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ABSTRACT

Brain age prediction is a neuroimaging framework for estimating biological
brain aging and identifying deviations from expected aging trajectories. However,
the value of brain age models depends not only on predictive accuracy, but also
on interpretability, longitudinal reliability, and clinical relevance. This thesis investi-
gates explainable machine learning approaches for brain age prediction using
FreeSurfer-derived structural MRI features from the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI) dataset.

Five regression models were developed and compared: Random Forest,
Support Vector Regression, Elastic Net, Ridge Regression, and Gaussian Process
Regression. Model performance was evaluated using Mean Absolute Error, Pear-
son correlation, and Brain Age Gap dispersion. In addition, the study examined
hyperparameter sensitivity, explainability using SHAP values and complementary
feature-importance methods, short-term and long-term longitudinal stability, and
normative modelling in cognitively normal, Mild Cognitive Impairment, and Demen-
tia subjects.

The evaluated models achieved comparable predictive performance, with
test-set errors below five years. Random Forest achieved the lowest prediction er-
ror, Elastic Net produced the strongest correlation with chronological age, and
SVR showed the lowest Brain Age Gap dispersion. Explainability analyses identi-
fied biologically plausible predictors, including white matter hypointensities, ven-
tricular measures, hippocampal and thalamic structures, and temporal and parietal
cortical regions. SHAP feature rankings were highly stable across random seeds.
Longitudinal analyses showed strong short-term reliability, although individual
long-term aging trajectories were more difficult to capture. Normative modelling
revealed progressively elevated Brain Age Gap values in Mild Cognitive Impair-
ment and Dementia subjects, with group differences remaining significant after ad-
justment for age and sex.

The findings of this thesis support the importance of evaluating brain age
models beyond cross-sectional accuracy alone by incorporating explainability, lon-

gitudinal stability, and normative clinical analysis.
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Introduction

This chapter introduces the context, motivation, and scope of the thesis. It
first presents the relevance of brain aging and brain age prediction as a framework
for studying individual differences in brain health. It then identifies the main re-
search gap addressed in this work, namely the need to evaluate brain age models
beyond prediction accuracy alone. The chapter also states the aim and objectives
of the thesis, summarizes its main contributions, and outlines the structure of the

remaining chapters.

1.1 Motivation

Brain aging is not a uniform process. Individuals of the same chronological
age can differ substantially in brain structure, cognitive function, and vulnerability
to neurological disease [1]. Structural MRI studies have shown that aging is asso-
ciated with measurable neuroanatomical changes, including cortical thinning, grey
and white matter volume loss, ventricular enlargement, and alterations in brain in-
tegrity [2,3]. However, these changes do not occur at the same rate in all individu-
als and may overlap with structural patterns observed in neurodegenerative disor-
ders. As a result, chronological age alone provides an incomplete description of
brain health.

Brain age prediction offers a way to summarize complex neuroimaging in-
formation into an individualized estimate of apparent brain aging. Instead of exam-
ining each anatomical region separately, a brain age model attempts to learn dis-
tributed age-related patterns across the brain and express them as a single pre-
dicted age value. This makes brain age attractive as a potential biomarker be-
cause it can provide a compact, interpretable measure of deviation from typical
aging trajectories [4,5].

MRI-based brain age models have been developed using different types of
neuroimaging representations, including morphometric features extracted from
structural MRI scans and image-based approaches that use voxel-wise or deep

learning representations [6,7]. The present thesis follows a morphometric feature-



based approach, using FreeSurfer-derived anatomical measurements such as cor-
tical thickness, cortical volume, surface area, and subcortical volumes. This repre-
sentation is particularly suitable for comparing different machine learning models
and for examining which neuroanatomical features contribute to predictions.

The clinical motivation for this work is especially relevant in the context of
neurodegenerative disease. Previous studies have shown that individuals with
MCI, Alzheimer’s disease, and other brain disorders may exhibit older-appearing
brains compared with cognitively normal individuals [8,9]. Therefore, brain age
prediction may provide a useful framework for studying abnormal brain aging,
identifying deviations from healthy aging trajectories, and investigating whether

cognitively impaired subjects show evidence of accelerated biological brain aging.

1.2 Research Gap

Although brain age prediction has shown considerable promise, its useful-
ness depends on more than prediction accuracy alone. A model with low prediction
error may still be difficult to interpret, unstable across repeated scans, or limited in
its ability to capture clinically meaningful differences between healthy and impaired
subjects. This is particularly important if brain age is intended to function as a bio-
marker rather than only as a regression task.

Several methodological issues remain important in brain age research.
First, brain age models are affected by prediction bias, where younger subjects
may be overestimated and older subjects underestimated because of regression-
to-the-mean effects [10]. Second, model generalisation may be affected by differ-
ences in datasets, scanner characteristics, acquisition protocols, and preprocess-
ing pipelines [11]. Third, brain age estimates should be reliable across short test-
retest intervals while still being sensitive enough to detect meaningful age-related
changes over longer periods [12]. Finally, methodological choices such as prepro-
cessing strategy and feature representation may influence model performance and
robustness [13].

These challenges motivate the need for brain age studies that evaluate
models from multiple complementary perspectives. In addition to cross-sectional

accuracy, it is important to assess whether models are interpretable, whether their



predictions are stable over time, and whether their outputs can identify clinically
meaningful deviations from normative aging patterns. The present thesis was de-

signed around this broader evaluation perspective.

1.3 Aim and Objectives

The aim of this thesis is to develop and evaluate explainable machine learn-
ing models for MRI-based brain age prediction using FreeSurfer-derived structural
MRI features from the ADNI dataset. The study focuses not only on predictive per-
formance but also on model interpretability, longitudinal stability, and clinical rele-

vance through normative analysis.
The specific objectives of the thesis are:

1. To compare multiple machine learning regression models for brain

age prediction using structural MRI-derived morphometric features.

2. To evaluate model performance using cross-validation and indepen-
dent test-set metrics, including Mean Absolute Error, Pearson correlation,

and Brain Age Gap dispersion.

3. To investigate the effect of hyperparameter optimization on model
performance and examine how sensitive each model is to configuration

choices.

4. To apply explainability methods, including SHAP values, permutation
importance, and Elastic Net coefficients, in order to identify the neu-

roanatomical features contributing to brain age prediction.

5. To evaluate the stability of SHAP-based explanations across multiple
random seeds and examine local explanations for representative individual

subjects.



6. To assess short-term test-retest reliability and long-term sensitivity

using longitudinal MRI scans from the same subjects.

7. To apply a normative modelling framework in which a model trained
on cognitively normal subjects is used to examine Brain Age Gap differ-

ences in CN, MCI, and Dementia groups.

1.4 Thesis Contributions

This thesis makes several contributions to the study of explainable brain
age prediction.

First, it provides a comparative evaluation of five machine learning models:
Support Vector Regression, Random Forest Regression, Elastic Net Regression,
Ridge Regression, and Gaussian Process Regression. These models represent
different modelling families, including kernel-based learning, ensemble learning,
regularized linear regression, and probabilistic regression.

Second, the thesis evaluates brain age prediction beyond conventional ac-
curacy metrics. In addition to MAE and correlation, the analysis considers Brain
Age Gap dispersion, age-bias correction, hyperparameter sensitivity, short-term
reliability, and long-term longitudinal behaviour.

Third, the study incorporates a multi-method explainability framework.
SHAP values, permutation importance, Elastic Net coefficients, consensus feature
ranking, SHAP stability analysis, and local subject-level explanations are used to
examine whether the models rely on biologically plausible neuroanatomical fea-
tures.

Fourth, the thesis investigates longitudinal reliability by evaluating whether
brain age predictions remain stable over short intervals and whether they capture
age-related progression over longer follow-up periods.

Finally, the thesis applies a normative modelling analysis to clinical sub-
jects. By training the model on cognitively normal individuals and applying it to CN,
MCI, and Dementia groups, the study examines whether Brain Age Gap values
reflect progressively greater deviations from typical aging trajectories in cognitively

impaired populations.



1.5 Thesis Structure

The remainder of the thesis is organized as follows. Chapter 2 presents the
background and related work, including the brain age prediction framework, MRI
and FreeSurfer-derived features, machine learning approaches, explainability
methods, longitudinal reliability, clinical brain age deviation analysis, and state-of-
the-art approaches. Chapter 3 describes the methodology used in the study, in-
cluding the ADNI dataset, preprocessing pipeline, machine learning models, hy-
perparameter optimization, evaluation metrics, explainability framework, longitudi-
nal evaluation, and normative modelling analysis. Chapter 4 presents the experi-
mental results, including model performance, hyperparameter optimization find-
ings, explainability results, longitudinal stability analyses, and normative modelling
outcomes. Chapter 5 discusses the findings in relation to existing literature and
interprets their methodological and clinical implications. Finally, Chapter 6 summa-
rizes the main conclusions ,outlines directions for future work and addresses the

limitations of the study.



2. Background and Related Work

This chapter reviews the scientific and methodological background required
for the present study. It first introduces the brain age prediction framework and
then discusses the structural MRI features and FreeSurfer-derived morphometric
measures commonly used in this field. The chapter also reviews traditional ma-
chine learning approaches, explainability methods, longitudinal reliability, clinical
brain age deviation analysis, and state-of-the-art developments in brain age mod-
elling. Together, these sections provide the theoretical foundation for the method-

ology presented in Chapter 3.

2.1 Brain Age Prediction

Brain age prediction is a neuroimaging based framework in which machine
learning models are trained to estimate chronological age from brain imaging data
acquired from healthy individuals.The central idea behind the brain-age paradigm
is that deviations between predicted brain age and chronological age may reflect
individual differences in brain health and aging trajectories.The difference between
predicted and chronological age is commonly referred to as Brain Age Gap (BAG),

brain-age delta, BrainAGE, or brain-predicted age difference (brain-PAD).
BAG = Predicted Age — Chronological Age

Early studies demonstrated that structural MRI data contain age-related
neuroanatomical patterns that can be learned by statistical and machine learning
models to predict age with relatively high accuracy [5].The BrainAGE framework
was firstly introduced by Franke and colleagues 2010, which used machine learn-
ing methods applied to structural MRI data to estimate brain age and investigate
deviations from normative aging trajectories [14].

Recent literature has expanded the brain age paradigm beyond traditional

morphometric analysis. Brain age prediction has been investigated using multi-



modal neuroimaging, voxel-wise MRI representations, and deep learning ap-
proaches operating directly on raw imaging data [6, 7].

Brain age prediction is increasingly viewed as a quantitative neuroimaging
framework for studying individual variability in brain aging. However, the literature
also emphasizes that prediction accuracy alone is insufficient for establishing clini-
cal utility, motivating ongoing research into model robustness, interpretability, reli-

ability, and generalizability. [6,12]

2.2 MRI and FreeSurfer Features

Structural MRI is widely used in brain age prediction because it provides
quantitative information about brain anatomy that changes across the lifes-
pan.Brain age studies commonly use either voxel-based representations of MRI
scans or region-based morphometric features extracted from anatomical images.
Baecker et al. explicitly compared machine learning models using region-based
and voxel-based morphometric data for brain age prediction, showing that both
types of structural MRI representations are used in the field [15].

A common feature-based approach is to extract anatomical measurements
from T1-weighted MRI scans and use them as input to regression models. Han et
al. compared multiple machine learning models for brain age prediction using brain
morphological measures derived from structural MRI scans [16], while Cumplido-
Mayoral et al. trained brain-age models using imaging-derived measures of corti-
cal thickness, cortical volume, and subcortical volume from the UK Biobank cohort
[17].

FreeSurfer is one of the most widely used tools for obtaining such structur-
al MRI-derived features. Fischl describes FreeSurfer as a software for automated
analysis of human brain MRI data, including cortical reconstruction, volumetric
segmentation, cortical thickness estimation, and anatomical parcellation [18].

The use of FreeSurfer-derived features offers several advantages for brain
age prediction. By summarizing MRI scans into regional morphometric measures,
such as cortical thickness, cortical volume, and subcortical volume, the dimen-
sionality of the data is substantially reduced compared to voxel-wise representa-

tions. This reduction facilitates the application of traditional machine learning algo-



rithms while also improving model interpretability. Furthermore, these measures
have direct anatomical meaning, enabling model predictions and feature impor-
tance analyses to be linked to specific brain structures. The widespread adoption
of FreeSurfer-derived measures in established brain-age frameworks further high-
lights their utility. For example, the ENIGMA brain-age model uses FreeSurfer-
based cortical and subcortical measures as input features for age prediction [12].
At the same time, feature-based MRI approaches differ from image-based
or voxel-wise models. Voxel-wise and deep learning methods may preserve more
spatial information from the original MRI scan [7,15], but FreeSurfer-based mor-
phometric approaches offer a more compact and interpretable representation of
brain anatomy. Recent comparative work has directly contrasted morphometric
FreeSurfer-based pipelines with 3D convolutional neural network approaches,
emphasizing the trade-off between feature-level interpretability and image-based
modeling [19]. This distinction is important for the present thesis, which follows the
morphometric feature-based approach. By using FreeSurfer-derived structural MRI
features, the analysis remains connected to anatomically interpretable measures
while allowing comparison across multiple traditional machine learning models and

later explainability analyses.

2.3 Machine Learning Approaches

Traditional machine learning approaches have been widely used in the lit-
erature due to their strong predictive performance, ability to handle correlated fea-
tures, and relatively lower computational requirements compared to deep learning
approaches.

Among traditional machine learning methods, Support Vector Regression
(SVR) has historically been one of the most commonly used approaches in brain
age prediction studies. Franke et al. employed relevance vector regression within
the BrainAGE framework, while later studies frequently adopted SVR for brain age
prediction [5,14,15]. SVR models can capture non-linear relationships between
MRI-derived features and age through the use of kernel functions, making them

particularly suitable for structural neuroimaging data. Several comparative studies



have reported competitive predictive performance of SVR-based brain age models
across different MRI datasets [15,16].

Ensemble learning methods such as Random Forest Regression have also
been investigated in MRI-based brain age prediction. Random Forests construct
multiple decision trees and combine their predictions, allowing complex non-linear
interactions between neuroanatomical features to be modelled. Comparative stud-
ies evaluating multiple regression models for brain age prediction have included
Random Forest approaches among commonly used traditional machine learning
techniques [16].

Regularized linear models have been widely explored in brain age predic-
tion studies due to the highly correlated nature of MRI-derived morphometric fea-
tures. Ridge Regression applies L2 regularization in order to reduce overfitting and
improve stability in high-dimensional settings, while Elastic Net Regression com-
bines both L1 and L2 regularization penalties, enabling simultaneous regulariza-
tion and feature selection. These approaches are particularly relevant for neu-
roimaging applications where large numbers of correlated anatomical measure-
ments are used as predictors. Studies comparing regression methods for structur-
al MRI-based age prediction have included Ridge, Lasso, and Elastic Net models
alongside kernel-based approaches such as SVR and GPR [16]

Probabilistic regression approaches such as Gaussian Process Regression
(GPR) have also been applied in brain age prediction research.Unlike convention-
al deterministic regression approaches, GPR incorporates probabilistic modelling
principles that enable flexible prediction of continuous outcomes. Cole et al. used
Gaussian Processes in early neuroimaging-based brain age studies and demon-
strated accurate age prediction from structural MRI data [20].

Although recent years have seen increasing adoption of deep learning and
voxel-wise imaging methods, regression-based approaches using morphometric
MRI features continue to offer advantages in computational efficiency, inter-

pretability, and compatibility with anatomically meaningful feature representations.



2.4 Explainability in Brain Age Models

Many machine learning models used for brain age estimation can achieve
strong predictive performance, however they provide limited insight into the neu-
roanatomical factors driving their predictions. This lack of transparency is particu-
larly important since brain age estimates are often interpreted as biomarkers of
brain health and disease related aging processes. Consequently, recent literature
has increasingly emphasized that prediction accuracy alone is insufficient for eval-
uating brain age models, and that interpretability should also be considered when
assessing their scientific and clinical utility [6,19].

Feature-based brain age models provide a relatively interpretable frame-
work because their inputs correspond to anatomically meaningful measure-
ments.In these settings, explainability approaches can be used to identify which
neuroanatomical features contribute most strongly to age prediction.Traditional in-
terpretation methods in feature-based brain age models include the examination of
regression coefficients in linear models, feature importance measures in ensemble
methods, and model-agnostic explainability techniques such as SHAP. These ap-
proaches allow researchers to relate prediction behavior to specific brain regions
and investigate whether the identified patterns are biologically plausible [19].

More recently, explainable artificial intelligence (XAl) methods have been
introduced into brain age prediction research to improve the interpretability of ma-
chine learning models. Among these approaches, SHAP has attracted particular
attention because it can provide both global and local explanations of model be-
havior. Global explanations describe the overall contribution of features across a
population, whereas local explanations focus on explaining predictions at the indi-
vidual subject level. SHAP-based analyses have been applied to brain age predic-
tion models to identify important anatomical predictors and improve the interpreta-
tion of prediction outcomes. Sun et al., for example, used SHAP to analyze indi-
vidual brain age predictions and demonstrated how feature attribution methods
can provide subject-specific explanations in MRI-based brain age modeling [21].

Explainability has also become increasingly important in deep learning—
based brain age prediction. Although deep learning models often achieve strong

predictive performance, their internal decision-making processes are typically diffi-

10



cult to interpret. To address this limitation, researchers have applied a variety of
explainability techniques, including SHAP, LIME, saliency maps, layer-wise rele-
vance propagation, and gradient-based visualization methods. Lombardi et al. in-
vestigated an explainable deep learning framework for personalized brain age
prediction using MRI-derived morphological features and demonstrated that inter-
pretable deep learning approaches can help identify age-related morphological
patterns associated with brain age estimation [22].

Despite substantial progress in explainable artificial intelligence, inter-
pretability in brain age prediction remains an active research challenge. Different
explanation methods may yield different feature attribution patterns, while interpre-
tation can be affected by factors such as model architecture, preprocessing strate-
gies, feature dependencies, and dataset characteristics. Consequently, recent
studies emphasize that explainability techniques should not be regarded solely as
visualization tools, but also as complementary evaluation mechanisms that can
provide insights into model robustness, biological plausibility, and clinical inter-

pretability in brain age prediction research [19, 22, 23].

2.5 Longitudinal Reliability and Test-Retest Stability

Test-retest reliability refers to the consistency of brain age predictions
across repeated MRI scans acquired over relatively short periods of time where
substantial biological aging is not expected to occur. If a model produces large
fluctuations in predicted brain age between scans obtained within days or months,
the resulting Brain Age Gap estimates may reflect methodological instability rather
than meaningful neurobiological variation. Kaufmann et al. investigated brain age
reliability across multiple cohorts and highlighted the importance of robust predic-
tion consistency when interpreting brain age as a biomarker [24]. Similarly, Hahn
et al. highlighted the importance of robust and reliable brain age estimation, em-
phasizing that uncertainty quantification and prediction stability are critical for the
clinical applicability and interpretability of brain age biomarkers [25].

In addition to short-term stability, longitudinal sensitivity is also considered
important in brain age modelling. A clinically meaningful brain age model should

remain relatively stable across short intervals while still being capable of detecting
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gradual aging related changes over longer periods. Dorfel et al. systematically
evaluated publicly available brain age prediction tools and demonstrated that pre-
dictive accuracy, test-retest reliability, and the ability to track longitudinal age pro-
gression may differ substantially across models. Their work further emphasized
that cross-sectional prediction performance alone may provide an incomplete as-
sessment of model quality [12].

Several factors such as scanner differences ,acquisition protocols ,prepro-
cessing pipelines and model architecture may influence longitudinal stability in
brain age prediction [11, 12, 26]. Bashyam et al., in the large-scale ENIGMA brain
age study, highlighted the challenges associated with multi-site neuroimaging data
and demonstrated the need for careful harmonization and validation when apply-
ing brain age models across diverse cohorts [26].These issues become particular-
ly relevant in longitudinal analyses, where small methodological inconsistencies
may obscure subtle aging-related changes.

Recent literature therefore increasingly argues that robustness and longitu-
dinal consistency should be considered core evaluation criteria in brain age predic-
tion research. Rather than treating brain age solely as a cross-sectional prediction
task, longitudinal frameworks allow researchers to examine whether brain age

models capture stable and biologically plausible aging trajectories over time.

2.6 Brain Age Deviation Analysis in Clinical Populations

A common application of brain age prediction is the analysis of deviations
from expected healthy aging trajectories in clinical populations. In most brain age
studies, machine learning models are trained using MRI data acquired from cogni-
tively healthy individuals in order to learn normative relationships between brain
structure and chronological age. The trained models can then be applied to sub-
jects with neurological or psychiatric disorders to investigate whether their brains
appear older or younger than expected relative to healthy aging patterns [4,5].

Within this framework, the BAG is interpreted as a measure of deviation
from typical aging trajectories. Positive BAG values indicate that the brain appears
older than expected for a subject’s chronological age, whereas negative values

indicate a younger appearing brain. Several studies have reported elevated BAG
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values in clinical populations including Alzheimer’s disease, Mild Cognitive Im-
pairment (MCI), schizophrenia, bipolar disorder and major depressive disorder,
suggesting that brain age prediction may capture disease related alterations in
brain structure [5, 9, 24].

This approach has become particularly relevant in neurodegenerative re-
search, where deviations from healthy aging trajectories may emerge before se-
vere clinical symptoms become apparent. Gaser et al. demonstrated that in-
creased BrainAGE values were associated with higher risk of conversion from MCI
to Alzheimer’s disease, supporting the idea that brain age measures may reflect
abnormal neuroanatomical aging processes [8].

By comparing predicted brain age between healthy controls and clinical
populations, researchers can investigate how different disorders relate to devia-
tions from expected neuroanatomical aging trajectories. This perspective forms the
basis for many normative brain age analyses in contemporary neuroimaging re-

search.

2.7 State-of-the-Art Approaches

In recent years, there has been a significant shift in brain age prediction re-
search toward deep learning and large scale image based approaches.Early brain
age studies primarily relied on handcrafted morphometric features extracted from
structural MRI scans, however recent state-of-the-art methods increasingly oper-
ate directly on voxel-wise neuroimaging data using deep neural networks. These
approaches aim to automatically learn hierarchical imaging representations asso-
ciated with brain aging without requiring predefined anatomical feature extraction.
Cole et al. demonstrated that convolutional neural networks (CNNs) trained direct-
ly on raw T1-weighted MRI scans could achieve highly accurate brain age predic-
tion [7].

CNNs have become one of the dominant deep learning architectures in
brain age prediction because they can capture spatial patterns directly from volu-
metric MRI data. Peng et al. proposed a lightweight deep neural network for accu-
rate brain age prediction from MRI scans and reported state-of-the-art predictive

performance using image-based learning approaches [27]. Similarly, Bashyam et
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al. developed a large scale deep learning brain age framework within the ENIGMA
consortium using MRI data collected from multiple cohorts worldwide [26]. Togeth-
er, these studies demonstrated that deep learning approaches can achieve highly
competitive, and often lower, prediction errors than traditional feature-based meth-
ods, particularly when trained on large neuroimaging datasets.

Voxel-wise approaches have also become increasingly common in modern
brain age modelling. Instead of reducing MRI scans to regional anatomical fea-
tures, voxel-wise methods preserve much of the original spatial information con-
tained within structural MRI data. Franke et al. used voxel-based morphometry in
early BrainAGE studies, while more recent deep learning approaches have ex-
tended voxel-wise analysis through three-dimensional CNN architectures operat-
ing directly on volumetric brain images [14, 7, 27]. These methods may capture
subtle spatial aging patterns that could be partially lost in feature-based morpho-
metric pipelines.

More recently, multimodal and transformer-based approaches have begun
to emerge in brain age prediction research. Multimodal methods combine multiple
imaging modalities or integrate neuroimaging with non-imaging information such
as genetics, cognitive scores, or clinical variables in order to improve prediction
performance and capture complementary aspects of brain aging [28]. Transformer
architectures have also attracted growing interest in neuroimaging because of their
ability to model long-range relationships within imaging data. However, compared
with CNN-based approaches, transformer-based brain age models remain rela-
tively less explored and currently represent an emerging direction of research

Despite their strong predictive performance, state-of-the-art deep learning
approaches also introduce important challenges. Deep neural networks generally
require substantially larger datasets and higher computational resources com-
pared to traditional machine learning models trained on morphometric features. In
addition, image based deep learning methods are often more difficult to interpret,
raising concerns regarding biological plausibility and clinical transparency. Several
studies have therefore emphasised the trade off between predictive performance
and interpretability in brain age prediction [19, 22]. Feature-based approaches us-

ing anatomical MRI measurements may achieve slightly lower prediction accuracy
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in some settings, but they often provide more interpretable relationships between
neuroanatomical structures and prediction outcomes.

Current brain age research increasingly explores the balance between pre-
dictive accuracy, robustness, interpretability, computational complexity, and clinical
applicability. While state-of-the-art deep learning models continue to advance pre-
diction performance, traditional morphometric approaches remain highly relevant,
particularly when anatomical interpretability, explainability, and robustness are

considered important objectives.
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3. Methodology

This chapter describes the methodological framework used to develop and
evaluate the brain age prediction models in this thesis. It presents the ADNI
dataset, the preprocessing pipeline, the selected machine learning models, the
hyperparameter optimization procedure, and the evaluation metrics used to as-
sess predictive performance. The chapter then describes the explainability frame-
work, the longitudinal evaluation strategy, and the normative modelling analysis
applied to clinical subjects. These methods define the complete experimental pipe-
line used to generate the results presented in Chapter 4.

The methodological design and reporting of this study were guided by the
TRIPOD+AI (Transparent Reporting of a multivariable prediction model for Individ-
ual Prognosis Or Diagnosis using Artificial Intelligence) Statement, an international
reporting guideline for studies developing and evaluating prediction models based
on regression or machine learning methods. The study was structured to transpar-
ently report the dataset, participant selection, preprocessing pipeline, predictor
variables, model development, hyperparameter optimization, validation strategy,
performance evaluation, explainability analyses, longitudinal assessment, and
normative modelling framework in accordance with the recommendations of TRI-
POD+AlL.The completed TRIPOD+AI checklist is provided in Appendix A as sup-

plementary material. [29]

3.1 ADNI Dataset

The data used in this study were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database, a large-scale longitudinal neuroimaging
study designed to investigate biomarkers associated with aging, Mild Cognitive
Impairment (MCI), and Alzheimer’s disease (AD). ADNI includes structural MRI
scans, demographic information, clinical assessments, and additional biomarker
data collected from multiple research sites over several longitudinal follow up peri-
ods [30].
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A custom dataset was constructed using the ADNI cohort builder provided
through the ADNI platform. The dataset included demographic variables such as
subject age, sex, and diagnostic labels, together with structural MRI derived Free-
Surfer measurements and scanner related information.The FreeSurfer features
were selected as the neuroimaging representation for the brain age prediction
framework used in this study.

The dataset included subjects from cognitively normal (CN), Mild Cognitive
Impairment (MCI) and Dementia groups. ADNI is a longitudinal study so multiple
MRI acquisitions from different time points were available for several subjects. This
longitudinal structure enabled both cross sectional brain age prediction experi-
ments and longitudinal stability analyses using repeated scans acquired over time.

Scanner related metadata were also included because MRI data in ADNI
originate from multiple acquisition sites and scanner configurations. Such informa-
tion is relevant in brain age studies due to the known influence of scanner variabili-
ty and acquisition protocols on neuroimaging derived measurements [11].

The resulting dataset therefore combined demographic information, diag-
nostic labels, MRI derived morphometric features, and scanner metadata within a
unified framework suitable for MRI based brain age prediction and longitudinal
evaluation.

The initial ADNI dataset contained 24,791 structural MRI scan records ac-
quired across multiple longitudinal time points. To construct a subject-level base-
line cohort, only the first eligible scan from each participant was retained, resulting
in 2,335 unique subjects. Of these, 794 cognitively normal participants met the eli-
gibility criteria for primary brain age model development. This cohort was divided
at the subject level into a training subset of 635 participants and an independent
test subset of 159 participants using an 80/20 split.

Subjects were eligible for inclusion if they had available chronological age
information, diagnostic classification, and structural MRI-derived FreeSurfer mor-
phometric features required for the corresponding analysis. For the primary brain
age model development stage, only cognitively normal subjects were used in order
to learn normative age-related patterns from individuals without clinical cognitive
impairment. Subjects or visits with missing chronological age information were ex-

cluded, while missing feature values were handled during the training-only pro-

17



cessing stage described in Section 3.2. The final sample size was therefore de-
termined by the availability of eligible ADNI participants meeting these criteria. This
data-driven sample definition is appropriate for the present retrospective machine
learning study because the objective was to evaluate model performance, inter-
pretability, and longitudinal behaviour within the available ADNI neuroimaging co-
hort.

3.2 Data Preprocessing

Before model development, the ADNI data were organized into separate
analytical cohorts according to the objectives of the study. Figure 3.1 provides an
overview of this participant allocation and analytical framework. Starting from the
ADNI database, eligible subjects were assigned to cohorts used for brain age
model development, longitudinal evaluation, and normative modelling. This struc-
ture ensured that each analytical objective was addressed using the appropriate
subset of participants while maintaining a clear separation between model devel-

opment and subsequent evaluation procedures.

‘ ADNI databasc ’

Demographics, diagnostic labels, T1 MRI-

derived FreeSurfer features, scanner metadata

‘ Available participant data ‘

FreeSurfer features;
missing values

‘ Required chre

y preprocessing

CN baseline cohort ‘ ‘ CN longitudinal cohort ‘ Clinical normative cohort ‘

Model development Short-term: 0 6 months CN, MCI, Dementia
Long-term: 24 48 months BAC group analysis

and test-get evaluation

Brain age models
SVR, RF, ENet, Ridge, CPR

Test—retest stability and BAG differences across

‘ Longitudinal reliability ‘

Clinical deviation analysis ‘

long-term sensitivity diagnostic groups

Figure 3.1: Participant and dataset flow diagram for the brain age prediction analyses.

Data preprocessing was performed in multiple stages in order to reduce the

risk of data leakage and ensure strict separation between training and testing in-
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formation throughout the analysis pipeline. The preprocessing framework consist-
ed of three phases: an initial dataset construction phase, a stratified data splitting
phase, and a training-only preprocessing phase applied after dataset partitioning.

During the initial preprocessing stage, the dataset was filtered to include
only cognitively normal (CN) subjects for brain age model development. Since the
ADNI dataset contains repeated longitudinal visits for many subjects, only baseline
visits were retained during construction of the primary training cohort in order to
avoid multiple highly correlated observations from the same subject during model
training. Rows with missing chronological age values were removed, and demo-
graphic, scanner, and FreeSurfer-derived feature tables were merged into a uni-
fied dataset.

Descriptive analysis of the resulting cohort was performed to examine the
demographic and age distributions of the dataset. Figure 3.2 illustrates the age
distribution of the baseline-like cohort together with the cognitively normal subset

used for model development.

Age distribution by diagnostic group (baseline-like visits)
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Figure 3.2: Age distribution of the baseline-like ADNI cohort and the cognitively normal
subset used for brain age model development.

Additional exploratory analyses were conducted to examine demographic

differences across diagnostic groups. Figure 3.3 presents the chronological age

19



distribution across diagnostic categories, while Figure 3.4 shows the sex distribu-

tion within the cognitively normal baseline-like cohort.

Age distribution after baseline-like filtering

140 | ™= Al baseline-like visits (SC/BL/MOO) |
[ Cognitively normal (CN) subset
1204 ——— Allmean = 72.0
---- CN mean = 68.7

100
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Figure 3.3: Chronological age distribution across diagnostic groups in the baseline-like
cohort.
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Figure 3.4: Sex distribution within the cognitively normal baseline-like cohort.
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After dataset construction, the data were divided into training and testing
subsets using an 80/20 split. Stratification was performed using age and sex in or-
der to preserve demographic balance and reduce distributional differences be-
tween subsets during model evaluation [16].

A final preprocessing stage was applied exclusively on the training data af-
ter dataset splitting in order to prevent information leakage from the test set into
the training process. Features with more than 20% missing values were removed
from the analysis. Remaining missing values were imputed using median imputa-
tion calculated from the training subset, and the same transformations were sub-
sequently applied to the corresponding test data [29].

This multi stage preprocessing framework was designed to maintain sepa-
ration between training and testing information while ensuring that the resulting

dataset was suitable for robust MRI based brain age prediction experiments.

3.3 Brain Age Prediction Models

The predicted outcome in this study was chronological age, estimated from
structural MRI-derived FreeSurfer morphometric features. Chronological age was
treated as an objective continuous outcome and did not require subjective clinical
assessment. The resulting model output was predicted brain age in years, from
which Brain Age Gap values were calculated as the difference between predicted
brain age and chronological age. Since this was a regression-based prediction
task, no classification thresholds or class-imbalance correction procedures were
applied.

Candidate predictors consisted of numeric structural MRI-derived Free-
Surfer measurements together with sex as a demographic covariate. The original
sex variable was binary encoded before model training. Chronological age was
used exclusively as the continuous prediction outcome and was not included
among the predictors. Participant identifiers, visit information, diagnostic group,
ADNI phase, scanner field strength, FreeSurfer version, image identifiers, and ex-
amination date were treated as metadata and excluded from the model input.

Five regression models from four different machine learning families were

selected to compare alternative approaches for estimating chronological age from-
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structural neuroimaging features. The evaluated models included Support Vector
Regression (SVR), Ridge Regression, Elastic Net Regression, Random Forest
Regression, and Gaussian Process Regression (GPR). These methods have been
widely used in brain age prediction studies and represent diverse modelling para-
digms, including regularised linear regression, kernel-based learning, ensemble

learning, and probabilistic regression [6,16].

3.3.1 Support Vector Regression

SVR was used due to its widespread use in neuroimaging-based age pre-
diction studies. SVR is particularly suitable for high-dimensional neuroimaging
data because it can model non-linear relationships between features and chrono-

logical age through kernel learning. [5 ,16]

3.3.2 Ridge Regression

Ridge Regression was used as a regularized linear model for brain age
prediction. Ridge applies L2 regularization to reduce coefficient magnitude and
improve stability when handling large numbers of correlated predictors, which is
common in structural MRI feature spaces. Because many FreeSurfer-derived
measurements exhibit substantial inter-feature correlation, Ridge Regression pro-

vided a stable linear framework for age estimation [16].

3.3.3 Elastic Net Regression

Elastic Net Regression was included as a regularised linear model combin-
ing both L1 and L2 penalties. This approach allows both coefficient shrinkage and
feature selection, making it suitable for high dimensional correlated neuroimaging
data. Compared to purely linear regression approaches, Elastic Net can produce
sparser feature representations while maintaining robustness in the presence of

correlated predictors [16].
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3.3.4 Random Forest Regression

Random Forest Regression was used as a non-linear ensemble learning
approach for brain age prediction.Random Forest models construct multiple deci-
sion trees and aggregate their predictions in order to improve generalization per-
formance and reduce variance. This approach is capable of modeling complex
non-linear interactions between neuroanatomical features and chronological age
without requiring explicit feature engineering. In addition, Random Forests natural-
ly support feature importance estimation, which is useful for subsequent explain-

ability analyses [16].

3.3.5 Gaussian Process Regression

Gaussian Process Regression (GPR) was used as a probabilistic regres-
sion approach for brain age prediction. GPR extends classical regression by in-
corporating Gaussian probabilistic modelling and can capture complex, potentially
non-linear relationships between neuroimaging features and age. The method has
been successfully applied in previous brain age prediction studies and has
demonstrated strong predictive performance in structural MRI-based age estima-
tion [20].

Together, these five models provided a diverse set of regression frame-
works for evaluating MRI-based brain age prediction across different machine

learning paradigms.

3.4 Training and Hyperparameter Optimization

All brain age prediction models were trained using the training subset gen-
erated during the preprocessing stage. Hyper parameter optimization was per-
formed for each regression model using GridSearchCV with 10-fold cross-valida-
tion in order to systematically identify parameter configurations associated with
improved predictive performance.The hyper parameter configuration producing the
lowest average cross-validation Mean Absolute Error (MAE) was selected as the

final configuration for each model.
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In addition to selecting optimal parameter configurations, hyper parameter
sensitivity analysis was also performed for each model. The relationship between
individual hyper parameters and cross-validation MAE was examined in order to
investigate how model performance changed across different parameter values.
These analyses were used to assess the stability and behaviour of the models

during optimization and are presented in the Results chapter.

3.5 Evaluation Metrics

Model performance was evaluated using multiple complementary metrics in
order to assess both prediction accuracy and the relationship between predicted
brain age and chronological age. Evaluation was performed using cross-validation
performance during training as well as independent test-set performance after
model optimization.

The primary evaluation metric used during hyperparameter optimization
was Mean Absolute Error (MAE), calculated as the average absolute difference
between predicted age and chronological age. Cross-validation MAE was used
during the GridSearchCV optimization procedure in order to compare candidate
hyperparameter configurations across all regression models.

Final model evaluation on the independent test set included both uncorrect-
ed and age-corrected MAE measurements. Uncorrected MAE was calculated di-
rectly from the raw predicted brain age values produced by each model. In addi-
tion, age-corrected MAE was computed after applying a post-hoc bias correction
procedure designed to reduce regression to the mean effects commonly observed
in brain age prediction models.

Regression to the mean bias is a well documented issue in brain age pre-
diction, where models tend to overestimate age in younger subjects and underes-
timate age in older subjects [5,10]. To reduce this effect, a linear post-hoc age-bias
correction approach was applied following model training . A linear regression
model was fitted between predicted age and chronological age within the training

data, producing correction parameters a and b. Corrected predicted age values

were then computed using:

. y—a
Yecorrected = b
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where y represents the raw predicted age and a and b correspond to the
intercept and slope estimated from the linear regression model. This correction
procedure was used to reduce systematic age related prediction bias prior to final
evaluation.

In addition to MAE, Pearson correlation coefficient (r) was used to evaluate

the linear association between predicted brain age and chronological age. Pear-
son correlation was included in order to assess how well the models captured rela-
tive age-related variation across subjects independently of absolute prediction er-
ror.

Together, these evaluation metrics provided complementary information re-
garding prediction accuracy, age related bias, and the relationship between pre-

dicted and chronological age across the evaluated brain age models.

3.6 Explainability Framework

Explainability analyses were conducted to investigate the neuroanatomical
patterns associated with brain age prediction and to evaluate the stability of fea-
ture attribution across repeated model training procedures. The detailed explain-
ability analysis focused on Random Forest and Elastic Net because they provided
complementary nonlinear and linear perspectives. Random Forest was selected
due to its strong and stable predictive performance, whereas Elastic Net was re-
tained as an interpretable linear reference because its standardized coefficients
provide direct information regarding the direction and magnitude of feature associ-
ations.

Global feature attribution was examined using SHAP values and permuta-
tion importance. SHAP analysis was used to quantify the contribution of individual
FreeSurfer derived features to model predictions across the dataset, allowing es-
timation of both feature importance magnitude and directional influence on pre-
dicted brain age. Permutation importance was additionally computed by measuring
the reduction in predictive performance after random permutation of individual fea-
tures. Together, these approaches were used to identify anatomical measurements

consistently associated with brain age estimation.
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To provide a linear interpretability reference, Elastic Net regression coeffi-
cients were also analysed. Since Elastic Net applies embedded regularization and
feature selection, the resulting coefficients provided an additional feature attribu-
tion framework complementary to the non-linear Random Forest analyses.

In addition to global analyses, subject-level explainability was investigated
using local SHAP explanations. Three representative subjects were selected
based on Brain Age Gap (BAG) values, corresponding to strongly negative, near-
zero, and strongly positive BAG cases. Local SHAP analysis was then used to ex-
amine the feature level contributions underlying each individual prediction.

Finally, SHAP stability analysis was performed in order to evaluate the re-
producibility of feature attribution patterns across repeated Random Forest training
procedures. The model was retrained using multiple random seeds, and SHAP
values were recomputed independently for each training instance. Stability was
evaluated using cross-seed Pearson correlation of feature importance rankings
together with overlap analysis of the top-ranked features across model initializa-
tions. Specifically, overlap was assessed for the top 10 and top 20 most important
features identified by SHAP.

3.7 Longitudinal Evaluation

Longitudinal analyses were conducted to evaluate both the short-term sta-
bility and long-term sensitivity of the brain age prediction models. Since brain age
is intended to reflect biological aging processes, a reliable model should produce
consistent predictions when minimal aging is expected while remaining sensitive to
genuine age-related changes over longer time intervals.

Repeated MRI scans from the same CN subjects were identified using the
longitudinal structure of the ADNI dataset. All possible within subject scan pairs
were initially generated and subsequently filtered according to the desired follow
up interval. To avoid over representation of subjects with multiple follow up visits, a
single scan pair was kept for each subject in both the short-term and long-term
analyses. For the long term analysis the pair closest to a 36-month interval was

selected.
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3.7.1 Short-Term Stability

Short term stability was evaluated using repeated MRI scans acquired with-
in 0—6 months.This analysis was designed to assess the test-retest reliability of the
models because substantial biological aging is not expected over such a short in-
terval,

For each regression model, BAG values obtained from the first and second
scans were compared using Pearson correlation coefficient (r), Concordance Cor-
relation Coefficient (CCC), and the Mean Absolute Difference in BAG. Pearson
correlation was used to evaluate the consistency of subject ranking across repeat-
ed measurements, while CCC quantified overall agreement between time points.
The mean absolute BAG difference provided an estimate of prediction variability

between repeated scans.

3.7.2 Long-Term Sensitivity

Long-term sensitivity was evaluated using scan pairs separated by 24-48
months. In contrast to the short-term analysis, the objective was to determine
whether the models were capable of detecting age related changes occurring over
longer follow up periods.

For each subject, chronological age change (A Age) and predicted brain
age change (A Predicted Age) were calculated between the two time points. Model
performance was then assessed using Pearson correlation between A Age and A
Predicted Age together with the Mean Absolute Error of the predicted age change.
Higher correlation values indicate that subjects exhibiting greater chronological ag-
ing also tended to show larger increases in predicted brain age.

To investigate the robustness of the findings, three longitudinal subsets
were evaluated. The ‘all’ subset included all eligible longitudinal pairs. The ‘clean’
subset retained only pairs acquired using the same MRI field strength and Free-
Surfer processing version at both time points, thereby reducing potential method-
ological variability. Finally, the ‘tight’ subset restricted the follow-up interval to 30—
42 months, producing a more homogeneous longitudinal cohort centered around

the target three year follow up period.
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3.8 Normative Modelling on Clinical Subjects

To investigate whether the brain age model captured deviations from nor-
mative aging trajectories, the Random Forest model trained only on CN subjects
was applied to an independent cohort containing CN, MCIl and Dementia subjects.

The trained model, together with the preprocessing pipeline developed dur-
ing training, was applied without further retraining or adaptation. Feature selection,
imputation procedures, and bias correction parameters were preserved exactly as
defined during model development in order to ensure that predictions reflected the
normative aging patterns learned from the healthy population. Brain age predic-
tions were then generated for all diagnostic groups, and BAG values were calcu-
lated as the difference between predicted brain age and chronological age.

Group-level analyses were subsequently performed to characterize differ-
ences in BAG across diagnostic categories. Summary statistics were computed
separately for CN, MCI, and Dementia subjects, and BAG distributions were visu-
alized using box plots in order to examine potential shifts in predicted brain age
between groups.

To evaluate whether diagnostic status was associated with BAG indepen-
dently of demographic factors, an ordinary least squares regression model was
fitted using BAG as the dependent variable and diagnostic group, chronological
age, and sex as predictors. Diagnostic group was treated as a categorical variable
with cogni-tively normal subjects serving as the reference category. The resulting
regression framework allowed assessment of whether MCIl and Dementia subjects
exhibited significantly different BAG values after accounting for potential age and

sex related effects.

3.9 Ethical Considerations

The present study was conducted as a retrospective secondary analysis of
data obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI). ADNI
data are collected under institutional review board approval at participating cen-
ters, and participants provide informed consent through the ADNI study proce-

dures. Since the present thesis used de-identified data obtained through the ADNI
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platform, no additional participant recruitment or local clinical intervention was per-
formed.

The analysis used ADNI data available through controlled access upon ap-
plication to the ADNI platform. The analytical code developed for this thesis is not
publicly released at the time of submission but may be made available upon rea-
sonable request. No formal study protocol was prospectively prepared, and the
study was not registered in a clinical trial or prediction model registry. This thesis
received no specific external funding, and the author declares no conflicts of inter-
est. Patients or members of the public were not directly involved in the design,
conduct, analysis, interpretation, or reporting of this MSc thesis.

No dedicated fairness or health-inequality analysis was performed in this
thesis. However, age and sex were described during cohort characterization, and
age and sex were included as covariates in the normative modelling regression

analysis when assessing diagnostic group differences in Brain Age Gap.
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4. Results

This chapter presents the experimental results obtained from the brain age
prediction framework developed in this thesis. It first reports the predictive perfor-
mance of the evaluated machine learning models using cross-validation and inde-
pendent test-set metrics. It then presents the hyperparameter optimization analy-
sis, the global and local explainability results, the SHAP stability analysis, and the
longitudinal evaluation findings. Finally, the chapter reports the normative mod-
elling results in clinical populations and summarizes the main findings before their

interpretation in Chapter 5.

4.1 Models Performance

This section presents the predictive performance of the five machine learn-
ing models evaluated in this study, namely Random Forest, SVR, GPR, Elastic
Net, and Ridge Regression. Performance was assessed using MAE, Pearson cor-

relation and BAG dispersion on the independent test set.

Figure 4.1 compares the cross-validation and test-set MAE values obtained
by each model. Cross-validation performance was relatively consistent across all

five methods, with mean MAE values ranging from 4.12 to 4.22 years.

Model Comparison — CV MAE vs Test MAE
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Figure 4.1: Cross-validation and independent test-set MAE for the evaluated brain age
prediction models.
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The lowest cross-validation MAE was achieved by GPR (4.123 years), fol-
lowed closely by Random Forest (4.184 years), SVR (4.192 years), Elastic Net
(4.193 years), and Ridge Regression (4.222 years). The small differences ob-
served among the cross-validation errors suggest that all models achieved a com-
parable level of predictive accuracy during model development.

When evaluated on the independent test set, Elastic Net achieved the low-
est prediction error, with a raw MAE of 4.709 years, closely followed by Random
Forest (4.734 years) and Ridge Regression (4.750 years). SVR and GPR pro-
duced slightly higher test-set errors of 4.995 and 4.842 years, respectively. Follow-
ing bias correction, the MAE remained unchanged for Random Forest but in-
creased for the remaining models, particularly for Elastic Net and Ridge Regres-
sion, indicating that bias correction did not improve predictive accuracy in terms of

absolute error for these methods.
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Figure 4.2: Pearson correlation between predicted and chronological age for each brain
age prediction model.

Pearson correlation coefficients between predicted and chronological age
are shown in Figure 4.2.Correlation values ranged from 0.540 to 0.584 across
models, indicating a moderate positive association between predicted and true
age. The highest correlation was achieved by Elastic Net (r = 0.584), followed by
Ridge Regression (r = 0.575) and GPR (r = 0.574). SVR (r = 0.550) and Random
Forest (r = 0.540) exhibited slightly lower correlations. As expected, bias correction
did not alter the correlation coefficients since the procedure applies a linear ad-

justment to the predictions.
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Model Comparison — BAG Dispersion
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Figure 4.3: Standard deviation of the Brain Age Gap distribution for each machine learn-
ing model.

To assess the variability of prediction errors across individuals, the standard
deviation of the Brain Age Gap distribution was calculated for each model (Figure
4.3). Lower BAG dispersion indicates more concentrated prediction errors and
greater stability of age estimates. SVR achieved the lowest BAG dispersion (6.054
years), followed closely by Random Forest (6.083 years). GPR produced a some-
what wider distribution (6.482 years), while Elastic Net (7.021 years) and Ridge
Regression (7.059 years) exhibited the highest variability.

Overall, the results indicate that no single model consistently outperformed
all others across every evaluation metric. Random Forest achieved the lowest test-
set MAE, Elastic Net produced the highest age correlation, and SVR exhibited the

smallest BAG dispersion.

4.1.1 Comparison with State-of-the-Art Brain Age Prediction Stud-
ies

To place the present model performance in context, the results were com-
pared with selected state-of-the-art and alternative brain age prediction studies
(Table 4.1). Direct numerical comparison should be interpreted cautiously because
reported performance depends on several factors, including cohort size, age

range, scanner and site variability, preprocessing pipeline, input representation,
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model architecture, and validation strategy. Nevertheless, such comparison is use-
ful for evaluating whether the observed results are consistent with the broader lit-

erature and for clarifying the methodological contribution of the present framework.

Study Data / Input Represen- Methodology Reported Performance Main Comparison with Present Thesis
tation
Present thesis ADNI; FreeSurfer-derived re-  Random Forest, SVR, Test-set MAE below 5 years; Pear- Moderate correlations and non-SOTA accuracy, but inter-
gional morphometric features  Elastic Net, Ridge Regres-  son r approximately 0.54-0.58 pretable feature-based framework with explainability, longi-
sion, GPR tudinal reliability, and normative clinical analysis
Han et al. [17 HCP, Cam-CAN, and IXI; 27 traditional machine HCP: MAE 2.75-3.12, r 0.11-0.42; Demonstrates that morphometric ML performance varies
FreeSurfer-derived brain learning models Cam-CAN: MA strongly across datasets and age ranges; present MAE is

morphometric measures 0.64-0.85; IXI: MAE 8.04-9.86, r lower than Cam-CAN/IXI but Pearson r is more modest
0.63-0.79

De Bonis et al. [20 OpenBHB multisite dataset; Morphometric DNN Independent test-set MAE 3.21 Shows that both morphometric neural networks and image-
FreeSurfer morphometric pipeline and 3D CNN with morphometric DNN and based CNNs can outperform the present models in accuracy
features and minimally pre- pipeline 3.08 with DenseNet-121: corrected  while also emphasizing the importance of XAl
processed T1-weighted MRI global r values above 0.90
images

Peng et al. [28] UK Biobank and PAC 2019; Lightweight 3D CNN / MAE 2,14 years in UK Biobank Represents image-based deep learning SOTA accuracy; sub.

T1-weighted MRI images SFCN MAE 2.90 years in PAC 2019 stantially

{ predictive performance than the present
feature-based ML framework

Table 4.1: Contextual comparison between the present thesis and selected brain age
prediction studies.

Overall, the comparison shows that the present approach does not achieve
state-of-the-art prediction accuracy when evaluated against large-scale image-
based deep learning models. The Pearson correlations are also moderate com-
pared with studies using broader age ranges or larger training cohorts. However,
the comparison also shows that performance values in brain age prediction vary
substantially across datasets and input representations. For example, Han et al.
reported low correlations in the HCP dataset despite low MAE values, while higher
correlations but larger MAE values were observed in broader age-range datasets
[16]. This illustrates that Pearson correlation and MAE are influenced by different
dataset properties and should not be interpreted in isolation.

The main contribution of the present thesis therefore lies not in outperform-
ing deep learning models in prediction accuracy, but in providing an interpretable
morphometric machine learning framework. By using FreeSurfer-derived regional
features, the models produced predictions that could be linked directly to anatomi-
cal structures through SHAP values, permutation importance, and coefficient-
based analyses. This feature-based design also enabled systematic evaluation of
hyperparameter sensitivity, longitudinal reliability, and normative deviations in MCI

and Dementia subjects. Thus, the present framework trades state-of-the-art im-
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age-based accuracy for greater anatomical interpretability, lower model complexity,

and broader methodological evaluation.

4.2 Hyperparameter Optimization Analysis

To investigate the influence of model configuration on predictive perfor-
mance, the relationship between selected hyperparameters and cross-validation
mean absolute error (CV MAE) was examined for each machine learning model.
Figures 4.4-4.9 summarize the performance obtained across the evaluated hy-
perparameter combinations.

For the Random Forest model (Figure 4.4), predictive performance was rel-
atively stable across the explored parameter values. The lowest CV MAE was
achieved when using a smaller subset of features at each split (max_features =
0.3 or 0.5) combined with a minimum leaf size of one sample. Increasing the min-
imum leaf size produced only minor changes in performance, while the use of
max_features = sqrt consistently resulted in slightly higher prediction errors.

Random Forest — Hyperparameters vs CV MAE
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4.26 —8— max_features=0.3
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4.22

4.20 A
P——— ]

1 2 5
min_samples_leaf

4.18

Figure 4.4: Cross-validation MAE of the Random Forest model as a function of
min samples_ leaf and max_features
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The SVR model exhibited greater sensitivity to hyperparameter selection.
As shown in Figure 4.5 , increasing the regularisation parameter C substantially
improved performance when the kernel parameter was set to gamma = scale. The
CV MAE decreased from approximately 4.65 years at C=1 to around 4.20 years
for larger values of C, after which performance plateaued. In contrast, alternative
gamma values (0.01, 0.03, and 0.1) resulted in substantially higher prediction er-

rors across all tested values of C.

SVR-RBF — C and Gamma vs CV MAE
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Figure 4.5: Cross-validation MAE of the SVR model for different combinations of the reg-
ularization parameter C and gamma.

The analysis of the € parameter (Figure 4.6) demonstrated only negligible
variation in CV MAE, indicating that model performance was largely insensitive to

the explored epsilon values.
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SVR-RBF — Epsilon vs CV MAE
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Figure 4.6: Effect of the epsilon parameter on SVR cross-validation performance.

For Elastic Net regression (Figure 4.7), both the regularization strength (Al-
pha) and the L1 ratio influenced predictive accuracy. Across all tested L1 ratios,
performance improved as a increased from 107-2 to intermediate values.

ElasticNet — Alpha and L1 Ratio vs CV MAE
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Figure 4.7: Cross-validation MAE of the Elastic Net model across different values of Al-
pha and L1 ratio.
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The lowest CV MAE was observed for moderate regularization strengths,
while larger values of a led to a gradual deterioration in performance, particularly
for higher L1 ratios. Overall, the results suggest that a balance between L1 and L2
regularization produced the most favorable predictive performance.

The Ridge Regression model demonstrated a clear dependence on the
regularization parameter Alpha (Figure 4.8). Increasing a from very small values
substantially reduced CV MAE, with performance improving continuously until ap-
proximately a=500. Beyond this point, only minimal changes were observed, sug-
gesting that the model reached a stable operating region for larger regularization

strengths.

Ridge — Alpha vs CV MAE
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Figure 4.8: Cross-validation MAE of the Ridge Regression model as a function of
the regularization parameter Alpha.

Finally, the GPR model showed limited sensitivity to most kernel configura-
tions evaluated in this study (Figure 4.9). The majority of tested kernel parameter
combinations achieved identical cross-validation performance (CV MAE = 4.123

years), indicating that the predictive accuracy of the model was largely robust to
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Figure 4.9: Cross-validation performance of the evaluated Gaussian Process Regression
kernel configurations.

4.3 Explainability Results

To investigate the neuroimaging features contributing to brain age predic-

tion, multiple explainability approaches were applied to the trained models. Global
feature importance was assessed using SHAP values, permutation importance,
and Elastic Net coefficients, while the robustness of SHAP-based rankings was

evaluated across multiple random seeds. In addition, local explanations were ex-
amined for representative subjects with highly negative, near-zero, and highly pos-
itive BAG values. The results of these analyses are presented in the following sec-

tions.

4.3.1 Global Feature Importance
Global feature importance was investigated using SHAP values, permuta-
tion importance, and Elastic Net coefficients. Figures 4.10—4.13 summarize the

most influential features identified by each approach.
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The Random Forest SHAP analysis identified White Matter Hypointensities
(SV) as the most influential feature, followed by ventricular measures including the
right inferior lateral ventricle, third ventricle, and left inferior lateral ventricle (Figure
4.10). Additional highly ranked features included the left accumbens area, bilateral
lateral ventricles, superior temporal regions, thalamus, precuneus, choroid plexus,

and hippocampus.

random_forest: SHAP Importance (Top 20)
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Figure 4.10: Top 20 Random Forest features ranked by mean absolute SHAP value.

The SHAP summary (beeswarm) plot (Figure 4.11) further illustrated the
contribution of individual feature values to model predictions. Features identified
as highly important in the SHAP ranking also exhibited the largest spread of SHAP
values, indicating a stronger influence on predicted brain age across subjects.

Permutation importance analysis produced a similar ranking (Figure 4.12).
White Matter Hypointensities (SV) remained the most influential feature, followed
by ventricular measures and subcortical structures. Several cortical regions, in-
cluding temporal, orbitofrontal, and precuneus regions, were also consistently rep-
resented among the highest-ranked features.

For the Elastic Net model, feature importance was assessed using stan-

dardized model coefficients (Figure 4.13). The largest positive coefficients were
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associated with the third ventricle, White Matter Hypointensities (SV), brainstem
volume, and orbitofrontal regions, whereas the strongest negative coefficients
were observed for the accumbens area, thalamus, hippocampus, precuneus, and

superior temporal regions.
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Third Ventricle (SV) . . oo 3
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L Thalamus (SV)
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Feature value
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Figure 4.11: SHAP summary (beeswarm) plot showing the distribution of feature contribu-
tions across subijects.
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random_forest: Permutation Importance (Top 20)
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Figure 4.12: Top 20 Random Forest features ranked by permutation importance.

elasticnet: Top 20 Coefficients (Standardized)
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Figure 4.13: Top positive and negative standardized Elastic Net coefficients.
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To identify features that were consistently important across multiple ex-
plainability methods, a consensus ranking was computed (Figure 4.14). White
Matter Hypointensities (SV), ventricular measures, the accumbens area, thalamus,
hippocampus, precuneus, choroid plexus, and superior temporal regions appeared

among the highest-ranked features in the combined analysis.

Global Feature Consensus (Top 20)
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Figure 4.14: Consensus feature ranking derived from SHAP values, permutation impor-
tance, and Elastic Net coefficients.

To quantify the agreement between the different explainability approaches,
the overlap between the top 20 features identified by SHAP, permutation impor-
tance, and Elastic Net coefficients was evaluated (Table 4.2). SHAP and Elastic
Net exhibited the greatest agreement, sharing 12 of their top 20 features (Jaccard
similarity = 0.429), followed by SHAP and permutation importance, which shared
10 features (Jaccard similarity = 0.333). Permutation importance and Elastic Net
showed lower agreement, with 7 common features (Jaccard similarity = 0.212).
Overall, seven features were identified among the top 20 features by all three
methods.
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Comparison Shared Features Jaccard Similarity

SHAP vs Permutation Importance 10 0.333
SHAP vs Elastic Net 12 0.429
Permutation Importance vs Elastic Net 7 0.212
Common to all three methods 7 -

Table 4.2: Overlap and Jaccard similarity between SHAP, permutation importance, and
Elastic Net feature rankings

The seven features identified among the top 20 features by all three ex-
plainability methods were White Matter Hypointensities (SV), Third Ventricle (SV),
Left Accumbens Area (SV), Left Hippocampus (SV), Left Thalamus (SV), Right
Precuneus (TA), and Right Superior Temporal (TA)

4.3.2 SHAP Stability Analysis

To assess the robustness of the SHAP-based feature rankings, the Random
Forest model was retrained using five different random seeds and feature impor-
tance rankings were compared.

Figure 4.15 presents the pairwise similarity matrix of SHAP importance val-
ues across seeds. Similarity values remained consistently high across all seed
combinations, ranging from approximately 0.995 to 0.998. The mean pairwise cor-
relation of SHAP importance values across seeds was 0.997, indicating a high de-

gree of consistency in the resulting feature rankings.

RF SHAP Importance Stability Across Seeds 1000

l .
0.999

0.998

0.997

67
0.996

0.995

1 7 21 67 99
Seed

Figure 4.15: Pairwise correlation matrix of SHAP feature importance values across five
random seeds.
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Stability was further evaluated by examining the overlap of the highest-
ranked features across runs. The mean overlap among the top 10 features was
0.900, while the mean overlap among the top 20 features was 0.945. These re-
sults demonstrate that the most influential features identified by the Random For-

est model remained highly consistent across different random initializations.

4.3.3 Local Explanations

Local explainability was examined using representative subjects selected
from three Brain Age Gap (BAG) categories: highly negative BAG, near-zero BAG,
and highly positive BAG.

Figures 4.16 — 4.21 present the local SHAP explanations for the selected
subjects. For each case, the contribution of individual neuroimaging features to the
final brain age prediction was visualized. Subjects with highly positive BAG values
exhibited a greater contribution from features that increased predicted brain age,
whereas subjects with highly negative BAG values showed a larger contribution
from features that reduced predicted brain age. Cases with BAG values close to

zero displayed a more balanced distribution of positive and negative feature con-

tributions.
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Figures 4.16 - 4.21: SHAP waterfall plots for representative subject cases: 2 with highly
negative BAG, 2 with near zero BAG an 2 with highly positive BAG.
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4.4 Longitudinal Stability Evaluation

The longitudinal evaluation was conducted to assess both the short-term
stability and long-term sensitivity of the investigated brain age prediction models.
Short-term analyses were based on repeated scans acquired within six months,
whereas long-term analyses utilized scan pairs separated by approximately three

years.

4.4.1 Short-Term Stability

Short-term test-retest results are summarized in Table 4.3. All models
demonstrated strong agreement between repeated measurements, with Pearson
correlation coefficients exceeding 0.88 and Concordance Correlation Coefficients
exceeding 0.88 across both longitudinal subsets.

The Random Forest model exhibited the highest short-term stability, achiev-
ing Pearson correlations of 0.951 and 0.954 in the raw and clean subsets, respec-
tively. It also produced the smallest mean absolute BAG differences, below one
year in both subsets. Similarly, the SVR model demonstrated strong repeatability,
with correlations above 0.93 and mean absolute BAG differences close to one
year.

Linear models showed slightly lower stability. Elastic Net and Ridge
achieved correlations ranging from 0.90 to 0.92, with mean absolute BAG differ-
ences between 2.3 and 2.5 years. GPR produced the lowest repeatability among
the evaluated models, although correlation and agreement metrics remained high
overall.

Across all models, results obtained from the clean subset were marginally

improved relative to the raw subset.

Raw Subset Clean Subset
Model N r CCC MAEDif N r CCC MAE Diff
Elastic Net 206 0.902 0.900 2.485 183 0.910 0.910 2.396
Ridge 206 0.906 0.904 2.410 183 0.915 0.914 2.330
Random Forest 206 0.951 0.947 0.899 183 0.954 0.950 0.893
SVR 206 0.934 0.933 1.180 183 0.956 0.953 1.038
GPR 206 0.881 0.880 1.816 183 0.897 0.896 1.726

Table 4.3: Short-term test-retest stability results for all brain age prediction models.
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4.4.2 Long-Term Sensitivity

Long-term sensitivity results are presented in Table 4.4. Correlations be-
tween chronological age change and predicted brain age change were generally
modest across all models and longitudinal subsets.

Random Forest achieved the highest correlations, reaching 0.125 in the full
longitudinal cohort and 0.158 in the clean subset. It also produced the lowest pre-
diction error for age change, with MAE values close to two years. Ridge and Elas-
tic Net achieved similar performance, with correlations around 0.08-0.11 and MAE
values between 2.9 and 3.2 years.

SVR and GPR demonstrated weaker associations between chronological
age change and predicted age change. Correlation coefficients remained close to
zero across all subsets, despite MAE values comparable to those observed in the
linear models.

Restricting the analysis to the clean subset generally resulted in slightly
higher correlations and lower prediction errors, whereas the tight subset produced

similar overall conclusions.

All Clean Tight
Model N r MAE Change N r MAE Change N r MAE Change
Elastic Net 514  0.080 3.054 384 0.106 2.976 329 0.066 3.167
Ridge 514  0.080 3.002 384 0.108 2.922 329 0.071 3.083
Random Forest 514 0.125 2.061 384 0.158 1.982 329 0.033 2.033
SVR 514  0.000 2.339 384 -0.036 2.313 329 0.008 2.506
GPR 514 0.025 2.412 384 0.021 2.351 329 0.034 2.508

Table 4.4: Long-term sensitivity results across all longitudinal subsets.

Although correlations between chronological age change and predicted age
change were generally low across all models, positive mean predicted age
changes were observed in every case (Table 4.5). The average chronological age
increase in the clean longitudinal subset was 2.72 years. Ridge and Elastic Net
produced mean predicted age changes of 2.59 and 2.53 years, respectively,
whereas Random Forest, SVR, and GPR produced smaller average increases of
1.06, 0.76, and 1.57 years. These findings indicate that all models detected age-
related progression at the cohort level, although substantial differences were ob-

served in the magnitude of the predicted change.
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Model Pearson r MAE Change (years) Mean AAge (years) Mean APredicted Age (years)

Ridge 0.108 2.92 2.72 2.59
Elastic Net 0.106 2.97 2.72 2.53
Random Forest 0.158 1.98 2.72 1.06
SVR -0.036 2.31 2.72 0.76
GPR 0.021 2.35 2.72 1.57

Table 4.5: Comparison of observed and predicted age progression in the clean longitudi-
nal subset.

4.5 Normative Modelling on Clinical Subjects

To evaluate whether the trained brain age model captured deviations from
normative aging trajectories, the Random Forest normative model was applied to
an independent cohort containing cognitively normal (CN), mild cognitive impair-
ment (MCI), and Dementia subjects. Brain Age Gap (BAG) values were subse-
quently analysed across diagnostic groups in order to determine whether subjects
with cognitive impairment exhibited evidence of accelerated brain aging relative to
the healthy reference population.

The normative modeling cohort consisted of the 159 CN test subjects, 550
MCI subjects, and 166 Dementia subjects. Mean chronological age increased
across diagnostic groups, with average ages of 68.78 years for CN subjects, 71.39

years for MCI subjects, and 73.60 years for Dementia subjects (Table 4.6).

Group N Mean Age SD Median Age

CN 159 68.78 7.16 68.34
MCI 550 71.39 7.75 71.85
Dementia 166 73.60 8.11 74.69

Table 4.6: Demographic characteristics of the normative modeling cohort across diagnos-
tic groups.

Group-level BAG statistics revealed a progressive increase in predicted
brain age across diagnostic categories (Table 4.7 and Figure 4.22). CN subjects
exhibited a mean BAG close to zero (-0.20 years), indicating that predictions were
well calibrated for the healthy reference population. In contrast, MCI subjects
showed a positive mean BAG of 0.95 years, while Dementia subjects exhibited the
largest mean BAG of 2.34 years. The boxplot distributions further demonstrated an

upward shift in BAG values from CN to MCI and Dementia groups.
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BAG by Diagnostic Group
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Figure 4.22: Distribution of Brain Age Gap (BAG) across diagnostic groups. Positive BAG
values indicate brains predicted to be older than chronological age.

Group N Mean BAG SD Median BAG

CN 159 -0.20 6.08 -0.69
MCI 550 0.95 5.71 0.92
Dementia 166 2.34 7.11 1.93

Table 4.7: Brain Age Gap (BAG) statistics across diagnostic groups. Positive BAG values
indicate brains predicted to be older than chronological age.

The association between diagnostic status and BAG was further evaluated
using an ordinary least squares regression model adjusting for chronological age
and sex. Relative to CN subjects, MCI subjects exhibited significantly elevated
BAG (Table 4.8) values (B = 2.54), while Dementia subjects showed an even larg-
er increase (B = 5.29). These findings indicate that the relationship between diag-
nostic status and BAG remained significant after accounting for demographic co-

variates.
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Predictor /3 95% CI  p-value

MCI 2.54 [1.85,3.23] < 0.001
Dementia  5.29 [4.43,6.14] < 0.001
Age -0.62 [-0.65,-0.58] < 0.001
Sex -1.19 [-1.71,-0.67] < 0.001

Table 4.8: Results of the ordinary least squares regression model examining the associa-
tion between diagnostic group and Brain Age Gap (BAG) after adjustment for age and
sex. Cognitively normal (CN) subjects served as the reference category.

Overall, normative model predictions revealed progressively larger BAG
values in clinically impaired groups. Both the descriptive analyses and the adjust-
ed regression model demonstrated higher BAG values in MCl and Dementia sub-

jects compared with cognitively normal individuals.

4.6 Summary of Findings

This chapter presented the results obtained from the machine learning
models developed for brain age prediction. Among the evaluated models, Random
Forest achieved the strongest overall predictive performance, obtaining the lowest
prediction error after age correction. Hyperparameter optimization analysis
demonstrated that model performance was influenced differently by individual hy-
perparameters, with some algorithms exhibiting greater sensitivity to parameter
selection than others.

Explainability analyses revealed consistent identification of biologically
plausible brain regions and structures associated with aging. The stability analysis
demonstrated high reproducibility of the SHAP-based feature importance rankings
across different random seeds, supporting the robustness of the interpretability re-
sults.

Longitudinal evaluation showed strong short-term test—retest reliability for
all models, particularly for Random Forest and SVR. In the long-term analysis, all
models exhibited positive mean increases in predicted brain age over time, al-
though associations between chronological age change and predicted age change
remained relatively weak.

Finally, normative modeling demonstrated progressively higher Brain Age
Gap values across diagnostic groups. Both MCIl and Dementia subjects exhibited

significantly elevated BAG compared with cognitively normal individuals after ad-
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justment for age and sex, suggesting that accelerated brain aging is associated
with cognitive impairment and dementia.

The implications of these findings are discussed in the following chapter.
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5 Discussion

This chapter interprets the findings presented in Chapter 4 and discusses
their methodological, biological, and clinical implications. It examines the perfor-
mance of the evaluated models, the effect of hyperparameter optimization, the
neuroanatomical relevance of the explainability findings, the longitudinal stability of
the predictions, and the normative modelling results in clinical subjects. The chap-
ter also relates the findings to previous brain age prediction literature and high-

lights the strengths, limitations, and broader significance of the study.

5.1 Models Performance

The results demonstrate that all five machine learning models achieved re-
markably similar levels of predictive accuracy during model development, as re-
flected by the narrow range of cross-validation MAE values. This finding suggests
that the FreeSurfer-derived structural MRI features contained a robust age-related
signal that could be exploited effectively by multiple learning algorithms. In brain
age prediction studies, feature representation is often a major determinant of per-
formance, and when informative neuroanatomical features are available, differ-
ences between model architectures may become less pronounced [6, 15].

Although cross-validation performance was highly comparable across mod-
els, differences emerged when evaluation was performed on the independent test
set. Random Forest achieved the lowest test-set MAE, whereas Elastic Net and
Ridge Regression produced the strongest correlations with chronological age. The
fact that different models performed best according to different metrics highlights
an important consideration in brain age research: no single metric fully character-
izes model quality. Mean Absolute Error measures the average magnitude of pre-
diction errors, while Pearson correlation evaluates the degree to which predicted
ages preserve age-related ordering across individuals. Consequently, models with
similar prediction errors may exhibit substantially different correlation structures,

and vice versa.
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The strong test-set performance of Random Forest (MAE after bias correc-
tion: 4.737) may reflect its ability to model nonlinear relationships between struc-
tural brain features and chronological age. Neurobiological aging is characterized
by heterogeneous trajectories across brain regions, with different cortical and sub-
cortical structures exhibiting distinct rates and patterns of age-related change [5,
6]. Consequently, methods capable of capturing nonlinear feature interactions may
offer advantages when modeling complex age-related variation in neuroanatomical
features.Previous comparative work using regional structural MRI features showed
that Random Forest achieved test-set MAEs of 2.83 years in HCP, 8.99 years in
Cam-CAN, and 8.99 years in IXI, compared with the best-performing values of
2.76, 7.08, and 8.05 years, respectively [16].

In contrast, Elastic Net and Ridge Regression achieved the highest correla-
tions with chronological age (Ridge r: 0.575;Elastic Net r : 0.584) despite exhibiting
larger Brain Age Gap (BAG) variability. One possible interpretation is that regular-
ized linear models captured the overall age-related structure of the morphometric
data effectively. However, a high correlation between predicted and chronological
age does not necessarily imply low individual prediction error. Accordingly, predic-
tions may remain strongly associated with chronological age while still showing
substantial variability in subject-level BAG values. The present findings are consis-
tent with this interpretation, as both linear models demonstrated relatively high cor-
relations but also the largest BAG dispersion among the evaluated methods.

The analysis of BAG dispersion provides additional information beyond
conventional prediction metrics. In the brain age literature, BAG is frequently inter-
preted as a potential marker of accelerated or delayed brain aging and is often
used in downstream clinical analyses [4, 5]. Consequently, the stability and vari-
ability of BAG estimates may be as important as prediction accuracy itself. The
relatively low BAG dispersion observed for SVR and Random Forest suggests that
these models produced more concentrated prediction errors across individuals,
potentially yielding more stable estimates of age-related deviation. Although lower
BAG variability does not necessarily imply superior predictive performance, it may
improve the reliability of subsequent analyses that rely on BAG as a biological

marker.

53



An interesting observation was that bias correction increased MAE for most
models, from 4.709—-4.995 years before correction to 4.737-5.641 years after cor-
rection, while leaving correlation coefficients unchanged. This outcome is not un-
expected. The primary objective of bias correction is not to improve age prediction
accuracy but rather to remove systematic age-related dependencies from BAG es-
timates [10]. Age-dependent prediction bias is a well-established phenomenon in
brain age modelling, typically causing younger individuals to be predicted as older
and older individuals to be predicted as younger [5,10]. Correcting this bias im-
proves the interpretability and validity of BAG measurements by reducing their de-
pendence on chronological age, even if it does not always lead to improvements in
conventional prediction error metrics. The present findings therefore suggest a
trade-off between minimizing prediction error and obtaining statistically valid BAG
estimates for downstream analyses.

While the observed MAE values are broadly comparable to those reported
in several studies using regional FreeSurfer-derived features and traditional ma-
chine learning methods, the correlation coefficients obtained in the present study
were relatively modest compared with those achieved by some contemporary
brain age models [16,17]. Several factors may contribute to this result. First, Pear-
son correlation is strongly influenced by the age distribution of the dataset, and re-
duced age variability limits the maximum attainable correlation even when predic-
tion errors remain relatively low [12]. Second, the present study relied exclusively
on summary regional morphometric features rather than higher-dimensional voxel-
wise representations or deep learning approaches, which often achieve stronger
age correlations at the cost of reduced interpretability and substantially greater
computational complexity [7, 19]. Therefore, the moderate correlation values ob-
served here should be interpreted within the methodological context of an explain-
able and computationally efficient modelling framework.

Overall, the results indicate that no single model consistently dominated
across all evaluation criteria. Instead, each algorithm exhibited distinct strengths.
Random Forest achieved the lowest prediction error, Elastic Net produced the
strongest age correlation, and SVR generated the most concentrated BAG distrib-
ution. This pattern suggests that model selection in brain age prediction should be

guided not only by predictive accuracy but also by the intended downstream appli-
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cation. Models optimized for age prediction, biomarker development, explainability,
or clinical interpretation may not necessarily be the same. The findings therefore
support the use of a multi-metric evaluation framework when assessing brain age
models and reinforce the importance of considering both predictive and biological

characteristics of model outputs.

5.2 Comparison with State-of-the-Art and Alternative
Methodologies

The performance of the models developed in this thesis should be inter-
preted in relation to state-of-the-art brain age prediction approaches. The Pearson
correlations obtained in the present study were moderate, ranging approximately
between 0.54 and 0.58 across the evaluated models. Although these values are
lower than those reported in some morphometric brain age studies, they should be
interpreted in the context of dataset characteristics. Han et al. reported correla-
tions of 0.63-0.79 in the IXI cohort and 0.64—-0.85 in Cam-CAN, but also substan-
tially lower correlations of 0.11-0.42 in the HCP cohort despite low prediction error
[16]. This pattern suggests that Pearson correlation can vary markedly across
datasets and is strongly influenced by factors such as age range and cohort com-
position. In the present thesis, the use of an older ADNI sample with a relatively
restricted age distribution likely reduced between-subject age variance, thereby
limiting the attainable correlation despite reasonable prediction error.

In terms of MAE, the present models achieved test-set errors below five
years, which remain above the performance reported by state-of-the-art image-
based deep learning approaches but are not outside the broader range observed
in morphometric machine learning studies. Peng et al. reported MAE values of
2.14 years in UK Biobank and 2.90 years in the PAC 2019 challenge using a light-
weight 3D convolutional neural network trained directly on T1-weighted MRI data
[27]. Similarly, De Bonis et al. reported independent test-set MAE values of 3.21
for a morphometric deep neural network pipeline and 3.08 for an image-based
DenseNet-121 architecture [19]. However, Han et al. reported substantially higher
MAE values in morphometric models applied to the Cambridge Centre for Ageing

and Neuroscience (Cam-CAN) dataset (7.08—10.50 years) and the Information eX-

55



traction from Images (I1XI) dataset (8.04—9.86 years), while reporting considerably
lower MAE values for the Human Connectome Project (HCP) dataset [16].Taken
together, these findings indicate that the present thesis did not achieve state-of-
the-art predictive accuracy, particularly relative to large image-based deep learning
models, but nevertheless produced competitive performance within the context of
interpretable morphometric machine learning, while additionally incorporating ex-
plainability, longitudinal reliability analysis, and normative clinical evaluation.
However, this comparison should not be interpreted as a direct like-for-like
benchmark. Brain age prediction performance depends strongly on dataset com-
position, sample size, age range, scanner and site variability, preprocessing strat-
egy, input representation, model architecture, and validation design. This is evi-
dent in the study by Han et al., where the same morphometric machine learning
framework produced markedly different performance across datasets: the younger
and age-restricted HCP dataset showed low MAE but weak correlations (MAE =
2.75-3.12 years; r = 0.11-0.42), whereas the broader age-range Cam-CAN
dataset showed higher correlations but larger errors (MAE = 7.08-10.50 years; r =
0.64-0.85), as did the IXI dataset (MAE = 8.04-9.86 years; r = 0.63—-0.79) [17].
The main advantage of the present methodology is not state-of-the-art pre-
diction accuracy, but interpretability and methodological transparency. Image-
based deep learning models can learn spatially rich representations directly from
MRI volumes and generally achieve stronger predictive performance when trained
on large datasets [27]. However, these models are usually more complex and less
directly interpretable than feature-based approaches. In contrast, the present the-
sis used FreeSurfer-derived regional morphometric features, which correspond to
named cortical and subcortical structures. This allowed the resulting predictions to
be interpreted through SHAP values, permutation importance, and Elastic Net co-
efficients, linking model behaviour to biologically meaningful anatomical patterns.
This interpretability-oriented design is consistent with recent work empha-
sizing that brain age models should be evaluated not only by accuracy, but also by
the interpretability and clinical usability of their explanations. De Bonis et al. direct-
ly compared morphometric and deep learning brain age pipelines and found strong
performance for both approaches, while also showing that SHAP provided more

consistent and interpretable explanations than some image-based XAl methods
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[19]. This supports the broader rationale of the present thesis: although image-
based deep learning approaches may provide superior predictive accuracy, mor-
phometric feature-based models remain valuable when the objective includes
anatomical interpretability, explanation stability, computational simplicity, and clini-
cal contextualization.

Therefore, the present thesis should be viewed as complementary to state-
of-the-art deep learning approaches rather than as a direct competitor to them.
Deep learning and image-based models currently represent stronger approaches
for minimizing MAE and maximizing correlation with chronological age. The
present framework instead prioritizes transparent model comparison, interpretable
feature attribution, hyperparameter sensitivity analysis, longitudinal reliability as-
sessment, and normative modelling in clinical groups. This distinction is important
because the practical value of a brain age model depends not only on its cross-
sectional prediction accuracy, but also on whether its outputs are interpretable, re-

liable, and clinically meaningful.

5.3 Hyperparameter Optimization Analysis

The hyperparameter optimization results revealed substantial differences in
how sensitive the evaluated machine learning models were to parameter selection.
While certain algorithms exhibited pronounced performance changes across the
explored search space, others remained remarkably stable. This finding is impor-
tant because hyperparameter sensitivity influences not only predictive perfor-
mance but also model robustness, reproducibility, and ease of deployment in fu-
ture brain age prediction applications.

This observation is consistent with previous brain age prediction studies
showing that methodological and modelling choices can influence predictive per-
formance. Franke et al. explicitly examined the influence of different parameter
settings in MRI-based age estimation using kernel methods, demonstrating that
model configuration is an important component of brain age model development
[14]. Similarly, comparative studies using structural morphometric data have
shown that different machine learning algorithms can achieve different levels of

performance depending on the feature representation and modelling strategy used
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[15,16]. Within this context, the present hyperparameter analysis provides addi-
tional information beyond final model accuracy by showing how stable or sensitive
each algorithm was across the explored search space.

Among the evaluated methods, Random Forest demonstrated relatively lim-

ited sensitivity to the explored hyperparameter combinations. Only modest differ-

ences in cross-validation MAE were observed across variations of min_sam-

ples leaf and max features, suggesting that the model was able to extract

a stable age-related signal regardless of minor adjustments to tree complexity. The
slightly improved performance obtained with smaller feature subsets at each split
may reflect one of the core strengths of ensemble tree methods. By restricting the
number of candidate features available during tree construction, greater diversity
is introduced among individual trees, reducing correlation between ensemble
members and potentially improving generalization performance .The overall stabili-
ty observed for Random Forest is consistent with the robustness observed in the
present experiments.

In contrast, SVR exhibited substantially greater sensitivity to hyperparame-
ter selection. The most notable effect was observed for the interaction between the
regularization parameter C and the kernel parameter gamma. Performance im-
proved considerably as C increased when gamma was set to its default scale val-
ue, whereas alternative gamma settings consistently produced inferior results.
This behaviour is expected given the role of these parameters in controlling model
flexibility. The parameter C determines the degree to which training errors are pe-
nalized, while gamma controls the locality of the radial basis function kernel. In
high-dimensional neuroimaging feature spaces, inappropriate gamma values can
lead either to excessive smoothing and underfitting or to highly localized decision
functions that generalize poorly. The strong dependence on gamma observed in
the present study suggests that kernel configuration plays a particularly important
role when applying SVR to FreeSurfer-derived morphometric features.

Interestingly, the epsilon parameter exerted almost no influence on predic-
tive performance within the explored range. Since epsilon defines the width of the
error-insensitive region used during optimization, this finding suggests that the se-
lected values all fell within a range that adequately accommodated the intrinsic

noise present in the data. The negligible performance differences imply that overall
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model complexity and kernel configuration were substantially more influential de-
terminants of predictive accuracy than the precise choice of epsilon. This observa-
tion is consistent with previous neuroimaging studies reporting that SVR perfor-
mance is generally more sensitive to overall parameter selection and model con-
figuration than to minor adjustments of individual hyperparameters [14].

The Elastic Net results demonstrated the importance of balancing model
complexity and regularization. Performance improved as the regularization
strength increased from very small values, indicating that insufficient regularization
likely allowed the model to fit noise or unstable feature-specific variation. However,
performance deteriorated when regularization became excessively strong, particu-
larly for larger L1 ratios. This pattern is consistent with the fundamental objective
of Elastic Net regression, which combines L1 and L2 penalties to simultaneously
perform coefficient shrinkage and feature selection. Moderate regularization ap-
pears to have achieved the most effective trade-off between retaining informative
neuroanatomical features and suppressing noise. The superior performance ob-
served at intermediate parameter values suggests that age-related information
was distributed across multiple correlated structural measurements rather than be-
ing concentrated within a small subset of highly dominant predictors.

A similar regularization effect was observed for Ridge Regression. Increas-
ing the regularization parameter alpha produced a substantial reduction in predic-
tion error before performance eventually plateaued. This behaviour indicates that
the unregularized or weakly regularized models were likely overfitting feature-spe-
cific variation, whereas stronger regularization improved generalization by shrink-
ing coefficient magnitudes and reducing variance . The existence of a broad
plateau at larger alpha values is noteworthy because it suggests that the model
became relatively insensitive to precise parameter selection once an appropriate
level of regularization had been reached. Such behaviour is generally desirable
from a practical perspective, as it reduces the risk of performance degradation due
to minor variations in tuning procedures.

Perhaps the most striking finding emerged from the Gaussian Process Re-
gression analysis. Across the majority of evaluated kernel configurations, nearly
identical cross-validation performance was obtained. This result suggests that the

predictive signal captured by the model was highly robust to the specific kernel pa-
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rameterization explored in this study. One possible interpretation is that the domi-
nant age-related structure present in the FreeSurfer feature space could already
be adequately represented by a broad range of kernel configurations, resulting in
little opportunity for further optimization. Alternatively, the explored kernel search
space may have contained multiple parameter combinations that produced func-
tionally similar covariance structures. Regardless of the precise explanation, the
results indicate that model performance was primarily determined by the available
data rather than by fine-grained kernel tuning.

The differences observed across models also reinforce the importance of
transparent reporting of optimization procedures in brain age prediction. Previous
work has emphasized that brain age estimates can be affected by methodological
factors such as scanner variability, prediction bias, preprocessing pipelines, and
feature representations [11,13,15]. Although the present analysis did not perform
external validation across independent cohorts, the hyperparameter results show
that algorithmic configuration itself represents another source of variability that can
influence model performance. Reporting this behaviour is therefore important be-
cause two models with similar final MAE values may differ substantially in their
sensitivity to parameter choices and, consequently, in their expected robustness
when applied in future studies.

Taken together, the hyperparameter optimization results show that parame-
ter tuning contributed differently to the performance of each algorithm. SVR and
Ridge Regression derived substantial benefit from appropriate hyperparameter se-
lection, whereas Random Forest and GPR exhibited greater robustness across the
explored search space. This pattern is consistent with previous neuroimaging ma-
chine learning studies showing that model performance depends on the interaction
between algorithm choice, feature representation, and optimization strategy
[14,16]. Moreover, the relatively smooth performance trends observed across most
models indicate that the selected FreeSurfer-derived features contained a stable
age-related signal that could be recovered under a range of reasonable model
configurations. These findings support the overall robustness of the developed
brain age prediction framework while also emphasizing the need to report opti-

mization procedures transparently.
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5.4 Explainability Findings

A major objective of this thesis was not only to predict chronological age but
also to understand which neuroanatomical features contributed to the resulting
brain age estimates. This is particularly important in brain age research, where
predictive performance alone provides limited insight into the biological processes
underlying model predictions. By combining SHAP values, permutation impor-
tance, Elastic Net coefficients, consensus ranking, stability analysis, and local ex-
planations, the present study sought to evaluate both the biological plausibility and
robustness of the learned age-related patterns.

This approach is consistent with recent work emphasizing the role of ex-
plainability in brain age prediction. SHAP has been proposed as a useful frame-
work for interpreting individual model predictions because it assigns feature-level
contributions to each prediction [23], and previous brain age studies have used
explainability methods to interpret anatomical contributors to predicted brain age
[21,22]. More recently, comparative work has highlighted the need to evaluate not
only the predictive accuracy of brain age models but also the interpretability of the
learned neuroanatomical patterns, particularly when comparing morphometric and
deep learning pipelines [19]. Within this context, the present analysis contributes
by combining multiple complementary explanation methods rather than relying on
a single attribution technique.

One of the most notable findings was the consistent importance of White
Matter Hypointensities and ventricular measures across all explainability ap-
proaches. White Matter Hypointensities emerged as the highest-ranked feature in
both SHAP and permutation importance analyses and also occupied the top posi-
tion in the consensus ranking. Ventricular structures, including the third ventricle
and inferior lateral ventricles, were likewise identified as highly influential predic-
tors. The prominence of these features is biologically plausible and consistent with
established neuroimaging studies of aging. Ventricular enlargement is among the
most robust structural markers of age-related brain atrophy and has repeatedly
been associated with both normal aging and neurodegenerative processes [2, 3].
Similarly, white matter abnormalities have been linked to aging, cerebrovascular

burden, cognitive decline, and increased biological brain aging, suggesting that the

61



model captured meaningful age-related variation rather than relying on arbitrary
statistical associations [1, 2].

Beyond ventricular and white matter measures, several subcortical and cor-
tical regions were consistently identified as important. These included the hip-
pocampus, thalamus, accumbens area, precuneus, superior temporal cortex, and
orbitofrontal regions. Many of these structures have previously been implicated in
age-related morphological change. The hippocampus is particularly well known for
exhibiting age-related volume reduction and vulnerability to neurodegenerative
processes, especially in Alzheimer's disease [2, 8]. Likewise, structural alterations
in the thalamus, temporal cortex, precuneus, and frontal regions have been re-
peatedly reported in studies of healthy aging and age-related neurodegenerative
processes[1, 3]. The convergence of these findings with existing neuroimaging lit-
erature provides indirect evidence that the models learned biologically meaningful
representations of aging.

An important aspect of the present analysis was the comparison of multiple
explainability approaches. Although the rankings were not identical, substantial
overlap was observed between SHAP, permutation importance, and Elastic Net
coefficients. Seven features were consistently identified among the top twenty fea-
tures by all three methods, while SHAP and Elastic Net exhibited the greatest
overall agreement. This level of convergence is noteworthy because the three ap-
proaches quantify feature importance using fundamentally different principles.
SHAP evaluates feature contributions to individual predictions, permutation impor-
tance assesses performance degradation after feature perturbation, and Elastic
Net coefficients quantify linear associations between predictors and age. There-
fore, agreement across methods increases confidence that the identified features
reflect genuine age-related information rather than artifacts of a particular explain-
ability technique.

The consensus ranking further strengthened this interpretation by demon-
strating that several neuroanatomical structures remained highly important regard-
less of the underlying explanation method. Rather than relying on a single feature
or anatomical region, the models appeared to integrate information from multiple

complementary markers of brain aging. This finding aligns with current views of
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brain aging as a distributed process affecting numerous interconnected structures
rather than a localized phenomenon confined to a single region [1, 3].

A particularly important result was the exceptionally high stability of SHAP-
based feature importance rankings across random seeds. The mean pairwise cor-
relation of 0.997 and the substantial overlap among the highest-ranked features
indicate that the resulting explanations were highly reproducible. This finding has
important implications for the trustworthiness of explainable artificial intelligence in
neuroimaging. Recent work has emphasized the importance of evaluating the ro-
bustness and consistency of explainability methods when interpreting machine
learning models [19]. In the present study, the identified feature rankings remained
remarkably stable despite repeated model retraining, suggesting that the explana-
tions reflected robust characteristics of the data rather than random fluctuations
introduced by model initialization. Such stability is particularly valuable when ex-
plainability results are intended to support scientific interpretation rather than
merely provide post-hoc visualization.

The local SHAP analyses provided additional support for the global find-
ings. Across subjects with highly positive, near-zero, and highly negative Brain Age
Gap values, the same core set of features repeatedly appeared among the
strongest contributors to individual predictions. White Matter Hypointensities and
ventricular measures were especially prominent in subjects exhibiting markedly
elevated predicted brain age, where they consistently increased model output.This
observation is consistent with the broader literature linking ventricular enlargement
and white matter abnormalities to structural brain aging and neurodegenerative
change [1, 2]. Importantly, the local explanations therefore reinforced the conclu-
sions drawn from the global analyses, demonstrating that the same biologically
plausible features influenced both population-level patterns and individual predic-
tions.

This subject-level interpretation is consistent with previous work highlighting
the value of individual explanations in brain age prediction. Sun et al. applied in-
terpretability analysis to individual brain age predictions based on grey matter vol-
ume, showing that feature attribution can relate subject-level predictions to
anatomical patterns [21]. In the present thesis, local SHAP explanations served a

similar interpretive role by showing how individual BAG values were influenced by
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specific FreeSurfer-derived features. However, these explanations should be in-
terpreted as descriptive model-based interpretations rather than diagnostic evi-
dence for individual subjects.

The local analyses also illustrated the heterogeneous nature of brain age
estimation. Although common features appeared across subjects, the magnitude
and direction of their contributions varied substantially between individuals. Sub-
jects with highly positive Brain Age Gap values tended to exhibit stronger positive
contributions from aging-associated structural markers, whereas subjects with
highly negative Brain Age Gap values displayed a more balanced combination of
positive and negative feature effects. This observation suggests that brain age
predictions arise from the cumulative interaction of multiple anatomical character-
istics rather than being determined by a single dominant biomarker. Such be-
haviour is consistent with the concept of biological brain aging as a multidimen-
sional process involving simultaneous changes across several structural systems
[1, 3].

Overall, the explainability analyses provide evidence that the developed
models relied on neuroanatomical features with established relevance to brain ag-
ing and that these findings were reproducible across multiple explanation meth-
ods, random seeds, and individual subjects. The convergence of global and local
explanations, combined with the exceptionally high stability of the SHAP rankings,
supports the interpretability and biological plausibility of the resulting brain age

predictions.

5.5 Longitudinal Stability

The short-term test—retest analysis demonstrated high agreement between
repeated measurements acquired within six months. Across all models, Pearson
correlation coefficients and Concordance Correlation Coefficients exceeded 0.88,
indicating that predicted brain age remained largely consistent when minimal bio-
logical aging was expected to occur. These findings suggest that the investigated
models primarily captured stable anatomical characteristics rather than random

measurement noise.
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This finding is consistent with the growing emphasis on test-retest reliability
in brain age research. Dorfel et al. compared publicly available brain age predic-
tion tools and highlighted that prediction accuracy and test—retest reliability should
be evaluated together, since accurate models are not necessarily equally reliable
across repeated scans [12]. Similarly, Cole et al. described deep learning-based
brain age prediction from structural MRI as producing a reliable and heritable bio-
marker [7]. In this context, the high short-term agreement observed in the present
study supports the reliability of the generated brain age estimates and strengthens
their suitability for subsequent longitudinal and normative analyses.

Among the evaluated approaches, Random Forest exhibited the strongest
short-term reliability, achieving the highest correlation and agreement values to-
gether with the smallest mean absolute BAG differences. The superior perfor-
mance of Random Forest may be attributable to the ensemble nature of the
method, which reduces variance by aggregating predictions across a large number
of decision trees. This averaging effect can increase robustness to small fluctua-
tions in feature values that may arise from measurement variability or preprocess-
ing differences.

SVR also demonstrated excellent repeatability, producing correlation coeffi-
cients above 0.93 and BAG differences close to one year.This finding is consistent
with the widespread use of SVR in brain age prediction literature, where the
method has frequently served as a reliable baseline due to its ability to capture
nonlinear relationships and achieve strong predictive performance across diverse
neuroimaging datasets [5,14].

Although Elastic Net, Ridge, and GPR produced slightly lower stability met-
rics, their overall agreement remained high. Importantly, even the lowest-perform-
ing model achieved correlations above 0.88, indicating that all investigated ap-
proaches generated relatively stable predictions over short time intervals. This
level of repeatability compares favourably with findings reported in previous longi-
tudinal brain age studies and supports the suitability of these models for ap-
plications requiring reliable individual-level measurements [12].

The modest improvement observed in the clean subset further suggests
that methodological consistency contributes to longitudinal reliability. Because this

subset retained only scan pairs acquired using the same MRI field strength and
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processed with the same FreeSurfer version at both time points, potential sources
of technical variability were reduced. The resulting improvements in correlation
and agreement metrics indicate that differences in acquisition and processing
conditions may influence longitudinal brain age estimates. This finding is consis-
tent with previous studies showing that scanner characteristics and image pro-
cessing pipelines can affect brain age predictions and other MRI-derived biomark-
ers, even when biological changes are minimal [11, 13].

In contrast to the strong short-term results, long-term sensitivity proved
substantially more challenging. Correlations between chronological age change
and predicted brain age change remained relatively low across all models, with
Random Forest achieving the highest values. Although these correlations indicate
that some relationship existed between observed aging and predicted aging, they
also suggest that accurately tracking individual aging trajectories over periods of
approximately three years remains difficult.

Several factors may contribute to the relatively modest long-term correla-
tions observed across models. First, structural brain changes occurring over a pe-
riod of approximately three years are often subtle relative to the substantial inter-
individual variability present in brain morphology [1, 3]. Brain age models are gen-
erally trained to learn cross-sectional age differences spanning several decades
rather than longitudinal trajectories within the same individual. Consequently, the
signal associated with within-subject aging may be considerably weaker than the
cross-sectional age signal used during model development.

Second, although post-hoc bias correction was applied to reduce systemat-
ic age-related prediction bias, models optimized for cross-sectional age prediction
may not fully capture subtle longitudinal changes in brain structure. As a result,
predicted brain age progression may be attenuated relative to true chronological
aging, particularly when structural changes remain small compared with the sub-
stantial variability present across individuals and brain age estimates [12] . Similar
challenges have been reported in previous longitudinal brain age studies, where
strong cross-sectional performance did not necessarily translate into high sensitivi-
ty to short- or medium-term aging trajectories [31, 12].

The present findings also extend previous longitudinal BrainAGE work by

separating short-term stability from longer-term sensitivity. Franke and Gaser ex-
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amined longitudinal changes in BrainAGE in healthy aging, MCI, and Alzheimer’s
disease, demonstrating the relevance of repeated brain age estimation for study-
ing aging and clinical progression [31]. However, the present results show that re-
liable short-term repeatability does not necessarily imply strong sensitivity to subtle
within-subject change over longer intervals. This distinction is also consistent with
Dorfel et al., who emphasized that brain age models can differ in accuracy, reliabil-
ity, and their ability to reflect longitudinal change [12].

Interestingly, Random Forest achieved both the strongest short-term stabili-
ty and the strongest long-term sensitivity among the evaluated models. This sug-
gests that the model was capable of maintaining stable predictions when biological
change was minimal while remaining comparatively responsive to genuine aging-
related variation over longer intervals. Such a combination of properties is desir-
able for longitudinal biomarker applications because it minimizes measurement
noise without completely suppressing meaningful biological signals.

The Random Forest model presents a particularly interesting example of
the trade-off between population-level accuracy and individual-level longitudinal
sensitivity. Although the model underestimated the average magnitude of age pro-
gression, predicting a mean age increase of only 1.06 years compared with the
observed mean chronological increase of 2.72 years, it consistently achieved the
strongest correlations and lowest prediction errors across the longitudinal analy-
ses. This finding suggests that Random Forest may have been more effective at
preserving relative differences between individuals, allowing subjects who experi-
enced greater chronological aging to also exhibit larger predicted brain age in-
creases. In contrast, models such as Ridge and Elastic Net more closely repro-
duced the average cohort-level age progression but showed weaker correspon-
dence at the individual level. From a practical perspective, this distinction may be
important because many potential clinical applications of brain age focus on identi-
fying individuals exhibiting accelerated or delayed brain aging trajectories rather
than precisely reproducing average chronological change across a population [4,
5].

Despite the modest subject-level correlations, all models produced positive
mean predicted age changes across the longitudinal cohort. This finding indicates

that the models successfully detected age-related progression at the population
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level. Notably, Ridge Regression and Elastic Net generated mean predicted age
increases of 2.59 and 2.53 years, respectively, closely matching the observed
mean chronological age increase of 2.72 years. These results suggest that while
accurately capturing individual differences in aging trajectories remains challeng-
ing, certain models were capable of reproducing average cohort-level aging trends
with reasonable accuracy. Consequently, the present findings highlight an impor-
tant distinction between population-level sensitivity and subject-level longitudinal
tracking, with the latter representing a substantially more demanding task for brain
age prediction models [12].

Taken together, the longitudinal analyses indicate that the investigated
models provide highly reliable short-term brain age estimates and are capable of
detecting age-related progression at the cohort level. However, accurately quanti-
fying individual aging trajectories over multi-year intervals remains challenging.
These findings are consistent with an emerging body of literature suggesting that
longitudinal sensitivity may represent one of the most demanding benchmarks for
brain age prediction models and should be considered alongside conventional

cross-sectional performance metrics when evaluating their practical utility [5, 12].

5.6 Normative Modelling on Clinical Subjects

The primary objective of the normative modeling analysis was to determine
whether a brain age model trained exclusively on cognitively normal individuals
could identify deviations from expected aging trajectories in subjects with cognitive
impairment. The results provide evidence that the Random Forest normative mod-
el captured clinically meaningful variation beyond normal aging, as demonstrated
by the progressive increase in Brain Age Gap (BAG) values across diagnostic
groups.

An important observation is that cognitively normal subjects exhibited a
mean BAG close to zero. This finding suggests that the model remained well cali-
brated when applied to an independent healthy population and supports the validi-
ty of the normative modeling framework adopted in this study. Because the model
was trained exclusively on cognitively normal individuals, BAG values close to

zero in the reference group indicate that the learned aging trajectory generalized
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appropriately to unseen healthy subjects rather than systematically overestimating
or underestimating brain age.

In contrast, both MCIl and Dementia groups exhibited progressively larger
positive BAG values. Subjects with MCI demonstrated a mean BAG approaching
one year, whereas Dementia subjects exhibited a mean BAG exceeding two
years. This pattern suggests that individuals with cognitive impairment possessed
brain structural characteristics more commonly associated with older individuals,
resulting in brains that appeared older than expected for their chronological age.
The gradual increase in BAG from CN to MCI and subsequently to Dementia is
consistent with the hypothesis that neurodegenerative processes accelerate bio-
logical brain aging and produce structural changes resembling those observed
during normal aging, albeit at a faster rate [5, 8].

These findings align closely with a large body of brain age literature report-
ing elevated BAG values in individuals with neurodegenerative disorders and cog-
nitive impairment [8, 24]. Previous studies have consistently demonstrated that
Alzheimer's disease patients exhibit older appearing brains relative to cognitively
normal controls, while individuals with MCI typically occupy an intermediate posi-
tion between healthy aging and dementia [8, 31]. The present results therefore
provide additional evidence supporting the biological relevance of BAG as a mark-
er of abnormal brain aging.

The diagnostic ordering observed in the present study is particularly consis-
tent with previous BrainAGE work in cognitive impairment and Alzheimer’s dis-
ease. Franke and Gaser reported longitudinal BrainAGE changes in healthy aging,
MCI, and Alzheimer’s disease, supporting the relevance of repeated brain age es-
timation for monitoring clinical progression [31]. Similarly, Gaser et al. showed that
BrainAGE measures in MCI patients were associated with conversion to
Alzheimer’s disease, indicating that elevated apparent brain age can capture clini-
cally relevant neurodegenerative variation [8]. In this context, the progressive in-
crease in BAG from cognitively normal subjects to MCI and Dementia in the
present analysis is consistent with earlier evidence that brain age deviations reflect
abnormal aging processes associated with cognitive decline.

Importantly, the association between diagnostic status and BAG remained

significant after adjustment for chronological age and sex. This observation
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strengthens the interpretation that the observed group differences were not simply
a consequence of the Dementia and MCI groups being older on average than the
cognitively normal group. Instead, the persistence of significant effects after statis-
tical adjustment suggests that diagnostic status contributed independently to ele-
vated BAG values. In practical terms, the model identified differences in brain ag-
ing that could not be fully explained by normal chronological aging alone.

The magnitude of the regression coefficients further supports the notion of
progressive deviation from normative aging trajectories. Relative to cognitively
normal individuals, MCI subjects exhibited significantly elevated BAG values, while
Dementia subjects demonstrated substantially larger increases. This gradient mir-
rors the expected progression of neurodegenerative disease severity and sug-
gests that BAG may reflect the cumulative burden of pathological brain changes.
Although the present study was not designed to investigate disease mechanisms
directly, the observed pattern is consistent with established evidence linking cogni-
tive decline to widespread cortical thinning, ventricular enlargement, hippocampal
atrophy, and other structural alterations commonly associated with advanced brain
aging [2, 3].

The increasing variability of BAG values observed in the clinically impaired
groups is also noteworthy. Both MCl and Dementia subjects exhibited substantially
larger dispersion compared with cognitively normal individuals. One possible ex-
planation is that neurodegenerative disorders are inherently heterogeneous, with
considerable variation in disease stage, progression rate, underlying pathology,
and individual resilience. Consequently, some clinically impaired individuals may
exhibit relatively modest deviations from normative aging trajectories, whereas
others demonstrate substantially accelerated brain aging. Similar increases in
BAG variability have been reported in studies of heterogeneous clinical popula-
tions, where substantial inter-individual differences in apparent brain aging are
commonly observed [24]

From a methodological perspective, these findings support the utility of
normative modeling as a framework for detecting abnormal brain aging. By learn-
ing expected age-related patterns exclusively from healthy individuals and subse-
quently evaluating deviations from those patterns in independent populations,

normative models provide a biologically interpretable measure of individual brain
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health. Unlike traditional case-control classification approaches, which focus pri-
marily on diagnostic discrimination, normative modeling quantifies the degree to
which an individual's brain deviates from expected healthy aging trajectories [4, 6].

Nevertheless, the observed effect sizes should be interpreted cautiously.
Although the group differences were statistically significant and followed the ex-
pected clinical ordering, the average BAG elevations remained relatively modest in
absolute terms. This finding suggests that while BAG captures meaningful dis-
ease-related variation at the population level, substantial overlap remains between
diagnostic groups. Consequently, BAG should not be viewed as a standalone di-
agnostic marker but rather as a complementary biomarker that may provide addi-
tional information alongside clinical, cognitive, and neuroimaging assessments [4,
5].

Overall, the normative modelling analysis demonstrated that the Random
Forest brain age model was able to identify progressively greater deviations from
normative aging trajectories in MCI and Dementia subjects. The persistence of
these effects after adjustment for age and sex, together with their consistency with
established neurodegenerative aging patterns, supports the potential utility of brain
age as a biologically meaningful marker of abnormal brain aging and cognitive de-
cline [4, 5].
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6. Conclusions and Future Work

This chapter summarizes the main conclusions of the thesis, its limitations
and outlines directions for future research. It first revisits the central findings of the
study in relation to predictive performance, explainability, longitudinal reliability,
and normative modelling in clinical populations. It then discusses the main limita-
tions that should be considered when interpreting the results. Finally, the chapter
proposes future research directions that could extend and strengthen the present

work.

6.1 Conclusions

The prediction of brain age from neuroimaging data has emerged as a
promising approach for quantifying biological brain aging and identifying deviations
from expected aging trajectories. However, the practical value of brain age models
depends not only on predictive accuracy but also on their interpretability, reliability,
and clinical relevance. The primary objective of this thesis was therefore to inves-
tigate whether explainable machine learning methods could provide accurate and
biologically meaningful brain age estimates while also demonstrating robustness
across longitudinal and clinical evaluation settings.

To address this objective, five machine learning models were developed
and evaluated using FreeSurfer-derived structural MRI features from the ADNI
dataset. Model performance was assessed through a comprehensive framework
incorporating predictive accuracy, hyperparameter optimization analysis, explain-
ability assessment, longitudinal evaluation, and normative modeling.

The results demonstrated that all evaluated models achieved comparable
predictive performance, with test-set mean absolute errors below five years and
moderate correlations between predicted and chronological age. Although no sin-
gle model consistently outperformed all others across every evaluation metric,
Random Forest achieved the lowest prediction error and demonstrated particularly

strong performance throughout the subsequent analyses. These findings suggest
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that multiple machine learning approaches are capable of extracting meaningful
age-related information from regional structural MRl measurements.

A maijor contribution of the present work was the incorporation of explain-
ability analyses at both global and local levels. The explainability results revealed
that model predictions were primarily driven by neuroanatomical features with well-
established associations with brain aging, including ventricular measures, white
matter abnormalities, hippocampal structures, thalamic regions, and cortical tem-
poral and parietal areas. Furthermore, the high agreement observed across SHAP,
permutation importance, and Elastic Net coefficient analyses, together with the ex-
ceptional stability of SHAP rankings across multiple random seeds, provided evi-
dence that the identified aging patterns were both biologically plausible and highly
reproducible. These findings support the use of explainable machine learning as a
means of improving transparency and trustworthiness in brain age prediction re-
search.

The longitudinal analyses demonstrated that the investigated models exhib-
ited excellent short-term test—retest reliability, indicating that predicted brain age
remained highly stable when minimal biological aging was expected. At the same
time, the results highlighted the greater challenge of detecting individual aging tra-
jectories over longer follow-up intervals. Although all models captured positive
age-related progression at the cohort level, sensitivity to subject-specific aging
rates remained more limited. This finding reinforces the distinction between cross-
sectional age prediction and longitudinal aging assessment and suggests that lon-
gitudinal sensitivity represents an important area for future methodological devel-
opment.

The normative modeling analyses further demonstrated the clinical rele-
vance of the proposed framework. A model trained exclusively on cognitively nor-
mal individuals identified progressively larger Brain Age Gap values in Mild Cogni-
tive Impairment and Dementia subjects, with these effects remaining significant
after adjustment for age and sex. The observed pattern is consistent with the hy-
pothesis that neurodegenerative processes are associated with accelerated bio-
logical brain aging and provides additional support for the use of brain age as a

marker of abnormal aging trajectories.
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Taken together, the findings of this thesis demonstrate that explainable ma-
chine learning approaches can provide accurate, interpretable, and clinically
meaningful estimates of brain age from structural MRI data. Beyond predictive per-
formance alone, the integration of explainability analyses, longitudinal evaluation,
and normative modeling provided a more comprehensive assessment of brain age
models than is commonly reported in the literature. The results indicate that brain
age estimation has the potential to serve not only as a predictive modeling task but
also as a valuable framework for investigating biological aging processes and
identifying deviations associated with cognitive impairment and neurodegenerative
disease.

In addition, the study was conducted and reported in accordance with the
TRIPOD+AI recommendations, which strengthens the transparency, reproducibili-
ty, and interpretability of the proposed prediction framework compared with many
earlier brain age studies that predate these reporting guidelines

As research in this field continues to evolve, future advances in multimodal
neuroimaging, longitudinal modeling, and clinically oriented validation studies may
further enhance the utility of brain age as a biomarker of brain health. The present
work contributes to this ongoing effort by demonstrating that interpretable machine
learning methods can capture meaningful patterns of brain aging while maintaining

transparency regarding the neuroanatomical features underlying their predictions.

6.2 Limitations

Several limitations should be considered when interpreting the findings of
the present study.Firstly, the developed brain age models were trained and evalu-
ated using data from the ADNI, which primarily consists of older adults. Conse-
quently, the models were optimized to capture age-related neuroanatomical varia-
tion within the later stages of adulthood. Brain aging patterns are known to differ
across the lifespan, and structural changes observed in older individuals may not
fully reflect those occurring during younger or middle adulthood. Therefore, the
applicability of the proposed models to substantially younger populations remains

uncertain and would require further investigation.
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Second, although the investigated models demonstrated strong cross-sec-
tional performance and excellent short-term test—retest reliability, the longitudinal
analyses revealed more limited sensitivity to individual aging trajectories over
longer follow-up periods. Correlations between chronological age change and pre-
dicted brain age change remained relatively modest across all models, despite the
observation of positive age-related progression at the cohort level. These findings
highlight an important challenge in the brain age literature: accurate prediction of
chronological age in cross-sectional settings does not necessarily imply accurate
tracking of within-subject aging over time. Consequently, caution is warranted
when interpreting brain age as a direct measure of individual longitudinal aging
rates.

Third, external validation was not performed using an independent dataset
outside ADNI. Although strict training, validation, and testing procedures were em-
ployed throughout model development, all analyses were ultimately conducted
within a single neuroimaging cohort. Differences in scanner characteristics, acqui-
sition protocols, demographic composition, and preprocessing procedures may
influence model behavior when applied to external populations. Therefore, addi-
tional validation across independent datasets would be valuable for establishing
the robustness and generalizability of the proposed framework.

Finally, the present study focused on interpretable machine learning ap-
proaches using FreeSurfer-derived regional morphometric features. These models
were selected because they provide a favourable balance between predictive per-
formance, computational simplicity, and anatomical interpretability. However, the
study did not include modern image-based deep learning models trained directly
on raw or minimally preprocessed MRI data. State-of-the-art deep learning ap-
proaches have reported substantially lower prediction errors than those observed
in the present thesis, particularly when trained on large datasets with broad age
ranges [19, 27]. Therefore, the proposed framework should not be interpreted as
outperforming contemporary image-based deep learning methods in terms of pre-
diction accuracy.

Direct comparison with state-of-the-art studies is also limited by differences

in cohort composition, scanner protocols, preprocessing pipelines, age distribution,
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sample size, and validation strategy. The present analysis was based on an older
and clinically focused ADNI cohort, whereas several high-performing deep learning
studies used larger population datasets or challenge datasets with different age
ranges and imaging characteristics [19, 27]. In addition, no empirical runtime com-
parison was performed between the present feature-based models and image-
based deep learning architectures. Consequently, the advantage of the present
approach should be understood primarily in terms of lower model complexity,
anatomical interpretability, and suitability for multi-method explainability, longitudi-
nal reliability analysis, and normative clinical evaluation. Future work should direct-
ly compare the present framework with deep learning and voxel-wise approaches
under the same dataset, preprocessing, and validation conditions.

Despite these limitations, the present study provides a comprehensive
evaluation of explainable machine learning methods for brain age prediction. By
integrating predictive modeling, explainability analyses, longitudinal evaluation,
and normative modeling within a unified framework, the study contributes both
methodological and biological insights into the development of interpretable brain

age biomarkers.

6.3 Future Work

The findings of the present study suggest several promising directions for
future research. An important next step would be the external validation of the pro-
posed framework using independent neuroimaging cohorts. Although the models
demonstrated robust performance within the ADNI dataset, evaluation on datasets
acquired using different scanners, protocols, and populations would provide
stronger evidence regarding their generalizability and clinical applicability.

Future work could also explore the integration of additional data modalities.
The present study focused exclusively on structural MRI-derived features, where-
as brain aging is influenced by a wide range of biological processes. Combining
structural neuroimaging with diffusion imaging, functional imaging, genetic infor-
mation, fluid biomarkers, or other clinical measures may provide a more compre-
hensive characterization of biological brain aging and potentially improve predic-

tive performance.

76



Another important direction involves comparison with contemporary deep
learning approaches. Recent advances in convolutional neural networks, vision
transformers, and foundation models have produced increasingly accurate brain
age estimates from raw neuroimaging data. Future studies could directly compare
the predictive performance, interpretability, and robustness of these approaches
against the explainable machine learning framework developed in the present
work.

The longitudinal findings also highlight the need for models specifically de-
signed to capture within-subject aging trajectories. Although the investigated mod-
els demonstrated excellent short-term stability, sensitivity to individual aging pro-
gression remained more limited. Future work could therefore focus on developing
longitudinally informed brain age models that explicitly incorporate repeated mea-
surements during training and are optimized for detecting subtle age-related
changes over time.

Finally, the normative modeling results suggest potential clinical ap-
plications of brain age estimation. Future studies could investigate whether elevat-
ed Brain Age Gap values predict subsequent cognitive decline, disease progres-
sion, or conversion from Mild Cognitive Impairment to dementia. Such work would
help determine the practical value of brain age as a prognostic biomarker and fur-
ther clarify its role in clinical decision-making.

The proposed framework is intended for research use and requires users
with experience in neuroimaging preprocessing and machine learning model eval-
uation. In future applications, scans with poor image quality, failed FreeSurfer pro-
cessing, or unavailable predictor values should be excluded or handled using pre-

processing procedures estimated from the training data.
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APPENDIX A - TRIPOD+AI Checklist

The completed TRIPOD+AI checklist for the present thesis is provided be-

low as supplementary material to document reporting transparency for the devel-

opment and evaluation of the proposed brain age prediction models.

rationale for any classification and how the thresholds were identified

Section/Topic Item l/)::'e!op Tenlt Checklist item Reported
TITLE on page
Title 1 D:E Identify the study as developing or evaluating the performance of a multivariable prediction model, the f—
” target population, and the outcome to be predicted
ABSTRACT
Abstract 2 D:E l See TRIPOD+AI for Abstracts checklist b
INTRODUCTION
Background Explain the healthcare context (including whether diagnostic or prognostic) and rationale for developing 1-2
3a DE 615
o T | orevaluating the prediction model, including references to existing models e
3b D:E Describe the target population and the intended purpose of the prediction model in lhc comcxt of lhc PA4TT
e C0€ PAthway, Including its intended users (e.g., healthcare professionals, patients, public) |
3c D;E Describe any known health inequalities between sociodemographic groups N
Objectives 4 DE Specify the study objectives, including whether the study describes the development or validation of a a4
- prediction model (or both)
METHODS
Data Describe the sources of data separately for the development and evaluation datasets (e.g., randomised
5a D;E trial, cohort, routine care or registry data), the rationale for using these data, and representativeness of 161874
the data
b D:E Spcc:fy the dates of the collected parhmpanl data mcludmg start and end of | pammpam accmal and if NR
” applicable, end of follow-up
Participants 6a DE Specify key elements of the study setting (e.g., primary care, secondary care, general population) -
e, A0CIuding the number and location of centres oo b
_6b_ | DE | Describe the eligibility criteria for study participants S
6c D:E Give details of any treatments received, and how they were handled dunng model dc\clnpmcm or A
N evaluation, if relevant
Data preparation E D:E Describe any data pre-processing and quality checking, including whether this was similar across P21
’ relevant sociodemographic groups
Qutcome Clearly define the outcome that is being predicted and the time horizon, including how and when o
8a DE assessed, the rationale for choosing this outcome, and whether the method of outcome assessment is 2728
consistent across sociodemographic groups )
8h DE If outcome 1t requires subjective mterprctatmn describe the quallﬁcauons and demographu: NA (21)
ttttttt 7 | characteristics of the outcome assessors —
8¢ D;E Report any actions to blind of the « to be predicted A
Predictors Describe the choice of initial predictors (e.g., literature, previous models, all available predictors) and 1721
9a D ’
any pre-sclection of predictors before model building )
% D:E Clearly define all predictors, including how and when they were measured (and any actions to blind PI8
o 77| assessment of predictors for the outcome and other predictors) N
9% DE If predictor measurement requires subjective interpretation, describe the quahF cations and dcmographlc NA
’ characteristics of the predictor assessors
Sample size Explain how the study size was arrived at (scparately for development and evaluation), and justify that
10 D;E the study size was sufficient to answer the research question. Include details of any sample size PR7:18
calculation
Missing data 11 D:E Describe how missing data were handled. Provide reasons for omitting any data man
Analytical methods 12a D Describe how the data were used (e.g., for development and evaluation of model performance) in the 172428
’ analysis, including whether the data were partitioned, considering any sample size requirements
12b D Depending on the type of model, describe how predictors were handled in the analyses (functional form, P2t
e | rescaling, transformation, or any standardisation). o
12 Specify the type of model, rationale”, all model- bulldmg slcps mcludmg any hypcrparameter tumng, oy
c D
e e 20 method for internal validation B EE—
Describe if and how any hclcfogcncny in estimates of model paramctcr ‘values and model pcrformancc
12d D:E was handled and quantified across clusters (e.g., hospitals, countries). See TRIPOD-Cluster for NP
additional considerations’
12 i Specify all measures and plots used (and their rationale) to evaluate model performance (e.g., 24-28;
e D:E 30-50
o o | discrimination, calibration, clinical utility) and, if relevant, to compare multiple models ) N
12f E Describe any model updating (e.g., recalibration) arising from the model evaluation, either overall or for g2s:
T o | particular sociodemographic groups or settings o
12g E For model evaluation, describe how the model prcdlchom were calculated (c g fnrmula codc nbjcct P2gs,
application programming interface)
Class imbalance 13 DE If class imbalance methods were used, state why and how this was done, and any subscquent methods to 2
’ recalibrate the model or the model predictions
Fairness 14 D:E Describe any approaches that were used to address model fairness and their rationale 29 (none)
Model output 15 D Specify the output of the prediction model (e.g., probabilities, classification). Provide details and 2
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Training versus i Identify any differences between the development and evaluation data in healthcare setting, eligibility 718,
: 16 D:E - X 26,48-50
evaluation criteria, outcome, and predictors
Ethical approval 17 DE Name the institutional research board or ethics committee that approved the study and describe the p28-29
’ participant-informed consent or the ethics committee waiver of informed consent
OPEN SCIENCE
Funding 18a D:E Give the source of funding and the role of the funders for the present study fad
ﬁ‘::{’e I:;u o 18b D:E Declare any conflicts of interest and financial disclosures for all authors 2
Protocol 18¢c D:E Indicate where the study protocol can be accessed or state that a protocol was not prepared fd
Registration 18d D:E Provide registration information for the study, including register name and registration number, or state zs
' that the study was not registered
Data sharing 18¢ D:E Provide details of the availability of the study data fd
Code sharing 18f D;E Provide details of the availability of the analytical code® 2
PATIENT & PUBLIC INVOLVEMENT
Patient & Public 19 DE Provide details of any patient and public involvement during the design, conduct, reporting, 2
Involvement ! interpretation, or dissemination of the study or state no involvement.
RESULTS
Participants 20a DE Describe the flow of participants through the study, including the number of participants with and e
v without the outcome and, if applicable, a summary of the follow-up time. A diagram may be helpful.
Report the characteristics overall and, where applicable, for each data source or setting, including the
200 D:E key dates, key predictors (including demographics), treatments received, sample size, number of Pz,
! outcome events, follow-up time, and amount of missing data. A table may be helpful. Report any
| differences across key demographic groups.
20¢ E For model evaluation, show a comparison with the development data of the distribution of important N
predictors (demographics, predictors, and outcome).
Model development 21 DE Specify the number of participants and outcome events in cach analysis (¢.g., for model development, 17.46-48
T hyperparameter tuning, model evaluation)
Model Provide details of the full prediction model (e.g., formula, code, object, application programming .
specification 22 D interface) to allow predictions in new individuals and to enable third-party evaluation and 28
implementation, including any restrictions to access or re-use (e.g., freely available, proprietary)’
Model . Report model performance estimates with confidence intervals, including for any key subgroups (e.g., P230-32,
performance 23a D;E sociodemographic). Consider plots to aid presentation. o0
If examined, report results of any heterogeneity in model performance across clusters. See TRIPOD NP
23b D;E S e
Cluster for additional details”.
Model updating 24 E Report the results from any model updating, including the updated model and subsequent performance 3031
DISCUSSION
Interpretation 25 DEE Give an overall interpretation of the main results, including issues of fairness in the context of the )
’ objectives and previous studies
Limitations 2 DE Discuss any limitations of the study (such as a non-representative sample, sample size, overfitting, 7478
! missing data) and their effects on any biascs, statistical uncertainty, and gencralizability
Usability of the Describe how poor quality or unavailable input data (e.g., predictor values) should be assessed and ”
. 27a D e d H T
model in the 1 when implen g the prediction model
context of current 27b D Specify whether users will be required to interact in the handling of the input data or use of the model, 7
care SRR U and what level of expertise is required ofwsers b
Discuss any next steps for future research, with a specific view to applicability and generalizability of -
27%c DiE the model

P = Partially Reported; NR = Not Reported; NP = Not Perfomed; N/A = Not
Applicable
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