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Resumo

Os relégios de envelhecimento sdo modelos de aprendizagem automatica supervisio-
nada que preveem a idade cronolégica a partir de dados biolégicos de elevada dimen-
sionalidade. A expressdo génica no sangue representa um substrato particularmente
acessivel para esta tarefa, mas a area carece de pipelines reprodutiveis que combinem
um pré-processamento rigoroso com uma comparagao sistematica de modelos e valida-
¢ao interpretavel das caracteristicas utilizadas. Esta tese desenvolve e avalia um pipeline
de aprendizagem automatica para previsdo da idade a partir de dados de RNA-seq de
sangue total, utilizando a coorte GTEx v11. O pipeline integra um pré-filtro de expresséo
génica diferencial, seis métodos complementares de seleg¢édo de caracteristicas avaliados
em multiplos tamanhos de conjuntos de genes, e uma estrutura comparativa de regressao
que abrange modelos lineares penalizados, ensembles baseados em arvores, e redes
neuronais. A prevencao de fuga de dados (data leakage) é assegurada em todas as
etapas, com todo o pré-processamento ajustado exclusivamente nos dados de treino e o
conjunto de teste reservado até a avaliagao final. O XGBoost foi selecionado como o mo-
delo preditivo final, alcangando um MAE de teste de 7.35 anos e R%de 0,506 num conjunto
de teste de 152 dadores. Um ensemble ponderado de Elastic Net, Random Forest e XG-
Boost foi também avaliado, obtendo apenas uma melhoria marginal ( MAE = 7.29 anos),
insuficiente para justificar o aumento de complexidade e a perda de interpretabilidade as-
sociados. A rede neuronal ndo conseguiu generalizar, provavelmente devido ao tamanho
insuficiente da amostra. Além disso, a sobreamostragem sintética através de SMOGN foi
avaliada e verificou-se que ndo melhorava o desempenho face a distribuicdo de idades
desequilibrada no conjunto de treino. A aceleragdo da idade (AAge), a diferenca entre
a idade prevista e a idade cronoldgica utilizado ao longo desta tese como proxy para o
envelhecimento bioldgico, revelou um enviesamento claramente dependente da idade,
com os dadores mais jovens a serem superestimados e os mais velhos subestimados,
refletindo a influéncia residual deste desequilibrio mesmo apés a avaliacéo estratificada.
A assinatura genética final, composta por 200 genes, foi interpretada utilizando os coe-
ficientes do Elastic Net para determinar a direcdo da associacdo com a idade, e valores
deacrshortshap calculados sobre o0 modelo XGBoost final para avaliar a importancia de
cada gene, sendo comparada com duas assinaturas de referéncia publicadas e anali-
sada através de redes de interacao proteina-proteina, confirmando a coeréncia bioldgica

da assinatura para além do seu desempenho preditivo. Estes resultados demonstram
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que é possivel obter previsdo competitiva da idade transcriptdmica e assinaturas genéti-
cas interpretaveis a partir de uma coorte modesta através de um desenho metodolégico
cuidadoso, fornecendo uma base reprodutivel para futura validagao entre coortes. Todo
o codigo utilizado para gerar os resultados apresentados nesta tese esta disponivel em

https://github.com/martacduarte/blood-gene-expression-ageing-prediction.

Palavras-chave: Reldgio de envelhecimento transcriptdmico, expressao génica no sangue,
RNA-seq, previsao de idade, selecdo de caracteristicas, expressao génica diferencial,

aprendizagem automatica, GTEXx.
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Abstract

Ageing clocks are supervised machine learning models that predict chronological age
from high-dimensional biological data. Blood gene expression represents a particularly
accessible substrate for this task, yet the field lacks reproducible pipelines that combine
rigorous preprocessing with systematic model comparison and interpretable feature vali-
dation. This thesis develops and evaluates a machine learning pipeline for age prediction
from whole blood RNA-seq data using the GTEx v11 cohort. The pipeline integrates
differential gene expression pre-filtering, six complementary feature selection methods
evaluated at multiple gene set sizes, and a comparative regression framework spanning
penalised linear models, tree-based ensembles, and neural networks. Strict data leak-
age prevention is enforced throughout, with all preprocessing fitted exclusively on train-
ing data and the test set held out until final evaluation. XGBoost was selected as the
final predictive model, achieving a test MAE of 7.35 years and R? of 0.506 on a held-
out set of 152 donors. A weighted ensemble of Elastic Net, Random Forest, and XG-
Boost was also evaluated, achieving only a marginal improvement ( MAE = 7.29 years),
insufficient to justify an increase in complexity and reduced interpretability. The neural
network failed to generalise, likely due to insufficient sample size. Moreover, synthetic
oversampling via SMOGN was assessed and found to not improve performance on the
age-imbalanced training distribution. Age acceleration (AAge), the residual between pre-
dicted and chronological age used throughout this thesis as a proxy for biological ageing,
showed a clear age-dependent bias, with younger donors overestimated and older donors
underestimated, reflecting the residual influence of this imbalance even after stratified
evaluation. The final 200-gene signature was interpreted using Elastic Net coefficients for
direction of age association and SHAP values computed on the final XGBoost model for
importance, compared against two published reference signatures and analysed through
protein-protein interaction networks, confirming biological coherence alongside predictive
performance. These results demonstrate that competitive transcriptomic age prediction
and interpretable gene signatures can be obtained from a modest cohort through careful
methodological design, providing a reproducible foundation for future cross-cohort vali-
dation. All code used to generate the results presented in this thesis is made available at

https://github.com/martacduarte/blood-gene-expression-ageing-prediction.

Keywords: Transcriptomic ageing clock, blood gene expression, RNA-seq, age predic-

tion, feature selection, differential gene expression, machine learning, GTEXx.
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1. Introduction

Ageing represents the gradual, time-dependent decline in physiological function, accom-
panied by an increasing risk of chronic disease and mortality [1]. As global life expectancy
continues to rise, the burden of age-related conditions, including cardiovascular disease,
neurodegeneration, metabolic disorders, and cancer, places growing pressure on health-
care systems worldwide [2]. Understanding the molecular mechanisms that drive ageing,
and developing tools to quantify its rate in individual patients has therefore become one

of the central challenges at the intersection of data science and modern biology.

A fundamental distinction in this field is between chronological age, the time elapsed since
birth, and biological age, which reflects the cumulative impact of genetic, environmental,
and lifestyle factors on the organism [1, 2]. Chronological age increases at the same rate
for everyone; biological age does not. Two individuals of the same chronological age can
differ substantially in their physiological and molecular state, and it is this divergence that
motivates the search for quantitative biomarkers capable of capturing biological rather
than chronological age. Such biomarkers would not only improve our understanding of
why some individuals age faster than others, but could also serve as targets in clinical
trials of anti-ageing interventions, as risk stratification tools in preventive medicine, and

as the basis for personalised health monitoring [3].

Age-associated changes have been described at multiple molecular and physiological
levels, including DNA methylation, gene expression, protein and metabolite abundances,
telomere length, cellular senescence, and organ structure and function [1]. These changes
can be measured at scale through the field of omics, a family of high-throughput ap-
proaches that profile the complete set of a specific molecular type within a biological
system. Each layer targets a different class of molecules: genomics characterises the
full DNA sequence and its variants; epigenomics maps chemical modifications that regu-
late gene activity; transcriptomics measures the RNA molecules actively produced from
genes, reflecting which programmes are currently running in a cell; proteomics quanti-
fies the resulting proteins; and metabolomics profiles the small molecule end products of

cellular metabolism.

Advances in high-throughput technologies have enabled genome-wide profiling, powering

statistical and machine learning models that map these molecular features to age, often
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referred to as ageing clocks [4]. Among these, DNA methylation-based clocks stand out
for their accuracy and robustness [5, 6]. Clocks have also been trained on transcrip-
tomics, proteomics, metabolomics, imaging, and clinical data [4, 7], and different data
types have been combined to build multimodal predictors [4, 8, 9] with the aim of im-
proving prediction performance while better capturing the biological complexity of ageing.
While multimodal approaches have shown promise, their practical deployment is limited
by data availability, the requirement for matched multi-omic measurements across large
cohorts, and substantial analytical complexity, motivating the development of robust and

reproducible single-modality pipelines.

Among the molecular layers available for biomarker development, transcriptomics is par-
ticularly informative. The transcriptome, the complete set of RNA molecules actively pro-
duced by a cell at a given time, reflects the dynamic functional state of cells in response to
ageing, disease, and the environment. Unlike the genome, which remains largely static
throughout life, transcriptomic profiles change continuously, capturing which biological
pathways are active, which are stressed, and which are dysregulated. Large-scale stud-
ies across human cohorts and multiple tissues have established robust transcriptomic
signatures of ageing (Section 2.2.2), patterns that are broadly conserved across species

and tissues [10, 11].

Blood is a particularly attractive source for transcriptomic ageing biomarkers, as it is ob-
tainable from a routine venipuncture rather than invasive tissue biopsy and is especially
sensitive to immune ageing (Section 2.2.2). These properties make whole blood RNA
sequencing a practical choice for developing ageing clocks intended for clinical use, and

form the basis of the work presented in this thesis.

1.1. Research Questions

Despite substantial progress in the field of transcriptomics age prediction, several chal-
lenges remain unresolved. Blood gene expression data are high-dimensional, noisy, and
subject to technical batch effects arising from differences in sample processing across
laboratories and sequencing platforms. Real-world cohorts are typically age-imbalanced,
with post-mortem resources such as GTEx heavily concentrated in middle and older ages,
limiting model sensitivity at the extremes of the age range. Published transcriptomic
clocks vary widely in their preprocessing strategies, feature selection approaches, and

modelling choices, and few provide the methodological transparency or code availability
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needed for independent replication. Furthermore, most studies prioritise predictive accu-
racy over biological interpretability, producing black-box models whose gene signatures
cannot be meaningfully cross-validated against the broader ageing literature. This thesis
addresses these challenges through the development and evaluation of a reproducible
machine learning pipeline for age prediction from whole blood RNA-seq data. We aim to

address four key research questions:

1. Can robust and accurate models be developed to predict biological age from blood

gene expression data?

2. Can we overcome technical challenges posed by incomplete and imbalanced dis-

tributions of the response variable (age)?

3. Can we build models that generalize well across independent blood gene expression

datasets?

4. Is it possible to identify a minimal age signature for accurate age prediction? Could

such a signature serve as the basis for developing a practical age prediction device?

Throughout this thesis, biological age is operationalised as age difference (AAge), the
residual between predicted and chronological age (Section 2.3.1). Since no ground truth
biological age label exists in the GTEx cohort, all models in this work are trained and
evaluated against chronological age, the only directly measurable target, with AAge sub-

sequently interpreted as a proxy signal for divergence from expected biological ageing.

These questions span the full breadth from technical methodology to biological discovery
and clinical translation, reflecting the dual objectives of the thesis: to produce a well-
calibrated predictive model and to extract biologically meaningful insights from the gene

signature it learns.

1.2. Thesis Structure

The remainder of this thesis is organised as follows. Chapter 2 reviews the state of the art
in ageing biomarkers, transcriptomics, machine learning methods for age prediction, and
the data resources that have shaped the field, identifying the key open challenges that
motivate this work. Chapter 3 describes the full pipeline from data acquisition and prepro-
cessing through differential gene expression analysis, feature selection and regression

modelling. Chapter 4 presents the results obtained on the held-out test set and discusses
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them in biological and methodological context, including model performance and diag-
nostic metrics, gene signature interpretation, protein-protein interaction network analysis,
and comparison with published transcriptomic ageing clocks. Chapter 5 presents con-
clusions, addresses each research question, discusses the limitations of the work, and

outlines the most important directions for future work.
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2. State of Art
2.1. Ageing Biomarkers

2.1.1 Definition

Biomarkers of ageing are measurable biological characteristics that reflect age-related
functional decline across organ, tissue, cellular, and molecular scales [1]. They fulfil three
essential roles: (i) quantifying differences in ageing rates, (ii) tracking physiological re-
sponses to lifestyle or pharmacological interventions, and (iii) anticipating the transition
from healthy ageing to age-related disease or mortality [1, 9]. The American Federation
for Aging Research ( AFAR) established key criteria for valid ageing biomarkers to ensure
that they capture the underlying ageing process independently of chronological age [12].

The guidelines propose that ageing biomarkers must:

e Predict the rate of ageing better than chronological age, anticipating future physio-

logical, cognitive, and physical decline across a range of age-sensitive domains.

e Monitor a basic process underlying ageing itself, rather than reflecting the effects of

disease.

e Be testable repeatedly without harm to the subject, and valid in both humans and

experimental animals to facilitate preclinical validation before human translation.

Given ethical and logistical barriers to perform longitudinal studies in humans, these
biomarkers act as surrogates, accelerating research and enabling intervention develop-

ment [9].

2.1.2 Classes of Biomarkers

Ageing biomarkers span multiple biological scales, each with distinct precision profiles,

strengths, limitations, and applications [12]:
e Targeted Molecular/Cellular biomarkers measure individual, well characterised
ageing processes (e.g. telomere length, senescence markers) [13].

e Omics-based biomarkers simultaneously profile thousands of molecules genome-
wide ( DNA, RNA, proteins) [12].
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¢ Imaging biomarkers estimate tissue age from scans (brain MR, retinal images) [14].

¢ Clinical/phenotypic biomarkers use routine measures like grip strength or blood

pressure [15].

Table 2.1: Biological age estimation classes.

Class Precision Advantages Disadvantages | Key Applications
Targeted r=0.4-0.6 Direct cause of | Too simplistic Telomere length
Molecular/Cel- ageing  known; predicts mortality
lular cheap risk
Omics-based | r=0.85-0.95 | Rich feature | Costly arrays DNA methylation
space; systemic clocks predict higher
view risk of dying from
any cause
Imaging r=0.7-0.9 Direct tissue view | Expensive scan- | Brain age gap pre-
ners dicts dementia
Clinical r=0.5-0.7 Easy clinic data Late disease | Grip strength pre-
signals dicts 4-year mortality

r being the correlation coefficient.

Transcriptomic clocks (gene expression) are particularly well suited to blood-based age-

ing prediction, offering competitive predictive accuracy alongside sensitivity to dynamic

regulatory signals, making them suitable for machine learning pipelines [7].

2.2. Transcriptomics and Gene Expression

The transcriptome represents the complete set of RNA molecules actively produced by a

cell, tissue, or organism at a given time, acting as a dynamic indicator of gene activity that

integrates genetic programming, epigenetic control, and environmental influences [16].

Figure 2.1 illustrates how transcriptomics relates to other omics layers that collectively

characterise biological systems.
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Genomics Transcriptomics Proteomics
Study of an organism's entire Analysis of all RNA transcripts produced Large-scale study of the entire
set of DNA (the genome) by the genome, showing which genes are set of proteins (the proteome)
Static throughout life actively being expressed at a given time within a cell or organism

Epigenomics Metabolics

Chemical modifications regulating gene activity ~ 1he comprehensive analysis of all small-

Basics of leading DNA methylation clocks molecule metabolites (like sugars, lipids, and
amino acids) involved in cellular metabolism

Figure 2.1: Overview of the main omics layers and their biological scope.

The systematic analysis of the transcriptomic landscape is made possible through the
use of high-throughput technologies that quickly measure the abundance of thousands
of RNA transcripts per sample. Computational processing of the raw sequencing data
converts each gene’s reads into a single numerical expression value. Several units have
been used for this purpose. Counts Per Million ( CPM) corrects for sequencing depth
and serves primarily as an intermediate value in further calculations. Reads Per Kilobase
per Million ( RPKM) and its paired-end equivalent, Fragments Per Kilobase per Million (
FPKM), additionally normalise for gene length and were the standard in early RNA-seq
studies. However, because their denominators depend on the composition of the sam-
ple’s own transcriptome, they are not strictly comparable across samples [17]. Transcripts
Per Million ( TPM) addresses this limitation by normalising for gene length first and then
for sequencing depth, ensuring that values sum to the same total in every sample and
making cross-sample comparisons more reliable [17, 18]. TPM is now the preferred unit
in bulk RNA-seq studies and is the unit in which the Genotype-Tissue Expression project
( GTEX) data used in this thesis are provided. The result is a high-dimensional dataset
where each sample is represented as a vector of expression values, one per gene. These
profiles reveal the functional state of cells by showing which biological pathways are ac-
tive (e.g., inflammation, DNA repair, metabolism), which pathways are stressed (e.g., un-

folded protein response, oxidative stress), and which processes are dysregulated (e.g.,
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cancer signaling, neurodegeneration) [19]. Unlike genomic sequences (a static “instruc-
tion manual” that remains nearly identical throughout life), transcriptomic profiles capture
real-time execution, revealing which genes are actively transcribed, to what extent they
are expressed, and how their activity responds to internal signals and external conditions.
This dynamic nature makes transcriptomics uniquely suited to ageing research, where
the gradual accumulation of pathway dysregulation, stress responses, and metabolic re-

programming defines the biology of ageing [16].

2.2.1 Measurement Technologies

Transcriptomic profiling evolved from older microarray technology, which measured only a
list of known genes with limited sensitivity to extreme expression levels, to RNA sequenc-
ing ( RNA-seq), the current gold standard [17]. RNA-seq measures all genes without prior
knowledge, distinguishes protein variants (isoforms) encoded by the same gene, and ac-
curately quantifies expression across a wide range of levels. A typical bulk RNA-seq

pipeline includes:

RNA extraction from cells: Total RNA is isolated from whole blood or tissue using
commercial kits (e.g., RNeasy, TRIzol) that remove contaminants and stabilize frag-
ile RNA molecules. This proves particularly challenging for blood, which contains
heterogeneous cell types (leukocytes, erythrocytes) with differing RNA content and
stability [17].

e cDNA library preparation: RNA is reverse-transcribed into stable complemen-
tary DNA ( cDNA) fragments, tagged with adapters for sequencing compatibility,
and amplified via Polymerase Chain Reaction ( PCR) to create sufficient material.
Ribosomal RNA (80-90% of total RNA) is removed to enrich messenger RNA [17].

e High-throughput sequencing: lllumina NovaSeq/NextSeq platforms generate 50-
150 base pairs paired-end reads at 20-100 million depth per blood sample, ensuring
statistical power to detect low expressed genes (e.g., < 1 read per million) while

capturing highly abundant transcripts [17].

¢ Read Alignment: Sequencing reads are mapped to the human reference genome
(e.g., GRCh38.p14) using splice-aware aligners ( STAR, HISATZ2) that accommo-
date intron-exon boundaries. Multi-mapping reads and contaminants (bacteria, mouse

DNA) are filtered, yielding 85-95% uniquely aligned reads for quantification [17].
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e Gene-level quantification: Converts aligned reads into gene-level counts. Tools
such as Salmon and Kallisto use pseudoalignment, a computationally efficient ap-
proximation that maps reads to a transcript index without producing a full genome
alignment. Alternatively, STAR, beyond its role as a splice-aware aligner, returns
true genome alignments and can also be paired with featureCounts or STARsolo for
quantification. In high-quality blood samples, these methods typically detect tens of

thousands of expressed genes [17].

¢ Normalization: Library size differences and RNA composition biases are corrected
using methods like Transcripts Per Million ( TPM), DESeq2 median-of-ratios [20],
or edgeR Trimmed Mean of M-values ( TMM), ensuring cross-sample comparability

[17].

e Quality control: FastQC [21] evaluates sequencing read quality, finds leftover
adapter sequences for posterior removal (trimming) and shows per sequence G/ C
content for one sample; MultiQC provides similar metrics and visualizations across
multiple samples; Degraded RNA (samples with RIN <6.5), >50% duplicate reads,
or extreme library sizes are flagged/removed to prevent technical artifacts from con-

founding age signals [17].

When applied to whole blood, this pipeline begins with samples obtained from a simple
blood draw (venipuncture) rather than more invasive tissue biopsies, while capturing sys-

temic immune ageing ("inflammaging”) through leukocyte transcriptomes [22].

2.2.2 Relevance of Ageing Biomarkers

Large-scale meta-analyses across human cohorts, model organisms, and diverse tissues
have established robust transcriptomic signatures of ageing: increased activity (upregu-
lation) of genes involved in inflammation, innate/adaptive immunity (interferon signaling),
and connective tissue repair (extracellular matrix remodelling), alongside decreased activ-
ity (downregulation) of genes regulating mitochondrial energy production, ribosome func-
tion and protein synthesis pathways [10, 11]. In blood specifically, immune and inflam-
matory pathways dominate the ageing signature, reflecting the progressive remodelling
of the immune system with age, while metabolic and mitochondrial decline is more pro-
nounced in tissues such as brain and muscle [7, 23]. Because blood transcriptomes excel
at capturing immune system ageing (immunosenescence), they are ideal candidates for

systemic ageing clocks.
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2.2.3 Challenges

Transcriptomic ageing clocks face three principal challenges requiring sophisticated com-

putational mitigation:

e Biological heterogeneity: Gene expression in blood varies substantially due to
factors independent of ageing, including circadian rhythms [24]; subclinical infec-
tions, which transiently activate interferon-stimulated gene expression programmes
in circulating leukocytes [25]; and medication use, with commonly prescribed drugs
such as statins broadly altering cholesterol and immune pathway gene expression

in blood [26].

e Technical artifacts: Batch effects (systematic differences in gene expression mea-
surements arising from samples being processed at different times, locations, or
with different reagents or instruments) represent one of the most critical confounders
in high-throughput transcriptomic studies and can account for a substantial propor-
tion of total expression variance [27]; RNA quality, quantified using the RNA In-
tegrity Number ( RIN), also degrades progressively after blood draw, making rapid
processing and rigorous quality control essential to prevent technical artifacts from

confounding biological signals [28].

¢ High dimensionality (p>>n problem): thousands of genes vs 100-1000 samples

risks overfitting curse of dimensionality [29].

These challenges demand preprocessing pipelines that address or mitigate their effects.
In this work, we have the following preprocessing steps: RNA quality filter, batch correc-

tion, differential gene expression and feature selection.

2.3. Transcriptomic Ageing Clocks

Transcriptomics ageing clocks use gene expression data and supervised learning to esti-
mate chronological or biological age, typically from whole-blood RNA profiles. In contrast
to DNA methylation clocks that rely on relatively stable epigenetic markers, transcriptomic
clocks operate at the gene expression level and are therefore thought to be more sensitive
to short-term physiological and environmental changes such as infection, inflammation,

or drug exposure [7, 30].
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2.3.1 Definition

Transcriptomic ageing clocks are supervised machine learning models that predict age
from high-dimensional gene expression profiles generated by microarrays or RNA-seq
[7, 30]. Each sample’s transcriptome, represented as thousands of normalized gene ex-
pression values for each transcript, is treated as an input feature vector, and regression
algorithms such as elastic net, LASSO, random forests, or ensemble methods are trained

to map these features to chronological age [5, 7].

The difference between predicted age (77) and chronological age (y), often termed age ac-
celeration (AAge = j — y), represents deviations that are possibly associated with biolog-
ical ageing, where positive values indicate accelerated and negative values decelerated
ageing [6]. Figure 2.2 illustrates the full transcriptomic ageing clock pipeline, from blood

collection to biological age estimation.

oBIood draw e RNA extraction e RNA sequencing OGene expression
@ — quantification

o ] A DA D2
E— ¢ s — > |B=T=T=
K o i o
¢ N AOAPAPIPGD
Whole blood Raw sequencing reads Reads — aligned reads
venipuncture From blood cells from blood RNA. - gene cm}mts S TPM
eExpression matrix OML models OPredicted age
- oa . Age acceleration
-
=l AAge = predicted age - true age
O
e AAge > 0 — faster biological ageing
= - ) AAge < 0 — slower biological ageing
log2(TPM+1) Elastic Net, Predicted age
Combat batch-corrected ~ Random Forest (years)

XGBoost

Figure 2.2: Transcriptomic ageing clock pipeline.

Model performance is typically measured using the coefficient of determination (R?), the
correlation between predicted and chronological age, and the Mean Absolute Error ( MAE)
[31]. Robust clocks aim to retain performance across independent cohorts, sequencing
platforms, and transcript quantification pipelines, while maintaining some biological inter-
pretability through the analysis of age-associated pathways and sets of related genes as

opposed to individual genes [5, 7].
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2.3.2 Early Transcriptomic Ageing Models

Early transcriptomic ageing models, developed roughly between 2010 and 2018, demon-
strated that gene expression profiles could predict chronological age with moderate ac-
curacy but lower performance than contemporary DNA methylation clocks [5, 32]. In a
landmark meta-analysis of 14,983 peripheral blood samples, Peters et al. identified 1,497
age-associated genes and built a transcriptomic age predictor with correlations ranging
between 0.6 and 0.7 and mean absolute errors of 7 to 8 years across cohorts [7]. Subse-
quent work in human dermal fibroblasts showed that RNA-seq profiles from 133 donors
could be used to train ensemble machine learning models that predicted donor age with
a median error of about 4 years. Furthermore, the models detected accelerated ageing in
progeria patients, supporting the biological relevance of transcriptomic age acceleration

[30].

Methodologically, these early clocks typically relied on differential expression analysis (for
example, using limma) to preselect several hundred to a few thousand age-associated
genes, followed by penalized regression such as LASSO or elastic net with internal cross-
validation restricted to a single cohort [33, 34]. However, performance remained modest
(correlations generally 0.6—0.8, MAE 4—10 years), and models often showed limited
generalization to independent datasets due to batch effects, platform differences, and the
high dimensionality of gene expression data relative to sample size [7, 27, 35]. These
limitations motivated the development of larger bulk RNA-seq datasets processed with
improved normalisation and batch-correction pipelines, as well as more advanced mod-
elling strategies, leading to the second generation of transcriptomic clocks described in

Section 2.3.3 [7, 36].

2.3.3 Modern Blood-Based Transcriptomic Ageing Clocks

Modern blood-based transcriptomic ageing clocks represent a second generation of mod-
els that leverage large-scale RNA-seq datasets, advanced preprocessing pipelines, and
more sophisticated feature engineering to substantially improve upon the performance
of early microarray-based predictors (Section 2.3.2). These advances have closed the
gap between transcriptomic clocks and epigenetic models while maintaining sensitivity to

dynamic physiological states [36, 37].

A prominent example is the BiT-age clock [36], which introduced a binarisation strategy

that converts thousands of continuous gene expression values into high/low binary states.
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When applied to human blood RNA-seq data from GTEX, elastic net regression achieved
correlations around 0.9 and median absolute errors below 3 years on held-out test sam-
ples and showed strong cross-platform performance when evaluated on independent mi-
croarray cohorts [36]. Related work [38] has constructed clocks from repetitive element
expression in blood RNA-seq, aggregating transcript levels of age-associated transpos-
able elements to achieve correlations of 0.85—0.90 and MAE of 4—5 years across multi-
ple Gene Expression Omnibus ( GEO) cohorts, illustrating how pathway or element level

aggregation can reduce dimensionality while retaining signal.

Other approaches combine dimensionality reduction with clinical features. Clinical age-
ing clocks based on principal component analysis, for example, compress multi-omic or
clinical blood profiles into a small number of components and then train age prediction
models on these lower dimensionality representations, obtaining correlations around 0.9

with good generalisability across health conditions [37].

2.3.4 Tissue-specific and Multi-tissue Transcriptomic Clocks

Transcriptomic ageing signatures exhibit both conserved and tissue-specific components
[10, 39]. Large-scale meta analyses across human cohorts, model organisms, and mul-
tiple tissues consistently report the same conserved transcriptomic ageing pattern de-
scribed in Section 2.2.2 [10, 39]. However, the magnitude and specific genes involved
vary substantially across tissues: inflammatory signatures dominate in blood (reflecting
immunosenescence), while metabolic decline is more pronounced in brain, muscle, and
adipose tissue [7]. Clocks trained on a single tissue type are optimised for that tissue’s
specific expression patterns, and their generalisability to other tissues remains limited
[4, 7]. Multi tissue or organism-wide transcriptomic clocks, by contrast, aim to capture
systemic ageing signals at the cost of some tissue specificity [31]. Recent advances in
single-cell and spatial transcriptomics further reveal that ageing rates can differ even be-
tween neighbouring cell types within the same organ, underscoring the value of context-

specific clock development [40].

2.3.5 Comparison with other Ageing Clocks

Transcriptomic clocks generally exhibit slightly lower raw predictive accuracy than lead-
ing DNA-methylation clocks but greater responsiveness to acute physiological changes
(Table 2.2). In blood, second-generation epigenetic clocks (e.g., Horvath, Hannum, Grim-

Age) routinely achieve correlations above 0.90-0.96 and MAE of 2—3.5 years on external
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test sets. Well-designed transcriptomic clocks, including BiT-age and repetitive-element
models, report correlations of 0.85—0.95 and MAE of 2.5—6 years, approaching epige-
netic performance in favourable settings while remaining more sensitive to short-term im-
mune modulation. The most recent multi-species transcriptomic clock achieved human
tissue correlations of 0.91—0.94 [11], approaching the performance of leading epigenetic
clocks. Clinical and phenotypic clocks, based on routine blood tests (e.g., creatinine, al-
bumin) or physical measures (e.g., gait speed, grip strength), typically yield more modest

correlations of 0.60—0.80 and higher MAE, but excel in accessibility and cost [7, 37].

Table 2.2: Biological age clock types.

Clock type r (external MAE | Strengths Limitations Examples
test) (years)
DNA methy- | 0.90-0.96 2-3.5 High  accu- | Less dynamic | Horvath  [5],
lation racy, stability Hannum [32]
Transcrip- 0.85-0.95 2.5-6 Intervention Batch effects, | Peters [71,
tomic sensitivity, im- | heterogeneity | BiT-age [36],
mune insight Sood [41],
Tyshkovskiy
[11]
Clinical/phe- | 0.60-0.80 6-10 Cheap, scal- | Late signals PhenoAge [6]
notypic able

2.4. Machine-Learning Methods for Age Prediction

Machine learning models for age prediction map biological information, such as transcrip-
tomic profiles described in Section 2.2, to estimates of chronological or biological age,
usually through supervised regression methods. These approaches span classical sta-
tistical models, tree based ensembles, and deep neural architectures, with ongoing ad-
vances in feature engineering and calibration to address the challenges of batch effects,

heterogeneity, and overfitting, as highlighted in Sections 2.2.3 and 2.3 [42].

2.4.1 Data Preprocessing and Feature Engineering

Preprocessing of gene expression data is critical for transcriptomic age prediction, since
it converts raw RNA-seq counts into stable, comparable features that mitigate technical
noise while preserving biological signal. Standard pipelines include log-transformation

or variance-stabilising normalisation (e.g., DESeq2 VST) [20] steps, followed by batch
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correction using Combat [35], Surrogate Variable Analysis ( SVA) [43] or removal of un-
wanted variation ( RUVSeq) [44]. Feature engineering then reduces the thousands of

genes space through strategies such as:

¢ Dimensionality reduction: Principal Component Analysis ( PCA) or autoencoders

compress profiles into 10—200 components capturing >95% variance [45].

e Sparsity-inducing penalisation: LASSO/elastic net select hundreds of age-associated

genes during model fitting [34].

¢ Non-linear transformations: Binarisation (high/low expression thresholds) or gene-

set aggregation (e.g., inflammatory pathway scores) [36].

e Biological priors: Cell composition deconvolution (e.g. CIBERSORTX) or pathway

scoring (e.g. GSVA) incorporate cell-type or functional context [46].

2.4.2 Classical ML Models

Classical machine learning models remain standard tools for age prediction from tran-
scriptomic data because they handle high-dimensional features relatively well and can be
tuned to different signal-to-noise ratios. In blood-based ageing clocks, they are typically
applied on top of the preprocessing and feature-engineering steps described in Section
2.4.1, using cross-validation to select regularisation strength and other hyperparameters

[42].

Penalised linear models such as LASSO, Ridge, and Elastic Net are particularly effec-
tive when sample sizes are modest (hundreds to a few thousand individuals) and only a
subset of genes carries most of the age-related signal. Their regularisation terms con-
trol overfitting in the p>>n setting and can produce sparse or shrunk coefficient vectors
that are easier to interpret biologically, making them natural baselines for transcriptomic

ageing clocks [34, 47, 48].

Tree-based ensemble methods, including Random Forest, Gradient Boosting, XGBoost,
and LightGBM, are advantageous when age—gene relationships are non-linear or in-
volve higher order interactions, for example threshold behaviour in inflammatory or stress
response pathways. These models can exploit complex structure in high-dimensional
spaces and often achieve strong predictive performance, provided there are sufficient
samples to tune hyperparameters such as tree depth, learning rate, and number of trees

without overfitting [49-52].
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Feed-forward neural networks become competitive as cohort sizes increase and when
feature engineering (e.g. principal components or pathway scores) has already reduced
dimensionality, allowing the network to model residual non-linear patterns in gene expres-

sion with manageable risk of overfitting [53].

In this thesis, these complementary properties motivate a comparative evaluation of pe-
nalised linear models, tree-based ensembles, and neural networks for blood-based tran-
scriptomic age prediction on the GTEx v11 whole blood cohort, with a focus on robust-

ness, generalisation, and biological interpretability.

2.4.3 Deep and Knowledge-Primed Neural Networks

Deep learning methods use multi-layer neural networks to learn complex, non-linear rep-
resentations of gene-expression data. In transcriptomics, fully connected neural net-
works, convolutional architectures, and autoencoders have been applied to predict age
and other phenotypes from bulk and single-cell expression matrices, often starting from
dimension-reduced features or gene-set scores to mitigate the p>>n problem [53]. When
sufficiently large cohorts are available, these architectures can match or exceed the ac-
curacy of tree-based ensembles, but they are sensitive to hyperparameter choices and
require careful regularisation (dropout, weight decay, early stopping) to avoid overfitting

[53].

Knowledge-primed neural networks incorporate prior biological structure into the network
design or input representation, aiming to improve interpretability and robustness [54, 55].
Examples include architectures where nodes or edges correspond to known pathways or
gene regulatory networks, graph neural networks built on co-expression or protein—protein
interaction graphs, and models that operate on pathway or cell-type scores rather than
individual genes. Such approaches can highlight biologically meaningful subnetworks
associated with ageing while still leveraging the expressive power of deep learning. How-
ever, they require more data compared with penalised linear models, and their advantages
are most pronounced in settings with large multi-omics or single-cell datasets and strong
prior knowledge of pathway structure, conditions that are still emerging for blood-based

ageing clocks [56].
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2.4.4 Evaluation and Calibration

To rigorously evaluate ageing clocks, all metrics must be reported on unseen external test
sets in addition to training/validation splits, thus ensuring realistic performance estimates.

Core performance metrics include [57]:

e Pearson correlation (r): Measures linear association between predicted age (1)

and chronological age (y); r = 0.94 means predictions preserve 94% of age ranking.

e Coefficient of determination (R?): Quantifies variance explained by the model;
(R? = 0.85) indicates 85% of age variance is captured, leaving 15% irreducible

error (biological + technical noise). Superior to » for comparing model capacity.

e Mean Absolute Error ( MAE): Reports average prediction error in biological years;
MAE=3.2 years means predicted age deviates 3.2 years from true age on average.

Most intuitive for clinical interpretation ("off by 3 years”).

e Age acceleration (AAge = i — y) distributions should have mean close to zero and
approximate normality across age groups so that positive values can be interpreted

as accelerated ageing and negative values as decelerated ageing.

In addition, performance should be evaluated on independent external datasets using
the same pipeline. Well-fitted pipelines that are robust to batch effects and population

differences maintain high R? and low MAE even in this scenario.

2.5. Multi-Omics and Multimodal Ageing Clocks

The single-omic clocks described in the preceding sections capture only one dimension
of the ageing process (Figure 2.1). Several recent studies have therefore proposed multi-
omics and multimodal ageing clocks that combine information from DNA methylation,
transcriptomics, proteomics, metabolomics, clinical biomarkers, and imaging, aiming to

improve both predictive accuracy and biological interpretability [4, 58].

Different omic layers capture complementary aspects of ageing: epigenetic clocks reflect
cumulative regulatory change; transcriptomic clocks capture dynamic pathway activity
and immune status; proteomic and metabolomic profiles report on phenotypes closer to
organ function; and clinical or imaging markers summarise overt physiological decline [4].
Comparative analyses across fifteen omics clocks spanning glycans, proteins, metabo-

lites, lipids, DNA methylation, and clinical measures have shown that while approximately
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95% of chronological age variance is shared across clock types, each modality still con-
tributes independent biological signal not captured by the others [59]. This finding simulta-
neously motivates multi-omics integration and raises the question of whether the marginal
gain in predictive accuracy justifies the substantial increase in data requirements and an-
alytical complexity. Recent large-scale efforts have attempted to resolve this tension by
distilling multi-omics information into a single deployable readout. OMICmAge, for exam-
ple, incorporates proteomic, metabolomic, and clinical data through epigenetic biomarker
proxies, yielding a clock that is quantifiable from DNA methylation alone while retaining
the biological breadth of multiple data layers; applied across discovery and validation co-
horts totalling over 45,000 participants, it demonstrated stronger associations with incident

chronic disease and mortality than established single-omic epigenetic clocks [8].

Despite their promise, multi-omics clocks face substantial practical limitations. Cohorts
with matched data across all modalities are rare, and the effective sample size is re-
stricted to the intersection of individuals with complete measurements, compounding the
high-dimensionality problem already present in single-omic settings (Section 2.2.3). Each
data type carries distinct normalisation requirements and batch structure (methods appro-
priate for RNA-seq cannot be naively applied to methylation arrays or metabolomic pro-
files) and misaligned scaling can cause one modality to dominate the combined predictor
[60]. Empirical evidence from GTEx-based multi-modal age prediction studies illustrates
these constraints directly. When integrating transcriptomics, DNA methylation, telomere
length, and histological imaging from the same cohort, combining modalities yielded only
marginal performance improvements over the best single modality alone, with the limited
intersection of samples across data types identified as the primary limiting factor [61, 62].
Multi-omics assays are also expensive and logistically demanding, limiting clinical feasi-
bility relative to single-omic readouts, and multimodal architectures tend to be harder to

interpret, complicating attribution of age acceleration to specific biological mechanisms.

2.6. Data Resources and Cohorts

Developing and evaluating transcriptomic ageing clocks requires access to large, well-
characterised datasets that provide high-quality gene expression measurements along-
side phenotypic metadata. This section summarises the main data resources and large-
scale cohorts that have shaped the field, including those used in the key studies reviewed

in this chapter.
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2.6.1 GTEx and Multi-modal Omics Resources

The Genotype-Tissue Expression project ( GTEx) has become the central reference re-
source for transcriptomic ageing studies, providing RNA-seq profiles from 54 non-diseased
post-mortem tissue sites collected from nearly 1,000 human donors, totalling more than
17,000 samples profiling over 58,000 genes [63]. For several tissues, additional data
modalities are available alongside gene expression, including histological images and,
for selected tissues, DNA methylation arrays generated by companion initiatives. GTEx
uses standardised collection, processing, and quality control protocols across all sites,
and donor metadata including age, sex, body mass index, and cause of death are pub-

licly available.

2.6.2 Large-Scale Cohort Studies for Blood transcriptomic ageing

Beyond GTEX, transcriptomic ageing research draws on a set of large, well-established
population cohorts and public data repositories that have collectively generated the mi-
croarray and RNA-seq datasets used to discover, train, and validate blood-based ageing

signatures. Table 2.3 summarises the most important of these resources.



Table 2.3: Transcriptomic datasets.
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Dataset/- | Country | N Platform Age Key Contributions Access
Cohort (blood) Range
Framing- | USA ~5,600 | Microarray | 40-80 | Largest single contribu- | dbGaP
ham Heart tor to Peters et al. 2015
Study  ( meta-analysis; multi-
FHS) [64] generational design
Rotterdam | Nether- ~881 Microarray | 45+ Major European replica- | dbGaP
Study [65] | lands tion cohort; frequently | / GEO
used for external valida-
tion
InChianti Italy ~698 Microarray | 21-100 | Broad age range includ- | GEO
[66] ing very elderly; con-
tributed to Peters et al.
2015
Kora [67] | Germany | ~993 Microarray | 25-74 | Population-based GEO
Bavarian cohort; con-
tributed to Peters et al.
2015
SHIP- | Germany | ~970 Microarray | 20-80 | Large northern German | GEO
TREND cohort; contributed to
[68] Peters et al. 2015
MuTHER | UK ~856 Microarray | Adults | Multi-tissue including | GEO
[69] (female blood-derived immune
twins) cell lines; key for tissue-
specific ageing compar-
isons
UK | UK 500,000+| RNA-seq | 40-69 | Largest population co- | Con-
Biobank (ongo- hort; RNA-seq progres- | trolled
[70] ing) sively released; future | access
reference dataset
GEO /| Interna- | Varies Microarray | Varies | Primary public repos- | Open
Array- tional + RNA- itories for depositing | con-
Express seq and accessing blood | trolled

[71, 72]

transcriptomic studies
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While UK Biobank data has not yet been explored specifically for developing transcrip-
tomic ageing clocks, their work represents the next generation of resources in this field,
with its scale expected to enable substantially more robust clock development than any
previously available cohort. GEO and ArrayExpress together serve as the central archives
through which these and hundreds of smaller studies are made accessible to the research
community, enabling meta-analyses, cross-platform validation, and replication of pub-

lished signatures.

2.6.3 Public Repositories

Beyond cohort-specific datasets, several public repositories provide access to the raw
and processed data used in molecular ageing studies. The Gene Expression Omnibus
( GEO) [71] and ArrayExpress host the majority of published microarray and RNA-seq
ageing datasets and are the primary sources for external validation cohorts in transcrip-
tomic clock studies. The Sequence Read Archive ( SRA) [73] and European Nucleotide
Archive ( ENA) [74] provide raw sequencing reads enabling reprocessing with standard-
ized pipelines. Disease focused repositories such as The Cancer Genome Atlas ( TCGA)
[75] and the Genomic Data Commons ( GDC) [76], while primarily oncology oriented, have
contributed bioinformatics tools and practices now widely applied in ageing research. For
future transcriptomic clock development, the UK Biobank, which is progressively releasing
blood RNA-seq data from its 500,000 participant cohort, represents the most significant
emerging resource, offering age ranges and sample sizes that surpass currently available

datasets.

2.7. Limitations

Despite substantial methodological progress, several fundamental challenges continue to
limit the accuracy, generalisability, and clinical utility of blood-based transcriptomic ageing
clocks [4].

2.7.1 Noise, Variability, and Data Imbalance in Blood Gene Expression

Blood gene expression is highly variable, affected by technical factors including RNA qual-
ity, sequencing depth, batch effects, and library preparation protocol, as well as biological
factors such as subclinical infections, medication use, circadian rhythms, and lifestyle.
Even after normalisation and batch correction, residual noise can confound age related

signals and reduce the stability of selected gene sets, yielding clocks that perform well
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within a single dataset but degrade when applied to data generated under different con-
ditions or platforms [31, 36]. An additional challenge, relevant to the GTEx blood dataset
used in this thesis, is the imbalance of age distributions in real-world cohorts. The GTEx
blood cohort used in this work is heavily concentrated in the 50—-70 year range, with very
few donors below 30 years of age (the full age distribution is shown in Figure 3.5, Section
3.1.1). This pattern reflects both the post-mortem nature of GTEx sample collection and

the general difficulty of obtaining younger donors in population-based biobanks.

The practical consequence for age prediction is systematic bias: models trained on such
distributions tend to overestimate age in younger individuals and underestimate it in older
ones, because the loss function is dominated by the age range where most training sam-
ples lie [61, 62]. Addressing this imbalance requires explicit resampling or re-weighting
strategies to ensure the model learns from the full age range rather than fitting only the

majority [77].

2.7.2 Tissue Specificity and Limited Transferability

Ageing processes differ across organs and cell types, and transcriptomic signatures are
strongly tissue-specific. Blood clocks mostly capture immune and systemic aspects of
ageing and may not reflect changes predominant in other tissues [31]. Moreover, models
trained in one cohort or platform often show reduced accuracy when transferred to other
populations or technologies, limiting the idea of a single universal transcriptomic clock
4,7, 11].

2.7.3 Sample Size Limitations and Absence of Longitudinal Data

Beyond age distribution imbalance, sample sizes in transcriptomic ageing studies remain
small relative to the number of measured genes, increasing the risk of overfitting and
unstable feature selection. Like many transcriptomic datasets, the GTEx blood dataset
comprises approximately 800 samples profiled over 58,000 genes, and thus suffers from
the curse of high-dimensionality. Longitudinal data with repeated blood sampling across
the decades spanning the lifespan of a large group of donors remain rare, making it difficult
to distinguish model errors from true divergence between biological and chronological age
[4].
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2.7.4 Challenges in Causal Interpretation

Current transcriptomic clocks are optimised for prediction rather than causal inference.
Strong contributions of specific genes or pathways to age prediction do not imply that
those genes drive ageing, or that modifying their expression would alter biological age.
Instead, clocks aim to capture the downstream consequences of disease processes, en-
vironmental exposures, or shifts in blood cell type composition [4]. Approaches that priori-
tise interpretability, such as sparse feature selection methods that produce small, named
gene signatures, partially address this limitation by enabling cross-validation against pub-

lished literature, even if they cannot establish causality.

2.7.5 Reproducibility and Absence of Standardised Pipelines

There is no standard workflow for building blood transcriptomic ageing clocks. Studies
differ in preprocessing, normalization, covariate handling, feature selection, model choice
and evaluation, and often provide limited external validation and code availability [31].
This limits the reproducibility and fair comparison of methods, slowing progress towards

clinically robust and widely accepted blood-based aging clocks [9].

2.8. Positioning and Contributions of This Thesis

The work presented in this thesis addresses a gap in the transcriptomic ageing clock
literature: the absence of reproducible, fully scripted pipelines that combine biologically
motivated preprocessing with systematic model comparison and interpretable gene sig-
nature validation. While studies such as Peters et al. [7] established the feasibility of
blood transcriptomic age prediction and BiT-age [36] demonstrated the performance gains
achievable with large-scale RNA-seq data, neither provides a fully reproducible pipeline
applicable to a new cohort, nor a systematic evaluation of the methodological choices that

most influence prediction quality.

Building on prior multi-modal ageing studies from the same group [61, 62], this thesis
develops such a pipeline using GTEx v11 whole blood RNA-seq data. By selecting Ridge-
based gene ranking over dimensionality reduction approaches such as PCA, the pipeline
preserves individual gene identities throughout, enabling cross-validation of the final 200-
gene signature against published ageing signatures [7, 41] and protein-protein interaction
network analysis. All models are trained and evaluated against chronological age, the

only ground-truth label available in GTEX; biological age is subsequently operationalised
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as age acceleration (AAge = 77 — y, Section 2.3.1), positioning the work at the intersection
of predictive modelling and biological discovery rather than treating accuracy as the sole

objective.

The thesis directly addresses four research questions stated in Section 1.1, with par-
ticular focus on whether a compact, biologically interpretable gene signature consistent
with established transcriptomic hallmarks of blood ageing can be extracted from a mod-
est, age-imbalanced cohort. These contributions provide a methodologically rigorous and
biologically grounded foundation for future cross-cohort validation and targeted panel de-

sign.
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3. Methods

This chapter describes the methodology used to develop and evaluate a transcriptomic
ageing clock from GTEx whole-blood RNA-seq data. The pipeline comprises data acquisi-
tion, preprocessing and quality control, train/test partitioning, differential gene expression
analysis, feature selection and machine-learning model development. An overview of the

complete workflow is presented in Figure 3.1.

1. Data accquisition

Blood draw
Whole blood
(venipuncture)

Bulk RNA-seq
TPM expression matrix

v

2.Data Preprocessing

Normalisation Batch correction - Quality control
-
logx(TPM+1) Combat (SMCENTER) ~ RIN 2 6.5, outlier removal

3.Train/test split
Stratified
80% train, 20% test

v
4.Training pipeline
DGE (optional)

limma-voom
FDR < 0.05
1
Feature selection Held-out test set
* LASSO Kept unseen until
* Ridge final evaluation
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Mutual Information
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6. Age prediction

5.ML model training Predicted age (§):

* Elaszc Ne; « Age acceleration
» Random Forest _
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Figure 3.1: Overview of the transcriptomic age prediction pipeline developed.
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3.1. Data Acquisition and Preprocessing
3.1.1 Dataset

Gene expression data were obtained from the Genotype-Tissue Expression project (
GTEX) [63] project version 11, a large-scale multi-tissue resource providing bulk RNA-
seq profiles across hundreds of human donors. The raw expression matrix was provided
in Gene Cluster Text ( GCT) format containing Transcripts Per Million ( TPM) values for
74,628 genes. The GCT file was parsed directly in Python by skipping the two line format
header and reading the tab delimited expression matrix, with gene identifiers retained as
row indices and sample identifiers ( SAMPID) as column headers. The resulting matrix
was transposed to samples x genes orientation, with each row representing a sample
and each column a gene, as required for downstream processing. Sample-level meta-
data and subject-level phenotypic annotations (including age) were retrieved from the
accompanying GTEx v11 annotation files [78, 79]. Alignment across these three sources
was performed using sample identifiers ( SAMPID) and subject identifiers ( SUBJID), with
subject identifiers derived from sample identifiers by extracting the first two hyphen delim-
ited fields (e.g., GTEx-16NFA-0005-SM-9JGFN — GTEx-16NFA). For whole blood, each
donor contributes at most one sample, ensuring a one-to-one correspondence between
sample and individual within this tissue. Only samples present in all three sources and

carrying a valid age annotation were retained.

A metadata table was assembled containing sample and subject identifiers and avail-
able covariates, including sex (SEX), tissue descriptors ( SMTS, SMTSD), RNA integrity
number ( SMRIN), sequencing centre (SMCENTER), and batch variables ( SMGEBTCH,
SMGEBTCHT). Sex annotations were harmonised across sources, as GTEx encodes sex
numerically in some files (1 = Male, 2 = Female) and as strings in others. All values were

normalised to a consistent "Male”/”Female” encoding.

The distributions of key metadata covariates are shown in Figures 3.2, 3.3 and 3.4. The
cohort is male-dominated (541 male, 262 female), reflecting GTEx donor demographics.
Sequencing centre B1 accounts for the majority of samples (n = 568), followed by C1 (n
= 229) and D1 (n = 6), a distribution that motivates the batch correction step described in
Section 3.2. RNA integrity numbers are generally high (median RIN ~8.3), with a small

tail of lower quality samples, confirming the overall technical quality of the dataset.



FCUP | 27
Ageing Prediction Models from Blood Gene Expression

SMRIN Distribution SMRIN Boxplot
_ 10 =
80 _
— 9
- e Z 8
40 = [
(&) n
20 6 |
8
o
0 6 7 8 9 10 1
SMRIN
Figure 3.2: RIN distribution.
541 SEX Distribution SMCENTER Distribution
500
500
400
- 400
§300 5300
© 200 (g 229
200
100
0
\@ 6
¥ 0 iy >
SMCENTER
Figure 3.3: Sex distribution. Figure 3.4: SMCENTER distribution.

This study focused exclusively on whole blood, selected for its clinical accessibility and its
established use in transcriptomic ageing clock development. Tissue filtering was applied
to the sample attributes file using the SMTS/ SMTSD tissue annotation fields, retaining
samples labelled as "Whole Blood”. This yielded 4,369 samples at the metadata level.
Following alignment with the expression matrix and removal of samples lacking age anno-
tations, the final cohort comprised 802 samples across 74,628 genes. The loss of 81.62%
of samples relative to the metadata count reflects the fact that the GTEx expression ma-
trix spans all tissues, and whole blood represents only a fraction of the total collected

samples. This loss is therefore expected and does not indicate data quality issues.

The final cohort of 802 samples with ages ranging from 20 to 70 years (mean 52.8 + 13.0,
median 55.0, Q1 =47.0, Q3 = 63.0) is illustrated in Figure 3.5. The age distribution is right-
skewed towards middle and older age, reflecting the GTEXx recruitment strategy, with a
notable underrepresentation of donors below 40 years; a property that was addressed

during model training via resampling (Section 3.7).
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Figure 3.5: Age distribution. Left: histogram with mean (red) and median (green)
indicated. Right: boxplot with summary statistics.

3.1.2 Expression Data Transformation and Quality Filtering

Raw TPM values were log,-transformed using the standard variance stabilising shiftlog,( TPM +
1), which compresses the dynamic range of highly expressed genes and renders the dis-
tribution more suitable for linear modelling. The transformed values ranged from 0.00 to
19.61. The log,-transformed matrix was carried forward for all downstream steps; the raw
TPM matrix was retained for reference only. The expression data exhibited high sparsity,
with a median of 83.4% zero values per gene across samples, consistent with the known
properties of bulk RNA-seq data. Metadata quality filtering was applied by discarding
any sample for which more than 10% of metadata fields were missing. No samples were
removed at this stage, confirming the completeness of the GTEx annotation files for the
retained cohort. Genes with more than 10% missing values across samples were similarly

flagged for removal, though no such genes were identified in the final matrix.

3.1.3 Exploratory Data Analysis (EDA)

Principal Component Analysis ( PCA) was performed on the top 2,000 most variable
genes, after standardisation to zero mean and unit variance, as an unsupervised quality
check. The first two principal components explained 28.29% and 16.09% of variance re-
spectively, with 10 components collectively capturing approximately 70% of total variance.
As shown in Figure 3.6, samples coloured by sequencing centre ( SMCENTER) reveal
partial separation between centres B1 and C1, which motivates the batch correction step

described in Section 3.2.
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Figure 3.6: PCA analysis on top 2000 genes (colored by SMCENTER).

3.2. Batch Effect Correction and Quality Control
3.2.1 Batch Correction

Technical batch effects are a well documented source of systematic variation in large-
scale RNA-seq datasets such as GTEx, where samples are processed across multiple
sequencing centres [27]. Failure to account for these effects can confound downstream
analyses and introduce centre-specific biases into age predictions. To address this, Com-
Bat batch correction was applied to the log,-transformed expression matrix, using the
sequencing centre identifier ( SMCENTER) as the batch variable [35] . ComBat was
selected because batch labels (sequencing centre, SMCENTER) were known a priori,
making supervised correction both appropriate and more precise than unsupervised al-
ternatives such as SVA and RUVSeq [43, 44], which infer hidden sources of variation
directly from the data and can inadvertently remove biological signal when technical and
biological variation are correlated. For each gene, ComBat estimates an additive shift (lo-
cation) and a multiplicative scaling factor per batch, capturing how the mean and variance
of that gene’s expression differ across sequencing centres due to technical processing dif-
ferences. These parameters are estimated using empirical Bayes shrinkage, which pools
information across all genes to stabilize estimates, particularly important for the D1 centre,

which contained only 6 samples [63].

Prior to correction, the expression matrix was temporarily transposed back to genes x
samples orientation as required by pycombat [80], the Python implementation of the orig-
inal R ComBat method. The matrix was inspected for missing and infinite values; none
were detected. Zero-variance genes were identified and removed prior to correction, as
ComBat cannot estimate batch parameters for genes with no variation across samples. A
total of 3,810 such genes were removed, reducing the feature space from 74,628 to 70,818

genes. The three sequencing centres represented in the cohort were B1 (n = 567), C1
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(n =229), and D1 (n = 6), all satisfying ComBat’s minimum batch size requirement of at
least two samples per batch. A random seed (seed = 42) was fixed prior to all stochas-
tic operations, and sample-label alignment was explicitly verified after each filtering step
to ensure correspondence between expression matrices, metadata, and age labels was
maintained throughout the pipeline. The corrected data ranged from -2.31 to 19.64. The
presence of negative values is an expected artefact of ComBat’s additive location-shift
model, which subtracts batch-specific offsets without imposing a non-negativity constraint
on the output. These values are biologically interpretable as genes with expression near
zero whose batch offset subtraction results in a small negative residual, and they are

routinely accepted in ComBat corrected datasets in the literature.

The effectiveness of batch correction was assessed by PCA on the top 2,000 most vari-
able genes before and after correction. Prior to ComBat, as shown in Figure 3.6, centres
B1 and C1 exhibited partial separation. Following correction and subsequent quality con-
trol filtering, as shown in Figure 3.7, samples from both centres showed substantially
greater intermixing along PC1 and PC2, PC2 and PC3. However, residual structure re-
mained after correction. This incomplete separation is consistent with the known con-
founding between technical and biological variation in GTEx, where sequencing centres
may differ not only in processing protocols but also in donor recruitment demographics
[63]. Residual centre-associated variation is therefore likely to reflect a combination of

both sources and does not indicate a failure of the correction procedure.
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Figure 3.7: PCA after Combat - top 2000 genes (colored by SMCENTER).

3.2.2 Quality Control

Following batch correction, two sequential quality control filters were applied. First, sam-
ples with an RNA Integrity Number ( RIN) below 6.5 were removed. RIN is a standardised
measure of RNA sample quality scored from 1 to 10, where higher values indicate more

intact RNA [28]. A threshold of RIN > 6.5 was applied, slightly more conservative than the
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minimum of 6.0 established by the GTEX project for postmortem tissue collection [81], and
consistent with general recommendations for reliable bulk RNA-seq quantification [28].
Samples with low RIN values contain degraded RNA, which distorts gene expression
profiles by reducing measured counts for longer transcripts and introducing systematic
noise that is unrelated to biological age. This threshold eliminated 25 samples. Second,
outlier samples were identified by computing the median expression value per sample
across all genes and flagging those deviating by more than two standard deviations from
the cohort mean; 20 samples were removed by this criterion. In total, 45 samples were ex-
cluded during quality control, yielding a final cohort of 757 samples across 70,818 genes.
This matrix was carried forward to all downstream analyses. PCA after ComBat shown in
Figure 3.7 was generated after quality control filtering and therefore reflects the final 757
sample cohort. Consequently, D1 sequencing centre does not appear in Figure 3.7, all
six of its samples were removed during RIN and outlier filtering, leaving only B1 and C1

visible in the plot.

3.3. Train/Test Split

The 757 sample cohort was partitioned into a training set and a held-out test set using a
stratified random split via scikit-learn [82] with a fixed random seed (seed=42) to ensure
reproducibility. The test set comprised 20% of the data (n=152), with the remaining 80%
reserved for training (n=605). In a stratified split, the data are divided such that the propor-
tion of samples from each group is maintained in both partitions, unlike a simple random
split which does not guarantee this balance. Since age is a continuous variable, stratifica-
tion requires it to be discretised into groups first. Five quantile-based age bins were used,
meaning the age range was divided into five intervals each containing approximately the
same number of samples, regardless of where the age boundaries fell. This approach
is preferable to equal-width intervals because the GTEx age distribution is skewed to-
wards older donors, which would result in very few samples in the youngest equal-width
bins and therefore unreliable stratification. The five bins spanned the age intervals [20.0,
42.2[, [42.2, 52.0], [52.0, 58.0], [58.0, 65.0[ and [65.0, 70.0] years, containing 152, 160,
144, 172, and 129 samples respectively, confirming approximately uniform stratification

across the age range.

The equivalence of the resulting partitions was assessed using two complementary sta-
tistical tests, chosen to capture different aspects of distributional similarity. A two-sample

t-test was applied to compare the mean ages of the training and test sets. This test asks
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whether the average age in the two sets is statistically different, producing a p-value under
the assumption that the data are approximately normally distributed. A p-value of 0.7198
indicated no statistically significant difference in mean age between sets. A Kolmogorov-
Smirnov ( KS) test was additionally applied as a non-parametric complement, since, un-
like the t-test, it makes no assumption about the shape of the distribution and instead
compares the full empirical distributions of the two sets, capturing potential differences
in spread, skewness, and tails that the t-test would not detect. A KS statistic of 0.046
with p = 0.9467 further confirmed that the train and test sets are drawn from statistically
indistinguishable age distributions (train: 52.7 4+ 13.0 years, range 20-70; test: 52.3 +
13.1 years, range 21-70), as shown in Figure 3.8
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Figure 3.8: Age distribution: train (left) vs test (right).

It is important to note that all subsequent feature selection and model training steps were
performed exclusively on the training set, with the test set remaining unseen until final
evaluation. This strict separation is essential to prevent data leakage, which would other-

wise produce artificially optimistic performance estimates.

3.4. Differential Gene Expression (DGE)
3.4.1 Motivation

Differential Gene Expression ( DGE) analysis is a statistical framework used to identify
genes whose expression levels vary significantly in association with a variable of inter-
est, in this case, chronological age [83]. Rather than treating all 70,818 genes as equally
informative, DGE pre-filtering was evaluated as a biologically motivated dimensionality
reduction step for two reasons. First, by restricting the input to genes with a statistically

significant age association, downstream feature selection and modelling would be applied
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on a cleaner, more relevant feature space, reducing noise and potentially improving pre-
diction accuracy. Second, genes that pass a statistical significance threshold are known
to associate with age and are therefore more likely to produce biologically interpretable

results.

3.4.2 Implementation

DGE analysis was implemented in R using the limma package from the Bioconductor
ecosystem [83]. Limma represents the standard for linear model based differential ex-
pression analysis in transcriptomics and has no equivalent of comparable maturity in Py-

thon. All remaining pipeline steps were implemented in Python.

At its core, limma fits a separate linear model to each gene, testing whether the associa-
tion between that gene’s expression and age is statistically significant after accounting for
the other covariates in the design matrix. With tens of thousands of genes being tested
simultaneously, a naive per-gene approach would produce unreliable variance estimates
because each estimate is based on a limited number of samples. Limma addresses this
through empirical Bayes moderation: rather than estimating the variance of each gene in
complete isolation, it borrows information across all genes to compute a stabilised vari-
ance estimate for each one. Genes with similar expression levels share variance infor-
mation, making the resulting test statistics, known as moderated t-statistics, more reliable
and better powered than those from an ordinary linear model. The output for each gene
is an age coefficient representing how much expression changes per year of age, a mod-
erated t-statistic, a raw p-value, and a Benjamini-Hochberg adjusted p-value used for

significance calling.

Count-Based DGE Limma was applied using raw read counts as input via the limma-
voom pipeline, which is the methodologically correct approach for RNA-seq data. Unlike
other steps in the pipeline, DGE used the GTEx raw count matrix as input, rather than the
log,( TPM+1) matrix. DGE analysis requires count data for correct variance modelling,
while the downstream machine learning pipeline learns better from the linearized log,(

TPM+1) representation.

Raw counts were loaded from the GTEx counts GCT file and the 605 training samples
selected. Low-expression genes were removed by retaining only genes with at least 10
counts in at least 20% of samples (121 samples), reducing the gene space from 74,628

to 21,013 genes. This filtering step is standard practice in RNA-seq analysis and serves
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to remove genes that are either not expressed or expressed at levels too low to provide

reliable statistical estimates [17].

The count matrix, age labels, and metadata were aligned to their common 605 sample
identifiers, sorted alphabetically to ensure consistent ordering across all three sources.
Alignment was explicitly verified using two assertion checks: that the column names of
the count matrix were identical in content and order to the sample identifiers in the age
label vector, and identically so for the metadata table. The pipeline halts with an error if

either condition is not satisfied.

Trimmed Mean of M-values ( TMM) normalisation was then applied using edgeR [84]. Dif-
ferent samples in an RNA-seq experiment produce different total numbers of sequenced
reads, known as library size. Without correction, a gene could appear more expressed in
one sample simply because more reads were sequenced overall, rather than due to any
true biological difference. TMM addresses an additional related problem: a small number
of highly expressed genes can dominate the count distribution of a sample and distort
comparisons across samples. TMM normalisation corrects for both library size and com-
position differences by computing scaling factors for each sample based on a trimmed
subset of genes, excluding the most extreme observations in both directions before com-
puting the normalisation factor. The normalisation factors in this analysis ranged from
0.402 to 1.901, indicating that uncorrected samples differed by up to 4.7-fold in library
composition, a systematic difference large enough to substantially distort gene expres-

sion comparisons across samples if left uncorrected.

The design matrix was then constructed from the TMM-normalised, aligned and verified
data. Each row corresponds to a training sample and each column to a modelled variable.
Age was included as the primary variable of interest, and sex and RIN were included as
covariates to account for their known confounding influence on gene expression profiles.
Without these covariates, the age coefficient estimated by limma would partially reflect
variation due to sex differences and sample quality rather than true age associated ex-
pression changes. The resulting design matrix comprised 605 samples and 4 columns:

intercept, age, sex, and RIN.

The voom transformation was subsequently applied to convert the normalised count data
into a form suitable for limma’s linear modelling framework [85]. Itis important to recognise
a property of count data known as heteroscedasticity: the variance of a gene’s counts is

not constant but depends on its mean expression level. Lowly expressed genes tend
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to have high relative variability, while highly expressed genes tend to be more stable.
Standard linear models assume constant variance across observations and will produce
incorrect inference if this assumption is violated. Voom addresses this by estimating the
mean-variance relationship of the log-counts across all genes and using this relationship
to assign precision weights to each observation. These weights are then incorporated
into the linear model fitting, allowing limma to account for the heteroscedasticity inherent
in count data and produce well calibrated statistical inference. The voom mean-variance
trend plot (Figure 3.9 confirmed a well behaved decreasing trend, as expected for properly

normalised RNA-seq data, validating the appropriateness of the transformation.

With TMM normalisation applied, the design matrix constructed and precision weights
computed by voom, limma’s empirical Bayes moderation was then applied on the cali-
brated data. The combination of voom weighting and limma moderation is what makes
limma-voom the appropriate and recommended framework for differential expression anal-
ysis of RNA-seq count data, as opposed to applying limma directly to normalised contin-

uous values such as TPM.
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Figure 3.9: Voom plot: mean-variance trend.

3.4.3 Results

Two broad approaches exist for correcting multiple testing errors. The first is the Family-
Wise Error Rate ( FWER) [29], which controls the probability of making even a single

false positive among all tests. Methods such as Bonferroni correction implement this by
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dividing the significance threshold by the number of tests, in this case, 21,013, yielding a
per-gene threshold of approximately 0.05/21,013 = 0.0000024. While this provides very
strong protection against false positives, it is excessively conservative in a genomic con-
text: when thousands of genes are genuinely associated with age, the vast majority of
true signals would be discarded to avoid even one false discovery. The second approach
is the FDR, which instead controls the expected proportion of false positives among all
genes declared significant. An FDR threshold of 0.05 means that at most 5% of the genes
called significant are expected to be false discoveries, a much more permissive and prac-
tically appropriate criterion for large-scale genomic studies where some degree of false
discovery is acceptable in exchange for retaining genuine signal. When testing 21,013
genes simultaneously, applying an uncorrected p-value threshold of 0.05 would declare
approximately 1,050 genes significant purely by chance; the Benjamini-Hochberg proce-
dure [86] corrects for this by adjusting each gene’s p-value to reflect the rank-ordered
multiple testing burden, ensuring that the overall false discovery rate remains controlled
at the specified threshold. Genes with a Benjamini-Hochberg adjusted p-value below
0.05 were retained as age-associated. Of the 21,013 genes entering the analysis after
low-expression filtering, 15,217 (72.4%) passed this threshold. After matching against
the TPM matrix by Ensembl gene identifier, 15,217 genes were carried forward to fea-
ture selection using DGE-based pre-filtering. The volcano plot (Figure 3.10) illustrates

the distribution of age coefficients and significance levels across all tested genes.

Volcano Plot: Age-Associated Genes (FDR < 0.05)
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Figure 3.10: Volcano plot: age-associated genes (FDR < 0.05).
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3.5. Feature selection

Feature selection was a central step in the analysis pipeline because the expression ma-
trix, even after DGE pre-filtering, contained a large number of genes relative to the number
of training samples. In this high dimensional setting, reducing dimensionality was neces-
sary not only to improve computational efficiency but also to limit overfitting and to identify
a compact subset of genes with the strongest predictive value for chronological age. Fea-
ture selection was therefore designed as a systematic comparison of multiple methods,
each capturing a different notion of gene relevance, evaluated at four target gene set sizes
across two pipeline configurations: the no- DGE configuration and the count-based DGE

configuration.

3.5.1 Preprocessing for Feature Selection

Prior to feature selection, two preprocessing steps were applied to the training data. First,
a basic expression filter was applied to remove lowly expressed genes, retaining only
those with a mean log, expression of at least 0.1 and a non-zero fraction of at least 0.05
across training samples. The filter criteria were derived exclusively from the training set
to prevent data leakage, and the same gene list was then applied to the test set to ensure
both partitions share an identical feature space, a requirement for applying the trained
model to unseen data. In the no- DGE configuration this reduced the feature space from
70,818 to 27,322 genes, corresponding to the removal of 61.4% of the original variables.
In the count-based DGE configuration, the input was already restricted to 15,217 age-
associated genes, of which 15,008 remained after the expression filter, corresponding
to a reduction of only 1.4%. This much smaller reduction reflects the fact that the DGE
pre-filtering had already removed most lowly expressed genes at the count level during

the low-expression filtering step described in Section 3.4.2.

Second, a quantile transformation was applied to each gene’s expression values, map-
ping them to a normal distribution estimated from the training data. The same trans-
formation fitted on the training set was then applied to the test set. This approach was
selected over standard scaling because RNA-seq expression values often contain ex-
treme observations and heavy tailed distributions that can disproportionately influence
both regression-based and tree-based models. By mapping values to a Gaussian-like
distribution, the transformation reduces the influence of outliers while preserving the rela-

tive ordering of samples within each gene. In preliminary experiments, this transformation
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consistently produced better downstream prediction performance across all feature selec-

tion methods compared to standard scaling.

3.5.2 Feature Selection Methods

Six feature selection methods were evaluated at four gene set sizes (50, 100, 150, and
200), yielding 24 configurations per pipeline. For each method, gene ranking and se-
lection were performed exclusively on the training data to prevent data leakage. The
resulting gene list was then used to subset both the training and test sets to the same
feature space, ensuring the trained model can be applied to unseen data. The methods

and the rationale for their usage in this work are described below.

Variance-based selection ranks genes by their variance across training samples and
selects the top n most variable genes. This is a simple, model-free approach that does
not use age labels; therefore it serves as a baseline approach rather than a biologically-

informed strategy.

Mutual Information ( MI) regression estimates the statistical dependency between each
gene’s expression and age. Unlike correlation, which only captures linear relationships,
mutual information detects any form of statistical association. This association is esti-
mated using a k-nearest neighbours approach, which measures the local density of sam-
ples in the joint expression-age space without assuming any particular distribution. Genes

are ranked by their mutual information score and the top n are retained.

LASSO regularisation fits a linear model with an L7 penalty that reduces a majority
of coefficients down to zero, thus producing a sparse coefficient vector. Regularisation
strengths were tested across 100 values on a logarithmic scale between 10~ and 102,
and the smallest value that yielded no more than the target number of genes (50, 100,
150, or 200) as non-zero coefficients was selected. This approach allowed the gene set
size to be controlled precisely while still benefiting from the sparsity-inducing properties
of LASSO. The resulting coefficients are directly interpretable as linear age associations,

making LASSO particularly suited to contexts where biological interpretability is important.

Ridge regularisation also adds a penalty to the linear model, but unlike LASSO it shrinks
all coefficients towards zero without ever making them exactly zero. Because Ridge
never eliminates genes through null coefficients, selection is instead performed by rank-
ing genes by absolute coefficient magnitude and retaining the top n. Importantly, while

LASSO tends to arbitrarily select one gene from a group of correlated genes and zero out
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the rest, even if they are equally informative, Ridge spreads coefficient weight across cor-
related genes, so the ranking better reflects which groups of genes carry age-associated
signals. This is particularly relevant in gene expression data where co-regulated genes
share biological information. Ridge was fitted using a regularisation strength of « = 0.0001,
selected by 5-fold cross-validation across a range of 10~ to 10%, and is computationally
very fast, completing all four target sizes in under one minute. The convergence to the
minimum available alpha suggests that Ridge required minimal regularisation to produce

stable coefficient rankings on this dataset.

Random Forest ( RF) feature importance can be measured in several ways, nhamely
Mean Decrease in Impurity ( MDI). MDI ranks genes based on how much each gene re-
duces prediction error across all trees. For feature selection purposes, a single Random
Forest with fixed parameters (100 trees, maximum depth of 10, minimum 5 samples per
leaf, seed = 42) was fitted on the training data. As Random Forest here serves purely
as a gene ranker rather than a predictive model, fixed parameters were used rather than
hyperparameter optimisation; a standard approach for importance-based feature selec-
tion [49]. This method captures non-linear associations and gene interactions that linear

methods cannot detect.

Automatic Relevance Determination ( ARD) Bayesian regression [87] is a probabilis-
tic extension of linear regression in which each gene is assigned not only a coefficient but
also a precision parameter, a measure of how confidently the model believes that gene
is relevant. For uninformative genes, the model assigns very high precision, which effec-
tively drives the gene’s coefficient to near zero. For informative genes, the model retains a
meaningful coefficient. This mechanism is similar in spirit to LASSO but operates through
a probabilistic framework rather than a fixed penalty. Genes are ranked by the absolute

magnitude of their posterior coefficients and the top n are retained.

Table 3.1 summarises the six feature selection methods evaluated in this thesis, compar-
ing them across stringency, interpretability, computational runtime, and the key parame-

ters used.
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Table 3.1: Feature selection methods comparison.

Method Stringency | Inter- Runtime DGE | Key Parameters Used
pretability (all 4 sizes)

Variance None Low ~0.5s -

Mi Low Medium ~2.9min k-NN estimator

LASSO High High ~154min a swept 1074-10?

Ridge Medium Medium ~2.0min « = 0.0001, selected by
5-fold CV

RF Low Low ~2.3min 100 trees, max depth
10, min samples leaf 5,
seed 42

ARD High Medium ~19.6min Default scikit-learn pri-
ors

Each resulting gene set was evaluated using an Elastic Net probe model to obtain pre-
liminary estimates of test MAE and R? across all methods and gene set sizes, enabling
a fair and consistent comparison. These results are reported in Section 3.5.3, where the

final configuration is selected.

3.5.3 Results and Configuration Selection

Two pipeline configurations were systematically compared. Both pipelines started from
the full expression matrix of 70,818 genes. After basic expression filtering, the no- DGE
pipeline retained 27,322 genes, which were then passed directly to feature selection after
quantile transformation. The DGE pipeline instead restricted the input to 15,217 age-
associated genes identified by limma-voom (Section 3.4), of which 15,008 remained after
the expression filter, before feature selection was applied. The best performing configu-

ration from each pipeline is summarised in Table 3.2.

Table 3.2: Best configuration results.

Configura- | Best N genes Test MAE | R? Gap Wall Time
tion Method (years) (years) (hours)

No- DGE LASSO 200 7.53 0.499 4.5 ~6

DGE Ridge 200 7.81 0.469 3.62 ~3
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Figures 3.11 and 3.12 show test MAE and explained variance (R?) as a function of the
number of selected genes for all six feature selection methods in the DGE configuration.
Ridge selection consistently achieved the lowest MAE across all gene set sizes, with
Ridge 200 identified as the best overall configuration ( MAE = 7.81 years, R? = 0.469).
Variance-based selection performed poorly regardless of gene set size, confirming that

expression variance alone is not a reliable proxy for age association.
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Figure 3.11: R? across feature selection methods and feature set sizes.

Model Performance vs Feature Count

I——
105 L ——
A @
10.0
% 95 &
g o
S P A
w
<
= 9o
o
]
'—
&
8.5
il
o L 13|
8.0 =
Lo e
60 ) 120 150 180

Number of Features

Figure 3.12: Test MAE across feature selection methods and feature set sizes.



FCUP | 42
Ageing Prediction Models from Blood Gene Expression

The DGE pipeline with Ridge selection for 200 genes was chosen as the final configuration
for the following reasons. First, DGE pre-filtering restricts the feature space to genes with
a statistically demonstrated association with age at FDR < 0.05, estimated using a linear
model that accounts for biological and technical covariates, namely sex and RIN. Differ-
entially expressed genes have stronger biological evidence of age association. Second,
the DGE-filtered input space is substantially cleaner, improving the signal-to-noise ratio
for downstream feature selection methods. Third, genes selected from a DGE-filtered
space are not only predictive but also statistically age-associated, making them more
meaningful for biological interpretation and cross-validation against published ageing sig-
natures [7, 41]. Fourth, this approach mirrors the standard workflow in transcriptomic
ageing studies [7], making results more comparable to published literature. Fifth, the per-
formance difference between the best no- DGE configuration ( LASSO_ 200, MAE 7.53)
and the selected DGE configuration (Ridge 200, MAE 7.81) is only 0.28 years, well within
the margin of variability expected from a single train/test split [29], and is therefore not a
meaningful justification for sacrificing biological signal. Finally, the approximately 50%
reduction in feature selection wall time (from ~6 to ~3 hours) leads to more efficient
model training, while represents a practically significant efficiency gain, reducing energy

consumption [88]. Final model performance is reported in Section 3.6.

3.6. Regression Modelling

The goal of regression modelling was to predict continuous age from the selected gene
expression features. Four regression models were trained and evaluated, chosen to en-
compass several model families: a penalised linear model (Elastic Net), two decision
tree ensemble methods with different approaches for improving model accuracy (Ran-
dom Forest and Gradient Boosting Trees) and a neural network. Different model families
make different assumptions about the relationship between gene expression and age,
and comparing them allows us to empirically identify the most appropriate model for our
data. All models were implemented using scikit-learn [82] , with the exception of XG-
Boost for which its dedicated Python library was used [50]. The training set comprised
605 samples across the final 200 genes previously selected by 1) the count-based DGE
pipeline described in Section 3.4 and 2) the Ridge feature selection described in Section
3.5. The held-out test set of 152 samples was never used during training, hyperparameter

optimisation, or ensemble construction.
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3.6.1 Hyperparameter Optimisation

Hyperparameters are settings that must be set before training begins and control how
the model learns. For example, hyperparameters handle how strongly to regularise, how
deep to grow trees, or what learning rate to use. They cannot be learned from the training

data directly and must be selected by testing different configurations.

Hyperparameter optimization was performed for each model independently using Ran-
domizedSearchCV with 5-fold cross-validation, scoring on negative mean absolute error.
Rather than exhaustively testing all combinations, RandomizedSearchCV randomly sam-
ples a fixed number of hyperparameter combinations from a statistical distribution, which
is more computationally feasible for large search spaces compared to trying out millions

of model fits.

In 5-fold cross-validation, the 605 training samples are randomly shuffled and divided into
five equal groups. Each group takes a turn as the validation set while the model is trained
on the remaining four groups. The cross-validated MAE for a given hyperparameter set-
ting is the average MAE and standard deviation across all five validation folds, providing
an estimate of generalisation performance without using the test set. A fixed random seed
(seed = 42) was used for both the fold assignment and all model initialisations to ensure

full reproducibility.

To prevent data leakage, the StandardScaler for models requiring scaling was fitted only
on the training folds and applied to each validation fold. Fitting the scaler on all data includ-
ing the validation fold would constitute leakage and produce over-optimistic performance

estimates.

3.6.2 Evaluation Metrics
Model performance was assessed on the held out test set of 152 samples using three

primary metrics:

e Mean Absolute Error ( MAE), equation 3.1, measures the average absolute dif-
ference between predicted and true age in years and is the primary metric used

throughout this work, as it is directly interpretable and robust to outliers.

1 &
MAE:;ZM’—M (3.1)
i=1
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e Coefficient of determination (R?), equation 3.2, measures the proportion of vari-
ance in chronological age explained by the model. An R? of 1.0 indicates perfect
prediction while R? of 0 indicates no better than predicting the mean age.

no (0.2
R =1 Ll m 90 (3.2)
Yimi(vi—9)

e Root Mean Squared Error ( RMSE), equation 3.3, penalises large errors more
heavily than MAE because individual errors are squared before averaging, meaning
predictions that deviate substantially from the true age contribute disproportionately

to the final score. This makes RMSE more sensitive to outliers.

RMSE = || 13 (5; — ;) 33)
i=1

where 7; is the predicted age, y; is the true chronological age, 7 is the mean true age, and

n is the number of test samples.

3.6.3 Models

Elastic Net is a linear regression model that combines L7 ( LASSO) and L2 (Ridge) reg-
ularisation penalties, discussed in Section 3.5.2. The L1 component encourages sparsity
by driving some coefficients to zero, while the L2 component stabilises the solution by
shrinking correlated coefficients together. The balance between these two penalties is
controlled by the /1_ratio hyperparameter (0 = pure Ridge, 1 = pure LASSO), and the
overall regularisation strength is controlled by alpha (higher values produce simpler mod-
els with smaller coefficients). Elastic Net requires standardised input features and was
therefore trained within a scikit-learn Pipeline containing StandardScaler. It was included
because it is a highly interpretable model, producing gene coefficients that are directly

interpreted as linear age associations.

The alpha search range was set from 10~* to 102 on a logarithmic scale, covering the
full spectrum from almost no regularisation to very strong shrinkage. The /1_ratio was
searched from 0 to 1 in 21 steps, (0, 0.05, 0.10, ..., 0.95, 1.0), covering the full spec-
trum from pure Ridge to pure LASSO behaviour. Elastic Net was tuned by sampling 40
hyperparameter settings. The best-performing combination of hyperparameters was al-
pha = 0.202 and /1_ratio = 0.15, indicating a predominantly Ridge-like solution with only
mild sparsity. This result is biologically informative: the low /7_ratio suggests that the

age signal is distributed across many correlated genes rather than concentrated in a few
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highly predictive ones, which is consistent with the known polygenic and systemic nature
of transcriptomic ageing. Cross-validated MAE was 5.83 + 0.39 years, with stable perfor-
mance across folds (range 5.30 to 6.22 years), indicating consistent generalisation. On
the full training set the model achieved R? = 0.815 and MAE = 4.38 years, with test set
performance of R? = 0.471 and MAE = 7.75 years.

Random Forest is an ensemble of decision trees trained on bootstrap samples of the
training data (random subsets of samples drawn with replacement). Each tree is also
trained on a random subset of genes at each split, further increasing diversity. Predictions
are made by averaging across all trees, which reduces variance compared to a single tree.
Random Forest does not require feature scaling and can capture non-linear relationships
between gene expression and age. The following hyperparameters were considered and

the selected values are indicated in bold:

e max_depth (maximum depth of each tree, controlling model complexity): restricted
to finite values (5, 10, 15, 20), explicitly excluding unlimited depth, as fully grown
trees memorise the training data completely and with only 605 samples would lead

to severe overfitting (selected: 10).

e n_estimators (number of trees in the forest): values of 100, 200, and 500 were
tested, covering a range from computationally efficient to highly stable ensembles
(selected: 500).

e min_samples_split (minimum number of training samples required to split a node):
values of 2, 5, and 10 were tested. Higher values prevent the model from learning

patterns from very small groups of samples (selected: 2).

e min_samples_leaf (minimum number of samples required in a leaf node): values
of 1, 2, and 4 were tested. Higher values produce smoother predictions by requiring

more evidence before finalising a prediction (selected: 1).

e max_features (fraction of genes considered at each split): values of sqrt, log2,
and 0.3 were tested. The value 0.3 introduces sufficient diversity between trees
and reduces correlation among them, particularly important when many genes carry

overlapping age-associated signals (selected: 0.3).

Random Forest was tuned using 50 combinations of hyperparameters. The selection of

max_depth = 10 and max_features = 0.3 confirms that moderate depth and high feature
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subsampling were beneficial, consistent with a dataset where age signal is broadly dis-
tributed. Cross-validated MAE was 7.80 £ 0.59 years with notable variability across folds
(range 7.23 to 8.73 years). On the full training set the model achieved R? = 0.915 and
MAE = 3.05 years, while test performance was R? = 0.406 and MAE = 7.96 years. The
large train-test gap indicates overfitting, suggesting that the chosen random forest model

struggled to generalise to the test set data.

XGBoost is a gradient boosting framework. In gradient boosting, trees are built sequen-
tially, with each new tree fitted to the residuals of the previous ensemble. Unlike Random
Forest, which builds all trees independently, XGBoost builds each tree to improve the re-
sults of the previous one, thereby focusing on difficult to predict samples. Regularisation
is applied through L7 and L2 penalties on leaf weights, and additional hyperparameters
control tree depth, subsampling rate, and learning rate. XGBoost does not require fea-
ture scaling and was included because gradient boosting methods consistently achieve
state-of-the-art performance on tabular data [50]. The following hyperparameters were

considered and the selected values are indicated in bold:

e max_depth (maximum depth of each tree): searched over 3, 4, 5, and 6, as deeper
trees produced extreme overfitting without improving test performance in preliminary

experiments (selected: 3).

e n_estimators (number of trees in the ensemble): searched over 100, 200, 300, and
500 (selected: 300).

e learning_rate (shrinkage factor applied to each tree’s contribution; lower values
require more trees but often generalise better): searched over 0.01, 0.05, and 0.1

(selected: 0.1).

e min_child_weight (minimum sum of sample weights required in a leaf node; higher
values prevent the model from learning patterns from rare subgroups of donors):

searched over 1, 3, 5, and 10 (selected: 3).

e subsample (fraction of training samples randomly selected to fit each tree, introduc-
ing stochasticity to reduce overfitting): searched over 0.6, 0.7, 0.8, and 0.9, with 0.6

included as a lower bound to allow more aggressive stochasticity (selected: 0.7).

e colsample_bytree (fraction of genes randomly selected for each tree, analogous
to max_features in Random Forest): searched over 0.6, 0.7, 0.8, and 0.9 (selected:
0.9).
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e reg_alpha (L1 regularisation on leaf weights, which pushes some leaf values to-

wards zero): searched over 0, 0.1, 1.0, and 10.0 (selected: 10.0).

e reg_lambda (L2 regularisation on leaf weights, which shrinks all leaf values propor-

tionally): searched over 0.1, 1.0, and 10.0 (selected: 1.0).

XGBoost was tuned using 50 hyperparameter combinations. The convergence to the
maximum available L7 regularisation (reg_alpha = 10.0) and very shallow trees (max_depth
= 3) is notable. Shallow trees limit the complexity of each individual learner, and strong
L1 regularisation pushes many leaf weights towards zero, both of which constrain the
model’s capacity to memorise training data. That cross-validation selected these values
suggests the data benefited from aggressive regularisation; the model generalised better
by being kept simple than by being allowed to fit complex patterns. Cross-validated MAE
was 6.92 + 0.69 years with moderate fold variability (range 6.17 to 7.70 years). On the
full training set the model exhibited near-perfect fit (R? = 0.996, MAE = 0.68 years), while
test performance was R? = 0.506 and MAE = 7.35 years.

Neural Network (MLPRegressor) is a multi-layer perceptron with fully connected hid-
den layers. Each neuron applies a non-linear activation function to a weighted sum of
its inputs, allowing the network to learn complex non-linear patterns. The network was
trained using gradient descent with early stopping; if validation loss did not improve for
10 consecutive iterations, training was halted to prevent overfitting. Neural Networks re-
quire standardized inputs and are sensitive to learning rate and architecture choices. This
model was included to assess whether complex non-linear patterns in the gene expression
data could provide additional predictive power. MLPRegressor was selected over more
complex architectures such as convolutional or recurrent networks because the inputis a
fixed length vector of gene expression values with no spatial or temporal structure, making
feedforward networks the appropriate choice for this task. More complex deep learning
architectures were explicitly ruled out on the grounds of insufficient sample size. The

following hyperparameters were considered, with the selected values indicated in bold:

e hidden_layer_sizes (number of layers and neurons per layer; for example (200,
100) means two hidden layers with 200 neurons in the first and 100 in the second):
restricted to shallow two-layer architectures (100,), (100, 50), (200, 100), and (100,
100, 50) as deeper networks would be unable to train reliably on 605 samples (se-
lected: (200, 100)).
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e activation (non-linear function applied after each neuron’s weighted sum): searched
over Relu, which computes max(0, x), and Tanh, which maps values to the range

-11to 1 (selected: Tanh).

e alpha (L2 weight regularisation strength, penalising large network weights to pre-

vent overfitting): searched over 0.0001, 0.001, and 0.01 (selected: 0.001).

e learning_rate_init (initial step size for gradient descent weight updates; too large
causes instability, too small causes slow convergence): searched over 0.0001,
0.001, and 0.01 (selected: 0.01).

The Neural Network was tuned using 40 random candidates. Cross-validated perfor-
mance was poor and highly unstable ( CV MAE = 8.72 + 0.84 years, CV R?> = -0.038 +
0.338), with negative R? values in three out of five folds, indicating that the model per-
formed worse than simply predicting the mean age in most folds. Test set performance
was also no better than random chance (R? = -0.096, MAE = 9.47 years). The insta-
bility across folds suggests that there is insufficient data to properly tune the model’s
parameter-dense architecture. With 605 training samples and a (200, 100) neuron archi-
tecture comprising over 20,000 trainable parameters, the network was severely underde-
termined. The Neural Network was therefore excluded from the ensemble constructed in

subsequent steps.

Table 3.3 summarises all four models evaluated. Models whose names appear in bold
were included in the weighted ensemble described in Section 3.6.4. Train and test MAE

are reported on the full training set and held-out test set respectively.

Table 3.3: Hyperparameter search results per model.

Model Number of | Number of | Train MAE | Test MAE | Wall Time
Hyperparam- | Sampled Hy- | (years) (years)
eters perparameter
Combina-
tions
Elastic Net 2 40 4.38 7.75 ~Ts
Random Forest | 5 50 3.05 7.96 ~30s
XGBoost 8 50 0.68 7.35 ~227s
Neural Network | 4 40 272 9.47 ~166s
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3.6.4 Weighted Ensemble

A weighted ensemble was constructed by combining the predictions of the three mod-
els capable of generalization, Elastic Net, XGBoost, and Random Forest, ranked by
their cross-validated MAE computed entirely from the training set. Ranking by CV MAE
rather than test MAE ensures that no information from held out data influences the en-
semble construction. Each model was assigned a weight inversely proportional to its
cross-validated MAE, normalised to sum to one: Elastic Net 0.386, XGBoost 0.325, Ran-
dom Forest 0.289. Although XGBoost achieved the best test-set performance (Section
4.1), Elastic Net obtained the lowest cross-validated MAE during training, and therefore
received the highest ensemble weight; weighting was deliberately based on CV perfor-
mance rather than test performance to avoid any influence from the held-out set. The
ensemble prediction for each test sample was computed as the weighted average of the

three models’ predictions.

Models were grouped into an ensemble because each one makes different errors on dif-
ferent samples according to their underlying algorithm. Elastic Net captures linear age as-
sociations through regularised coefficients, XGBoost focuses on difficult samples through
sequential tree correction, and Random Forest provides robust variance reduction through
bootstrap averaging of hundreds of decision trees. Their predictions are combined using
weights reflecting their CV performance on the training set, with the aim of reducing overall

test MAE compared to any individual model’'s performance.

3.7. SMOGN

The GTEx whole blood training set has a pronounced age imbalance, with donors aged
50—-70 representing 65.6% of training samples while donors under 40 comprised only
16.9% (Figure 3.5). To address this issue, Synthetic Minority Over-Sampling Technique
for Regression with Gaussian Noise ( SMOGN) was evaluated as a pre-processing step
prior to regression modelling [77]. SMOGN uses a relevance function to identify under-
represented target values and generates synthetic training samples by interpolating be-
tween real donors in the feature space, while undersampling overrepresented regions.
A custom mean-based relevance function was implemented to identify rare age groups
without requiring manual parameter tuning. SMOGN simultaneously generated 276 syn-
thetic donors concentrated in the under 50 age range and undersampled overrepresented
age groups (50—70 years), yielding a rebalanced training set of 764 samples. The test

set was not modified at any point during this process.
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The pipeline using SMOGN produced a test ensemble MAE of 7.53 years (R? = 0.466,
RMSE = 9.55), worse on all three metrics compared to the ensemble without rebalancing
( MAE = 7.29 years, R? = 0.515, RMSE = 9.10). One possible explanation is that syn-
thetic interpolations in a 200-dimensional gene expression space do not correspond to
biologically plausible expression profiles, introducing artificial signal that does not gener-
alise to the real test set. SMOGN was therefore not adopted in the final pipeline. The age

imbalance remains a limitation of this work and is discussed further in Section 5.2.



FCUP | 51
Ageing Prediction Models from Blood Gene Expression

4. Results and Discussion
4.1. Results

The five regression models described in Section 3.6 were evaluated on the held out test

set of 152 samples. Full test set performance is summarised in Table 4.1.

Among individual models, XGBoost achieved the best performance MAE (7.35 years, R?
=0.506), followed by Elastic Net (7.75 years, R?> = 0.471) and Random Forest (7.96 years,
R? = 0.406). The Neural Network failed to generalise ( MAE = 9.47 years, R?> = -0.096)

and was excluded from the ensemble, as detailed in Section 3.6.3.

The weighted ensemble of Elastic Net, XGBoost, and Random Forest (Section 3.6.4)
achieved a test MAE of 7.29 years and R? = 0.515, only marginally better than XGBoost
alone (MAE = 7.35 years, R?> = 0.506). Given this negligible gain, and the added computa-
tional cost and loss of single-model interpretability that the ensemble introduces, XGBoost

was selected as the final predictive model.

Table 4.1: Per-model test set performance.

Model R? MAE RMSE
Elastic Net 0.471 7.75 9.51
Random Forest 0.406 7.96 10.07
XGBoost 0.506 7.35 9.18
Neural Network -0.096 9.47 13.68
Ensemble 0.515 7.29 9.10
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Figure 4.1: XGBoost predicted vs true age scatter plot (right).

As shown in Figure 4.1, XGBoost predictions map to the true age reasonably well across
the full age range. However, the linear fit (y = 0.47x + 27.63) deviates from the ideal pre-
diction line, indicating regression to the mean: younger donors tend to be overestimated
and older donors underestimated. This pattern is a known shortcoming of age prediction
models trained on imbalanced age distributions, where the loss function is dominated by
the majority age group, in this case donors aged 50-70, reducing the model’s sensitivity

at the extremes of the age range [29].

To quantify this pattern directly, age acceleration (AAge = 7 — y, Section 2.3.1) was com-
puted for each test-set donor using the chosen XGBoost model. Across the full test set,
the median AAge was —0.43 years, indicating no systematic bias at the aggregate level;
the mean (+0.12 years) was consistent with this. However, this aggregate figure conceals
a strong age-dependent pattern, visualised as a boxplot of AAge by age group in Figure

4.2 and summarised by median in Table 4.2.
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Age Acceleration by Age Group
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Figure 4.2: Age acceleration by age group.

Table 4.2: Median age acceleration and IQR per age group.

Age group n Median AAge | IQR (years)
(years)

<30 18 +11.30 6.24 to 13.74

3040 8 +13.77 12.30 to 15.01

40-50 31 +3.49 -0.50 t0 9.93

50-60 48 -0.77 -4.96 to 2.83

60-70 47 -7.88 -13.05 to -1.91

Donors under 40 are predicted, by median, 11 to 14 years older than their true chrono-
logical age, while donors aged 60-70 are predicted to be nearly 8 years younger. The
interquartile ranges in Table 4.2, together with the boxplot in Figure 4.2, show that while
the direction of bias is consistent and monotonic across age groups, the spread within
each bin is substantial relative to the differences between adjacent groups, particularly
40-50 and 50-60, whose Interquartile Range ( IQR)s overlap. The smallest age groups
(<30, n=18; 3040, n=8) also show the most extreme individual outliers (Figure 4.2), and
their bias estimates should be interpreted with appropriate caution given the limited sam-
ple size. This pattern clearly shows the regression-to-mean behaviour visible in the parity

plot (Figure 4.1, and confirms that the apparent absence of bias at the aggregate level
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results from these opposing directional errors cancelling out across age groups, rather
than from the model being equally accurate across the age range. Because AAge is the
operational proxy for biological age used throughout this thesis (Section 2.3.1), this find-
ing has a direct implication for interpretation: AAge values for donors at the extremes of
the training age range should be treated with caution, both because of the systematic bias
demonstrated here and because of the small sample sizes underlying the youngest group

estimates.

4.2. Model Performance

The chosen model, XGBoost, achieved a test MAE of 7.35 years and R? of 0.506, con-
sistent with the performance range reported for blood transcriptomic clocks trained on
datasets of comparable size. Pefers et al. [7], the primary reference for this type of
work, reported correlations of 0.6-0.7 and MAE of 7—-8 years across independent cohorts
using nearly 15,000 samples, a range the present model matches with approximately
twenty times fewer training samples. More recent clocks such as BiT-age [36] achieve
substantially lower MAE (~3 years), within the 2.5-6 year range reported across modern
transcriptomic clocks (Table 2.2). This range reflects models trained on far larger and
more diverse cohorts than the present whole-blood GTEx sample; BiT-age in particular
was trained on all GTEXx tissues rather than only whole blood, limiting direct comparison.
The age-dependent bias in AAge (Section 4.1) is consistent with findings from compara-
ble GTEx-based transcriptomic clock studies [61, 62], confirming this is a dataset-level
limitation rather than a modelling failure, and will require larger, more balanced cohorts to

resolve.

4.3. Interpreting Gene Expression Signal
4.3.1 Model Choice for Biological Interpretation

Biological interpretation of the gene signature requires understanding both the direction of
each gene’s association with age and the importance of each gene to the final model’s pre-
dictions. These two questions are addressed using two complementary methods: Elastic
Net coefficients for direction, and SHapley Additive exPlanations ( SHAP) values com-

puted on the final XGBoost model for importance.

Elastic Net is used for the directional analysis because, as a linear model, it assigns one

coefficient per gene with an unambiguous sign: positive values indicate genes whose
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expression increases with age, negative values indicate genes whose expression de-
creases. This single-number summary is directly comparable to the up/down-regulation
language used throughout the transcriptomic ageing literature (Section 2.2.2) and to spe-
cific genes reported in prior studies such as Peters et al. [7]. XGBoost, by contrast,
captures non-linear and interaction effects that have no single coefficient or fixed sign,
making it unsuitable for this kind of feature direction analysis despite being the more ac-

curate predictive model.

Of the 200 selected genes, 93 have positive Elastic Net coefficients and 107 have nega-
tive coefficients, with eight genes at the tail of the ranking driven to zero by the L1 penalty,
indicating negligible individual predictive contribution after accounting for other genes in
the signature. Figure 4.3 shows the top 20 genes ranked by absolute coefficient magni-

tude, coloured by direction of association.

Top 20 Genes by ElasticNet Coefficient Magnitude
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Figure 4.3: Top 20 genes by Elastic Net absolute coefficient magnitude on the held-out
test set. Red bars indicate genes whose expression increases with age; blue bars
indicate genes whose expression decreases with age.

To verify that Elastic Net’s direction is not caused by using a different, less accurate model
than the one actually deployed, SHAP [89] values were computed using the XGBoost
model to obtain a model-agnostic, non-linear measure of gene importance. This com-

parison confirms whether the genes Elastic Net identifies as important also significantly
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contribute to the XGBoost model.

Figure 4.4 shows the top 20 genes ranked by mean absolute SHAP value for XGBoost ,
computed on the held-out test set (n=152). Figure 4.5 shows the full distribution of SHAP
values for the same genes across all test samples, including the direction of each gene’s
effect. Each point represents one test sample; horizontal position indicates the SHAP
value (impact on predicted age) and colour indicates the gene’s expression level (red =

high, blue = low).

Top 20 Genes by SHAP Importance — XGBoost
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Figure 4.4: Top 20 genes ranked by mean absolute SHAP value.
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Figure 4.5: SHAP summary plot showing feature value impact and direction.

The top 20 genes ranked by mean absolute SHAP value in XGBoost overlap with the
top 20 genes ranked by absolute Elastic Net coefficient in 8 of 20 cases (40%). Eight
genes are consistently identified as important by both a linear and the non-linear, gradient
boosted decision tree-based model: FIGN, CD248, PODXL2, IGFBP3, LRRN3, ASIC1,
NRCAM, and TUBA1B-AS1. Genes identified as important by both models constitute
the strongest candidates within the signature, since their importance is corroborated by
two models and does not depend on an assumption of linearity. Notably, CD248 and
LRRN3 are both established blood-specific ageing markers from Peters et al. [7] and their
consistent ranking as top features in both models lends additional biological credibility to

the gene signature.

The remaining genes identified by only one method are examined further in Section 4.3 .4,
where specific cases of agreement and disagreement between the two models are dis-

cussed.
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4.3.2 Genes Overlapping with State-of-the-Art Transcriptomic Clocks

As established in Section 4.3.1, Elastic Net coefficients are used throughout this section to
characterise the direction and relative strength of each gene’s association with age, since
XGBoost (the chosen predictive model) does not produce interpretable coefficients per
gene. All genes discussed below were part of the fixed 200 gene set selected by Ridge
regression (Section 3.5) and used identically across all four regression models; only the

coefficient values, used here for direction, come specifically from the Elastic Net model.

Ridge Signature (200)

CD248
LRRN3

193 KYNU 193
NT5E

TMEM204
CR2
CDh8B

Figure 4.6: Overlap between the 200-gene Ridge signature and the top 200 genes from
Peters et al. [7]. The seven shared genes are listed in the intersection.

Seven genes were shared with the top 200 genes from Peters et al. [7] as shown in
Figure 4.6. Given the entirely different platforms, cohorts, and analytical methods between
studies, this overlap provides meaningful cross-study validation, as genes identified under
two different conditions are less likely to reflect technical artefacts and instead more likely

to represent genuine transcriptomic markers of ageing in blood.

The two most strongly weighted shared genes are CD248 and LRRN3. CD248 (en-
dosialin, coefficient -1.563) is a protein expressed in the cells that form and maintain
blood vessel walls. Its consistent downregulation with age across two independent sig-
natures suggests a progressive loss of vascular cell activity with age, supporting CD248
as a robust transcriptomic marker of vascular ageing in blood [1]. LRRN3 (coefficient
-1.142) is a protein involved in cell adhesion in the nervous system, whose expression

is also detected in circulating immune cells. Its downregulation with age in blood reflects
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the progressive decline of immune cell populations and their signalling capacity, a pro-
cess known as immunosenescence, consistently reported in blood transcriptomic ageing

studies [7, 23].

KYNU (kynureninase, coefficient +0.626) is an enzyme involved in the breakdown of tryp-
tophan, an essential amino acid. This metabolic pathway is relevant to ageing because
it is the main route through which cells produce NAD+, a molecule essential for energy
metabolism. The levels of this metabolic process decline with age, thereby contributing to
cellular dysfunction [10]. The upregulation of KYNU with age is consistent with increased
activity of this pathway in aged blood, and Peters et al. [7] also identified it as one of the

most consistently supported metabolic markers of blood ageing.

NT5E (or CD73, coefficient —0.222) is a protein on the surface of immune cells that pro-
duces adenosine, a molecule that acts as a natural brake on inflammatory responses,
helping the immune system avoid excessive inflammation. Its downregulation with age
decreases adenosine production in aged immune cells. This reduction in their ability to
control inflammation contributes to the chronic low-grade inflammatory state observed in
older individuals [22]. CR2 (coefficient —0.109) is a receptor on B lymphocytes, immune
cells responsible for producing antibodies, whose decline follows the well-documented re-
duction in B cell number and function with age [22]. CD8B (coefficient +0.0007) is a protein
on cytotoxic T lymphocytes, the immune cells that destroy virus-infected and cancerous
cells. Its presence in the signature, even with minimal predictive weight, is consistent with
the progressive decline of cytotoxic T cell function that is one of the best-characterised fea-
tures of immune ageing [22]. TMEMZ204 (coefficient —0.183) is a transmembrane protein
involved in cell-cell interactions whose age-associated change is less well characterised

in the literature.

In regard to the transcriptomic clock developed by Sood et al. [41], two of the genes
identified by our methodology were shared with their 150-gene signature: POF1B and
MAPKS8IP2. No gene was common to all three gene sets simultaneously, which is ex-

pected given the very different methodologies employed by each transcriptomic clock.

POF1B (coefficient +0.920) is involved in organising the actin cytoskeleton, the internal
network of protein filaments that gives cells their shape and allows them to move and
divide. Its upregulation with age in blood, replicated in Sood et al. [41], is consistent with
age-associated changes in the properties of circulating immune cells that accompany

immunosenescence [1]. MAPKS8IP2 (coefficient +0.409) is a protein that organises the
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cellular processes responsible for responding to stress, such as DNA damage, oxidative
stress, and inflammation, all of which increase in frequency with age. Its upregulation
in both signatures points to progressively elevated stress signalling in aged blood cells,

consistent with the inflammaging framework [10].

4.3.3 Top Ranked Unique Genes

This section examines genes ranked highly by the interpretive methods established in
Section 4.3.1, focusing on two complementary questions: which genes are ranked highly
by both the linear Elastic Net model and the non-linear XGBoost model, and which genes
are ranked highly by only one. Genes important to both models represent the strongest
candidates for genuine age-associated signal, as their importance does not depend on
an assumption of linearity. Genes important to only one method are informative in distinct
ways: a gene ranked highly only by Elastic Net may reflect a linear association not deemed
important by the gradient boosting model, while a gene ranked highly only by XGBoost

may capture a non-linear or interaction effect invisible to a linear model.

Cross-referencing the top 30 genes by absolute Elastic Net coefficient against the top
30 genes by mean absolute XGBoost SHAP value identifies ten genes that rank highly in
both: CD248, and LRRNS3, already discussed in Section 4.3.2 for their overlap with Peters
et al. [7], and IGFBP3, PODXL2, ASIC1, TUBA1B-AS1, FIGN, and NRCAM, along with
two genes lacking an annotated symbol in the current GENCODE release. The latter
group is discussed below. Two notable disagreements between the methods are also
discussed: GOLPHA3L, the single most strongly weighted gene by Elastic Net coefficient,
which is absent from XGBoost’'s top 30; and REG4 and GREM2, which rank highly in
XGBoost but do not appear among Elastic Net’s top 30.

FIGN (fidgetin; Elastic Net rank 10, coefficient +1.003; XGBoost SHAP rank 1) shows
the strongest agreement of any gene in the signature, ranking first in non-linear impor-
tance despite a comparatively modest linear coefficient. FIGN controls the dynamics of
microtubules, the internal protein rods that form the structural skeleton of cells and are
essential for cell division and the transport of molecules inside cells. Its upregulation with
age suggests progressive disruption of this internal structural system, consistent with the

cytoskeletal dysfunction and impaired cell division fidelity observed in aged cells [1].

PODXL2 (Elastic Net rank 5, coefficient -1.134; XGBoost SHAP rank 4) and ASIC1 (Elas-
tic Net rank 6, coefficient —1.128; XGBoost SHAP rank 11) are both consistently ranked
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highly by both models. ASIC1 is an ion channel, a protein that acts as a gate in the cell
membrane, controlling the flow of charged particles into cells in response to acidic condi-
tions, which typically signal inflammation or tissue damage. Its downregulation with age
may reflect a declining capacity of aged immune cells to sense and respond to inflam-
matory signals. PODXL2 encodes a cell-surface glycoprotein implicated in cell adhesion
and is less well characterised in the ageing literature, though its consistent downregulation

across both models makes it a candidate for further investigation.

IGFBP3 (Elastic Net rank 3, coefficient +1.380; XGBoost SHAP rank 8) is the most strongly
upregulated gene by linear coefficient and also within the top 10 of the non-linear rank-
ing, corroborating its importance across both models. It is a protein that circulates in the
blood and controls the availability of insulin-like growth factor 1 (IGF-1), a hormone that
promotes cell growth and division. With age, the balance of this growth signalling system
shifts: IGF-1 levels decline and IGFBP3 increasingly promotes signals that inhibit growth
and trigger cellular senescence. The IGF-1/IGFBP3 axis is one of the most evolutionarily
conserved regulators of lifespan, implicated in longevity across species from worms to

humans [10].

Meanwhile, GOLPH3L (Elastic Net rank 1, coefficient —1.582) is the most strongly down-
regulated gene by linear coefficient, yet does not appear in the XGBoost top 30, suggest-
ing its apparent importance may be specific to the linear model. GOLPH3L is involved
in regulating protein transport inside cells, coordinating the movement of proteins from
the Golgi apparatus to their final destinations; its proposed link to proteostasis failure, a
recognised hallmark of cellular ageing [1], should therefore be treated as a hypothesis

warranting independent validation rather than a confirmed marker.

Conversely, REG4 and GREM2 rank highly in XGBoost ( SHAP ranks 5 and 6 respec-
tively) but fall outside the Elastic Net top 30, illustrating that the non-linear model captures
additional age-associated signal not well represented by a linear combination of gene ex-

pression values.

4.3.4 Overall Signature Profile

Taken together, the genes examined in Sections 4.3.2 and 4.3.3 reveal a directional pro-
file consistent with established transcriptomic hallmarks of blood ageing. Upregulated
genes are enriched in growth factor signalling ( /GFBP3) and cytoskeletal remodelling

(FIGN, POF1B), while downregulated genes include markers of vascular integrity (CD248,
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PODXL?2), neuronal-immune cross-talk (LRRN3, ASIC1), and lymphocyte function (CR2).
This profile mirrors the findings of Peters et al. [7] and the universal transcriptomic hall-
marks of mammalian ageing reported by Tyshkovskiy et al. [11], supporting the conclusion

that the pipeline has captured genuine transcriptomic ageing signal.

This conclusion is strengthened by the cross-model agreement established in Section
4.3.3: genes such as CD248, IGFBP3, LRRN3, PODXL2, ASIC1, and FIGN are consis-
tently ranked as important by both the linear Elastic Net model and the non-linear XGBoost
model, indicating that their contribution to age prediction does not depend on the specific
modelling assumptions of either method. At the same time, the disagreements identified
between the two models, most notably GOLPH3L’s strong linear coefficient unsupported
by XGBoost's importance ranking, and the converse pattern for REG4 and GREM2, are
a reminder that not every gene in the signature carries equally robust evidence, and that

interpretability findings from a single model should be treated with appropriate caution.
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4.4. Protein-Protein Interaction Network of the Gene Signature
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Figure 4.7: STRING protein-protein interaction network of the 200-gene Ridge
signature.

Proteins rarely act in isolation; rather, they interact with other proteins to carry out biolog-
ical functions, forming networks of connected molecules that work together in the same
pathways or complexes. Submission of the 200 Ridge selected genes to STRING [90],
a database of known and predicted protein-protein interactions, yielded a significant en-
richment result (p = 0.0403), indicating that the proteins encoded by the signature have
significantly more connections between them than would be expected for a random set of
200 proteins from the human genome. This suggests that the signature encodes a func-

tionally connected biological network rather than a collection of individually predictive but
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biologically unrelated genes, consistent with the use of Ridge-based ranking, which pre-
serves co-expressed gene groups and therefore naturally retains pathway-level structure
in the selected set. Each node in the resulting network represents a protein encoded by a
signature gene, and each edge represents a known or predicted interaction between two
proteins; nodes with no detected interactions are omitted. Figure 4.7 shows the resulting

network, with two clusters of particular interest discussed below.

The largest cluster centres on AGT (angiotensin precursor) and directly connects two of
the signature’s strongest individual predictors, CD248 and LRRN3 (Section 4.3.2), via
the intermediate genes FBLN2 and EDN1. AGT itself carries a near-zero Elastic Net
coefficient and ranks poorly in XGBoost's SHAP importance (rank 182 of 200), indicat-
ing it contributes little to either model’s predictions individually; its hub position therefore
reflects biological centrality rather than independent predictive value, consistent with re-
dundancy among co-regulated genes in this region of the network. AGT is the starting
point of the renin-angiotensin system, a hormonal pathway that regulates blood pressure
and fluid balance and becomes progressively dysregulated with age, contributing to vas-
cular stiffening, chronic inflammation, and cardiovascular disease [1]. The cluster also in-
cludes NPR3 (Elastic Net coefficient —0.735 rank 34, XGBoost SHAP rank 30) and P2RY6
(Elastic Net coefficient —0.386 rank 106, XGBoost SHAP rank 49), both moderately im-
portant receptors involved in blood pressure regulation and vascular signalling, and the
GNG7/ADCY3/ADCYS5 signalling chain (a G-protein/cAMP signalling pathway), downreg-
ulated with age (coefficients —0.339, —0.571, —0.296 respectively) and ranked within the
top 60 of 200 genes by XGBoost importance, indicating a coordinated reduction in cellular
responsiveness to hormonal signals with age [10]. Taken together, this cluster links the
strongest individually predictive genes in the signature, CD248 and LRRN3, to a broader,

biologically coherent network of vascular and hormonal regulation in blood.

The second cluster of interest connects NRCAM (Elastic Net coefficient —-0.913 rank 14,
XGBoost SHAP rank 12), SCN9A (Elastic Net coefficient —0.424 rank 93, XGBoost SHAP
rank 118), and PODXL2 (Elastic Net coefficient =1.134 rank 5, XGBoost SHAP rank 4),
three genes involved in cell adhesion and electrical signalling that are also relevant to
immune cell biology. NRCAM and PODXL2 are both strongly supported by both models,
while SCN9A’s importance is more specific to the linear model. Their co-downregulation
and network connectivity reinforce the neuronal-immune cross-talk theme observed in the
gene-level analysis (Section 4.3.4), suggesting that the progressive loss of this signalling

capacity in blood cells is a coordinated, pathway-level feature of ageing rather than an



FCUP | 65
Ageing Prediction Models from Blood Gene Expression

isolated single-gene effect.

Several smaller clusters were also identified in the network, involving genes of lower indi-
vidual predictive importance (e.g. NT5E, GRIK4, XPNPEPZ2 and their respective connec-

tions); these are not discussed further here but are visible in Figure 4.7.

4.5. Technical Strengths

In regards to the ML methodology described in this thesis, the DGE pre-filtering step via
limma-voom on raw count data ensures that every gene entering feature selection car-
ries a statistically demonstrated age association at FDR < 0.05 from a covariate-adjusted
model, providing biological grounding absent from purely data-driven pipelines. This mir-
rors the standard workflow in the field [7] and makes the selected genes more meaningful
for biological interpretation and cross-study comparison. Furthermore, the strict preven-
tion of data leakage throughout (test set held out from all processing decisions and scalers
fitted inside cross-validation folds) ensures the reported evaluation metrics reflect genuine
generalisation to unseen data. Data leakage is a common and often underreported issue
in machine learning pipelines that produces optimistic performance estimates that do not

hold in practice [29].

For gene signature interpretation, Ridge based gene ranking preserves co-regulated gene
groups rather than arbitrarily eliminating correlated partners as LASSO would. This di-
rectly contributed to the biologically coherent protein-protein interaction network structure
observed in the final signature. The low optimal Elastic Net /7_ratio (0.15) confirmed that
the age signal is distributed across many correlated genes, consistent with the polygenic
nature of transcriptomic ageing, making Ridge the more appropriate ranking tool for this

dataset.

Interpretability was further strengthened by validating Elastic Net’s directional findings
against SHAP values computed directly on XGBoost, (Section 4.3.1). Rather than relying
on a single model’s interpretation, this dual approach identified a core set of genes whose
importance is robust to the choice of model, and explicitly flagged genes where the two
methods disagree (Section 4.3.4), providing a more honest and defensible account of the

gene signature than either method could offer alone.

Finally, the pipeline is fully scripted and publicly available on GitHub at https://github.
com/martacduarte/blood-gene-expression-ageing-prediction. The use of fixed ran-

dom seeds throughout and data validation at each filtering step to verify that expression
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matrix identifiers, age labels, and metadata retain the expected order ensures full re-
producibility and prevents silent misalignment errors that are a common source of data
leakage in transcriptomic pipelines. The provided pipeline code directly addresses the
absence of standardised pipelines identified as a key limitation in the transcriptomic clock

literature [4].
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5. Conclusions

This thesis developed and evaluated a reproducible machine learning pipeline for pre-
dicting chronological age from whole blood RNA-seq gene expression data, using the
resulting age predictions to derive age acceleration (AAge) as a proxy for biological age-
ing, with GTEx v11 as the primary data resource. Starting from a raw expression matrix
of 74,628 genes across 803 samples, the pipeline applied log,( TPM+1) transformation,
ComBat batch correction using sequencing centre as the batch variable, RNA quality fil-
tering ( RIN > 6.5), and outlier removal, yielding a final cohort of 757 samples. A stratified
80/20 train-test split (Section 3.3) then separated 605 training samples from a held-out
test set of 152 donors, with all subsequent steps performed exclusively on the training
set to prevent data leakage. Differential gene expression analysis via limma-voom on the
training samples identified 15,217 age-associated genes at FDR < 0.05 from a covariate-
adjusted linear model, providing a biologically justified input space for feature selection.
Ridge based ranking then identified the 200 most informative genes, which served as input
to a multi-model regression framework comprising Elastic Net, Random Forest, XGBoost,

and a Neural Network.

XGBoost was chosen over the weighted ensemble (Section 4.1), achieving a test MAE
of 7.35 years and R? of 0.506 on the held-out set of 152 donors, consistent with the
state of the art for blood transcriptomic clocks trained on comparable data scales [7].
Predictions showed an age-dependent bias consistent with the imbalanced training distri-
bution, with younger donors overestimated and older donors underestimated (Section
4.1). Biological validation of the gene signature, interpreted using Elastic Net coeffi-
cients for direction and SHAP values computed on XGBoost for importance, confirmed
cross-study replication with both Peters et al. [7] (7 shared genes) and Sood et al. [41]
(2 shared genes), with functionally relevant markers of immunosenescence, tryptophan
metabolism, vascular ageing, and intracellular trafficking. STRING protein-protein in-
teraction network analysis confirmed significant interaction enrichment among the 200
selected genes (p = 0.0403), with biologically interpretable hub clusters pointing to the
renin-angiotensin axis, G-protein/cAMP signalling, and neuronal-immune cross-talk as

coordinated pathway-level features of the blood ageing signature.
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5.1. Answers to the Research Questions

Research question 1: Can robust and accurate models be developed to predict

biological age from blood gene expression data?

Yes, within the constraints of the available dataset. The final model, XGBoost, achieves
MAE of 7.35 years and R? of 0.506 on a held-out test set, matching the performance
range reported by Peters et al. [7] across independent cohorts despite using substantially
fewer training samples. Biological age is operationalised in this thesis as age acceleration
(AAge = 77 — y, Section 2.3.1); while the mean AAge across the test set is close to zero
(+0.12 years), per-age-group analysis (Section 4.1) reveals systematic over-prediction in
donors under 40 and under-prediction in donors over 60, a direct consequence of the age-
imbalanced training distribution. Performance and calibration are therefore constrained
primarily by the small and age-imbalanced GTEx whole blood training set and would be

expected to improve with larger, more balanced cohorts.

Research question 2: Can we overcome technical challenges posed by incomplete

and imbalanced distributions of the response variable?

Partially. Stratified splitting with quantile-based age bins ensured statistically indistin-
guishable train and test age distributions (Section 3.3), addressing the evaluation side of
the imbalance problem. However, the imbalance in the training distribution itself was not
successfully corrected: SMOGN synthetic oversampling failed to improve prediction ac-
curacy and degraded performance on all three metrics (Section 3.7), and per-age-group
AAge analysis (Section 4.1) confirms the underlying imbalance still limits the model’s sen-
sitivity at the extremes of the age range, with median AAge ranging from +13.8 years in the
30—-40 group to —-7.9 years in the 60—70 group. Full resolution of this challenge requires

larger training datasets with broader age coverage rather than synthetic augmentation.

Research question 3: Can we build models that generalise well across independent

blood gene expression datasets?

This question remains open. The pipeline was evaluated exclusively on a held-out subset
of the GTEx cohort, which shares the same collection protocol, sequencing centre distri-
bution, and donor demographic profile as the training data, so cross-cohort generalisation
was not feasible to demonstrate within the scope of this work. However, the pipeline was
deliberately designed to support this validation step: Ridge based gene ranking was se-

lected over dimensionality-reduction approaches such as PCA specifically to preserve
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individual gene identities (Section 2.8), so the final 200-gene signature can in principle
be applied directly to independent cohorts without re-deriving the feature space. Demon-
strating this generalisation remains the most important outstanding validation step before

clinical utility can be claimed.

Research question 4: Is it possible to identify a minimal age signature for accurate
age prediction, and could such a signature serve as the basis for a practical age

prediction device?

A compact 200-gene signature was identified that achieves competitive prediction perfor-
mance, with cross-study replication in two independent reference signatures and a sta-
tistically significant protein-protein network confirming functional connectivity. Whether
200 genes constitutes a minimal signature, however, is not something this work can an-
swer definitively. For context, established clinically deployed gene expression panels
vary considerably in size, from 21 genes in the Oncotype DX breast cancer recurrence
assay [91] to 70 genes in the MammaPrint assay [92], suggesting 200 genes is not in-
herently impractical for this class of diagnostic tool. However, determining whether this
specific signature could be meaningfully reduced, and whether a smaller panel would
maintain comparable predictive performance, would require dedicated feature reduction
experiments and validation on independent cohorts, which fall outside the scope of this
thesis and are identified as a priority for future work (Section 5.3). Similarly, whether the
present pipeline constitutes a practical "device” depends on how that term is defined: as
a data-driven bioinformatic pipeline (blood sample — sequencing — computational pre-
diction), the work presented here is already functional in that sense, but translation to a
point-of-care physical assay would require the panel reduction and validation steps just

described.

5.2. Limitations

The small and age-imbalanced training set is the primary limitation, producing the system-
atic AAge bias reported in Section 4.1 and limiting the model’s exposure to young blood
transcriptomes (Sections 3.7, 4.2). Sample size also constrained model complexity, pre-

venting effective use of deep learning architectures.

The pipeline was trained and evaluated within a single cohort, meaning cross-cohort gen-
eralisation remains undemonstrated. Both training and test sets share the same GTEx

collection protocol, sequencing centre distribution, and post-mortem sampling strategy,
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and drops in performance when evaluated on independent datasets collected under dif-
ferent conditions is a known challenge for transcriptomic clocks [7, 27]. ComBat correction
reduced but did not fully eliminate between-centre batch effects, and residual technical

variation may inflate apparent age associations in a subset of genes.

Finally, the models are optimised for prediction rather than causal inference. Strong gene
coefficients indicate correlation with age, not causation. Therefore, the signature may
partially capture the downstream consequences of age-associated processes, such as
immune cell compositional shifts, medication effects and subclinical disease, rather than

intrinsic molecular ageing mechanisms.

5.3. Future Work

The most impactful near-term addition would be to perform external validation on inde-
pendent, publicly available cohorts such as those used in the Peters et al. meta-analysis
[7] (Framingham Heart Study, Rotterdam Study, InChianti, KORA, SHIP-TREND), ac-
cessible through GEO and dbGaP. This would establish whether the clock maintains its
performance outside the GTEx context and if the uncovered gene signatures should be
considered for experimental validation. Addressing the age imbalance requires larger
datasets with broader and more uniform age coverage. The UK Biobank blood RNA-
seq database [70], which is progressively releasing expression data from its 500,000-
participant cohort, represents the most significant near-term resource for this purpose
and would be expected to substantially improve prediction accuracy, particularly at the
extremes of the age range. Integration of cell type deconvolution approaches such as
CIBERSORTYX, a computational tool that estimates the proportions of different immune
cell types present in a blood sample from gene expression data alone, would allow disen-
tanglement of expression changes driven by immune cell compositional shifts from those
reflecting intrinsic cell-level ageing, moving the signature towards more robust biological
interpretability. Finally, the identified 200-gene signature represents a candidate panel
of blood-based ageing biomarkers, comparable in scale to existing clinically deployed
gene expression panels (Section 5.1). Reduction to a smaller targeted panel compatible
with platforms such as NanoString [93], a targeted gene expression measurement tech-
nology suitable for clinical settings that can measure hundreds of specific genes from a
small blood sample, followed by prospective validation in clinical cohorts with longitudi-
nal follow-up, would establish whether predicted age acceleration associates with health

outcomes and mortality.
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A. Appendix

The following poster was presented at the Department of Computer Science Master’s
Day, Faculty of Sciences of the University of Porto, 2025/26, summarising the motivation,
methods, and preliminary results of the work presented in this thesis. Note that the poster
reflects preliminary results from an earlier stage of the project; the final model, results,

and conclusions are presented in the main body of this thesis.
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