-fold CV with exhaustive hyperparameter tuning using Grid Search. These

final clocks were then tested on the held out, independent dataset.

Reciprocal Train-Test Procedure and Independent Test Set Evaluation

To evaluate model generalizability, we applied the trained epigenetic clocks to an independent

dataset. Predicted values were compared to observed phenotypes using the same metrics as in the

training procedure. We also implemented a train-test reversal approach in this study to assess the

convergence of hippocampal volume clock pathways trained in different datasets. In one analysis,

models were trained in the ADNI cohort and tested in ABC. In the reverse analysis, models were

trained in ABC and tested in ADNI. This bidirectional validation approach ensured that clock per-

formance was not driven by cohort-specific artifacts and that methylation-phenotype relationships

were replicable across independent populations. Feature selection and performance consistency

across training directions served as an additional validation of model robustness. As such, the

whole pipeline (i.e., feature selection and hyperparameter tuning within nested CV, final training

using the full training dataset, and independent test set evaluation) was performed twice for the

hippocampal volume clock, i.e., training in ADNI or ABC and testing in the opposite dataset.

Statistical Analysis

We implemented a comprehensive statistical evaluation framework in this study, reporting multiple

performance metrics including the mean absolute error (MAE), mean absolute percentage error

(MAPE), and correlation (Pearson’s R). Overall model performance was determined by averaging

performance metrics from each fold of the 5-fold outer CV during training, providing stable estimates

of out-of-sample accuracy. The same performance metrics were calculated for independent test set
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evaluation. This allowed for direct comparison of within-sample and out-of-sample accuracy and

provided insight into model generalizability. Residuals for all models were examined to ensure that

assumptions of linearity and normality were met.

Gene Set Enrichment Analyses and Gene Ontology

We employed a pathway convergence approach to identify overlapping features across the indepen-

dently trained clocks for chronological age, brain age, and hippocampal volume. CpG sites included

in multiple models were considered convergent features, and their associated genes were flagged for

downstream annotation and enrichment analysis. CpG sites selected for each model were annotated

using the Know Your CpG (KYCG) database, which provides gene-level mapping and functional

context for methylation loci, through the kycg package in R (Zhou et al., 2018, 2022; Ding et al.,

2023; Kaur et al., 2023; Lee et al., 2024).

To further interpret the biological significance of the convergent gene set, we conducted gene on-

tology (GO) enrichment analysis using the enrichR package in R (Kuleshov et al., 2016). This

platform allows comprehensive annotation of gene sets across multiple ontologies. We specifically

queried three GO databases: Biological Processes, Molecular Function, and Cellular Component.

Enrichment results were evaluated for statistical significance after correction for multiple compar-

isons, and the most strongly enriched terms were used to interpret potential molecular pathways

underlying age- and brain-related methylation signatures.

Associations with Brain Methylation and Blood Gene Expression

To investigate the relevance of peripheral DNA methylation features for brain biology, we assessed

cross-tissue correlations of methylation profiles. We first assessed the blood–brain correspondence of

prioritized CpG sites using two publicly available databases: Blood–Brain Epigenetic Concordance

(BECon) (Edgar et al., 2017) and the Blood Brain DNA methylation Comparison Tool from the

University of Exeter (Hannon et al., 2015). These databases were developed based on matched

blood and brain tissue samples from 16 individuals in BECon and between 71 to 75 individuals at

Exeter. Each database had brain methylation samples from at least 3 different brain regions with

minimal overlap of regions between databases. For each CpG of interest, we queried the databases
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to determine whether blood methylation levels reflected brain methylation status.

To further explore the functional implications of candidate methylation sites, we integrated gene

expression data from ADNI acquired through RNA sequencing (RNA-seq) of whole blood samples.

RNA-seq data were processed using a standardized pipeline including transcript quantification,

normalization, and log-transformation. For CpG–gene pairs identified in the pathway convergence

analysis, we tested for associations between methylation levels and gene expression using Pearson’s

R without any covariate adjustments.

4.3 Results

4.3.1 Description of Study Cohorts

Cross-sectional characteristics of the study participants by cohort are shown in Table 4.2. Both

ADNI and ABC are comparable for age, education level, and cognitive performance. Specifically,

we observed median CDRSB values of 0 in both cohorts. In both cohorts, the time between DNA

methylation and the nearest MRI was less than 1 year on average, with a slightly higher average

interval in ABC compared to ADNI. ADNI is primarily composed of individuals identifying White,

with minimal representation of Black individuals. In contrast, at least 30% of the ABC cohort

identifies as Black. Finally, ADNI has a slightly higher percentage of amyloid-positive individuals

and a slightly lower percentage of APOE ε4 carriers compared to ABC.

4.3.2 Feature Selection Enhances Predictive Performance Over Baseline Models

In the internal validation stage, we compared the performance of models coupling feature selection

with Elastic Net against the baseline model using all features. For all target phenotypes, the baseline

model exhibited poorer performance compared to models with prior feature selection. Table 4.3

provides a snapshot of the validation performance of age models, which we expected would perform

well, based on a priori hypotheses rooted in previous studies of age-based epigenetic clocks.

For models with feature selection, we systematically varied the number of top-ranked features, n

input to Elastic Net. As n increased, performance (Pearson’s R) improved initially but reached a

plateau or increased slightly beyond an optimal range, indicating potential overfitting to noise. Ad-
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Characteristic ADNI ABC
N 225 215
Sex (% Female) 50.2% 69.0%
Age at DNA sample (years) 76.95 ± 6.82 71.33 ± 6.69
DNA to MRI (years) 0.21 ± 0.74 0.52 ± 1.33
Education (years) 16 ± 2 16 ± 2
CDRSB 0.0 ± 0.0 0.0 ± 0.0

Race (%)
White (97.3%) White (68.1%)
Black (1.3%) Black (30.1%)
Other (1.2%) Other (1.9%)

Ethnicity (% not Hispanic/Latino) 97.8% 99.1%
Amyloid Status (% positive) 34.0% 25.5%
APOE4 Alleles (% carrier) 24.4% 33.8%

APOE Genotype (%)

E2/E2 (0%) E2/E2 (0.5%)
E2/E3 (12.4%) E2/E3 (8.3%)
E2/E4 (0.9%) E2/E4 (1.4%)
E3/E3 (63.1%) E3/E3 (57.4%)
E3/E4 (22.2%) E3/E4 (28.2%)
E4/E4 (1.3%) E4/E4 (4.2%)

Table 4.2: Cross-sectional characteristics of the study cohorts. All participants were assigned
CU status based on clinical consensus diagnosis. Participants with both DNA methylation and
structural MRI were selected. Longitudinal DNA samples were matched to the nearest MRI within
3 years and selecting the time point with the smallest interval between the DNA and MRI. All
values are specified with units in “mean ± SD” format or as percentages, except for CDRSB and
Education, which are in “median ± IQR” format.

ditionally, the final number of features selected by Elastic Net after feature selection (i.e., assigned

non-zero coefficients) increased with n, however, the proportion of features selected remained rela-

tively small compared to the size of the feature set, demonstrating a plateau-like behavior. Figure 4.6

plots performance metrics and number of features selected as a function of n in the ADNI-trained

hippocampal volume models. Table 4.4 provides detailed performance metrics by each input fea-

ture subset size. Based on the internal validation stage, the best feature selection method and

input feature subset size were selected for each target phenotype to develop final models using the

full training dataset. The following subsections discuss performance and insights from the final,

fully-trained models.
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(a) Performance (Pearson’s R) plotted against the number of ranked
input features n for each feature selection method. The best performing
method was Pearson’s R.

(b) Final feature set size as a function of Input Feature Set Size for
each feature selection method. While the size of the final feature set
continues to increase with n, it remains a small proportion of the total
number of available features.

Figure 4.6: Internal Validation of Hippocampal Volume Clock. In (a), line plots of per-
formance as a function of input feature set size, n. In (b), line plots of final feature set size as a
function of n. Performance metrics are provided for all feature selection methods as Pearson’s R
values, i.e., correlation between predicted and observed hippocampal volumes.
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Table 4.3: Internal Validation Performance of Epigenetic Clocks predicing Age. Baseline
Elastic Net exhibits poorer performance compared to models combining filter-based feature selection
and Elastic Net. Performance is evaluated using Pearson’s R in the held out validation set in ADNI.
Pearson’s R achieves better performance compared to F-test and MIG.

# Features Baseline F-test MIG Pearson’s R

100 – 0.684 0.681 0.701
1000 – 0.627 0.682 0.694

492374 (all) 0.519 – – –

4.3.3 Validation of Modeling Framework with Chronological Age in Older Adults

The blood-based age prediction model trained in ADNI demonstrated reasonable generalizability

in the test dataset (ABC). The model achieved a MAE of 3.86 years and MAPE of 5.55%. The

correlation between predicted and actual chronological age was R = 0.74, indicating a strong linear

relationship. This validates our modeling and feature selection framework using an established

phenotype that is known to be predictable from blood-based methylation. While these results

confirm that age-related methylation patterns can be detected in our data, overall performance was

lower than that of established epigenetic clocks trained on large, well-curated cohorts. In direct

comparison, the Horvath et al. (2018) skin-blood clock and the Hannum et al. (2013) blood-based

clock both outperformed our model, consistently achieving > 0.8 correlation when tested in unseen

blood methylation datasets. This discrepancy likely reflects the relatively smaller training set,

differences in preprocessing pipelines, and the limited representation of CpGs known to contribute

most strongly to age prediction in these prior models. Notably, individuals in ADNI and ABC were

older on average than populations previously used to train first-generation epigenetic clocks.

4.3.4 Blood Methylation has Modest Predictive Power for Brain Structure

The brain age clock demonstrated modest generalizability in ABC. It achieved a MAE of 8.7 years

and a MAPE of 12.89%. The correlation between predicted and true SPARE-BA was R = 0.48,

suggesting a moderate but clearly weaker association compared to the chronological age clock.

On the other hand, the hippocampal volume clock performed poorly in ABC. Test MAE was 275.29

mm3 with a MAPE of 8.59% and a low test correlation (R = 0.071), suggesting limited predictive

power. We then assessed whether testing in subsets of ABC that better matched the ADNI training
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Table 4.4: Performance of Hippocampal Volume Clock in Internal Validation Stage.
Ranking and feature selection using Pearson’s R yielded the best performing model. Validation
performance is quantified by Pearson’s R, ordered by number of ranked input features.

# Ranked Input Features Performance
50 0.610
100 0.680
150 0.717
200 0.725
250 0.737
300 0.728
350 0.744
400 0.751
450 0.752
500 0.763
600 0.758
700 0.755
800 0.752
900 0.751
1000 0.753
2000 0.761
4000 0.775
8000 0.780
12800 0.808
25600 0.798

cohort would improve test performance. Specifically, we tested in individuals with EPIC v1.0

samples (n = 161, R = 0.08) and individuals identifying as White (n = 147, R = 0.13). Finally,

we observed comparable performance when testing the ABC-trained hippocampal volume clock in

ADNI. Table 4.5 provides a summary of performance metrics for all clocks and test sets.

4.3.5 Pathway Convergence in Hippocampal Volume Signatures

We assessed pathway convergence by evaluating CpGs selected by both ADNI- and ABC-trained

models. Tables 4.6 and 4.7 provide a snapshot of the resulting signatures, including summary

statistics for the top 25% of CpGs selected by each model, ranked by absolute value of the coefficients.

Coefficients with higher magnitude indicate a stronger relationship between the associated CpG and

hippocampal volume. Between the two signatures, one common CpG was identified (cg03526776),

located on chromosome 6 and linked to TREML2. There was a modest but significant correlation

between methylation at cg03526776 with adjusted hippocampal volume (R = 0.21, p = 0.002).
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Table 4.5: Independent test set performance metrics for epigenetic clock predictors of age, brain
age (SPARE-BA), and adjusted hippocampal volume. MAE is in years for age and brain age, and
mm3 for hippocampal volume.

Feature Training Testing # Features MAE MAPE (%) Pearson R

Age
ADNI ABC 269 3.86 5.55 0.74

ABC – EPICv1.0 4.23 6.11 0.75
ABC – White only 4.10 5.94 0.76

SPARE-BA
ADNI ABC 356 8.737 12.889 0.475

ABC – EPICv1.0 8.91 12.79 0.40
ABC – White only 9.07 13.59 0.59

Hippocampal Volume

ADNI ABC 491 275.292 8.589 0.071
ABC – EPICv1.0 282.48 8.89 0.08
ABC – White only 269.64 8.42 0.13

ABC ADNI 196 277.53 8.94 0.05

Annotations of the full set of CpGs selected by each hippocampal volume clock yielded 14 unique

linked genes in common between clocks. Among these genes, TREML2 and BCL11B were notable

for their known implications in the nervous system.

We performed separate pathway enrichment analyses on the linked gene sets from each model.

We identified 1468 enriched pathways in common between the two models, across three query

databases: Biological Processes, Molecular Functions, and Cellular Components. Most pathways

had at least two associated genes. While none of the gene ontology terms associated with these

pathways passed significance levels after adjustment for multiple comparisons, many met traditional

levels of significance. A few relevant, notable terms include “Intrinsic Apoptotic Signaling Pathway”,

and “Regulation of Neurotransmitter Secretion”. Figure 4.7 shows pathway enrichment plots from

enrichR for both ADNI and ABC and provides unadjusted p-values. Finally, we performed a

pathway enrichment analysis on the set of 14 linked genes in common between the ADNI and ABC

models, yielding 104 unique ontology terms across the three databases. Again, these terms did not

pass multiple comparisons correction in terms of statistical significance, but included biologically

relevant pathways including the two mentioned above.

105



Table 4.6: Top predictive features from ADNI model.

Feature name Coefficient

cg06432119 305.816354

cg03871866 301.693131

cg02101882 287.277900

cg21809927 286.319090

cg07724670 273.407408

cg16418734 247.272360

cg06395414 246.263850

cg05212359 245.062956

cg16996788 230.994720

cg03673989 228.408320

cg17610144 223.652498

cg02184147 212.881568

cg14920334 211.700583

cg13262366 211.675444

cg04956949 211.038366

cg16457351 199.600489

cg20645010 197.003691

cg24881255 191.991480

cg09185587 190.615665

cg14671926 189.208618

cg08301503 188.394841

cg17581174 184.838430

cg19768241 183.315395

Continued on next page
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Table 4.6: Top predictive features from ADNI model.

Feature name Coefficient

cg01438090 179.892574

cg06933824 178.047591

cg08262378 176.593095

cg15492461 176.038597

cg21243717 173.665503

cg17425144 172.132671

cg01653772 165.621740

cg08576794 164.798869

cg13723190 164.296846

cg24107270 163.020128

cg22225577 161.043843

cg19666287 159.715456

cg14084907 158.087785

cg16679630 157.546415

cg07893949 155.511516

cg26976576 155.356048

cg15567340 154.125109

cg11473614 149.225610

cg22120446 144.750185

cg14799392 143.424883

cg25564800 143.403329

cg01440916 140.965659

cg01176433 139.584024

cg03487897 139.157651

Continued on next page
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Table 4.6: Top predictive features from ADNI model.

Feature name Coefficient

cg21498235 138.296980

cg02534450 137.321367

cg01596495 136.264956

cg13630250 134.074620

cg04464316 129.707872

cg07583744 127.888034

cg24477886 126.226248

cg21277266 125.480382

cg22787191 123.477680

cg05715828 121.974456

cg06502071 121.930354

cg12450316 121.280392

cg15022400 121.061320

cg19698976 119.923856

cg06037848 119.885210

cg00582194 119.122977

cg25160899 118.618028

cg14091493 118.406458

cg05385881 118.091879

cg11313460 117.838283

cg00902691 117.077977

cg02535223 116.641159

cg26603050 115.241135

cg11978824 112.886094

Continued on next page
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Table 4.6: Top predictive features from ADNI model.

Feature name Coefficient

cg17089162 112.879827

cg20337196 112.509322

cg14952605 109.851923

cg15832029 109.412321

cg22375689 109.230698

cg10342447 108.928240

cg10087412 108.865640

cg14177418 108.592757

cg01180684 107.969000

cg11443170 107.744330

cg07898974 107.284549

cg00383808 105.195520

cg08822897 103.199157

cg25883219 103.112977

cg09076662 101.779942

cg09751342 100.915522

cg07260592 100.794829

cg00025211 100.415551

cg25136644 100.127347

cg03432275 98.389516

cg02893407 97.572683

cg26864691 97.552540

cg17482714 97.379048

cg04374813 96.729363

Continued on next page
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Table 4.6: Top predictive features from ADNI model.

Feature name Coefficient

cg14532755 96.626232

cg27476074 96.132153

cg18996808 93.502208

cg12600184 93.405854

cg02855836 92.789377

cg00030591 92.241440

cg14286292 90.567339

cg04834502 90.418947

cg01233922 90.328096

cg10891352 88.818522

cg21292909 88.293027

cg06055249 88.032510

cg07741162 87.266586

cg07987287 87.213625

cg25614726 87.043765

cg02532672 86.320721

cg09861977 84.478893

cg21506819 83.574314

cg02607447 83.186250

cg18246518 82.600866

cg21721649 82.273763

cg17184477 81.473091

cg20332645 81.466333

cg16894439 81.373304

Continued on next page
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Table 4.6: Top predictive features from ADNI model.

Feature name Coefficient

cg02317055 81.073946

cg01538305 80.524725

cg05044994 80.123285

cg17870959 79.129003

cg14982096 78.691222

cg16725984 78.410082

cg14078092 76.643559

cg10688516 75.843869

cg25331593 74.027634

cg03526776 73.941390

cg22261895 73.494368

cg02593958 71.962675

cg10068105 71.622205

111



Table 4.7: Top predictive features from ABC model.

Feature name Coefficient

cg08128007 580.674329

cg01041810 496.189368

cg27415945 470.135383

cg05237015 381.974908

cg01153287 376.916388

cg26018272 367.178319

cg13091431 364.677093

cg00919468 336.509408

cg21200703 325.193626

cg16370875 324.226062

cg19773510 310.143952

cg25955359 307.254202

cg08308806 298.599441

cg17248729 287.194293

cg03440930 270.443585

cg03526776 262.040969

cg02479816 257.177500

cg13228576 257.129474

cg02208848 248.946598

cg09323728 248.160594

cg11908736 246.856841

cg23815702 245.948144

cg04277677 245.586824

Continued on next page
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Table 4.7: Top predictive features from ABC model.

Feature name Coefficient

cg18316254 243.847787

cg00364357 242.984878

cg23906738 239.680811

cg10207277 238.832896

cg24393212 232.401756

cg15240733 226.663281

cg26198488 215.844450

cg24200059 215.021595

cg15519382 214.910147

cg04275947 214.846592

cg00210702 209.713335

cg19105961 205.117861

cg14841875 203.603199

cg19311206 202.147474

cg03134809 199.566176

cg08718017 197.516538

cg25387677 196.986819

cg18425118 196.533795

cg09841704 195.685017

cg00358132 191.566030

cg06259025 186.041367

cg09826019 180.841535

cg13798289 179.849144

cg18775606 177.439877

Continued on next page
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Table 4.7: Top predictive features from ABC model.

Feature name Coefficient

cg01890404 172.257274

cg11594343 171.105588

cg16503980 168.443586

cg07033494 158.207910

cg25579307 155.808040

Blood-Brain Methylation Concordance and Association with Gene Expression

We assessed the correlation between methylation levels of the convergent CpG (cg03526776) in blood

and various brain regions using two established datasets. The strongest concordance observed using

the BECon dataset (Edgar et al., 2017) was in Brodmann Area 10 (R = 0.8, p < 0.01). Likewise, the

strongest concordance observed using the Exeter dataset (Hannon et al., 2015) was in the superior

temporal gyrus (R = 0.456, p < 0.001). There was also a significant correlation with methylation

in the ERC, which is notably part of the MTL (R = 0.358, p = 0.002).

Integration with matched bulk RNA-seq data from blood revealed no correlation between methy-

lation at cg03526776 and blood expression levels of TREML2 (R = 0.04). However, methyla-

tion at cg23479730 showed a strong inverse correlation with BCL11B expression in blood (R =

−0.5336097, p < 0.001) and a modest yet significant correlation with adjusted hippocampal volume,

(R = −0.233703, p < 0.001), consistent with a potential transcriptional repression mechanism.

4.4 Discussion

4.4.1 Feature Selection is Critical for Next-Generation Epigenetic Clock Engineering

Feature selection played a crucial role in enhancing the internal validation performance of epigenetic

clocks compared to baseline models that utilized the full feature set without pre-selection. By

reducing the dimensionality of the input data, these methods helped mitigate noise and irrelevant

information, leading to more robust and generalizable predictions. The performance gains highlight
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(a) ADNI Pathway Enrichment in Biological Processes

(b) ABC Pathway Enrichment in Biological Processes

Figure 4.7: Pathway enrichment was performed on each linked gene set from the hippocampal
volume models trained in (a) ADNI (912 genes) and (b) ABC (375 genes). Illustrated here are
the top ontology terms from each model, including the number of overlapping genes for each term
and the unadjusted χ2 test p-value, meeting traditional significance levels. The p-values did not
maintain significance after adjusting for multiple testing. These queries were performed for each
of three databases, as described in the text. The figures here provide enriched terms from the
Biological Processes database.
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the value of targeted feature inclusion in modeling age from methylation data.

The application of the elbow method provided valuable insights into model optimization. As the

number of input features increased, initial improvements in model performance were observed.

However, a plateau was soon reached, suggesting diminishing returns and the potential onset of

overfitting. This pattern reinforces the importance of identifying an optimal subset of features,

beyond which additional CpG sites contribute marginal benefits while increasing computational

complexity and risk of model overfitting.

Interestingly, while the total number of selected features grew with larger input sets, the relative

proportion of selected features remained consistently low and demonstrated a plateau-like trend.

This finding further underscores the principle that only a small fraction of CpG sites contribute

meaningfully to predictive performance, emphasizing the redundancy inherent in high-dimensional

methylation datasets. These observations also reflect the broader challenge of the curse of dimen-

sionality, where the high feature-to-sample ratio can degrade model performance if not adequately

addressed. Feature selection thus becomes essential, not only for improving predictive accuracy but

also for maintaining model interpretability and stability.

4.4.2 Limited Predictive Power of Blood-Based Methylation in Brain

The use of blood-based DNA methylation profiles as proxies for brain-related phenotypes presents

both opportunities and limitations due to the inherent tissue specificity of epigenetic marks. Numer-

ous studies, including the large-scale ENIGMA consortium analysis (Jia et al., 2021), have demon-

strated associations between blood methylation signatures and structural brain characteristics such

as subcortical volumes. These findings suggest that peripheral methylation may carry some signal

reflective of central nervous system processes. However, the strength and consistency of these as-

sociations are often modest, highlighting the challenge of inferring complex brain phenotypes from

accessible but biologically distinct tissue types.

DNA methylation patterns are highly specific to tissue and cell types. Blood and brain differ sub-

stantially in their cellular composition and functional roles, which is reflected in their epigenetic
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landscapes. In blood, immune cell heterogeneity adds another layer of complexity, as methylation

profiles can vary widely depending on the relative abundance of different leukocyte subtypes. Sim-

ilarly, the brain contains distinct cellular populations across regions, neurons, glia, and other cell

types, with region-specific expression and epigenetic regulation. These biological differences limit

the extent to which blood-based measures can reliably reflect brain-specific methylation dynamics.

This limitation is also evident in brain-based methylation samples. A recent study developed an

epigenetic clock from brain tissue to predict tau in hippocampus and frontal cortex (Goldberg et al.,

2024), demonstrating region-specific sensitivity with stronger associations observed in the frontal

cortex compared to hippocampal regions. Such regional specificity further complicates efforts to

use blood methylation data to draw inferences about heterogeneous brain processes, especially

when those processes vary across anatomical substructures.

Given these complexities, the results linking peripheral epigenetic markers to brain aging should be

interpreted with caution. Many of the reported associations remain tentative due to the absence

of rigorous validation across independent datasets and the inherent limitations of using surrogate

tissues. While blood offers a practical and non-invasive source of DNA for methylation analysis, its

utility for capturing nuanced, brain-specific biological processes remains constrained, emphasizing

the need for multi-tissue validation and integrative approaches in future research.

While the overall cross-validated test performance of the hippocampal volume model was modest,

we believe that discussing the underlying biological signals remains justified for several reasons:

• Consistency Across Datasets: Although the aggregate predictive performance was low,

individual datasets showed higher within-cohort predictive performance, suggesting that signal

quality varies by cohort. In future studies, we could evaluate pathway enrichment using the

fully-trained within-cohort models.

• Biological Relevance: As discussed in Doherty et al. (2023) and similar studies using high-

dimensional epigenetic predictors, low R2 values are common when predicting complex phe-

notypes like hippocampal volume from peripheral blood methylation, due to tissue specificity
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and measurement noise. Nonetheless, even modest models can recover biologically meaningful

features, especially when convergence is observed across models and datasets.

• Pathway Convergence and Enrichment Interpretation: Rather than relying on a single

model’s feature set, we used a reciprocal train-test and convergence approach to identify

markers that appeared consistently across datasets. These converging features were then

interpreted using pathway and gene set enrichment analyses. The resulting annotations are

supported by independent literature and do not hinge on any single model’s predictive power.

We clarify that the goal was not solely high predictive accuracy, but rather the identification of

reproducible and biologically interpretable epigenetic markers of brain structure. Future work should

place emphasis on inter-cohort reproducibility and enrichment-based interpretation. Given this, we

discuss the genetic and pathway annotations of the converging epigenetic signatures below.

4.4.3 Functional Relevance of Converging CpGs and Linked Genes

The identification of CpG sites near genes with established roles in neurodevelopment and neurode-

generation provides an opportunity to explore potential biological convergence in epigenetic clock

models. However, these findings should be interpreted cautiously, as they are preliminary and ex-

ploratory in nature. The inclusion of CpGs in intergenic regions, while sometimes lacking clear gene

annotations, may reflect underlying regulatory activity,such as enhancer elements,that influences

gene expression. Their recurrent appearance in predictive models suggests possible relevance, but

definitive functional interpretations remain speculative without rigorous experimental validation.

Several gene-associated loci highlighted in this study, such as TREML2 and BCL11B, align with

pathways known to be involved in brain aging and pathology. For instance, TREML2, a member

of the TREM gene family, has been implicated in AD through its role in microglial function. While

TREM2 is more directly involved in effector functions like phagocytosis, TREML2 may play a

modulatory and potentially protective role. Some genetic variants of TREML2 have been associated

with reduced AD risk, which raises the possibility that methylation near this gene could reflect

relevant biological processes. However, these associations are preliminary and derived from blood
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methylation data, which may not fully capture central nervous system dynamics due to the tissue-

specific nature of epigenetic regulation (Wang et al., 2020a).

Similarly, CpG sites mapping near BCL11B, a gene critical for neurodevelopment, suggest potential

links to neuronal differentiation and maintenance. BCL11B is active in multiple brain regions, in-

cluding the neocortex and hippocampus, where it supports progenitor cell proliferation and axonal

development. In the adult brain, it helps regulate the survival and function of mature neurons

(García-Aznar et al., 2024). While these pathways are compelling, the methylation patterns ob-

served in blood may not accurately reflect BCL11B activity in the brain, and their significance in

the context of aging remains to be validated in independent, tissue-relevant datasets.

Taken together, these observations suggest a degree of convergence on biologically plausible path-

ways involved in neurodevelopment and neurodegeneration. However, given the absence of replica-

tion across independent cohorts and the known challenges of inferring brain-specific processes from

peripheral methylation data, these results should be viewed as hypothesis-generating rather than

confirmatory. Future studies integrating brain tissue methylation profiles, gene expression data, and

functional assays will be necessary to clarify the roles of these loci in brain aging and to substantiate

their inclusion in biologically informed epigenetic clocks.

4.4.4 Limitations and Future Directions

This study provides an exploratory framework for the development of biologically informed, blood-

based epigenetic clocks with relevance to brain structure. However, several limitations must be

acknowledged, motivating key areas for future work.

Tissue Specificity

One of the central challenges in interpreting these findings lies in the issue of tissue specificity. DNA

methylation patterns are highly dependent on tissue and cell type, and blood derived CpGs may

not fully capture methylation dynamics occurring in the brain. Although some convergence with

genes known to influence brain structure, such as TREML2 and BCL11B, was observed, it remains

unclear to what extent blood-based CpGs are directly involved in or reflective of brain processes.

119



They may be markers of more generic biological pathways, such as inflammation, immune signaling,

or systemic aging processes, rather than specific drivers of structural brain change.

To address this, future studies should prioritize the use of cross-tissue methylation datasets and

leverage tools that can evaluate the concordance of methylation changes between blood and brain.

Feature selection approaches informed by known biological pathways or gene expression relation-

ships across tissues may enhance the relevance and interpretability of selected features. Further, a

clearer distinction is needed between features that relate to chronological age, those that align with

biological aging biomarkers, and those that are uniquely associated with brain structural integrity.

Modeling Strategy and Feature Selection

The use of linear models such as Elastic Net in high-dimensional methylation data carries several

implications for feature stability and interpretability, particularly due to collinearity among CpG

sites and the stochastic nature of feature selection under regularization. We discuss these asThese

linear frameworks may not be sufficient to capture complex, non-linear interactions between CpGs

that influence brain phenotypes such as hippocampal volume. The biology of brain aging likely

involves interconnected networks of CpGs and gene regulatory elements, suggesting that single-

CpG analyses may underestimate multivariate or synergistic effects.

Many CpG sites are highly correlated due to shared genomic context, such as proximity within

a regulatory region or shared chromatin domains. In such settings, Elastic Net may arbitrarily

select one feature over another from a set of collinear predictors, depending on small fluctuations

in the training data. As a result, different cross-validation folds or datasets may select different

CpGs that carry redundant biological information. This phenomenon can contribute to discordance

at the feature level across models or "clocks," even if the underlying biological signal is shared.

While we used nested cross-validation and multiple iterations to mitigate overfitting, there is still

inherent stochasticity in model training due to fold assignment and hyperparameter tuning. This

can influence which features are retained in the final model, particularly when many CpGs are near

the regularization threshold.
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To address this, we emphasized feature convergence across models and datasets rather than rely-

ing solely on any single model’s output, which reduces the influence of random or dataset-specific

selections. Observed concordance or discordance across methylation clocks may reflect both true

biological divergence and model-induced variability. Our reciprocal train-test convergence strategy

was designed to prioritize consistently selected features across datasets, thereby distinguishing stable

biological markers from artifacts of collinearity or regularization paths. Nonetheless, we acknowl-

edge that some degree of discordance may arise from the model’s sensitivity to correlated inputs,

especially in the absence of prior biological constraints.

In future work, methods such as stability selection, ensemble modeling, or graph-regularized re-

gression could further reduce selection variability and promote robust identification of co-regulated

methylation modules. In particular, advanced Deep Learning models could incorporate CpG-Gene-

Pathway interactions as priors to potentially improve prediction accuracy, and model robustness,

enabling biologically interpretable insight generation.

Sample Size and Generalizability

The relatively small sample size used for model training poses constraints on generalizability and

may limit the stability of feature selection and model estimates. Future research should aim to

pool data across studies using harmonized pipelines or federated learning techniques to increase

power. Furthermore, the generalizability of the current models to diverse ancestral backgrounds

is limited. Most epigenetic studies, including this one, are based on samples of predominantly

European ancestry. Expanding the diversity of study populations and applying statistical methods

that account for ancestry-related methylation variation will be crucial for ensuring equitable and

accurate predictive models across populations.

The limited study power necessitated post hoc analyses which reflect an exploratory approach, aimed

at identifying patterns and potential pathways of interest rather than establishing definitive mech-

anisms. Limited convergence across different analytical strategies and feature selection methods is

unsurprising given the small sample size, methodological variation, and the underlying complex-

ity of the epigenetic landscape. This lack of consistency highlights the need for more rigorous,
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pre-registered analyses in future work, supported by larger training and replication datasets.

Disentangling Age from Structural Brain Change

Finally, the relationship between age and brain structure is a significant confound in the modeling

process. While controlling for age helps isolate brain-specific signals, it also reduces the variance

attributable to aging and may obscure meaningful biological associations. Conversely, including

age in the model may risk conflating general age-related change with specific structural features.

Future research should explore strategies that model both shared and distinct components of age and

brain structure, potentially through multi-task learning or residual-based frameworks that explicitly

disentangle these effects. While the present work offers promising insights, it remains an exploratory

effort. Rigorous validation, more biologically informed modeling, and improved data diversity will

be essential for translating these findings into reliable tools for studying brain aging and related

disorders.

4.5 Chapter Summary

This study offers tentative but intriguing evidence for the potential of blood-based DNA methylation

markers to reflect structural brain changes. However, the limitations imposed by tissue specificity

underscore the need for brain-based or cross-tissue analyses to enhance biological relevance and in-

terpretability. While predictive power remains modest, exploratory analyses revealed pathway-level

convergence at loci such as TREML2 and BCL11B, pointing to biologically plausible mechanisms

that may underlie neurodegeneration and cognitive decline.

Moving beyond traditional epigenetic clocks, our findings support a shift toward biologically grounded

models that prioritize mechanistic insight over chronological age prediction. Future research should

leverage larger, more diverse datasets and adopt advanced DL techniques to unravel the epige-

netic networks influencing brain aging and neurodegeneration. By focusing on functional pathways

rather than singular associations, the field can make meaningful progress toward early detection

and intervention.
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CHAPTER 5

SUMMARY AND FUTURE DIRECTIONS

5.1 Dissertation Summary

In this dissertation, we set out to investigate the central hypothesis that epigenetic modifiers,

specifically DNA methylation, influence the heterogeneity of brain aging and regional vulnerability

to neurodegeneration as quantified by in vivo structural MRI. Within this context, we also charac-

terized the predictive power of blood-based epigenetic profiles and their potential as a surrogate for

brain-derived phenotypes of aging and AD. To this end, we leveraged both statistical analysis and

data-driven ML approaches across two aims:

In Aim 1 (Chapter 3), we postulated that biological aging, defined epigenetically, explains the

relative involvement of cortical and MTL structures in AD beyond the known effects of chronologi-

cal age. Established ML algorithms, i.e., epigenetic clocks, were applied to estimate biological age

acceleration from blood-based DNA methylation profiles in individuals. The Cortico-Medial Tem-

poral index (CoMeT) was developed as a novel quantitative measure of neurodegeneration along

the cortical-MTL axis, derived from in vivo structural MRI. Finally, the association between bio-

logical aging and CoMeT was evaluated using statistical hypothesis testing in both continuous and

stratified subgroup analyses.

In Aim 2 (Chapter 4), we developed blood-based epigenetic signatures of brain aging and neu-

rodegeneration using ML and identified their association with underlying biological pathways. To

achieve this, we trained Elastic Net regression models to predict brain age and hippocampal volume

using methylation levels across the entire epigenome. Within a nested CV loop with hyperparame-

ter tuning, a variety of feature selection methods were evaluated to identify features most strongly

associated with the target phenotypes. The prediction performance of these models was assessed to

determine the optimal feature selection strategy and number of features for the final model train-

ing. We leveraged a pathway convergence approach, performed by conducting reciprocal train-test

iterations on discovery and validation datasets, to extract common markers from the epigenetic
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signatures identified by the trained models. These markers were annotated using publicly available

databases and interpreted using gene ontology and gene set enrichment analyses. Finally, we ex-

amined the concordance between methylation levels in blood and brain at the converging markers,

along with their associations with blood gene expression. This enabled me to characterize the extent

to which peripheral blood methylation reflects brain-specific biological processes.

Together, both empirical chapters bolster the theoretical arguments based on established litera-

ture that were developed in Chapter 2, positioning epigenetics as a complementary approach for

deciphering heterogeneity and atypicality in brain aging and AD. The findings of this dissertation

demonstrate that epigenetic markers modulate regional vulnerability to neurodegeneration in con-

junction with and beyond chronological age. Additionally, the results highlight both the promises

and the current limitations of blood-based epigenetic biomarkers with respect to organ-specific phe-

notypes, especially in the context of the brain. In the following subsections, we expand further on

the biological and engineering insights from this dissertation and integrate these novel results with

existing knowledge before outlining the limitations of this work.

5.1.1 Biological Insights and Conceptual Advances

This dissertation takes a novel approach to deciphering heterogeneity in aging and AD by framing

epigenetics as modulator of regional neurodegenerative patterns reflected in both typical and atypical

presentations of disease. Historically, age of onset and atypicality have been conflated based on the

observation that most EOAD cases present with more atypical clinical syndromes. The advent of

in vivo neuroimaging and fluid biomarkers corroborated this observation, demonstrating greater

neuropathological burden in the cortex relative to the MTL in these cases. With the increasing

recognition of “mismatch” cases, where younger onset cases present more typically and older onset

cases present atypically, it started to become evident that chronological age was only one piece

of the puzzle. Given the rising popularity of epigenetic clocks in estimating biological measures

of age, it seemed fitting to apply this approach to investigate biological mechanisms underlying

age-associated heterogeneity.

Indeed, we discovered in Chapter 3 that the spectrum of relative cortical to MTL neurodegen-
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eration in AD is partially regulated by biological age, as estimated from blood-based epigenetic

profiles Specifically, individuals appearing biologically younger were more likely to have cortical-

predominant neurodegenerative patterns, whereas those who appeared biologically older tended

towards MTL-predominant presentations. Importantly, these associations persisted after adjusting

for chronological age and sex and did not have an association with the number of APOE ε4 alleles.

This suggests that epigenetic clocks provide information not captured by traditional demographic

or genetic variables. However, these findings did not translate into the cognitive domains, consis-

tent with established knowledge positing that structural brain change precedes detectable clinical

decline. This also cautions against the assumption that any biomarker linked to neurodegeneration

will immediately translate into cognitive prognostication.

The insights gained in Chapter 3 provide fertile ground for Chapter 4. Given that patterns of regional

vulnerability to neurodegeneration were shown to be linked to blood-based epigenetic measures of

biological age, the next logical step was to survey the whole methylome to identify specific signatures

of focal neurodegeneration in the hippocampus and brain age estimates derived from structural

neuroimaging (i.e., SPARE-BA). To overcome the limited sample size relative to the vast feature

space, we leveraged a pathway convergence approach in which we reciprocally trained and tested

ML models in two independent datasets and identified converging epigenetic markers from each

model associated with the target phenotypes. Therefore, the pathway analyses are best viewed as

hypotheses for future validation, ideally in larger, diverse datasets.

As the association between the target phenotype and age waned, the predictive performance of the

trained ML models also decreased. Specifically, the epigenetic clock trained to predict age achieved

the best performance and generalized in an independent dataset, achieving a peak test correlation of

Pearson R = 0.74. On the other hand, the clock predicting brain age performed more modestly, with

a maximum test correlation of Pearson R = 0.48. Finally, we determined that it was not possible

to construct an “episcore” of hippocampal volume from a blood-based, cross-sectional epigenomic

dataset of this sample size given the null test performance (Pearson R = 0.07), which improved

marginally when testing in only White individuals (Pearson R = 0.13). These results reinforce the
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notion that blood epigenetic markers chiefly reflect systemic aging processes.

While brain age may capture some biology associated with neurodegeneration, it is effectively a

noisier estimate of chronological age. The underlying model is trained to predict chronological age

from 3D structural MRI and inevitably introduces error into the predictions. Further, while it

is known that hippocampal atrophy is a prominent feature in both healthy aging and age-related

neurodegenerative processes, it is an even noisier surrogate of chronological age. Notwithstanding,

the pathway convergence approach identified 14 shared genes linked to the epigenetic signatures

captured by the models predicting hippocampal volume. Among these, TREML2 and BCL11B

are particularly interesting. TREML2 is a gene that affects immune system function and has been

implicated in studies of AD [REF]. It may modulate disease progression by regulating microglial,

polarization, thereby influencing the inflammatory response in AD. BCL11B is expressed in the

neocortex and hippocampus, among other brain regions, where it regulates development and func-

tion of axonal projection of corticospinal motor neurons () Garcia-Aznar et al., 2024). It plays

a key role in the neurogenesis of the hippocampus, where it promotes proliferation of progenitor

cells and regulates cell differentiation. The absence of BCL11B leads to significant impairment of

hippocampus and motoneurons (). Both TREML2 and BCL11B have been implicated in previous

genetic studies of AD.

5.1.2 Engineering and Methodological Advances

As part of the approach to uncover the findings summarized in section 5.1.1, this dissertation

also made advances in engineering and computational methods. First, we developed a novel index

(CoMeT) that operationalizes atypicality in AD along a spectrum by quantifying relative cortical

to MTL involvement, as measured by structural MRI. The final version of CoMeT presented in

Sreepada et al. (2025) was achieved after several iterations. To decide which features to include in

each composite (i.e., cortical or MTL), we mapped vector-based neuroimaging signatures of aging,

EOAD, and LOAD to corresponding ROIs from the DKT atlas. we incorporated both cortical

thickness and regional volume measures into CoMeT, leading to the next consideration—how to

best standardize ROI-level measures to leverage two types of structural measures with very different
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units. An established approach in neuroimaging is to adjust thickness measures for age and sex

(or age and ICV for volumes), resulting in w-scores which are in standard units. To improve the

detection of signal associated with atypicality in symptomatic individuals, we used the amyloid-

negative, CU individuals as a reference cohort in the w-scoring algorithm. Another consideration

was whether to use ratios, as in CLix (Kouri et al., 2024), or simple subtraction to derive a score

that reflected relative atrophy. After evaluating the benefits and drawbacks of both approaches,

we settled on subtraction because it would yield a signed value. The sign would indicate which

composite exerted greater impact on the final scores, whereas a ratio would mask this effect. In

sum, CoMeT is a useful advancement for studying atypical AD phenotypes in vivo. In Section 5.2.2,

we discuss additional engineering approaches to extend the framework in future work.

The second key engineering contribution related to implementing feature selection in the engineering

pipeline designed to develop a novel, “second-generation” epigenetic clock that predicts brain age

as well as an episcore of hippocampal volume. we determined that rigorous and meaningful feature

selection was necessary for ML models to detect signal from the high-dimensional next-generation

methylation arrays, which cover between 850K (EPIC v1) and 950K CpGs (EPIC v2). Established

clocks trained without feature selection, such as the multi-tissue clock (Horvath, 2013), were pri-

marily trained on 27K and 450K arrays which are much smaller arrays. In contrast, sample sizes

for datasets with both neuroimaging and DNA methylation are a tiny fraction of the feature space

(n = 225 in ADNI and n = 215 in ABC). Without prior feature selection, baseline Elastic Net

models either underfit or overfit the methylation data distribution, perhaps due to CpG collinearity

and insufficient sample size. To address this challenge, we implemented a rigorous feature selection

module coupled with hyperparameter tuning within a nested CV loop. This enabled us to test the

performance of multiple filter-based feature selection methods (F-test in a k-best selector, mutual

information gain, and Pearson R) and optimize the size of the feature subset input to Elastic Net

for each method. Prior feature selection significantly improved the model performance relative to

baseline (i.e., naïve Elastic Net). Future generations of epigenetic clocks and EpiScores will benefit

from implementing feature selection in training pipelines and potentially leveraging biologically in-

formed feature selection strategies as opposed to univariate filters. These approaches are discussed
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in Section 5.2.2.

The empirical findings of this dissertation refine current theories of regional vulnerability in the

brain by adding a systemic aging component. Both chapters converge on the central finding that

peripheral blood-based epigenetic modifiers involved in age-related processes interact with region-

intrinsic factors to shape gradients of atrophy in the brain. However, the ability to detect this

signal is limited by various logistical considerations, which we identify in the next subsection 5.1.3.

These findings align with emerging multi-system models positing crosstalk between the central

nervous system and peripheral aging pathways. Although these findings require replication in larger

validation cohorts, they hint at shared molecular substrates linking peripheral epigenetic signals and

regional vulnerability to neurodegeneration, providing a framework for studying heterogeneity and

atypicality in aging and AD.

5.1.3 Limitations and Challenges

The research presented in this dissertation also has various limitations from both the biological

and engineering perspectives, including limited sample size and the tissue-specific nature of DNA

methylation. In the next section, we discuss alternative approaches to address these limitations and

propose additional research to validate and further advance the findings presented here. Addition-

ally, we offer a roadmap for broader exploration that would significantly expand and enhance this

field from both biological and engineering perspectives.

5.2 Future Directions

The findings of this dissertation lay the groundwork for a broad and interdisciplinary research

agenda aimed at deepening our understanding of how epigenetic modifiers shape systemic aging

processes to influence regional neurodegeneration in AD and related dementias. Building on the

empirical advances in Chapters 3 and 4, future directions span two domains: (1) biological insights

and translational extensions and (2) innovation in engineering and computational methods.
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5.2.1 Biological Insights and Translational Extensions

In this domain, we discuss how to extend the CoMeT framework to more specific in vivo biomarkers,

expand the scope of epigenetic modeling to atypical AD variants and co-pathologies, and reorient

epigenetic clocks and scores towards mechanistic discovery over prediction performance.

Extending the CoMeT Framework

A key next step is to expand the CoMeT framework by incorporating tau PET imaging to define

a novel “Tau-CoMeT” index. This approach would align with the corticolimbic index, i.e., CLix

(Kouri et al., 2024) described in Section 3.4. In vivo tau-PET could help identify pathological sub-

types of AD during life, mirroring CLix subtypes observed at autopsy. This approach may also

help determine whether cases with atypical, cortex-predominant tau exhibit distinct patterns of

epigenetic aging or neurodegenerative progression. Tau-PET offers a clearer window into these

relationships given its specificity to AD compared to structural measures of neurodegeneration.

However, several challenges must be addressed to implement this approach. In ADNI, tau-PET

data were typically collected nearly a decade after DNA methylation sampling. To overcome this

limitation, longitudinal measures of methylation could be used to generate a more stable estimate of

epigenetic changes, shifting the research focus toward early detection or prediction of tau pathology

rather than concurrent measures of neuropathology and neurodegeneration. The subset of ADNI

participants with both methylation and tau-PET data is also limited due to participant attrition

since collection of DNA samples. Ideally, additional studies with a shorter interval between methy-

lation and PET imaging, such as the ABC or LEADS cohort (Touroutoglou et al., 2023), should be

integrated to mitigate this issue.

Given that tau tends to be more regionally localized than amyloid or neurodegeneration, it is im-

portant to analyze tau burden in individual regions in addition to relative differences across the

cortex and MTL. For example, two individuals with the same “tau-CoMeT” may exhibit markedly

different absolute tau levels: one with uniformly high tau across both regions and another with uni-

formly low levels. These distinct profiles may have different prognostic or mechanistic implications.

This approach may also distinguish subgroups with globally elevated pathology, which may indicate

130



fast-progressors, from those with disproportionate regional involvement suggesting an atypical dis-

ease presentation. Furthermore, focusing on neuroanatomical regions instead of composite averages

may reveal finer-grained associations. In Chapter 2, we describe the distinct topographical vulner-

abilities observed in neuroimaging and neuropathological studies of atypical AD presentations. As

such, analyzing tau-PET in specific cortical regions including the frontal, temporal, and occipital

lobes could reveal methylation profiles linked to each atypical presentation. Additionally, regional

analysis could probe hemispheric asymmetry in tau and atrophy, potentially illuminating why some

patients present with lateralized symptoms. This would provide greater insight into selective vul-

nerability (i.e. within-individual differences in focal neurodegenerative pattern), compared to the

intra-individual variability explored in Chapter 3.

From a clinical perspective, prospective studies should aim collect epigenetic in atypical and mixed-

pathology cases, which are ideal for probing the epigenetic regulation of neurodegeneration in vul-

nerable regions beyond the MTL. As detailed in Chapter 2, atypical presentations including PCA,

lvPPA, and frontal-variant AD comprise approximately 10 to 15% of all AD cases and often occur at

younger ages. Additionally, longitudinal cognitive assessments may help relate baseline epigenetic

biomarkers to downstream cognitive changes or rates of cognitive decline across syndromes. For

example, an extension of Chapter 3 could be to compute cognitive CoMeT for multiple time points

after baseline methylation to assess at what point neurodegeneration translates to the cognitive

domain. This approach could improve personalized prognostication and more timely interventions

in individuals at risk of accelerated decline.

Broader Applications of Epigenetic Clocks

A recurring insight from our work is that while epigenetic clocks are valuable for summarizing

biological age, the next phase of research should repurpose epigenetic data to uncover mechanisms

of disease and potential intervention targets. In Chapter 4, we ventured beyond simple age clocks

by training models to predict epigenetic surrogate markers (episcores) of hippocampal volume from

DNA methylation. While the utility of cross-sectional, blood-based epigenetics as a surrogate for

brain-related phenotypes proved to be limited, leveraging cross-tissue methylation datasets and
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longitudinal measures could address this issue. Expanding the repertoire of methylation scores for

various brain phenotypes including cognition and in vivo biomarkers of pathology could transform

large epigenomic datasets into a rich source of hypotheses about disease pathways. A recent study

made headway in this approach through the development of two episcores characterizing tau spread

and tau severity using paired neuropathology and brain methylation data (Goldberg et al., 2024).

Unlike clocks that conflate many processes to optimize age prediction, phenotype-focused episcores

may help pinpoint underlying biological processes. Akin to the approach employed in a recent

study by (Levine et al., 2022), we also envision deconstructing epigenetic models into “modules” that

correspond to distinct biological axes such as metabolic aging and inflammatory aging. Instead of

monolithic estimates of biological age, a panel of specialized epigenetic biomarkers could collectively

explain more variance in neurodegenerative disease processes.

Another intriguing direction, complementary to the study of atypical phenotypes, is to examine

how epigenetic “aging” interacts with co-pathologies commonly seen in older adults. For example,

LATE is most frequently observed in older individuals, potentially confounding epigenetic measures

of biological age (Wolk et al., 2025). We could assess biological age acceleration in the context of

co-pathologies like LATE, cerebrovascular disease, or Lewy bodies to see if they additively increase

epigenetic aging or have distinct signatures. An improved hippocampal volume episcore could be

applied to detect co-pathologies such as TDP-43. For example, individuals meeting A/T criteria for

AD but an episcore predicting low hippocampal volume might have underlying TDP-43 pathology.

This could enable early identification of LATE during life in individuals who might be misdiagnosed

as AD. It may also enable the development of an ML classifier that distinguishes pure AD cases from

AD and concomitant LATE cases. Although we determined in Chapter 4 that the hippocampal

volume episcore generalized poorly, its performance could improve if the model is trained on larger,

perhaps longitudinal datasets.

Addressing Fundamental Biological Complexity

Peripheral blood methylation captures signals from systemic factors including immune response,

vascular and metabolic changes, and environmental exposures such as smoking. While these factors
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play a role in brain aging and neurodegenerative processes, they are not specific to the brain. In

contrast, methylation changes measured in the brain reflect local processes that are region- and

cell-specific. This suggests that blood-based epigenetic clocks and episcores must be interpreted

with caution in the context of brain aging. Cross-tissue epigenetic studies will help determine

the potential of methylation peripheral tissues, such as blood, to serve as surrogates for brain

methylation and brain-specific changes. A few databases with methylation data from paired blood-

brain samples have already been developed, including BECon (Edgar et al., 2017) and the Blood

Brain DNA Methylation Comparison tool from the University of Exeter (Hannon et al., 2015). In

Chapter 4, we leverage these databases to show that some CpG sites have significant correlation

between blood and region-specific brain methylation, whereas many others do not. We could identify

CpG panels based on blood-brain methylation concordance and use this subset of features in episcore

development. Integrating multiomic data, including gene expression from RNA-seq and meQTLs

will help identify further informative CpGs. This effectively serves as a form of biologically informed

feature selection. We expand upon novel feature selection approaches in the next section.

5.2.2 Engineering and Computational Methods Innovation

This second domain addresses the frontiers of modeling high-dimensional epigenetic data using

advanced DL architectures that are explainable and biologically aware, bioengineering innovation

to develop precision epigenomics assays, and causal inference frameworks.

Feature Engineering and Model Development

The high dimensionality of epigenetic data calls for more sophisticated feature selection and model-

ing techniques. Our current analyses largely treated individual CpG sites as independent features.

As we observed, single CpGs are often noisy and have limited explanatory power. Future work should

move beyond univariate filter-based feature selection towards feature engineering methods that con-

sider spatial and functional relationships among CpGs to reduce dimensionality while maintaining

biological interpretability. One promising avenue is to leverage graph representations of CpG-gene

networks. In Graph Neural Networks (GNNs), each CpG can be a node connected to other CpGs

by edges representing a chosen metric, such as association with the target phenotype, genomic prox-
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imity, or membership in a common biological pathway (Veličković et al., 2017). GNNs may capture

patterns like coordinated methylation changes along signaling pathways or chromatin domains that

simpler models miss. Finally, explainable AI techniques such as SHAP can characterize the relative

contribution of network clusters or hubs to resulting predictions (Lundberg and Lee, 2017), offering

insight into underlying biological pathways.

Model Training and Generalizability

Both EWAS and advanced ML models experience performance limitations with modest sample

sizes. In EWAS, the substantial multiple-testing burden severely reduces statistical power, while

in ML models tend to overfit and generalize poorly. Consequently, increasing sample size should

be a key consideration of future research. Collaborations with large consortia such as ENIGMA

can facilitate access to large multimodal datasets and support the pooling of data across studies

for both discovery and validation. For instance, the dataset described in (Jia et al., 2021) included

over 3,300 individuals with both neuroimaging and DNA methylation data, making it one of the

largest resources of its kind. Expanding sample sizes not only improves generalizability but also

relaxes the need for restrictive linear assumptions and enables the application of higher-capacity

DL models. Larger datasets are particularly important for multi-task networks that simultaneously

predict multiple outcomes, such as age and hippocampal volume, by learning shared representations

from input features. This dovetails with ongoing efforts to disentangle biological processes from

chronological age, as discussed in the previous section. Additionally, future work should prioritize

not only larger but more diverse samples, with meaningful representation of racial, ethnic, and

gender minorities. This will support the development of ancestry-specific epigenetic clocks that

account for variation in genetic background and environmental exposures. The statistical genomics

field has already advanced multi-ancestry methods, including SuSiEx for cross-population fine-

mapping of GWAS loci to identify putative causal variants (Yuan et al., 2024). Epigenomics research

is well positioned to build upon and integrate these developments.
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Longitudinal and Multi-Task Modeling

So far, we described analyses based primarily on cross-sectional data. However, aging and neurode-

generation are inherently dynamic processes. Longitudinal neuroimaging and epigenomic data are

essential for modeling change in phenotypes of interest. Mixed effects models are popular methods

for longitudinal data analysis because they incorporate random slopes and intercepts to account for

individual variation, enabling the computation of individualized rates of change. For example, we

could estimate slopes in SPARE-BA (Habes et al., 2016)measures over time and develop a “third-

generation” epigenetic clock that predicts this “pace of brain aging”. Conceptually, this is analogous

to the DunedinPACE clock (Belsky et al., 2022). By linking these rates of structural brain change to

baseline methylation profiles, we may identify epigenetic signatures associated with AD progression.

However, longitudinal analyses present several challenges, including batch effects and increased mea-

surement noise. Advanced statistical harmonization will be helpful in distinguishing true biological

signals from technical variability. Existing methods to stabilize longitudinal epigenetic clock esti-

mates often use dimensionality reduction techniques, such as principal component analysis (PCA),

to reduce measurement noise associated with single CpGs (Higgins-Chen et al., 2021). However,

this approach can reduce interpretability when components are derived across timepoints. It may

also be useful to develop longitudinal clocks that explicitly model temporal dynamics using recur-

rent neural networks (RNNs), long short-term memory (LSTM) architectures, or transformers may

improve forecasting and sequential prediction. Ultimately, leveraging longitudinal data enables the

assessment of both biological age and the rate of aging or neurodegenerative change, providing

critical insights for the early detection and intervention of AD and related dementias.

Supervised Methods to Disentangle Age from Biological Processes

A recurring theme in our research is the interplay between aging and pathology-specific changes,

which are likely entangled in both neuroimaging and epigenetic estimates of biological age. An

exciting future direction is to refine the epigenetic signatures in Chapter 4 by disentangling these two

components. On the neuroimaging end, Hwang and colleagues developed ML models to disentangle

neuroimaging biomarkers of typical brain aging from those of AD using 4,054 participants with
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structural MRI (Hwang et al., 2022). By training separate models on clinically and molecularly

defined subgroups, the authors generated more specific imaging signatures for aging and AD. The

resulting models showed reduced correlation between aging and AD scores, indicating improved

separation of the two processes yet the AD-score still tracked with known molecular markers and

genetic risk factors such as APOE.

A similar strategy could be employed to develop “disentangled epigenetic clocks”. Rather than re-

lying on a single model that captures all age-related changes, two parallel models could be trained:

one to optimize the prediction of chronological age in cognitively unimpaired individuals, and an-

other to capture AD-specific methylation changes by distinguishing AD cases from CU individuals,

independent of age. Differences between model residuals could then indicate whether an individual’s

methylation profile reflects accelerated aging due to systemic processes or disease-specific effects.

For instance, one clock might be enriched for immune- or inflammation-related CpGs, indicative

of systemic aging, while another might focus on CpGs associated with neuronal or synaptic genes,

reflecting neurodegenerative processes. This approach would require class-balanced datasets with

in vivo neuroimaging biomarkers to accurately define groups. As another avenue starting point, we

could train models on raw or age-adjusted phenotypes and infer association based on differences

in the identified signatures. However, we observed in Chapter 4 that cross-sectional, blood-based

estimators perform worse as the target phenotype becomes more “distant” from age. As such, de-

veloping an episcore of age-adjusted hippocampal volume would be more difficult in this context,

but could be an interesting avenue to pursue in larger datasets.

Biotechnology and Bioengineering Innovation

Leveraging modern biotechnology and engineering tools to design customized epigenetics assays

can help boost the signal-to-noise ratio for brain-related phenotypes. Targeted bisulfite sequencing

of candidate genomic region, including APOE and other loci identified in Chapter 2, could pro-

vide high-resolution methylation data on specific regions hypothesized to be implicated in brain

aging and AD-related processes. Generic panels used widely in present-day epigenetics research, as

well as this dissertation, include the Illumina Infinium EPIC v1 and EPIC v2 Methylation Bead-
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Chip (Pidsley et al., 2016; Kaur et al., 2023). These arrays are designed for general purposes and

heavily cover CpG sites relevant to oncology and developmental imprinting. This one-size-fits-all

approach is cost effective and efficient for large studies but may omit CpGs critical for neuroscience

research. The new Methylation Screening Array (MSA) from Illumina focuses on sites informa-

tive for neurodevelopment, neurodegeneration, and systemic processes that have been implicated in

brain-related changes such as immune responses and gut microbiome modulation (Goldberg et al.,

2025). The MSA can dramatically reduce acquisition costs and enable collection of methylation

data in specific AD subtypes, which would enhance our work in Chapter 3. Additionally, given

the more focused selection of CpG probes, the MSA could improve the specificity and performance

of predictive models. The ABC study has at least 400 methylation samples from the MSA which

could be immediately processed and studied within the framework developed in this dissertation.

One of the central challenges in biomarker development for neurodegeneration is that brain phe-

notypes are clinically informative but difficult to acquire longitudinally, while peripheral molecular

profiles such as blood DNA methylation are accessible and scalable. Our work in Chapter 4 was de-

signed to address this by using brain imaging phenotypes (i.e., hippocampal volume) as supervised

targets during model training. While our model was only modestly predictive due to discrepancies

in data acquisition protocols, more advanced models achieving higher levels of accuracy can be

deployed in settings where only blood data are available.

To bridge the gap between peripheral and brain molecular states more directly, future work could

consider leveraging MR spectroscopy (MRS), a non-invasive imaging modality that can quantify

brain metabolites involved in methylation-related pathways, which serve as in vivo proxies for brain

methylation potential. By integrating peripheral methylation profiles with MRS-derived neuro-

chemical measures, we could gain a more direct window into methylation-linked processes in the

brain. Recently, Lam and colleagues developed an epigenetic MRI (eMRI) method that directly

images DNA methylation in the brain, overcoming the challenges of brain-tissue accessibility and

enabling ante mortem studies of epigenetic changes in the brain (Lam et al., 2022). eMRI exploits

the methionine metabolic pathways for DNA methylation by labeling genomic DNA using 13C en-
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riched diets. An MRS sequence is then applied to map the spatial distribution of labeled DNA using

radiofrequency detection. eMRI revealed strong regional differences in global DNA methylation in

piglets, whose brains bear greater resemblance to human brains compared to rodents.

However, eMRI is currently limited by the sensitivity of isotopic labeling and limited spatial resolu-

tion, providing only global or regional methylation signals as opposed to CpG-specific data. In other

words, while eMRI reveals regional differences in aggregate methylation, it cannot resolve methy-

lation at individual CpG sites or gene-level resolution. Nontheless, this approach holds promise

for eventually monitoring brain epigenetic modifications in humans. If translated to humans, this

technology could enable experimental validation of blood-based methylation markers against in vivo

brain methylation and longitudinal observation of the impact of lifestyle interventions. Even before

translation to human research, in vivo MRS could be used to detect other metabolites, such as

N-acetylaspartate, that are related to epigenetic regulation of oxidative stress in the brain. The

development of these tools underscores the broader point that future neuroepigenetics studies will

likely integrate both blood- and brain-based readouts to characterize the epigenetic landscape more

completely.

Causality and Mechanistic Validation

In this dissertation, we identified associations between peripheral blood methylation and struc-

tural brain changes, but the question remains whether these methylation changes are drivers or

consequences of age-related neurodegenerative disease processes. Recent approaches in statistical

genetics allow for in silico testing of causal hypotheses prior to validation in vitro. For example,

Mendelian Randomization (MR) is an analytical approach that infers causal relationships between

risk factors and disease outcomes using genetic variants as natural instruments mediating risk. MR

is often considered “nature’s clinical trial” because it leverages the random assortment of alleles

and genetic variants at birth to minimize confounding and reverse causation, which commonly af-

fect observational studies. In the context of epigenetics, MR can be applied to meQTLs or genes

linked to epigenetic signatures derived from ML models, such as TREML2 and BCL11B identified

in Chapter 4. Overall, MR provides a powerful tool for uncovering causal mechanisms and prior-
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itizing therapeutic targets for aging and AD. Ultimately, the most compelling evidence will come

from experimental intervention. Collaborations with wet-lab scientists will enable CRISPR-screens

and experimental modification of key epigenetic marks identified in this dissertation. For example,

genes identified by epigenomics literature (Chapter 2), or the latest empirical evidence (Chapters 3

and 4) can be targeted in cellular or animal models to test mechanistic hypotheses. Such in vitro

experiments would allow observation of downstream effects on gene expression and cellular function,

providing direct insight into causal relationships and a bridge to translation.

The future directions outlined in this section represent a natural extension of the insights gained

through this dissertation. Building on the frameworks established in Chapters 3 and 4, we ex-

panded the definition and application of CoMeT and episcores to better characterize heterogeneity

and atypicality in brain aging, neurodegeneration, and cognitive decline in aging and Alzheimer’s

disease. From this foundation, we proposed a shift from purely predictive modeling toward mechanis-

tically driven and clinically relevant investigations, aiming to uncover how systemic aging processes

shape region-specific neurodegenerative patterns across diverse phenotypes. The complexity of

high-dimensional epigenomic data further motivates computational and bioengineering innovations,

including biologically informed feature selection and model training, as well as precision assays for

profiling methylation specific to brain-related genes and pathways. We also highlighted the poten-

tial of advanced DL architectures, such as multi-task networks, to capture nonlinear relationships

and shared representations between age and age-associated phenotypes. Finally, we emphasized the

importance of bioinformatics tools that support causal inference and mechanistic interpretation,

laying the groundwork for translational applications.

5.3 Conclusion

In conclusion, this dissertation makes several key contributions to neurobiology and computational

engineering in the context of studying the aging brain. Our empirical work advances both the

conceptual and methodological frameworks for characterizing heterogeneity. Specifically, we posit

epigenetics as a modulator of regional vulnerability to neurodegeneration, proposing a novel frame-

work with which to understand and characterize the biological mechanisms underlying heterogeneity
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and atypicality in aging and neurodegenerative diseases such as AD. We introduce the novel CoMeT

index and developed epigenetic models of brain age and hippocampal volume using rigorous ML

pipelines. Additionally, we demonstrate that peripheral blood-based epigenetic markers can serve

as informative, albeit imperfect, surrogates for brain aging. These findings offer compelling evi-

dence that blood-based epigenetic aging is a biologically meaningful and independent contributor

to regional neurodegenerative patterns beyond the known effects of chronological age and other

established risk factors, such as genetics and life exposures. The broader impact of this work spans

both clinical practice and translational research. With advancements in cross-tissue methylation

studies, epigenetic signatures in blood may be used as screening tools or biomarkers that are sen-

sitive to atypical variants and mixed pathologies. These biomarkers have the potential to inform

patient stratification in clinical and pharmaceutical trials and may help monitor treatment response.

Our work also opens avenues for novel drug discovery and therapeutic interventions by proposing

future work focused on investigating causality. Ultimately, this dissertation catalyzes a shift towards

precision epigenomics, building a foundation for the next generation of personalized diagnostics and

interventions in aging and neurodegenerative diseases.
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