ID N. 18806

UNIVERSITA
DI TORINO

Universita Campus Bio-Medico di Roma

Department of Engineering

Universita di Torino

Department of Neurosciences ”Rita Levi Montalcini”

Italian National Ph.D. in Artificial Intelligence
Health and Life Sciences
XXXVIII Cycle

Beyond The Genome: Integrative Multi-omic

Analysis Of Complex Traits Using Biobank Data

Supervisors Candidate

prof. Paolo Provero Danziela Fusco

prof. Michele Caselle

January, 2026



Abstract

Human complex traits arise from the intricate interplay between genetic, molecu-
lar, and environmental influences. This thesis leverages large-scale biobank data
to move beyond the genome, integrating genomic, transcriptomic, proteomic, and
phenotypic layers to dissect the biological mechanisms underlying complex traits
and to enhance biomarker discovery.

In the first study, we investigated the molecular basis of the genetic correlation
between body mass index (BMI) and brain morphology using the UK Biobank
imaging genetics resource. By combining genome-wide association data with brain
expression quantitative trait loci (eQTLs), we identified 21 genes whose genetically
regulated expression in the brain pleiotropically influences both BMI and regional
brain structure. Fine-mapping, colocalization, and epigenetic annotation high-
light causal variants in loci such as TUFM and VPS11, implicating mitochondrial
translation and microglial regulation in the neurobiological architecture of obesity.
In the second study, we developed a framework to remove inherited genetic effects
from plasma protein levels—genetic adjustment—to refine biomarker prediction.
Using proteomic and genomic data from nearly 40,000 UK Biobank participants,
we showed that genetically adjusted proteins display stronger associations with
37 diseases and with lifestyle or environmental exposures, corresponding to a 30%

median gain in statistical power for biomarker discovery. Multi-protein models



derived from adjusted proteins outperform standard models across multiple con-
ditions, illustrating how subtracting genetic variability enhances detection of bio-
logically relevant, non-genetic signals.

Together, these studies demonstrate that biobank-scale multi-omic integration can
reveal the molecular mechanisms linking genotype, intermediate molecular pheno-
types, and disease. They advance a generalizable paradigm for moving beyond
the genome toward a more complete, mechanistic, and predictive understanding

of human health and disease.

IT



Contents

Introduction

1 Literature review

1.1

1.2

1.3

1.4

The GWAS era from the beginning to modern times . . . . . . . . .
1.1.1  The rise of GWAS and their main discoveries. . . . . . . . .
1.1.2  Heritability, polygenicity, and common variant effects . . . .
1.1.3 Polygenicscore . . . . . . .. .. .. oo
Genetic architecture and causal inference in complex traits . . . . .
1.2.1 Foundations of complex trait inheritance . . . . . . . . . ..
1.2.2  Genetic correlation . . . . . ... ... ... L.
1.2.3 Mendelian Randomization . . . . . ... ... ... .....
1.2.4 Colocalization and fine-mapping . . . . . . . . . ... . ...
Multi-omics approaches in biological research . . . . . . . . . . . ..
1.3.1 The advantages of multi-omics . . . . . . ... ... .. ...
1.3.2  Quantitative trait loci . . . . . .. .. ..o

1.3.3 The plasma proteome as a window into disease biology

5

8
10
12
12
13
15
17
20
20
24
26

Machine Learning approaches in complex traits and disease prediction 28

1.4.1 Predicting regulatory activity and chromatin accessibility in

complex traits . . . . . . . .. ...



Contents

1.4.2  Feature selection and regularization for predicting disease risk 30

1.5 Population Biobanks to study complex traits . . . . . .. ... ... 32
1.5.1 The emergence of population-scale biobanks . . . . . .. .. 32
1.5.2  Advantages and limitations . . . . .. ... ... ... ... 34

Exploring the molecular basis of the genetic correlation between

body mass index and brain morphological traits 36
2.1 Abstract . . . . ... 37
2.2 Introduction . . . . . . . .. .. 37
2.3 Results. . . . . . . 39
2.3.1 Genetic correlation . . . . ... ... L 39
2.3.2 Summary-based Mendelian randomization . . . . . . . . .. 41
2.3.3 Fine-mapping and colocalization analysis . . . . . . . . . .. 44
2.3.4 Epigenetic fine-mapping . . . . .. ... L 49
2.4 Discussion . . . . ... 52
2.4.1 Limitations . . . . ... ... ... ... ... 53
2.5 Conclusion . . . . . . . ... 54
2.6 Methods . . . . . . . . 54
2.6.1 Summary statistics and individual data . . . . . . . . . . .. 54
2.6.2  Genetic correlation . . . . ... ... 55
2.6.3 Summary-based Mendelian randomization . . . . . . . . .. 56
2.6.4 Individual-level GREx-trait association . . . . . . . .. ... 56
2.6.5 Partitioned genetic covariance . . . . . . .. ... ... ... 57
2.6.6 Fine-mapping and colocalization . . . . . . . .. .. ... .. 58
2.6.7 Epigenetic fine mapping and motif analysis . . . . . . . . .. 58

Removing genetic effects on plasma proteins enhances their utility

as predictive disease biomarkers 60
3.1 Introduction . . . . . . . . . ... .. 61
3.2 Results. . . . . . . 62
3.2.1 Conceptual framework . . . . . ... ... ... ... .. .. 62
3.2.2  Protein selection and genetic adjustment . . . . . . ... .. 63

IV



Contents

3.3
3.4

3.2.3  Genetically adjusted proteins show stronger associations with
diseaserisk . . . . ... ...
3.2.4 Stronger disease associations are explained by removal of
genetic noise from proteins . . . . ... ...
3.2.5 Both cis and trans genetic effects on proteins contribute to
stronger disease associations, but cis effects are more robust
3.2.6 Illustrative examples of genetically adjusted proteins
3.2.7  Genetically adjusted proteins show stronger correlation with
the exposome . . . . . . ..o
3.2.8  Multi-protein scores using adjusted proteins are stronger
predictors of disease . . . . . . .. ... .. ...
3.2.9 Replication using FinnGen-derived polygenic scores and 7
additional proteins . . . . . . ... ... L.
Discussion . . . . . . . ..
Methods . . . . . . . . .
3.4.1 Study population . . . . .. ...
3.4.2  Proteomics imputation . . . . . ... . Lo
3.4.3 Selection of OmicsPred genetic scores . . . . . . . . .. ...
3.4.4 Polygenic score-based adjustment of proteins . . . . . . . ..
3.4.5 Disease definitions . . . . ... ..o
3.4.6 Disease association analysis . . . . . .. ... ... ... ..
3.4.7 Cis- trans- analysis . . . . . .. ... ...
3.4.8 Exposome analysis . . . . ... ... oL
3.4.9 Multi-protein analysis . . . . . ... ..o
3.4.10 Replication with FinnGen pQTLs . . . . . . . ... ... ..

4 Other related work

4.1 Sequence composition and conservation predict the phenotypic rel-

4.2

evance of transposable elements . . . . . ... ... ... ...

4.1.1
4.1.2

Abstract . . . . . . ..
My contribution . . . . . ... ...

Ancestral genetic components are consistently associated with the

complex trait landscape in European biobanks . . . . . . . . . . ..

\Y



Contents

4.2.1 Abstract . . . ... ...
4.2.2 My contribution . . . . . .. ...

Conclusion

List of publications
Acknowledgements
Appendix

A Supplementary material to Chapter 2

A.1 Supplementary Figures . . . . . . ... ... ...

B Supplementary material to Chapter 3

B.1 Supplementary Figures . . . . . . ... ... ...
B.2 Supplementary Methods . . . . .. ... ... ..

VI



Introduction

Biomedical research has undergone a substantial transformation over the past few
decades, driven by advancements in technology and data science. One of the most
significant developments has been the creation of large-scale population biobanks,
which collect detailed genetic, molecular, and health records from hundreds of
thousands and, in some cases, millions of individuals. These biobanks have pro-
vided unprecedented access to different datasets, enabling researchers to investi-
gate the complex interactions between genetic variation, environmental exposures,
and health outcomes at a population level. By linking these various data types, re-
searchers can gain a deeper understanding of the factors that contribute to health
and disease. [1, 2]

Genome-wide association studies (GWAS) within these resources have uncov-
ered multiple loci associated with complex traits and diseases. GWAS have under-
scored the polygenic nature of many human traits, revealing that most diseases and
traits are influenced by the cumulative effects of many genetic variants, each hav-
ing a small effect on the phenotype [3]. These discoveries provided the foundation
for data-driven precision medicine, an approach that adapts medical treatment to
individual genetic profiles.

Yet, despite this success, most associations remain statistical rather than mecha-
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nistic, and the biological processes connecting genetic variation to phenotype are
often unclear. To bridge this gap, the challenge now is to move beyond these asso-
ciations to understand how genetic variants influence disease through their effects
on biological pathways and molecular networks. This has led to a paradigm shift
in biomedical research, where the focus is increasingly shifting towards integrat-
ing multi-omics data to map how genetic effects propagate through intermediate
molecular layers and to provide a more comprehensive biological interpretation of
disease.

The integration of GWAS with other molecular layers has enabled a more com-
prehensive biological interpretation, revealing how variants shape molecular and
cellular processes underlying disease. Expression and protein quantitative trait
loci (eQTLs and pQTLs) have emerged as powerful tools to connect genetic varia-
tion to gene and protein expression. These loci help identify causal pathways and
pleiotropic mechanisms, providing insights into how genes and proteins influence
complex traits [4, 5].

At the same time, many human traits are also strongly influenced by non-genetic
factors, including environmental exposures, lifestyle and socioeconomic factors,
that interact with the genome, and their roles in disease are complex and often
underexplored [6, 7, 8]. Distinguishing the relative contributions of genetic and
non-genetic components is therefore crucial, not only for understanding disease
biology but also for improving the predictive power of biomarkers and disease
models.

Recent years have seen the emergence of multi-omic approaches to study how
genomic, transcriptomic, proteomic, and phenotypic layers contribute to disease.
By leveraging the power of large-scale biobank data, multi-omic approaches allow
researchers to investigate causality in disease development, uncover shared molec-
ular mechanisms across diseases, and improve the prediction of disease risk. These
integrative approaches hold great promise for the discovery of novel biomarkers
and therapeutic targets, as they provide a more nuanced understanding of disease
at the molecular level, by combining genomics with downstream molecular data

to explore both causality and prediction [9].

The work presented in this thesis applies multi-omic integration to biobank
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data in order to advance our understanding of complex trait mechanisms and im-
prove disease prediction.

In Chapter 1, the key concepts and methodologies that underpin the work pre-
sented in subsequent chapters will be introduced, providing a foundation for un-
derstanding the techniques and approaches implemented in the studies discussed.
The first study, presented in Chapter 2, explores the molecular basis of the ge-
netic correlation between body mass index (BMI) and brain morphology, using a
combination of genomic, transcriptomic, and epigenomic data. This study iden-
tifies shared pleiotropic mechanisms that link BMI with brain structure, offering
insights into the genetic underpinnings of both traits.

The second study, presented in Chapter 3, focuses on the development of a novel
polygenic-score-based strategy to remove the inherited genetic component from
plasma protein levels, thereby enhancing their predictive power for disease. By
adjusting for genetic effects, this approach improves the accuracy and utility of
plasma proteins as biomarkers for disease risk.

In Chapter 4, additional related work is briefly introduced. Although these stud-
ies do not constitute the main focus of this thesis, they are relevant as they apply
the methodologies described here to different contexts, thereby highlighting the
broader applicability and importance of these approaches across a broad range of

research questions.

Together, these studies highlight the power of multi-omic integration at a
biobank scale and demonstrate how it can be leveraged to uncover biological mech-
anisms that drive complex diseases. The findings of this thesis have broad impli-
cations for the field of precision medicine, particularly in the identification of new
biomarkers for early disease detection and the development of targeted therapeu-
tic strategies. By bridging the gap between genetic, molecular, and phenotypic
data, this research contributes to a deeper understanding of disease biology and

the advancement of personalized healthcare.
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CHAPTER

Literature review

1.1 The GWAS era from the beginning to modern times

The discoveries made through genome-wide association studies (GWAS) have trans-
formed our understanding of complex diseases, revealing the polygenic nature of
complex traits. The following sections will explore the fundamental concepts of
heritability, polygenicity, and polygenic scores, with a particular focus on their

applications in genetic epidemiology.

1.1.1 The rise of GWAS and their main discoveries

The GWAS era led to many scientific discoveries, revealing a powerful approach
to the identification of genes involved in common human diseases and the highly
polygenic nature of complex traits [3]. The completion of the Human Genome

Project (International Human Genome Sequencing Consortium, 2004) and the
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development of the HapMap Project (International HapMap Consortium, 2005)
enabled systematic cataloguing of common genetic variation and laid the foun-
dation for unbiased, high-throughput association testing across the genome. The
first landmark GWAS is the 2005 study by Klein et al., which linked CFH vari-
ants to age-related macular degeneration, a landmark demonstration that unbiased
genome-wide scans could identify strong associations [10]. Nonetheless, the Well-
come Trust Case Control Consortium (WTCCC) study of 2007 [11] is considered
the first large, well-designed GWAS for complex diseases. The work confirmed
that complex diseases are highly polygenic, driven by many variants each with
small effect size. In the past 20 years a large number of studies identified loci for
diseases such as type 2 diabetes [12], Crohn’s disease [13], and many other traits
and conditions, thanks also to the increase in sample sizes allowed by large con-

sortia and population biobanks.

GWAS rely on the principle that genetic variants located across the genome
can be tested for statistical association with a trait in a large group of individuals.
Typically, genetic variants are single-nucleotide polymorphisms (SNPs), which are
genotyped in many individuals using arrays or derived through genotype impu-
tation [14]. These variants are tested with a linear mixed model for quantitative

traits, where for a SNP j the model is:
y=p+Ca+g;B;+¢,

where y € R” is the phenotype, C are covariates, g; € {0,1,2}" is the mean-
centered genotype dosage. The null Hy: 8; = 0 is tested with a Wald, score,
or likelihood-ratio test; the Wald statistic t = (3;/SE(3;) yields t* < 2. For

case-control traits, a logistic regression is used:
logit Ply=1) = p+ Ca+g;f5; +e.

Confounding from population structure or relatedness is mitigated by genetic prin-
cipal components, mixed models, and post-hoc genomic control. Multiple testing

typically uses a genome-wide Bonferroni threshold P < 5x 1078, Standard QC in-
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cludes variant-level call rates, minor allele frequency filters, Hardy-Weinberg equi-
librium, and imputation scores, as well as sample-level relatedness/heterozygosity

filters. Effects are reported per allele (BJ) or log-odds; standardized effects use
zj = B;/SE;.

Recent developments in GWAS research have focused on the transferability

of GWAS findings across populations, particularly the challenge of applying find-
ings from European ancestry cohorts to non-European populations [15]. This issue
arises mainly from the over-representation of European participants in most GWAS
[16]. However, large-scale biobanks in East Asia (e.g., Biobank Japan [17], China
Kadoorie Biobank [18]) are contributing to a shift toward including more diverse
populations in GWAS. As a result, novel statistical methods are being developed
to improve the transferability of findings across different populations [19].
The issue of transferability across populations is due to several factors, includ-
ing differences in haplotype frequencies (e.g., due to differences in linkage dise-
quilibrium) and effect sizes, which may be influenced by gene-by-gene or gene-
by-environment interactions. The significance of these factors varies across traits.
Additionally, there is evidence that environmental and cultural differences between
populations may affect GWAS signals, especially for traits related to mental health
(3.

With the collection of more genotype data across diverse populations, the in-
vestigation of cross-population differences in the genetic architecture of complex
traits can be addressed. Recent advances have also revealed the importance of rare
variants through the emergence of whole genome sequencing (WGS) data, which
are now increasing [3]. Overall, GWAS has significantly enhanced our understand-
ing of the genetic causes and consequences of complex traits and diseases, and is

expected to continue to advance this knowledge in the future.
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1.1.2 Heritability, polygenicity, and common variant ef-

fects

Heritability, a key concept in quantitative genetics, measures the proportion of
variance of the phenotype that is attributable to genetic differences between in-
dividuals. It is not a static measure: it is population- and context-specific, and
varies across methods of measurement, environmental change, and the effects of
migration, selection and inbreeding [20].

Given a phenotype P, we can build a statistical model representing the contribu-

tion of the unobserved genotype GG and unobserved environmental factors £:

Phenotype(P) = Genotype(G) + Environment(F)
The variance of the observable phenotypes (c%) can be expressed as a sum of
unobserved underlying variances (02 and 0%):

2 _ 2 2
Op =05+ 0g

The broad sense heritability is defined as a ratio of variances:

Heritability (broad sense) = H* = Z—%
P
We consider narrow-sense heritability, h?, which captures the proportion of
phenotypic variance explained by additive genetic effects. In this definition, domi-
nance effects at a single locus (that is, the extent to which the heterozygote mean
deviates from the average of the two homozygote means) and non-additive inter-
action effects between loci (epistasis) are not included. Broad-sense heritability,
H?, instead encompasses all genetic sources of variance, but is typically more chal-
lenging to estimate compared to h? [20].
Classically, heritability has been estimated using resemblance between relatives,
such as parent—offspring regression, twin and sibling correlations [20]. These ap-
proaches use known pedigree relationships to partition phenotypic variance into
genetic and environmental components, under assumptions about shared envi-

ronments, assortative mating and the absence (or specific structure) of geno-
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type—environment covariance. In the “genomics era”, whole-genome sequence
data have enabled a parallel approach based on realized genetic relatedness among
nominally unrelated individuals. Methods such as genomic REML (GREML), im-
plemented in tools like GCTA [18], estimate the fraction of phenotypic variance
explained by the additive effects of all measured common variants, often referred
to as SNP-heritability. Conceptually, these models treat genome-wide SNP geno-
types as random effects and estimate how much phenotypic similarity increases
with genetic similarity, without requiring explicit family structures. This shift has
allowed heritability estimation for traits where classical designs are difficult, and for
large biobank cohorts where genealogical information is incomplete or absent [21].
Early SNP-heritability estimates suggested that common genotyped variants ex-
plain a substantial, but incomplete, fraction of the heritability inferred from family
studies, leading to the notion of “missing heritability” [22]. Subsequent method-
ological work has shown that part of this gap reflects modelling assumptions about
allele frequency, linkage disequilibrium (LD) structure and genotype quality. For
example, models that allow SNP effect sizes to depend on minor allele frequency
and LD, and that account more carefully for genotype uncertainty, tend to yield
higher and more consistent SNP-heritability estimates across traits. This implies
that a considerable portion of the “missing” component may arise from imperfect
tagging of causal variants, incomplete variant coverage (especially of rare variants
and structural variation), and over-simplified assumptions about genetic architec-
ture. At the same time, analyses of functional annotations and regulatory features
indicate that heritable variation is widely distributed across the genome: coding
regions, introns and diverse regulatory elements all contribute, and thousands of
loci of modest effect typically underlie complex traits. This strongly supports a
highly polygenic model, where heritability is spread across many variants rather
than concentrated in a small number of large-effect loci [23].

A complementary development has been the use of GWAS summary statistics
themselves to infer heritability and to distinguish true polygenic signal from con-
founding. LD score regression [24], for instance, regresses GWAS test statistics on
LD scores (a measure of how much variation each SNP tags) and uses the intercept
to quantify inflation due to population stratification or cryptic relatedness, while

attributing the remaining inflation to polygenic effects. This framework provides



Chapter 1. Literature review

SNP-heritability estimates that are robust to certain forms of confounding and can
be applied to very large meta-analyses where individual-level genotypes are un-
available. Together, these methodological advances—from pedigree-based designs
to genome-wide relatedness and LD-aware summary-statistics methods—have re-

fined our understanding of heritability for complex traits.

In the context of this thesis, h? estimates provide a descriptive summary of
how strongly genetic factors shape trait variation and a quantitative benchmark
for evaluating downstream analyses such as genetic correlation, polygenic scores,

Mendelian randomization and fine-mapping.

1.1.3 Polygenic score

A polygenic score (PGS) or polygenic risk score (PRS) quantifies an individual’s
genetic predisposition to a specific disease or trait by summing the weighted effects
of many genetic variants and can be used as a genetic predictor for that phenotype.
This method has proven to be of broad utility in the study of complex diseases.

A PGS is constructed from the estimated effect sizes derived from GWAS. The
results from a GWAS estimate the strength of the association at each SNP as well
as a p-value for statistical significance. A typical score is then calculated with a
weighted sum of allele counts, where the weights reflect the relative magnitude of

association between variant alleles and the trait or disease [25].
PGSZ = Z w; Gij,
j=1
where G; is (often standardized) allele dosage for individual ¢ at SNP j, and w;
are weights from GWAS. The associations identified via GWAS are combined to

quantify genetic predisposition to a heritable trait, generating a prediction of prog-

nostic outcomes and response to therapy, or a stratification of disease risk [26, 27].

10
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Figure 1.1: Polygenic risk score distribution.

The number of variants included and the method to weight them depend on the
algorithm used, and these factors can influence the predictive performance [28].
A simple and widely used approach is “clumping and thresholding”, based on the
fact that nearby SNPs are not independent of each other due to LD. In other
words, nearby variants are inherited together with high probability and therefore
do not provide independent predictive power. In practice, SNPs in high LD are
pruned so that only the most strongly associated variant is retained, and a p-value
threshold is applied to exclude variants that do not reach a chosen level of statis-
tical significance [29].

More advanced Bayesian methods, however, use external LD reference panels to
infer SNP effect sizes while accounting for the genome-wide LD structure. For
example, PRS-CS employs continuous shrinkage priors that conservatively shrink
noisy or small effects towards zero while allowing larger effects to remain relatively

unpenalized [30].

11
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Another Bayesian approach, LDpred, uses GWAS summary statistics together
with an LD matrix to jointly model SNPs in LD and to estimate posterior mean
effect sizes under an assumed fraction of causal variants [31].

PRS is highly important in the clinical setting for identifying a subset of individ-
uals whose absolute risk of disease is significantly higher than that of the average
individual in the general population, and who can benefit from a health manage-
ment strategy that may include intensive screening or more invasive interventions
[27]. A typical application is for cardiovascular disease risk, where it has been
shown that adding PRS for coronary heart disease to the Framingham risk score
and the ACC/AHA pooled risk equations resulted in increased predictive power
[32]; or for breast cancer risk combined with the effect of BRCA mutations [33].

1.2 Genetic architecture and causal inference in complex

traits

While GWAS datasets have generated a wealth of replicable results, interpreting
these findings and understanding the underlying molecular mechanisms are still
challenging. Post-GWAS analyses have emerged as a crucial further step, focusing
on the integration of intermediate phenotypes and molecular-level data [34].

The following sections outline the most commonly used methods for understanding

the architecture of complex traits and their interaction.

1.2.1 Foundations of complex trait inheritance

Complex traits (or diseases) do not follow simple Mendelian inheritance, but arise
from the interplay between genetic contributions, environmental exposures and
lifestyle factors [35]. Typically, complex traits are influenced by a large number
of genetic variants, whose single effects on the phenotype are small and mostly
additive [35]. When a large number of loci each contribute small effects to a trait,
the random assortment of alleles across these loci results in a continuous, normally
distributed phenotype in the population [35]. GWASs and exome-sequencing stud-
ies have refined our understanding of the genetic bases of complex traits, showing

that even the most important loci in the genome have small effect sizes and that,

12
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together, the significant hits only explain a modest fraction of the predicted ge-
netic variance [36]. This pattern is consistent with an approximately infinitesimal
model, in which genetic risk is diffusely distributed across the genome and includes
contributions from both common and rare variants [37]. Moreover, complex traits
are mainly driven by non-coding variants that presumably affect gene regulation
(38, 39, 40].

Regulatory variants can act in a tissue- and cell type—specific manner and may
influence transcription, chromatin state and RNA processing, often through long-
range gene regulatory networks. This has led to an expanded “omnigenic” view of
complex traits, in which a limited set of core genes in disease-relevant pathways is
modulated by a much larger set of peripheral genes connected through regulatory
networks [37].

In such a framework, complex traits emerge as the aggregate consequence of nu-
merous small perturbations distributed across the genome, many of which can also
influence multiple phenotypes, setting the stage for the widespread pleiotropy and

shared genetic architectures, which will be described in the next sections.

1.2.2 Genetic correlation

The genetic relationship between two traits is described by a quantitative param-
eter, namely genetic correlation (p,), which reflects the pleiotropic action of genes
or the correlation between causal loci. Pleiotropy occurs when a genetic locus
affects multiple traits, reflecting different modes of action. Two phenotypes can
be part of a causal pathway (vertical or mediated pleiotropy) or not (horizontal
pleiotropy). Genetic correlation describes the average effect of pleiotropy across
all causal loci, but the underlying architecture of correlations at individual loci
can vary [41].

In a quantitative model, two traits, x and y, are defined as the sum of genetic

value (¢) and a residual value (e, difference between the trait and g):

T =0t e

y:gy+€y7

13
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the genetic correlation (p,) of the traits is:

092,99

Pg = —
\/ ngagy

where o, 4 is the covariance of the genetic values, and o , and o, are the genetic
variances of the two traits in the population. p, varies from -1 to 1.

When traits are standardized and only the additive genetic effects are considered,
then the genetic variances are narrow-sense heritabilities and the genetic covariance

is the coheritability (h,,), so the equation becomes:

_ hxy
Po = mar2
z'ty

Depending on data availability, several methodological frameworks have been de-

veloped. The earliest approaches are family-based, which use pedigree data to es-
timate the variance-covariance structure of the genetic relationships. In a bivariate
linear mixed model (LMM), phenotypes are assumed to be bivariate normal distri-
butions [41]. Best estimates can be obtained using restricted maximum likelihood
(REML) [42]. For disease traits, an easier approach is to use a liability threshold
model, which uses normal distribution theory [43].

With the advent of genome-wide SNP data, individual-level genomic methods have
been widely used for unrelated individuals. The univariate genome-based REML
(GREML) uses a genomic relationship matrix (GRM) from observed genome-wide
SNP data to describe the variance-covariance structure of genetic values [44]. In
this case, relatives are excluded from the analysis to ensure that haplotypes are
tracked by the shared genetic relationships between pairs of individuals. This
method assumes additive polygenic architecture, is robust to many model viola-
tions, and provides precise estimates but requires access to raw genotype data and
large sample sizes.

The most widely used modern approaches rely on GWAS summary statistics. The
first method to propose this was linkage disequilibrium score regression (LDSC)
[24]. LDSC infers genetic covariance from the relationship between GWAS effect
sizes and LD patterns, enabling unbiased estimation even in the presence of sample

overlap and without individual-level data. Its efficiency has enabled the creation of

14
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large-scale cross-trait correlation maps across hundreds of traits. Bivariate LDSC
uses a weighted regression to estimate the h,, for SNP j of both traits (z; and
z;) and the SNP LD scores (/;). The regression also depends on the sample size
for the two traits (NV,, N,) and the total number of SNPs (M). The intercept
represents the proportion of shared individuals (sample overlap), where Nj is the

sample overlap, and their phenotypic correlation (p,):

pp = \[h2h2pg + /(1= W2)(1 = 2)p.

Extensions include stratified LDSC (sLDSC) [45], which decomposes genetic cor-
relation across functional annotations, and local genetic correlation methods such
as p-HESS, which estimate correlations within genomic regions to uncover archi-
tecture masked by genome-wide averages [46]. Additional regression-based ap-
proaches, such as PCGC (Phenotype—Correlation Genotype—Correlation) provide
robust estimation in ascertained case—control samples where standard GREML
may be biased. Finally, for populations of differing ancestry, methods like Pop-
corn model LD and allele frequency differences to distinguish genetic-effect versus
genetic-impact correlations [47]. Individual-level data enable the direct estimation
of genetic variances and covariances, utilising the full information in the geno-
type matrix. Standard errors of GREML genetic correlations are typically ~2x
smaller than LDSC for the same sample size, making it more powerful for detect-
ing correlations that are significantly different from zero or one. On the other
hand, summary statistics-based approaches require less computational effort and

resources, allowing for the achievement of larger sample sizes [41].

1.2.3 Mendelian Randomization

Genetic correlation provides evidence of shared genetic determinants between two
traits; nonetheless, it does not imply the presence, direction or magnitude of any
causal relationship. Genome-wide genetic correlation can arise from horizontal
pleiotropy, LD, phenotypic misclassification, assortative mating or shared biologi-
cal pathways. Therefore, additional methods specifically designed to explore cau-
sation are required. Randomized control trials (RCTs) remain the gold standard

for causal inference; however, they are expensive and infeasible in certain settings

15
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[48]. In such context, Mendelian randomization (MR) represents a cost-effective
genetically informed alternative which leverages genetic variants as instrumental
variables to strengthen causal inference. The primary rationale behind MR is that
the genetic sequence is fixed from conception, thereby eliminating the possibility
of reverse causation [49].

Over the past decade, MR has been widely applied to investigate a large number
of causal questions, from molecular biomarkers to behavioural traits, disease risk
factors and clinical endpoints [48]. The basic MR framework relies on the fact that
a genetic instrument, typically a SNP, associated with an exposure X, can be used
to test the causal effect of X on an outcome Y. To derive reliable causal estimates,

genetic instruments (Z) must satisfy the core assumptions:
1. Relevance: Z has to be associated with X.
2. Exchangeability: Z should be independent from all confounders.

3. Exclusion restriction: there should not be a causal path from Z to Y other
than through X [50].

Independence assumption
sone=- x ....................................................... Confounders

. Relevance assumption
Genetic P

. Exposure Outcome
instrument

x ............... it o

Figure 1.2: Mendelian Randomization assumptions.

Some of these assumptions are not fully testable (e.g., the presence of un-
measurable confounders), and thus they can inflate the validity of the inference.

Another problem is the highly polygenic influences on most phenotypes, which
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cause very small individual SNP effects, making them weak instruments. Also,
polygenicity implies that pleiotropy is widespread [51].

Modern MR approaches investigate possible reciprocal causal relationships be-
tween two phenotypes. In bidirectional MR, two MR analyses are conducted on
a pair of phenotypes by reversing the exposure and the outcome to establish the
direction of the effect; however, results should be interpreted with caution. If there
is evidence of the effect of both directions, this can indicate a true bidirectional
relationship, or a bias due to horizontal pleiotropy, or confounders resulting from
population stratification [52].

Another modern approach is the multivariable MR, which extends the classical
one by including multiple exposures (and, respectively, multiple instruments), but
each exposure must be robustly predicted by the instruments, conditional on the
other exposures included in the estimation.

Moreover, there must be no confounders of the outcome and any of the instruments
and none of the instruments can have an effect on the outcome that does not act
through at least one of the exposures [52].

In the MR analysis, the effect of exposure on outcome can also be estimated using
summary-level data through a method known as summary data-based Mendelian
randomization (SMR). SMR represents a valid alternative to traditional MR when
individual-level data is not accessible. It works by performing MR on summary
statistics derived from independent GWASs of exposure and outcome to infer the
causal pathway from genotype to transcription and then to phenotype. This
framework is based on the use of expression quantitative trait loci (eQTLs) as
instruments, to identify associations between gene expression (the exposure) and

complex traits [53].

1.2.4 Colocalization and fine-mapping

With the identification of hundreds of thousands of genetic associations to date, a
key concern is that two traits may be causally affected by separate variants that are
correlated with each other through LD. This phenomenon leads to the violation
of the Mendelian randomization assumption of exchangeability by providing a

pathway between a genetic variant and the outcome that bypasses the exposure.
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Therefore, colocalization methods have been developed especially to understand

whether disease endpoints and potential mediators might share one or more causal

variants [54, 55].

Causality
Causal variant
Pleiotropy '\ /'
Causal variant
Linkage '\ /‘
Causal variant 1 Causal variant 2

Figure 1.3: Possible relationships between exposure and outcome.

Colocalization tries to distinguish between two distinct causal variants, possibly
in LD, or a single shared causal variant for two given phenotypes. This is useful
for MR analysis to assess the validity of certain variants used as instrumental
variables for the exposure. To define colocalization, a comparison is made between
different hypotheses within a Bayesian framework, as implemented in the coloc
method [55].

Given two traits and assuming that there is at least one causal variant per trait,
a null hypothesis of proportionality of regression coefficients for two traits across

any set of SNPs is tested. The hypotheses are:

1. HO: no association with either trait.
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2. H1: association with trait 1 but not trait 2.

3. H2: association with trait 2 but not trait 1.

4. H3: association with both traits, but separate causal variants.
5. H4: association with both traits and shared causal variant.

The H4 corresponds to the situation of colocalization. Each hypothesis is cal-
culated from a prior probability, and summary statistics from GWAS data are used
to compute the posterior probabilities (PP0, PP1, PP2, PP3, PP4). Interpreting
the posterior probabilities requires caution. For example, a low PP4 may not in-
dicate evidence against colocalisation in situations where PP3 is also low. It may
simply be the result of limited power, as evidenced by high values of PP0, PP1,

and/or PP2. Moreover, a high PP4 is a measure of correlation, not causality [55].

Colocalization and MR share some similarities: the same statistical method
can be implemented. However, MR focuses on estimating the slope, assuming a
line exists, while colocalization focuses on the variability of errors in the model by
determining if a line can be drawn. Moreover, genetic variants included in a MR
analysis are selected based on their association with the exposure, and they are
included even if not directly linked to the outcome. Instead, colocalization analysis
focuses on a region of the genome where both traits exhibit signals of association,

aiming to determine whether these signals are caused by the same genetic variants

[56).

Fine-mapping enhances both MR and colocalization by refining the genomic
regions of interest from a GWAS to a credible set of associated variants that are
more likely to include the causal variance. The performance is influenced by several
factors, such as the number of causal SNPs in a locus and their effect size on the
phenotype, the local LD structure, sample size and SNP density [57].
Fine-mapping is particularly useful when multiple genetic variants in high LD are
associated with a phenotype, making it difficult to discern which variant is truly
causal. By incorporating information about the local LD structure, fine-mapping

methods help to disambiguate these variants, providing more accurate estimates
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[57].

Several methods have been implemented to perform fine-mapping, producing, as in
colocalization, a posterior probability that a variant in that locus is causal. These
methods include Bayesian approaches, such as FINEMAP [58], which estimates
the likely set of causal variants given summary statistics from GWAS. CAVIAR
[59] and SuSiE [60] are other examples of fine-mapping tools that use Bayesian
frameworks to assign posterior probabilities to individual variants based on their
potential to explain the association signals observed in GWAS data. An adaptation
of coloc, known as coloc-SuSiE, enables multiple labelled comparisons within a
genomic region, providing an approach to colocalization in cases of multiple causal
variants. While traditional coloc assumes a single causal variant responsible for the
observed associations, coloc-SuSiE leverages the SuSiE model to allow for multiple
causal variants in the same region. This is particularly useful in genomic regions
where multiple variants in high LD are likely to contribute to the observed signals,

making it difficult to resolve a single causal variant [61].

1.3 Multi-omics approaches in biological research

Multi-omics approaches combine data from multiple molecular layers—such as
genomics, transcriptomics, metabolomics, proteomics, and epigenomics, to offer
a more realistic view of biological systems. By leveraging advancements in high-
throughput technologies and computational tools, multi-omics has revolutionized
biomedical research, offering a promise to fill the gaps in the understanding of
human health and disease.

The following sections will describe the key concepts and methodologies underlying

multi-omics approaches, with a focus on their application in biological research.

1.3.1 The advantages of multi-omics

The term ”multi-omics” refers to a biological analysis approach that encompasses
multiple sources of data representing different molecular layers, including genomics,
transcriptomics, metabolomics, proteomics, and epigenomics, but also exposomics.

By combining these data types, researchers can address complex questions and

20



Chapter 1. Literature review

uncover novel associations. This approach has revolutionized precision medicine
research, enabling the discovery of new biomarkers, unveiling previously unknown
disease mechanisms, and broadening our general understanding of biological sys-
tems [62].

The omics field has been driven largely by recent advances in technology, which
have made high-throughput analysis possible and cost-effective. At the same time,
progress in computational biology and machine learning has led to the development
of sophisticated integration frameworks capable of managing large, heterogeneous
datasets [63].

Compared to single omics, multi-omics can provide a more comprehensive flow
of information and relative interactions. Indeed, multi-omics data integration has
emerged as a powerful approach to grasp the intricate interplay between different
biomolecular layers that contribute to disease states, and thus to uncover more
effective strategies for diagnosis, treatment, and prevention. For example, the
integration of genomic and transcriptomic data enables the identification of ge-
netic variants that influence changes in gene expression associated with disease.
Furthermore, combining epigenomic data (e.g., DNA methylation, ChIP-seq, and
ATAC-seq) with transcriptomics within regulatory network frameworks enhances
our understanding of how environmental exposures influence disease phenotypes
[62].

In some Mendelian diseases, typically driven by a single causal variant, such vari-
ant may be difficult to detect. Integrating additional information, such as RNA
sequencing (RNA-seq) or network analyses, can be useful for detecting molec-
ular events that prioritize among likely causal variants or provide evidence of

pathogenicity for a candidate mutation [64].

Multi-omics approaches are generally based on statistical inference from large
datasets. Therefore, the power to detect associations depends on effect size, het-
erogeneity of the background noise and sample size [9].

Different approaches exist for integrating various omics. A first distinction is be-
tween vertical and horizontal integration. Vertical integration is the most common

approach, consisting of combining different omics data for the same set of biological
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samples to build an individual-based molecular profile. The horizontal integration,
on the other hand, combines data from different studies or cohorts to increase sta-
tistical power and validate results on a larger scale [62, 65].

Another way to classify integration approaches is to distinguish between sequen-
tial and parallel integration. In the first one, datasets are analyzed separately and
only combined in a later stage, whereas in the parallel integration, all datasets are
analyzed together within a single computational framework. In general, methods
that integrate data sequentially are more common in addressing questions related
to disease classification, while integrating data simultaneously is often used for
biomarker prediction tasks [62].

Recently, network-based methods have become a natural framework for integrating
multi-omics data, given their modelling of molecules and interactions as graphs.
Networks facilitate the capture of the interplay between omics layers by anchoring
heterogeneous measurements to shared interaction structures, enabling the transi-
tion from lists of differentially expressed molecules to systems-level interpretations

of complex disease mechanisms [66].

22



Chapter 1. Literature review

Cohort 1

Horizontal integration

Cohort 2

(&)

"

Lo
S

-

Parallel
integration

Genomics

\ 4

0

"~/

\4

Vertical
integration

Transcriptomics

Epigenomics

Proteomics

Metabolomics

Figure 1.4: Multi-omic data integration.

Despite their potential, the integration of multi-omics data still faces chal-
lenges. One main issue is the heterogeneity of integrating datasets from different
studies, where different sources of variation, which do not depend on biological vari-
ation, namely “batch effects”, can compromise the signals and reproducibility of
results and obscure true biology. Second, human healthy and disease groups are in-
trinsically heterogeneous (in terms of population structure, environment, and cell-

type composition); therefore, very large, well-phenotyped reference populations are
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needed to separate disease signals from confounding background variation. Third,
analytical hurdles include the lack of robust, reproducible statistical frameworks
that can jointly model multiple disparate data types, distinguish causal from reac-
tive changes, and scale to thousands of samples while remaining interpretable and
clinically usable. Fourth, computational demands become substantial as multi-
omics, single-cell, and spatial datasets grow, and are compounded by privacy and
data-sharing constraints that motivate the development of distributed integration
strategies. Finally, even when computational integration succeeds, a major trans-
lational gap remains: results must be rigorously validated in independent cohorts
and experiments, integrated with electronic health records, and demonstrated to
be cost-effective and generalizable across populations before they can be adopted

in clinical practice [64, 62, 9].

1.3.2 Quantitative trait loci

A natural bridge between genetic variation and different molecular layers is rep-
resented by quantitative trait loci (QTLs). A QTL is a locus that correlates with
variation of a quantitative trait, therefore linking two sources of information: ge-
nomic and phenotypic data [67].

Most expression traits are shaped by a complex genetic architecture involving mul-
tiple QTLs, each of which typically accounts for only a small fraction of the overall
trait variation [68].

Among molecular QTLs, expression QTLs (eQTLs) were the first to be extensively
characterized, which refers to traits measured by gene expression. Each transcript
corresponds to an encoding gene whose genomic position is known. Thus, once
mapping studies identify the locations of QTLs, an eQTL can be classified as local
if it is near the gene that produces the transcript or distant if it is elsewhere in
the genome. Local eQTLs often reflect variants affecting cis-regulatory elements,
whereas distant eQTLs tend to arise from trans-acting factors such as transcrip-
tion regulators or signaling pathways [68].

The combination of GWAS and the measurement of global gene expression allows
the systematic identification of eQTLs.

Early eQTL studies collected gene expression data using microarrays, where gene
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expression levels need to be normalized to remove batch effects, and the normalized
data are analyzed to identify eQTLs. A common way to model the relationship
between a SNP and a gene’s expression level is a simple linear regression, where
expression is explained by the SNP’s genotype. The error term in this model is
typically assumed to follow a normal distribution. Covariates such as age, sex,
or technical factors can also be added to the model to account for non-genetic
influences on expression [69].

A typical eQTL study considers more than 20,000 genes and up to millions of
SNPs. Because of the large number of SNPs to be tested, researchers often focus
on cis-eQTLs for a given gene, given also to the statistical power differences in
detecting cis- versus trans- eQTLs. In fact, trans-eQTLs often have smaller effect
sizes than cis-eQTLs, and thus require larger sample sizes to be detected [69].
With gene expression data collected through RNA sequencing, such as those from
the GTEx project (ref GTEx), the measured gene expression level is the total
number of sequence reads mapped to a specific gene, which needs to be adjusted
for total sequencing depth and other factors. In this case, other distributions, like
a negative binomial, can be more appropriate for modelling the associations. A
generalized linear regression model may have better statistical power [69].
Beyond bulk data, studies have been conducted using purified cells of different cell
types to infer cell-type-specific eQTLs (ct-eQTLs). The same statistical methods
for bulk samples can be applied to infer ct-eQTLs from these data. However, the
sample size tends to be smaller, and the measurement noises may be higher. In
addition, the purified cell types may be contaminated with other cell types [70,
71, 69, 72, 73].

The identification of eQTLs has been pivotal for interpreting the genetic basis
of complex traits, as these loci can provide insights into regulatory mechanisms
that drive phenotypic variation. Furthermore, eQTL maps are increasingly used in
conjunction with GWAS to identify genes that are causally implicated in disease
via techniques such as colocalization and transcriptome-wide association studies
(TWAS), helping to bridge the gap between genetic variation and clinical outcomes
[74].

Despite the association between genetic variation and complex traits having pro-

vided key insights into the heritable component of inter-individual variation, mRNA
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levels represent only one step along the path to phenotype, and a substantial pro-
portion of variation is mediated through other intermediate molecular phenotypes,
including splicing (sQTLs), methylation of CpG sites (meQTLs), chromatin acces-
sibility (caQTLs), protein expression (pQTLs), and others. For molecular QTLs
too, generally, associations within a 1 Megabase (Mb) window surrounding each
locus are defined as cis, whereas associations outside this window are considered
as trans [75].

In the following section, the focus will be on pQTL studies of the plasma proteome
and how they have been leveraged to map disease pathways and identify potential

drug targets.

1.3.3 The plasma proteome as a window into disease biol-
ogy

Protein quantitative trait loci (pQTLs) provide a complementary layer of molecu-
lar QTLs by quantifying how variants influence circulating protein concentrations
while including the effects of post-transcriptional mechanisms. Plasma proteins
play key roles in many biological processes and are often dysregulated in disease
mechanisms, making them important biomarkers [5].

Precision medicine has so far been driven largely by the identification of genomic
determinants of human disease, with early evidence of clinical utility [76, 77].
However, the complex and context-dependent regulation that links genotype to
phenotype through transcription and translation often complicates the identifica-
tion of causal genes, limiting mechanistic insight and the translation of genome-
to-phenome associations into drug targets [78, 79].

Proteins are the primary effectors of genetic and environmental influences on dis-
ease, capturing ongoing biological processes and pathophysiological changes in
the body. Consequently, defining protein—disease relationships can help delineate
molecular signatures of health and disease, supporting more actionable and scal-
able precision medicine approaches [77].

In the last decade, many studies focused on the characterization of a genetic atlas
of the human plasma proteome [80, 5].

Several consortia have invested in large population biobanks to advance genetics-
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guided drug discovery, complementing massive phenotype—genotype resources, such
as the UK Biobank (UKB) [81, 82], with deep multi-omics profiling of biological
samples [83, 84]. Large biobank initiatives, such as the UKB Pharma Proteomics
Project (UKB-PPP), enable the construction of extensive plasma pQTL resources
to support biomarker discovery and genetics-guided drug development. The UK-
PPP consortium, comprising 13 biopharmaceutical companies, conducted plasma
proteomic profiling on 54,219 UKB participants using the antibody-based Olink
Explore 3072 PEA, identifying a large number of cis- and trans-pQTL [85].

The Olink technology uses Proximity Extension Assay [86], where a matched
pair of antibodies labelled with unique complementary oligonucleotides (proximity
probes) binds to the respective target protein in a sample. Alongside aptamer-
based assays, such as SomaScan [87], Olink is among the most widely used high-
throughput platforms for population-scale plasma proteomics. However, the two
technologies differ in molecular recognition and thus in the interpretation of pQTLs.
Aptamer-based methods quantify proteins through binding of sequence-defined
oligonucleotide aptamers, enabling broad proteome coverage and sensitive mea-
surement from small plasma volumes.

Colocalization with eQTLs in individual tissues has demonstrated that pQTLs in

plasma reflect the transcriptome in different tissues [88].

Many plasma pQTLs have been found to overlap established disease-susceptibility
loci, and Mendelian randomization analyses supported putative causal roles for
several protein pathways; integration with disease and drug databases further high-
lighted candidate therapeutic targets [5, 85].

Recently, a comprehensive atlas of proteome-phenome associations has been pub-
lished, which, by integrating pQTL data, systematically maps 2,920 plasma pro-
teins to the presence and onset of hundreds of diseases and health-related traits

7.

A key challenge in proteomic analyses is that they frequently uncover associa-
tions between circulating proteins and disease; however, these relationships alone
cannot distinguish between causal mediators and downstream or reactive changes,

thereby limiting their utility for the discovery of therapeutic targets. One strat-
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egy to strengthen causal inference is to integrate pQTLs with disease GWAS data
and apply proteome-wide MR, which uses inherited genetic variation as an in-
strumental proxy for long-term differences in protein levels. In a proteome-by-
phenome MR framework, genetic instruments (typically prioritising cis-pQTLs to
reduce pleiotropy) are leveraged to systematically evaluate the predicted effects
of modifying thousands of circulating proteins across a wide spectrum of disease
outcomes. Notably, MR-based prioritization of protein—disease associations par-
tially recapitulates established target—indication relationships documented in drug
development databases, supporting the broader observation that targets with hu-
man genetic support have a higher likelihood of clinical success. At the same time,
these analyses nominate additional protein—disease relationships that are not rep-
resented among approved indications, highlighting potential opportunities for drug
repurposing or novel target development. Nevertheless, such findings require care-
ful interpretation, including sensitivity analyses to assess pleiotropy, replication in
independent cohorts, and experimental follow-up to establish underlying biological

mechanisms [77].

1.4 Machine Learning approaches in complex traits and

disease prediction

As multi-omics data becomes increasingly central to understanding complex traits
and diseases, the integration of diverse data types has opened new avenues for pre-
dicting disease risk. However, the high dimensionality of these datasets presents a
significant challenge, particularly when combining features that capture regulatory
activity, genetic variation, and clinical phenotypes. The following sections provide
examples of how to apply machine learning techniques to address these challenges

and effectively leverage multi-omics data for complex traits.

1.4.1 Predicting regulatory activity and chromatin acces-
sibility in complex traits

A support vector machine (SVM) is a supervised machine learning model most

commonly used for binary classification (e.g. regulatory vs non-regulatory se-

28



Chapter 1. Literature review

quences). Conceptually, an SVM tries to find a decision boundary (a hyperplane)
that separates positive from negative examples while maximizing the margin be-
tween the two classes. In practice, SVMs become very powerful when paired with
a feature representation (e.g., how DNA sequence is encoded) and/or a kernel (a

similarity function that allows flexible decision boundaries) [89].

One example application is gapped k-mer SVM (gkm-SVM), in which SVM is
used to distinguish cell type—specific regulatory sequences from matched negative
genomic sequences, using sequence-derived features, and the learned model can

then be used as a quantitative scoring function for regulatory activity.

gkm-SVM (gapped k-mer SVM) [90] is a sequence-based SVM where DNA is
represented by counts/presence of gapped k-mers (short sequence “words” that
allow gaps), which helps capture transcription factor—like sequence patterns more
flexibly than contiguous k-mers. The model is trained on a positive set of regu-
latory regions (for example, DNase I hypersensitive sites in a specific cell type)
and a negative set of matched control sequences (matched for length/GC/repeats).
Once trained, the gkm-SVM provides a scoring function that reflects how strongly
a sequence matches the learned “regulatory vocabulary.” This enables the identifi-
cation of regulatory elements that are specific to particular cell types or conditions.
Then, a deltaSVM is evaluated, which quantitatively predicts the functional effect
of a variant by computing the change in model score between alleles. Operationally,
deltaSVM is computed by summing the differences in learned weights across the
set of overlapping sequence words (in the authors’ implementation, 10-mers span-
ning the variant), so that variants disrupting (or creating) high-weight regulatory
words produce large negative (or positive) changes in score. The workflow is: (1)
train a cell type—specific gkm-SVM on regulatory vs control sequences, (2) derive
the weighted sequence vocabulary, and (3) compute deltaSVM for each candidate
variant as the predicted impact on regulatory activity. Empirically, the authors
validate that deltaSVM tracks measured regulatory effects, including strong cor-
relation with DNase I-sensitivity QTL (dsQTL) effect sizes and agreement with
results from targeted and massively parallel enhancer mutagenesis assays [90] .

Chromatin accessibility and transcription factor binding sites influence gene ex-
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pression, which in turn can have a profound impact on phenotypes. The regulatory
activity of specific genes, as predicted by models such as deltaSVM, can help eluci-

date the underlying molecular mechanisms of complex traits and their interactions.

In this context, the integration of regulatory activity in complex traits through
expression quantitative trait loci (eQTL) will be explored in Chapter 2, in the work
titled " Exploring the molecular basis of the genetic correlation between body mass

index and brain morphological traits”.

1.4.2 Feature selection and regularization for predicting

disease risk

Disease prediction models, in particular for complex diseases, often face the chal-
lenge of dealing with high-dimensional, sparse data. The sheer number of poten-
tial predictors, which can span across various data types such as diagnosis codes,
medications, laboratory test results, polygenic risk scores, and multi-omics data
(proteomics, genomics, metabolomics), can overwhelm the ability of traditional
statistical methods to produce meaningful and generalizable insights. At the same
time, the relatively small number of disease events for many outcomes, particularly
in rare diseases, creates further difficulty for these models, as it exacerbates the

issue of overfitting [91].

Feature selection is a crucial step in mitigating this issue. By narrowing down
the predictors to those that are most informative and consistently associated with
the outcome of interest, feature selection can improve both model efficiency and
performance. The goal is to identify a set of features that not only correlate
with the outcome but also capture reproducible signals that are not specific to
the training dataset or cohort, helping the model generalize better across differ-
ent populations or healthcare settings. Moreover, feature selection can contribute
to clinical interpretability. For example, by selecting a small, clinically relevant
subset of features (such as age, sex, lab values, or known disease biomarkers),
clinicians can gain insights into which risk factors are most predictive, facilitating

easier integration into clinical practice and decision-making [91].
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In the context of multi-omics data, where features are often highly correlated, ef-
fective feature selection can help mitigate the multicollinearity that arises between
omic layers, which is a common challenge when integrating data from genomics,
transcriptomics, proteomics, and metabolomics. For instance, genes within the
same pathway might show similar patterns of expression or interaction, and with-
out proper feature selection, a model might focus disproportionately on a small
subset of features, leading to overfitting [91].

Embedded methods for feature selection perform the process during model train-
ing, making them particularly effective in predictive tasks. Unlike filter methods,
which evaluate features independently of the model, embedded methods integrate
feature selection directly into the fitting process. This means that the model
automatically determines the most relevant predictors based on its internal opti-
mization criterion, typically a loss function that is designed to minimize prediction
error or some other performance metric. Some examples of embedded methods in-
clude decision tree-based algorithms (e.g., decision tree, random forest, gradient
boosting), and feature selection using regularization models (e.g., LASSO or Elas-
tic Net) [91].

Regularization constrains model complexity by adding a penalty to the loss func-
tion, trading a small increase in bias for a large reduction in variance, often
improving calibration and transportability. L1 regularization (LASSO) induces
sparsity by setting many coefficients to zero, effectively removing less informative
features from the model. While this can produce simpler, more interpretable mod-
els, LASSO is sensitive to correlated predictors. In cases where features are highly
correlated, LASSO may arbitrarily select one feature over others, which could re-

sult in a less stable model across cohorts [92].

In Chapter 3, the application of LASSO for feature selection and regularization
will be discussed in the work titled ”Removing genetic effects on plasma proteins
enhances their utility as predictive disease biomarkers”, where it has been used to

predict diseases using a selected set of proteins.
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1.5 Population Biobanks to study complex traits

Large-scale biobanks are pivotal to advancing biomedical research and public
health by providing researchers with comprehensive, high-quality data on genetic,
environmental, and health-related factors.

The following sections will examine the substantial impact of large-scale biobanks
on biomedical research and public health, highlighting how these initiatives ad-
dress health inequities, support targeted clinical trials, and accelerate drug devel-
opment. The legal and ethical challenges will be discussed, particularly in areas

such as ownership, informed consent, privacy, and data security.

1.5.1 The emergence of population-scale biobanks

Biobanks are large, systematically curated biorepositories that collect biological
samples together with extensive phenotypic information, such as electronic health
records, disease registries, laboratory measurements, imaging, lifestyle question-
naires, and genome-wide genotyping or sequencing, for use in research. Their data
are the product of standardized and ethically governed collection. Participants
are typically recruited through voluntary enrollment, provide informed consent
for broad research use, and are followed longitudinally through periodic question-
naires, measurements, or linkage to national health registries. This ensures both
data consistency and long-term reusability across research domains.

Modern biobanks also integrate multi-omics (proteomics, metabolomics, transcrip-
tomics) and repeated measurements, providing rich training data for machine
learning models that aim to predict health trajectories or infer variant function
by connecting molecular profiles to clinical outcomes. Their scale and longitudi-
nal follow-up make it possible to study the genetic architecture of complex traits,
discover biomarkers, and quantify disease risk across the life course, often in real-

world clinical settings.

The UK Biobank (https://www.ukbiobank.ac.uk/) is one of the world’s largest
population-based biobanks, comprising over 500,000 participants across the United

Kingdom. It has become a cornerstone for investigating the genetic, environmen-
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tal, and lifestyle factors that influence health outcomes. Participants provided
detailed health data, including lifestyle questionnaires, physical measures, and bi-
ological samples. Coupled with genome-wide genetic data, this resource has been
instrumental in studying a wide range of diseases, identifying genetic risk factors,
and offering insights into disease prevention and personalized medicine. The UK
Biobank’s large and diverse sample size allows for comprehensive genetic analyses,
while its integration with national health registries enables long-term tracking of

health outcomes, making it a pivotal tool for population health research.

FinnGen [2] is a nationwide research initiative that is particularly notable for
its integration of genomic data with longitudinal health data from Finland’s exten-
sive registries. With over 520,000 participants and growing, FinnGen represents a
unique opportunity to investigate the genetic basis of disease in a population with
relatively homogeneous genetic backgrounds. Sample collection started in 2017
and data releases and analyses will continue through 2027. The Finnish health-
care system and the availability of detailed, long-term health records allow for
in-depth studies on rare diseases, complex traits, and drug responses. FinnGen is
a key resource for studying the genetic underpinnings of diseases like cancer, car-
diovascular diseases, and neurological disorders, providing insights that are crucial

for improving healthcare outcomes and personalizing treatments.

The Genotype-Tissue Expression (GTEx) [93] project focuses on understanding
how genetic variation influences gene expression across different tissues in the
human body. GTEx was launched in 2010 and it has collected and analyzed
genetic and transcriptomic data from up to 1000 postmortem donors and 50
tissues, spanning a wide array of organs.

The version 8 (v8), with 838 donors and 15,201 samples, released a catalog of
genetic regulatory variants affecting gene expression and splicing in cis and trans

across 49 tissues [94].
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1.5.2 Advantages and limitations

Large-scale biobank databases have revolutionized biomedical research given their
size, overcoming traditional sample size constraints, and offering valuable insights
into health indicators that are often underrepresented or absent in national datasets.
They enable estimates for smaller population groups that are frequently excluded
from many studies, whether due to limited sample size, specific geographic areas,
or time-based limitations in research. With their comprehensive and diverse data,
they have the potential to drive public health solutions tailored to the needs of
various populations [95].

Addressing health inequities by developing effective policies and programs for
marginalized populations is a crucial goal, yet there is limited evidence on what in-
terventions work for groups facing health disparities. The ” All of Us” initiative, for
example, targets populations underrepresented in biomedical research, considering
factors like ethnicity, sexual orientation and gender identity, geographic location,
access to healthcare, socioeconomic status, and disability. With over 80% of its
participants identifying with one or more of these groups, the data from All of Us
is invaluable for understanding and addressing health disparities within and across
these populations [96]. Furthermore, the data’s volume and geographic diversity
offer opportunities for public health practitioners to tailor evidence-based inter-
ventions to specific regions or demographic groups [97].

These initiatives enable cross-sector collaboration and enhance the responsiveness
of public health systems [95].

By providing well-characterized patient biosamples, biobanks accelerate the drug
development process, reducing both the time and costs associated with clinical
trials. Furthermore, biobanks help identify patient subpopulations that may re-
spond differently to specific drugs, enabling more targeted and effective clinical
trials [98].

However, situated between research and clinical units, biobanks face many legal
and ethical challenges throughout their development that must be addressed to
ensure both scientific progress and care for participant rights’. First of all, de-
termining the ownership of biological samples has been a longstanding concern.

While samples may be used for research, drug discovery, or treatment develop-
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ment, questions around the commercial benefits and the rights of donors persist.
Legal clarity on ownership, especially regarding sample transfers and posthumous
use, is essential for biobanks. https://doi.org/10.1038/ejhg.2014.45 Informed con-
sent is another key issue, since it is crucial but it presents challenges due to the
evolving nature of research. Traditional consent models, which limit sample use
to a specific project, are insufficient for biobanks, which require broader, more
flexible consent forms [99, 100].

Ensuring the privacy and security of donor data is vital, particularly when stor-
ing biological samples over long periods. Simple anonymization is not enough;
pseudonymization and secure coding systems are commonly used. However, in
cases of accidental findings, researchers must be able to contact donors while main-
taining privacy [101].

The storage of whole genome sequences raises concerns about data security and the
potential misuse of sensitive genetic information. While open access to genomic
data can enhance research, it must be balanced with the protection of donors’

privacy and rights [102].

The General Data Protection Regulation (GDPR), which came into effect in
May 2018, has had a significant impact on biobanks, particularly in the European
Union. GDPR is designed to protect the privacy and personal data of individuals
and harmonize data protection laws across Europe. For biobanks, GDPR provides
a comprehensive framework for handling personal and sensitive data, which in-
cludes genetic and health data collected from participants. The implementation of
GDPR in biobanks has significantly strengthened the protection of personal data

while promoting transparency, accountability, and ethical research practices.
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CHAPTER

Exploring the molecular basis of the
genetic correlation between body mass

index and brain morphological traits

Obesity is linked to many chronic diseases and its prevalence worldwide is increas-
ing. Susceptibility to obesity is known to be due, to some degree, to genetic factors,
and such genetic contribution is mediated in part by the brain through the control
of food intake. In this work, published in 2025 at PLOS Genetics, we investigated
the genetic variants that affect both obesity and brain morphology, identifying 21
genes whose expression affects both body mass index and morphological measures
obtained from brain magnetic resonance imaging data. These results provide new
insight into the complex relationships between the brain and obesity, also in view
of the recent development of revolutionary anti-obesity drugs, whose mechanisms

of action are believed to include effects on the reward-related areas of the brain.
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2.1 Abstract

Several studies have demonstrated significant phenotypic and genetic correlations
between body mass index (BMI) and brain morphological traits derived from struc-
tural magnetic resonance imaging (sSMRI). We use the sMRI, BMI, and genetic data
collected by the UK Biobank to systematically compute the genetic correlations
between area, volume, and thickness measurements of hundreds of brain structures
on one hand, and BMI on the other. In agreement with previous literature, we
find many such measurements to have negative genetic correlation with BMI. We
then dissect the molecular mechanisms underlying such correlations using brain
eQTL data and summary-based Mendelian randomization, thus producing an at-
las of genes whose genetically regulated expression in brain tissues is pleiotropic
with brain morphology and BMI. Fine-mapping followed by colocalization analysis
allows, in several cases, the identification of credible sets of variants likely to be
causal for both the macroscopic phenotypes and for gene expression. In particular,
epigenetic fine mapping identifies variant rs7187776 in the 5" UTR of the TUFM
gene as likely to be causal of increased BMI and decreased caudate volume, pos-
sibly through the creation, by the alternate allele, of an ETS binding site leading

to increased chromatin accessibility, specifically in microglial cells.

2.2 Introduction

In 2022 one out of eight people were diagnosed with obesity worldwide, amounting
to over 890 million adults and 160 million children and adolescents living with
this chronic complex disease. In the majority of cases, obesity is a combination of
environmental, psycho-social, and genetic factors. If the current increasing trend
continues, 60% of the entire human population is estimated to be overweight or
obese by 2030 [103].

The central nervous system has a role in susceptibility to obesity through the
control of food intake [104]. This notion is strengthened by the fact that the
heritability of body mass index (BMI), a parameter typically used by the World
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Health Organization to distinguish normal-weight (18.5 < BMI < 25) from obese
people (BMI > 30), was found to be enriched in genes expressed in the brain and
central nervous system [45, 105]. In particular, a recent enrichment analysis of the
genes located near 97 BMI-associated single-nucleotide polymorphisms (SNPs),
aimed at identifying tissues and cell types with high expression of such genes,
revealed that 27 out of 31 significantly enriched tissues were part of the central
nervous system. However, these results are not enough to identify the specific
brain regions involved [105].

Beyond the aforementioned results, several neuroimaging studies investigated
the correlation between obesity and structural alterations in brain regions, espe-
cially differences in gray matter volumes. While the results of these studies have
been somewhat conflicting, with both positive and negative correlations reported
between gray matter volumes and obesity, most neuroimaging studies reported
reduced gray matter volume in many brain regions, including several involved in
executive control, to be associated with higher BMI [106]. In particular, reduced
volume of cerebellum [107, 108], basal ganglia [109], putamen [108], prefrontal cor-
tex, temporal lobes, and subcortical structures [110], as well as reduced cortical
thickness, were found to be associated with higher BMI [111, 112, 113, 114].

On the other hand, a positive correlation between gray matter volume and
BMI was found in nucleus accumbens and hypothalamus [115], while a twin study
identified positive correlation with ventromedial prefrontal cortex and the right
cerebellum [110].

The relationship between BMI and white matter integrity is more difficult to
characterize since alterations show a more complex pattern [116]. Studies involving
diffusion tensor imaging (DTT) investigated the influence of obesity on white matter
integrity by comparing BMI with DTT parameters in adults, revealing a negative
correlation between several microstructure architectures of the white matter, such
as in the corpus callosum, and BMI [116].

To date, most studies have focused on phenotypic correlation. Regarding ge-
netic correlation, a study explored the effects of a collection of obesity-related
SNPs on 164 regional brain volume traits from the UK Biobank, finding that
17 such SNPs were associated with 51 regional brain volumes (both positively

and negatively) [117]. A bivariate linkage and quantitative analysis on Mexican
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American individuals looked for genetic factors associated with increased BMI and
reduced cortical surface area and subcortical volume, localizing two genome-wide
significant QTLs at 17p13.1 and 3q22.1. The former pleiotropically affects ven-
tral diencephalon volume and BMI, suggesting the involvement of such region in
obesity through leptin-induced signaling in the hypothalamus. The latter involves
the surface area of the supramarginal gyrus and BMI and might be relevant to the
food-related reward mechanism [118].

Finally, a study integrating single-cell-RNA-sequencing and genome-wide as-
sociation studies (GWAS) has shown that susceptibility to obesity is enriched for
some hypothalamic cell types such as VMH Sfl-expressing neurons, most of which
are involved in the integration of sensory stimuli, learning and memory. Despite
neuroanatomical differences, these brain cell types share transcriptional patterns
related to obesity [119].

Here, we systematically investigated the genetic correlation between BMI and
brain morphology using GWAS summary data from the UK Biobank. To investi-
gate the molecular mechanisms behind these correlations, we used summary-based
Mendelian randomization (SMR) to identify the genes whose genetically regulated
expression (GReX) in brain tissues is pleiotropic with BMI and brain morphology,
suggesting a mediating effect. Finally, we used fine-mapping and colocalization
to identify cases in which a single variant is causal of gene expression, BMI, and
brain morphology, and epigenetic fine-mapping based on single-cell chromatin ac-
cessibility data to formulate mechanistic hypotheses on the relevant regulatory

mechanisms and cell types.

2.3 Results

2.3.1 Genetic correlation

In order to assess the shared genetic basis between brain morphology and BMI, we
relied on variant-trait associations for 435 cortical and subcortical measurements
estimated on more than 30 thousand donors from the UK Biobank [120]. These
measurements included volume, thickness, areas from white and pial surfaces, gray-

white matter contrast for 54 cortical regions [121]; volumes and mean intensities
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for subcortical segments [122] (see Methods for details on the selection of traits).

Adopting cross-trait LD Score regression [123], the state-of-the-art summary-
based approach, we found 108 nominally significant (P < 0.05) genetic correlations
(ry) across all categories. Most of the significant correlations turned out to be neg-
ative (Fig. 2.1A), including in particular those between BMI and cortical areas
(white and pial surfaces), cortical and subcortical volumes. The most significant
correlations (P < 0.001 in at least one hemisphere) were all negative (Fig. 2.1B),
suggesting that, overall, genetic variants associated with increased BMI are also
related to reduced size of brain structures. This is evident from the global subcor-
tical volume and the globus pallidus in particular, and the total areas of pial and
white surfaces, with especially negative r, values in cortical regions adjacent to the
central sulcus, and in the temporal and cingulate lobes (Fig. 2.1B). As expected,
results for the two hemispheres are largely consistent with each other (Fig. 2.1C).

Subcortical intensity traits, as provided by the UK Biobank (UKB), were an-
alyzed, revealing a significant negative genetic correlation for brainstem intensity
(P<0.001). However, interpreting this association is not straightforward. Al-
though intensity values partially reflect what voxel-based morphometry (VBM)
measures, VBM leverages the optimized intensity contrast among gray matter
(GM), white matter (WM), and cerebrospinal fluid (CSF) tissues from T1-weighted
images to classify voxels and estimate tissue volumes. Voxel intensity itself, how-
ever, can be influenced by MRI scanner artifacts and other sources of noise, intro-
ducing biases which are difficult to control. To address this, studies employing this
method typically perform statistical analyses after normalizing tissue intensities,

thereby estimating the contrasts between different tissues [124].
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Figure 2.1: Genetic correlations between sMRI traits and BMI. (A) Genetic corre-
lations (y axis) of all 435 sMRI traits with BMI separated by category. n, number
of traits for each category. (B) Traits with the most significant (P < 0.001) ge-
netic correlation (z axis) with BMI, grouped by category. A few subcortical volume
traits were removed to avoid redundancy. Measurements refer to the left (blue)
or right (red) emisphere, or are global (green). Significant cortical regions are
indicated on the brain surfaces on the right, which are colored according to their
genetic correlation between pial surface area and BMI (left-right averages). (C)
Comparison between genetic correlations in left (x axis) and right (y axis) hemi-
spheres. Dots are colored based on their significance level. Diamonds represent
correlations with P < 0.001 in either or both hemispheres.

2.3.2 Summary-based Mendelian randomization

We hypothesized the existence of molecular mechanisms at the level of gene ex-
pression underlying these genetic correlations. Mendelian randomization [52] can

help elucidate the causal effect of an exposure on an outcome. Thanks to large
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databases of expression quantitative trait loci (eQTLs), gene expression can be
used as an exposure, allowing the identification of putative genes whose regula-
tion is pleiotropically related to a complex trait, suggesting a mediation effect of
their expression. We used summary-based Mendelian randomization (SMR) [53]
with gene expression in each of 13 brain tissues included in the GTEx database
[4] as the exposure and sMRI traits and BMI as outcomes, reasoning that genes
associated with both sMRI and BMI in such analysis could provide a basis for the
investigation of the molecular mechanisms driving the genetic correlation between
the two types of traits.

SMR is unable, by itself, to distinguish between a causal relationship and a
pleiotropic one, that is when gene expression and complex trait are influenced by
the same genetic variants but not causally related. In addition, it can identify
relationships which are actually mediated by different causal variants for expo-
sure and outcome, when they are in linkage disequilibrium (LD) with each other.
For this reason, SMR is often coupled with a test for heterogeneity in dependent
instruments (HEIDI) [53], which can rule out a LD-mediated relationship.

A SMR + HEIDI analysis using the 435 sMRI traits and 13 GTEx brain tissues
[4] found several genes potentially mediating the shared genetic components of BMI
and sMRI traits through their expression (Fig. 2.2A, respectively blue and green
dots). A total of 21 genes (Fig. 2.2A, red dots) were associated with both BMI
and one or more sMRI traits.

We confirmed the gene/trait associations found by SMR through an individual-
level study of the association between GReX and traits, as in transcriptome-wide
association studies (TWAS) [125]: the genetic component of gene expression for
the 21 genes was predicted in the relevant brain tissues for the UKB subjects for
which the relevant phenotype was available (BMI or sMRI), and its correlation
with the trait was computed. For BMI the TWAS association was nominally
significant in 23 out of 34 cases, and the sign of the correlation was concordant
with the one found by SMR for all of them. For sMRI traits, nominal significance
and sign concordance was achieved in all of the 687 tested associations.

We asked whether the overlap between BMI- and sMRI-associated genes was
greater than expected by chance. Since the significant genes for all traits are

clearly clustered into genomic loci (see e.g. the loci in chromosomes 8 and 16

42



Chapter 2. Exploring the molecular basis of the genetic correlation between
body mass index and brain morphological traits

in Fig. 2.2A, the latter including the well-known obesity associated FTO gene
[126], we devised a circular permutation procedure preserving the gene order (see
Methods) which revealed that the overlap between BMI- and sMRI-associated
genes is indeed greater than expected by chance (empirical P < 107%).

Furthermore, the cis- regions around the pleiotropic genes were enriched in ge-

netic covariance between BMI and sMRI traits, although only nominally and for
just 10 sMRI traits out of 97 tested (Monte-Carlo P-value from partial genetic
covariance estimates). Nevertheless, as shown in Fig. 2.2B, when considering the
genetic regions surrounding all genes mediating BMI, i.e. without restricting to
the 21 found to also mediate sMRI traits, we could not observe any significant
enrichment: their estimated log-fold changes were markedly smaller and never dis-
tinguishable from 0. This suggests that the portion of the genome surrounding the
21 identified pleiotropic genes, albeit small, indeed carries a larger-than-expected
proportion of the shared genetic determinants of brain morphology and BMI.
As shown in Supplementary Fig. A.1 | there is a dense network of genetic corre-
lations across the measurements from different brain regions for which we found
pleiotropic genes with BMI. This is in line with a common genetic basis across
many sMRI traits: it is therefore non-trivial to quantitatively pinpoint which
morphological traits are the most affected by these genes. However, all categories
show at least one pleiotropic gene (Fig. 2.2C), and even though cortical gray-
white contrast measurements seem very prominent, this can be readily explained
by an especially strong genetic correlation among them (Supplementary Fig. A.1).
Similarly, all GTEx tissues are involved, although with a suggestive prominence
of subcortical tissues.

SMR also provides an estimate of the direction and size of the effect of gene
expression on each trait. We observed that in most cases the effects of gene
expression on BMI and sMRI traits have opposite signs (Supplementary Fig. A.2),
in agreement with the prevalence of negative genetic correlations. Taken together,
these results suggest that the genetic correlations between BMI and morphological
brain measures are indeed driven in part by regulatory variants acting on brain
gene expression, and provide us with a list of candidate genes for the more detailed

variant-level investigations described in the following.
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Figure 2.2: SMR reveals common molecular patterns. (A) Chicago plot showing
the posterior probability of association (PPA, y axis) of gene expression on sMRI
traits (top) and BMI (bottom) according to SMR. The z axis represents the ge-
nomic position. For each gene-sMRI trait, the reported PPA is the highest among
all tissue/trait combinations. Red dots represent genes whose expression is asso-
ciated with BMI and at least one sMRI trait in at least one tissue. (B) Volcano
plot showing the local genetic covariance enrichment of each sMRI trait and its
respective p-value. The enrichment is referred to the genomic regions surrounding
the genes found by SMR to be in pleiotropy with BMI (green dots) or with both
BMI and sMRI traits (red dots). Diamonds represent sMRI traits with signif-
icant (P < 0.001) genetic correlation with BMI. (C) Heatmap representation of
the number of genes whose genetically determined tissue expression pleiotropically
affects BMI and each sMRI trait. sMRI traits refer to the left (blue) or right (red)
emisphere, or are global (green)

2.3.3 Fine-mapping and colocalization analysis

SMR reveals genes associated to both brain morphology and BMI through their ex-

pression in brain tissues, but does not provide direct information about the genetic
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variants involved. Although the heterogeneity test should rule out non-colocalizing
associations between gene expression variation and complex traits (but not nec-
essarily between BMI and sMRI), we used colocalization analysis to determine in
which cases the variants likely to be causal of gene expression variation, BMI, and
brain morphology coincided. Colocalization was investigated for all the BMI/sMRI
trait/gene expression trios found through SMR analysis. Specifically, given such
a trio, we used the Sum of Single Effects (SuSiE) regression framework combined
with the COLOC algorithm (coloc-SuSie) [61], which avoids the assumption of a
single causal variant for each trait in each locus, to test colocalization for the three
pairs of traits (gene expression - SMRI, gene expression - BMI, and BMI - sMRI).
The results are shown in Fig. 2.3, as a network whose nodes are traits, and edges

indicate colocalized causal variants.
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Figure 2.3: Network of colocalized causal variants. Fach edge represents an in-
stance of colocalization, that is a pair of causal variants (or rather genetic com-
ponents tagged by such variants) for which the hypothesis of a common causal
variant (H4) is the most likely according to COLOC; edges highlighted in yellow
form a colocalization clique between eQTL, BMI and sMRI causal variants. Each
node represents a trait: red nodes stand for gene expression in a GTEx tissue,
green nodes for BMI, while sMRI nodes are colored according to their trait cate-
gory. Traits can be duplicated if multiple independent causal variants are found for
them. sMRI traits belonging to the same category with genetic correlation higher
than 0.9 were pruned to leave only a representative node, sized proportionally to
the trait count that it represents. For all left-right hemisphere pairs this pruning
left a single representative node.
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Of particular interest are cliques involving BMI, an sMRI trait, and the expres-
sion of a gene. In these cases a single variant is likely to be causal for the three
traits. In particular, this happens for the protein-coding genes VPS11 and TUFM,
and the antisense transcripts RP11-624M8.1 and RP11-552F53.9. For other genes,
colocalization is limited to gene expression and sMRI traits. Note that the HEIDI
test we used after SMR is also a test of colocalization between gene expression on
one hand and BMI or sMRI traits on the other, which was passed by all the trait
pairs shown in the figure. The fact that not all of them pass the coloc-SuSiE test
indicates that the results of HEIDI and coloc-SuSiE agree only partially, a fact pre-
viously noted in [127]. Thus we conservatively consider the cliques in the network
as having strong evidence of three-way colocalization, and the other phenotypic
trios as having weak evidence of colocalization.

The Manhattan plots (Fig. 2.4) show the SuSie 95% credible sets for the three
traits for the TUFM and VPS11 loci (the loci associated to the two antisense
transcripts are shown in Supplementary Fig. A.3). In both cases, as expected,
the three-way intersection of the SuSie credible sets contains variants in high LD
with each other (R? > 0.5). Notably, such intersections overlap the TUFM and
VPS11 gene loci. Coloc analysis of each pair of traits showed strong evidence of

colocalization (posterior probability of colocalization (PPH4) > 0.8).
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Figure 2.4: Credible sets and evidence of colocalization. Manhattan plots showing
colocalization in the TUFM (A) and VPS11 (B) loci among the trait trios. Variants
are plotted with their respective GWAS —logo(P) (see y axis). BMI (green), sMRI
(blue), and gene expression (red) credible sets are shown by vertical bars. For each
gene, the three-way intersection of the SuSie credible sets is tagged by a genome-
wide significant variant represented by a diamond. Other variants in each credible
set are represented by dots whose color represents the level of LD with the tagging
variant (gray: R? < 0.5; colored: R? > (.5, with color intensity proportional to
R?). Na= Nucleus accumbens.
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2.3.4 Epigenetic fine-mapping

While colocalization analysis strongly suggests that the same variant is causal of
gene expression, BMI, and brain morphology for the four loci described above, it
cannot identify the individual causal variant: Indeed (Fig. 2.4, Supplementary
Fig. A.3), in each of these loci, the intersection of the three credible sets still
contains a sizable number of variants.

In order to further restrict the set of candidate causal variants for each locus,
we investigated the effect of each of the variants included in the intersection of the
credible sets of the three traits (gene expression, BMI, and sMRI) on chromatin
accessibility in brain cells. This analysis was limited to the four loci with strong
evidence of three-way colocalization, for which the intersections of the credible sets
included a total of 128 variants, henceforth referred to as “candidate pleiotropic
variants”.

To this purpose, we first trained a gapped k-mer support vector machine (gkm-
SVM [90]) on single-nuclei ATAC-seq data of 107 brain cell types produced in [128].
For 105 out of 107 cell types we had sufficient data to train a SVM, which we then
used to predict the cell type-specific effect of each candidate pleiotropic variant
on chromatin accessibility. Nine of the 128 candidate pleiotropic variants were
predicted (|deltaSVM| > 2) to affect chromatin state in at least one brain cell
type.

The strongest epigenetic fine mapping prediction concerned variant rs7187776,
located in the 5" UTR of the TUFM gene (Fig. 2.5A), and previously associated
by GWAS to various complex traits including hip circumference adjusted for BMI
[129]. The alternate allele was predicted by gkm-SVM to be associated with in-
creased chromatin accessibility specifically in microglial cells (deltaSVM = 3.17).
Indeed the same variant was found to be positively associated (P = 1.1-107*) with
chromatin accessibility in glia, but not neurons, in a recent study of the genetic
determinants of chromatin accessibility in the human brain [130].

We thus decided to investigate in greater depth the possible mechanisms by
which the alternate allele of rs7187776 could promote the opening of the chromatin
in microglia. We used motifbreakR [131] to identify transcription factors (TFs)
whose motif was altered by rs7187776. The analysis revealed that the alternate
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allele introduces a strong binding site for TFs of the ETS family, by creating the
core ETS motif “GGAA” in lieu of “AGAA” found in the reference sequence.
Specifically, motifbreakR identified several TFs whose affinity is predicted to be
increased by the alternate allele, all belonging to the ETS family (Fig. 2.5B,C).

Thus we hypothesized that rs7187776 opens the chromatin near the TUFM
transcription start site (T'SS) by creating a binding site for an ETS TF. To gain in-
sight into the precise identity of such TF we used single-cell RNA-seq data curated
by the Human Protein Atlas [132] to identify which of these TFs are expressed
in microglia (Fig. 2.5D). ETV6 and FLI1 showed the most robust expression in
microglial cells, with a remarkable level of cell type-specificity especially for the
latter.
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Figure 2.5: Epigenetic fine mapping and motif analysis for the TUFM locus. (A)
Variant rs7187776 in the 5° UTR of TUFM is predicted by gkm-SVM to affect chro-
matin state specifically in microglial cells, with the alternate allele G associated
with higher accessibility. (B) Motif analysis identifies eight motifs, corresponding
to six transcription factors belonging to the ETS family, whose binding is strongly
favored by the alternate allele. (C) The alternate allele creates the core ETS motif
GGAA, here shown in the context of the ERG binding site. (D) The expression
levels of the six transcription factors in brain cell types from the Human Protein
Atlas: several of them are expressed in microglial cells, FLI1 and ETV6 showing
especially robust and cell type-specific expression.
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2.4 Discussion

We have devised a strategy to dissect the molecular underpinnings of the genetic
correlation between a macroscopic complex trait (BMI) and a set of endopheno-
types (brain morphology parameters assessed by sMRI). Since the effects of genetic
variants on complex traits is thought to be mediated mostly by gene regulation, we
first used SMR to generate a catalog of 21 genes whose genetically regulated ex-
pression pleiotropically affects both the endophenotypes and BMI. The enrichment
of both the number of genes found and of the contribution of the respective ge-
nomic loci to the genetic correlation suggests that this approach can indeed explain
at the molecular level a sizable portion of the observed correlations. In four of the
identified loci, colocalization analysis confirmed the three-way pleiotropic effect of
the fine-mapped genetic variants on gene expression, BMI, and brain morphology.
For these loci we used epigenetic fine mapping to identify putative causal variants
and the related mechanisms, highlighting in particular variant rs7187776, located
in the 5> UTR of the TUFM gene and predicted to alter chromatin accessibility
in microglia, possibly by creating a strong E'TS binding site.

SMR identified genetically regulated TUFM expression to be positively as-
sociated with BMI and negatively associated with the volume of caudate in the
right hemisphere. TUFM encodes a ubiquitously expressed nuclear-encoded mito-
chondrial protein, involved in mitochondrial translation, that has been associated
to several biological processes, including autophagy, and human phenotypes, in-
cluding obesity (see [133] for a recent review). A study on subcortical volumes
across lifespan has shown that TUFM expression in several brain regions in older
and young adults is associated with caudate nucleus volume. In particular, in-
creased TUFM expression was associated with smaller caudate nucleus volume,
with evidence for colocalization in several tissues [134]. TUFM was also found
associated with caudate volume and other subcortical morphological features in a
recent GWAS meta-analysis [135].

Epigenetic fine mapping and motif analysis suggest a mechanism by which vari-
ant rs7187776 in the 5" UTR of TUFM creates a strong ETS binding site resulting
in microglia-specific chromatin opening. Of note, chronic microglia activation has

been associated with decreased hippocampus and parahippocampus volume in
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neurodegenerative diseases [136]. According to dbSNP, the variant is common in
all populations ascertained, with minor allele frequency (MAF) between 0.11 and
0.48. Since the magnitude and direction of causal eQTL effects are known to be
consistent across populations [137], it is reasonable to expect that the findings
related to this SNP should be transferable to other populations, although we did
not formally check whether this is the case.

Other three-way colocalization signals involved BMI, VPS11 expression in vari-
ous subcortical structures, and gray-white contrast phenotypes from sMRI. VPS11,
a subunit of the CORVET complex involved in the endosome/lysosome pathway,
has an essential role in brain white matter development and neuron survival in
zebrafish, while its reduced expression leads to an impaired autophagic activity in
human cells [138]. To the best of our knowledge it has not been investigated in the
context of BMI and obesity, although GWASs found VPS11-associated variants
associated to BMI [139] and HDL cholesterol measurements [140].

The remaining high-confidence colocalization signals involved two non-coding
RNAs, namely RP11-552F3.9 and RP11-624M8.1 (also known as HEY2-AS1),
antisense transcripts of TRIM/7 and HEY?2, respectively. Variants mapped to
these genes have been associated by GWASs to both brain morphology traits [120,
141] and BMI [142, 143]. Indeed TRIM47 was among the genes found in [117] to

harbor variants associated with both BMI and regional brain volumes.

2.4.1 Limitations

Some limitations of this work should be noted. It is possible that some of the
pleiotropy signals were lost by summarizing the genetic basis of our complex traits
of interest into effect-sizes and applying summary-based analyses. While the high
number of sSMRI traits analyzed initially warranted this approach, individual-based
techniques capable of dealing with large sample sizes and multiple traits simulta-
neously are now being developed, opening the possibility of an individual-based
analysis. Notably, the fact that the estimated GReX was predictive of BMI and
sMRI traits for the vast majority of the genes identified by SMR, is instead reas-
suring against the risk of false positives.

Another limitation is that even if we set out to evaluate genetic correlation and
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pleiotropy for fine-grained brain morphology measurements, the strong genetic cor-
relation across all the sMRI traits analyzed and the lack of an explicitly differential
strategy prevented us from pinpointing specific brain regions consistently involved
throughout all steps of our analysis.

Epigenetic fine-mapping was performed with the SVM-based methods of [90],
while methods to predict open chromatin from sequence based on convolutional
neural networks, such as Basset [144] or Sei [145], might in principle achieve higher
predictive power. However, the method we used has the advantage of a much
shorter training time, a key issue as it had to be applied to each of the more than
100 cell types identified in [128].

Finally, the use of BMI as an obesity-related quantitative trait should be com-
plemented by other obesity-related measures, such as waist-to-hip ratio, body fat
percentage, fat-free mass, etc. The analysis and comparison of the genetic corre-
lations of these traits with sMRI measurements is likely to allow a more nuanced

view of the relationship between obesity and brain morphology.

2.5 Conclusion

We have shown how the integration of data from GWASs, population-based tran-
scriptomic studies, and single-cell chromatin accessibility assays allows the molecu-
lar dissection of the genetic correlation between complex traits and the formulation
of data-driven hypotheses on the relevant regulatory mechanisms. Specifically, we
have confirmed and expanded previous observations on the genetic correlation be-
tween brain morphological features and BMI, and generated an atlas of 21 genes
whose genetically regulated expression mediates a significant part of such correla-

tion.

2.6 Methods

2.6.1 Summary statistics and individual data

We used the GWAS summary statistics of brain imaging-derived phenotypes (IDPs)

processed with a sample size of about 33 thousands individuals (sample sizes
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vary across traits) from the UKB release 2020 [120]. In particular, we selected

all the IDPs defined according to the Desikan-Killiany cortical atlas [121] and
subcortical volumetric segmentation (ASEG) [122]. After excluding the traits
“aseg_lh_number_HolesBeforeFixing” and “aseg_rh_number_HolesBeforeFixing,” which
correspond to technical artifacts produced by segmentation rather than morpho-
logical measurements, we were left with 435 IDPs. GWAS summary statistics for
BMI were derived from the UK Biobank GWAS version 3, and made available by
the Neale Lab (http://www.nealelab.is/uk-biobank). All summary statistics

for both IDPs and BMI were filtered for imputation INFO score > 0.95 and minor
allele frequency (MAF) > 0.01.

For methods that required individual-level information (LD matrices, stratified
LD scores, GReX), we used 38,406 samples of European ancestry from the UKB.
Subjects were selected among the donors with brain MRI-derived phenotypes as of
October 2023 (ASEG whole brain volume, ID 26514, used as representative trait
for filtering) identified as British with West-European ancestry (field 22006, code
1), and not considered outliers for missingness and heterozygosity (field 22027).
Finally, we pruned relatives with kinship coefficient > 0.04419 (third or lower
degree relatives), reaching a subset with the sample size mentioned above. A total
of 9,252,961 variants with INFO score > 0.8 and minor allele frequency (MAF) >

0.01 were included in this dataset.

2.6.2 Genetic correlation

We estimated the genetic correlation among each of the 435 sMRI-derived traits
and BMI using GWAS summary statistics with the cross-trait LD Score regres-
sion (LDSC) software obtained from https://github.com/bulik/ldsc. We used
genome-wide LD scores computed by the Pan-UK consortium on UKB samples of
European descent (https://pan.ukbb.broadinstitute.org/): scores were avail-
able for 1,094,844 SNPs which met their exporting criteria, most notably after
filtering for HapMap3 SNPs, MAF > 0.01 and removing the human major histo-
compatibility complex (MHC) region.
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2.6.3 Summary-based Mendelian randomization

We conducted summary-based Mendelian randomization with the Omics Pleiotropic
Association (OPERA) software tool [146] to identify pleiotropic associations. Summary-
level expression quantitative trait loci (eQTL) data of European individuals (n =
698) from the GTEx [4] dataset, including 13 brain tissues, were used for the
analysis as the exposure. We estimated the cis-eQTLs with the R package Matrix
eQTL [147], testing all variants with MAF > 0.01 within 2 megabases (Mbs) of
each gene’s TSS. All the covariates included by GTEx for each tissue, including
sex, genomic PCs, and PEER factors, were used in the regression models.

BMI and sMRI-derived traits were considered one by one as outcomes. We used
503 European samples from the 1000 Genomes Project [148] as the LD reference
data required for the HEIDI test. We set the significance threshold of posterior
probability of association (PPA) to 0.5, then performed the HEIDI test for the
genes passing this threshold and discarded those for which the null hypothesis of
non heterogeneity could be rejected with P < 0.05.

The circular permutation procedure to test for BMI/sMRI gene overlap was
devised as follows: for 10,000 times, a list of all genes tested, ordered for T'SS posi-
tion and tagged for association status with BMI, was split into K genomic chunks
and a random spin was applied to each chunk; chunks were then reassembled in
a random order. This resulted in 10,000 random sets with the same positional
clustering of the genes identified for BMI, which were used to compute an em-
pirical P-value for the size of the intersection with genes associated with at least
one sMRI trait. The procedure was repeated with K= 1,5,10, obtaining the same

result.

2.6.4 Individual-level GREx-trait association

An in-house implementation of prediXcan [125] was used to train an elastic net
regression for the 21 putatively pleiotropic genes on the 13 GTEx brain tissues
mentioned above. We used for training 80% of the European samples used for
eQTL estimation, using 1 Mb as cis-distance from each gene’s TSS and including
all encompassed variants in the training. Gene expression was first transformed

into residuals using the approach described in [127], then regressed on the genotype
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matrices. We filtered out models achieving Pearson’s correlation r» < 0.1 between
predicted and measured expression, or with zero variance, in the 20% holdout
testing set. Filtering on the signed correlation coefficient, rather than on its square,
allows excluding negative correlations between predicted and actual expression,
which clearly do not signal good predictive power [149]. The resulting models were
applied on individual UKB genetic data described above, for which the GReX was
imputed and used as predictor for the BMI and sMRI phenotypes identified by
SMR~+HEIDI analysis, together with sex and age as covariates.

2.6.5 Partitioned genetic covariance

We aimed to test enrichment in genetic covariance in the genomic loci around two
sets of genes: a) those found associated with both BMI and at least one sMRI trait
by SMR analysis, and b) all genes associated with BMI by SMR. These regions
were identified by considering a 4 Mb window surrounding the TSS of each gene
in each set.

A cross-trait stratified LD Score Regression (sLDSC) [45] was conducted to
estimate the partitioned genetic covariance between BMI and sMRI phenotypes at
each of the two aforementioned annotations, using GWAS summary statistics as
described previously. We limited this test to the 97 sMRI phenotypes previously
found to be genetically correlated with BMI at nominal significance.

We used the individual-level UKB genetic data described above to compute
partitioned LD scores, setting a 2 Mb LD window and keeping SNPs in HapMap3
and with MAF > 0.01 for the regression. Enrichments and the corresponding P-
values were computed starting from the genetic covariance estimates and relative
standard errors reported in the LDSC logs, by generating 50,000 Monte Carlo
randomizations and testing how often the genetic covariance fraction was less or
equal than the SNP fraction, thus obtaining one-sided P-values. The enrichment
estimates were extracted from the medians of such distributions and then log2-

transformed.
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2.6.6 Fine-mapping and colocalization

In order to assess three-way colocalization assuming multiple causal variants per
locus, we applied coloc to the decomposed signals found by SuSiE (coloc-SuSiE
[61]) for each locus whose expression in at least one brain tissue was found by
SMR-+HEIDI analysis to be in association with BMI and a sMRI phenotype. The
analysis was performed on each pair of phenotypes resulting from the combination
of BMI, sMRI traits and gene expression, then the colocalization results were
compared across the three variables. Only SNPs with effect sizes available for all
three phenotypes were considered. The coloc_susie function from the coloc 5.2.3 R
package was run with default parameters. We computed the LD matrix for effects
on gene expression with the GTEx European samples [4] from each tissue. The
LD matrix for the effects on the complex trait from UKB was computed on the
individual UKB genetic data described above. We considered that colocalization
occurred when the colocalization posterior probability (PPH4) was greater than
the probability of association with different causal variants (PPH3). Manhattan

plots were produced with locuszoom [150].

2.6.7 Epigenetic fine mapping and motif analysis

The open chromatin regions of the brain cell types identified in [128] were used
to train gkm-SVM [90] models which were then used to predict the effect of each
variant on the chromatin accessibility of each cell type. The analysis was performed
on the 105 cell types (out of a total of 107 identified in [128]) for which at least
5,000 open chromatin regions were available. Each model was trained on 5,000
open chromatin regions drawn at random from the complete set. This analysis
was applied to the 128 variants included in the three-way intersection of credible
sets (BMI, sMRI, and gene expression) for the four loci for which we had strong
evidence of pleiotropy (supported by both HEIDI and COLOC).

Candidate transcription factor binding sites altered by the variants of interest were
identified with motifbreakR [131], using the whole MotifDb collection of positional
frequency matrices and log probability scores. We considered as significantly motif-
altering the variants whose effect was evaluated as “strong” by motifbreakR and

such that the logarithmic score was positive for one allele and negative for the

o8



Chapter 2. Exploring the molecular basis of the genetic correlation between
body mass index and brain morphological traits

other one.
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CHAPTER

Removing genetic effects on plasma
proteins enhances their utility as

predictive disease biomarkers

This work, conducted at the Institute for Molecular Medicine Finland (FIMM) and
currently under review at Nature Genetics, highlights the need to focus also on
non-genetic factors when working with plasma proteomics data. Plasma protein
levels, in fact, are shaped by both heritable and environmental factors. In the
context of disease relationships, it is necessary to capture these effects when they
are correlated but not causally linked to the disease. We showed that this approach
can enhance statistical power in detecting associations and it can be a strategy for
biomarker discovery and clinical trial design, consistent with the largely non-causal

role of most plasma proteins in disease risk.
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Abstract

Plasma protein levels are influenced by both genetic and non-genetic factors and
can serve as early disease biomarkers. When a protein is correlated with, but not
causally linked to, disease, its genetic determinants can add unwanted variability
to protein—disease associations. In such cases, removing the genetic component
may improve their predictive performances. Here, we tested this hypothesis by
genetically adjusting 94 highly heritable proteins spanning diverse biological path-
ways and evaluating their associations with the onset of 37 diseases in 39,871 UK
Biobank participants. Genetically adjusted proteins showed stronger associations
in 88% of 1,312 significant protein—disease pairs, equivalent to a 30% median re-
duction in required sample size for comparable power. Of 96 protein—disease pairs
with significant differences, all but one showed larger effects for adjusted proteins.
Most proteins also showed consistently stronger associations with environmental
and lifestyle factors once genetic effects were removed. Finally, we constructed
multi-protein scores from genetically adjusted proteins and demonstrated that they
significantly improve prediction for 7 diseases compared to unadjusted proteins.
These findings demonstrate that removing genetic effects from plasma proteins is
an effective strategy to increase power for biomarker discovery and clinical trial de-
sign, consistent with the largely non-causal role of most plasma proteins in disease

risk.

3.1 Introduction

Antibody-based, broad-capture proteomics enables the measurement of thousands
of plasma proteins across large cohorts[85]. Applied to biobank studies, these scal-
able approaches have led to the discovery of hundreds of disease biomarkers|77]
and shown that multi-protein scores can strongly predict disease onset across a

wide range of disorders, from neurological to cardiometabolic[151, 152].
Plasma protein levels are partially shaped by inherited genetic variation, with

the average SNP-based heritability of proteins measured on the Olink Explore

platform estimated at ~0.16[85]. At the same time, proteins capture dynamic,
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non-genetic risk factors such as smoking, diet, and lifestyle[8, 153, 154], which

enhance their value as disease predictors.

Traditionally, genetic effects on protein expression (protein quantitative trait
loci, pQTLs) have been leveraged to test causal links between proteins and dis-
eases using Mendelian randomization[155, 5|. Here, we take a related but orthog-
onal approach: removing genetic effects from protein expression to aid biomarker
discovery by removing noise due to random genetic variation. This strategy, some-
times referred to as “de-Mendelization” [156], has not yet been applied at scale, but
a notable example is prostate-specific antigen (PSA), where adjusting for genetic
determinants of constitutive, non-cancer-related PSA variation improves screening
utility[157].

In this work, we first describe the conditions under which removing genetic
effects from proteins can improve the discovery of disease associations. We then
demonstrate that, in practice, this strategy consistently increases power to detect

protein—disease associations.

3.2 Results

3.2.1 Conceptual framework

If protein expression causally influences the risk of developing a certain disease,
then genetic factors affecting protein expression are also, through the protein, likely
to be associated with the disease. This is the fundamental principle underlying
Mendelian randomization[158]. In this scenario, removing genetic signals that in-
fluence protein expression is expected to weaken the observed association between
proteins and disease. This observation extends to the removal of any genetic factor
that is causal to the disease (Figure 3.1A, upper DAGs).

However, a protein may not causally influence disease risk. This can occur

when protein levels are altered by disease pathophysiology or treatment, or, more

commonly, when external non-genetic factors influence both protein levels and
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disease risk (Figure 3.1A, lower DAGs). Such factors act as confounders of the
protein—disease relationship. In this case, genetic influences on proteins represent
unwanted variation that adds noise to the associations between proteins and dis-
ease. In other words, genetics can make proteins less predictive of disease risk by

introducing variability unrelated to the disease of interest.

In the latter scenario, removing the genetic effect on a protein can increase the
power to detect the association with a disease. In the Supplementary Methods,
we provide the theoretical derivation showing that the gain in power is a function
of both the proportion of protein variance explained by genetics (R?) and the

strength of the protein-disease association.

3.2.2 Protein selection and genetic adjustment

We compared protein-disease associations using both directly measured and genet-
ically adjusted protein levels. We initially considered 1,108 proteins measured with
Olink or SomaScan in the INTERVAL study[159], for which OmicsPred provides
polygenic score (PGS) weights[160]. These PGSs were calculated in 39,880 par-
ticipants of European ancestry from the UK Biobank (UKB) (Figure 3.1B). From
this set, we retained 94 proteins that were well predicted by their PGS (R? > 0.2)
and pruned for correlation (|| < 0.5) to capture independent biological effects and
increase generalizability. Of the 94 proteins, 37 PGSs were derived from genome-
wide association studies (GWAS) of Olink-measured proteins and 57 from GWAS
of SomaScan-measured proteins. We then regressed the PGS out of each pro-
tein, using the residuals as genetically adjusted protein levels (see Methods). As
a replication analysis, we further considered seven proteins not highly correlated
(Ir] < 0.5) with the initial 94 and with PGS weights derived from FinnGen|2]
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Figure 3.1: Graphical abstract A Directed acyclic graphs (DAGs) illustrating
how adjusting proteins for their genetically predicted component (G) influences
disease prediction. In the top panels (red cross), adjusting for G removes the
genetic signal that is causal for disease, thereby reducing the protein’s predic-
tive performance. In contrast (green check), when G is not causal, adjustment
may improve prediction. B Protein polygenic scores (PGSs) were derived using
OmicsPred genetic scores and calculated in UK Biobank participants of European
ancestry. Proteins with high genetic predictability and low correlation were re-
tained. Genetically adjusted proteins were obtained by regressing out the PGS
component to extract residuals, which were then used as inputs for both single-
and multi-protein disease prediction models. For replication, SNP weights were
computed with LDpred2 using FinnGen data. Created with BioRender.com.

3.2.3 Genetically adjusted proteins show stronger associa-
tions with disease risk

Among the 94 selected proteins, PGS explained a substantial proportion of vari-

ability, with R? values ranging from 20% to 81% (Supplementary Figure B.1).

These proteins span across all the major pathways represented in the overall Olink

Explore 3072 panel, including inflammation, neurology, cardiometabolism, and

oncogenesis.

We tested associations between the 94 proteins (both unadjusted and genet-
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ically adjusted) and the onset of 37 high-burden diseases based on phenotype
definitions previously described by Jermy et al.[161], adjusting for age and sex.
This yielded 3,478 protein—disease pairs, of which 1,312 were statistically signifi-
cant (false discovery rate, FDR < 0.05) in at least one model and were considered
in subsequent analyses. All diseases except appendicitis had at least one signifi-
cant protein association, underscoring the value of plasma proteins as biomarkers

across organ systems.

While effect sizes were generally consistent across the two models (Figure 3.2A),
genetically adjusted proteins showed an overall trend toward stronger disease as-
sociations: in 88% of the 1,312 protein—disease pairs, adjusted proteins had larger
absolute z-scores, with an average 57.6% increase in absolute z-scores compared
to unadjusted proteins. One way to interpret the improvements in z-scores is to
consider the potential gain in statistical power for biomarker discovery, i.e., identi-
fying new protein-disease associations. Among the 1,312 significant protein-disease
pairs, the same level of statistical power achieved with unadjusted proteins could
have been obtained with a median sample size 30% smaller when using genetically

adjusted proteins.

We identified 96 protein-disease pairs that showed nominally significantly dif-
ferent effect sizes (p < 0.05) between the genetically adjusted and unadjusted
model. Of these, 95 pairs (spanning 43 unique proteins) had stronger effects in
the genetically adjusted model, while only one pair showed a stronger effect in
the unadjusted model. Type 2 diabetes, chronic kidney disease, and heart failure
showed the greatest enrichment (see Methods) of associations among the 95 pairs

(Supplementary Figure B.2).

3.2.4 Stronger disease associations are explained by re-

moval of genetic noise from proteins

To assess whether the observed improvements in the genetically adjusted models
can be explained by PGS being strong predictors of protein levels but not directly

linked to disease risk, we evaluated associations between protein PGS and disease
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outcomes with logistic regression (Figure 3.2B). Among all the 3,478 tested pairs,
only four reached significance (FDR < 0.05).

As expected, the only protein—disease pair showing a larger effect in the un-
adjusted model (ALPI and venous thromboembolism) also showed a significant
association between ALPI-PGS and venous thromboembolism (P = 3.04 x 107%).
By contrast, among the 95 protein—disease pairs where genetically adjusted pro-
teins showed stronger effects, most PGS showed weak or no association with dis-
case. Only two pairs reached significance (FDR < 0.05): MAN2B2-PGS with
Alzheimer’s disease and SELE-PGS with venous thromboembolism. In these two
cases, genetic adjustment does not simply remove genetic noise but might induce
a spurious association with the disease; we discuss these two cases in more detail

in the following sections.

Overall, these results support our hypothesis that the stronger disease asso-
ciations observed for genetically adjusted proteins are primarily explained by the
removal of genetic effects that influence protein variability but do not affect disease

risk, thereby reducing noise in protein-disease associations.
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Figure 3.2: Significant associations between 94 proteins and 37 diseases
in UK Biobank. A Logistic regression z-scores for associations with incident dis-
eases for unadjusted proteins (x-axis) and genetically adjusted proteins (y-axis).
B Absolute differences in z-score from genetically adjusted and unadjusted pro-
tein models (x-axis) and absolute z-score for the association between protein PGS
and diseases (y-axis). Blue colour indicates a significant difference in effect sizes
between adjusted and unadjusted protein associations (p < 0.05). We report only
significant (FDR < 0.05) protein-disease associations in at least one model (unad-
justed or adjusted protein); a plot including all pairs is provided as Supplementary
Figure B.3.

3.2.5 Both cis and trans genetic effects on proteins con-
tribute to stronger disease associations, but cis ef-
fects are more robust

The PGS weights calculated by OmicsPred incorporate both cis and trans genetic

signals. Among the 94 protein PGS, 55 were constructed using both cis and trans

variants, 36 included only cis variants, and 3 contained only trans variants.

For the 55 proteins with both cis and trans scores available, we computed
separate cis- and trans-based PGS. Overall, cis-PGS explained more variation in
protein expression than trans-PGS. However, for a subset of proteins (e.g., LR~
PAP1, TNFRSF10C, CD209, FAM3D), trans-PGS showed higher R? (Supplemen-
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tary Figure B.4), suggesting that distal genetic regulation also plays a role in the

expression of specific proteins.

We then repeated the disease association analyses, adjusting proteins sepa-
rately for cis- or trans-PGS. In the cis-adjusted analysis, among 3,367 protein—
disease pairs tested, 1,250 were significantly associated (FDR < 0.05) in either the
cis-adjusted or unadjusted models. Seventy-five pairs showed significantly different
effect sizes (p < 0.05), all with stronger effects for cis-adjusted proteins (Supple-
mentary Figure B.5).

A similar but less pronounced pattern was observed for trans-adjusted proteins:
among 2,146 pairs tested, 629 were significant at FDR < 0.05, with significantly
different effect sizes in 9 pairs—~8 stronger for trans-adjusted proteins and only one

stronger for unadjusted proteins.

For both cis- and trans-analyses, the improvements in association strength
(relative to unadjusted proteins) scaled with PGS prediction accuracy, with the
largest gains observed for proteins with higher PGS—protein R? values (Supple-
mentary Figure B.6).

An important difference between cis and trans analyses was the magnitude of
direct associations between protein PGSs and disease. Cis-PGSs, despite being
stronger predictors of protein levels, were not associated with any disease (FDR
< 0.05). In contrast, trans-PGSs were more likely to associate with diseases, in-
cluding MAN2B2-trans-PGS with Alzheimer’s disease and SELE-trans-PGS with

venous thromboembolism (Supplementary Figure B.7).

These findings indicate that both cis and trans genetic effects can be leveraged
to reduce genetic noise in proteins and enhance disease prediction, proportionally
to how well they genetically predict the protein. However, trans-PGSs, due to
the inclusion of a larger number of variants, are more likely to capture pleiotropic
variants that are themselves causal for disease. Removing these variants may, in

turn, induce spurious correlations between proteins and diseases.
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3.2.6 Illustrative examples of genetically adjusted proteins

We present two examples: one illustrating how genetic adjustment of proteins can
improve protein-disease associations, and another showing instead how it may in-

duce spurious associations.

The first example reflects most scenarios where protein-disease associations
improved after genetic adjustment. Higher CCL15 protein levels were associated
with increased risk of chronic kidney disease (CKD) (OR = 1.68, p = 4.71 x 107148
Figure 3.3A), consistent with previous reports showing elevated CCL15 in plasma
of patients with chronic renal failure[162]. The PGS for CCL15 was strongly pre-
dictive of protein levels (R?> = 0.47) but showed no association with CKD (OR
= 1.00, p = 0.93). Consequently, genetically adjusted CCL15 levels displayed an
even stronger positive association with CKD (OR = 2.20, p = 1.59 x 1072%9). An-
other way to interpret this result is that the same magnitude of association with
CKD observed for unadjusted CCL15 could have been detected with 45% fewer
individuals when using genetically adjusted CCL15.

A similar pattern was observed for other CKD-associated proteins, including
CD300LF, PILRA, SIRPA, and TDGF1 (Supplementary Figure B.8), consistent
with genetic contributors to these proteins adding noise to the protein—disease as-

soclation.

A second example highlights a contrasting scenario. Higher MAN2B2 protein
levels were weakly associated with decreased risk of Alzheimer’s disease (AD) (OR
= 0.91, p = 0.02), whereas higher MAN2B2-PGS was strongly associated with
increased AD risk (OR = 1.25, p = 1.06 x 1072%; Figure 3.3B), showing opposite
directions of effect. After genetic adjustment, MAN2B2 levels exhibited an even
stronger inverse association with AD (OR = 0.86, p = 5.56 x 107°).

To investigate this further, we decomposed the PGS into cis and trans compo-
nents. The association signal was primarily driven by the trans-PGS (OR = 2.02,
p = 8.72 x 107110) whereas the cis-PGS showed no significant effect (OR = 0.93,
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p = 0.072; Supplementary Figure B.9A). Notably, one of the trans-acting variants
included in the PGS mapped to the APOFE locus, a well-established genetic risk
factor for AD[163].

These findings suggest that APOF influences both MAN2B2 expression and
AD risk through independent mechanisms, supporting a model of horizontal pleiotropy
(Figure 3.1A, upper right DAG) rather than a direct role of MAN2B2 in AD
pathogenesis. Consistent with this, there are no prior reports directly implicating
MAN2B2 in AD, and protein—protein interaction databases reveal no functional
connections between MAN2B2 and APOE.

A similar scenario may underlie the association between genetically adjusted
SELE and venous thromboembolism, where the SELE PGS showed a strong associ-
ation with venous thromboembolism (p = 6.59x1077), driven only by trans effects.
Genetic adjustment in this case may induce a spurious association between SELE
and venous thromboembolism that is not observed with the unadjusted protein

(Supplementary Figure B.9B).

Chronic kidney disease - CCL15 Alzheimer's disease - MAN2B2

. p=4.7le-148 . . p=212e-02
unadjusted protein | —— unadjusted protein ——

= -01 H =1.96e-25
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Figure 3.3: Associations of CCL15 and MAN2B2 with disease risk. Lo-
gistic regression Odds Ratios (ORs) with 95% confidence intervals are shown for
the association of CCL15 with chronic kidney disease (A), and MAN2B2 with
Alzheimer’s disease (B), using unadjusted protein, PGS, and genetically adjusted
protein.
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3.2.7 Genetically adjusted proteins show stronger correla-

tion with the exposome

By removing genetic effects from proteins, we expect genetically adjusted pro-
teins to exhibit stronger associations not only with diseases but also with non-
genetic factors, which we collectively refer to as the exposome. To better char-
acterize which environmental and lifestyle influences are captured by genetically
adjusted proteins, we analyzed associations with 86 variables spanning environ-
mental, lifestyle, and sociodemographic domains, along with three laboratory mea-
surements (body mass index (BMI), platelet count, and creatinine). Logistic re-
gressions (or linear regressions for continuous traits) were used to compare asso-
ciations between the 94 proteins and the exposome, both before and after genetic
adjustment (Figure 3.4A). In total, we identified 10,894 significant associations
(FDR < 0.05) out of 28,388 protein—exposome pairs tested. Adjusted proteins
showed an average 48.7% increase in absolute z-scores compared to unadjusted
proteins. Moreover, 921 of 10,894 protein—exposome pairs showed significantly
different effect sizes (p < 0.05), and in 96% of these cases, genetically adjusted

proteins displayed stronger associations.

Most association improvements (see Methods) were observed for BMI, creati-
nine, and smoking, consistent with their roles as major factors influencing plasma
protein levels. The most enriched proteins included ILIRAP, SIRPA, CD300LF,
ENPP5, and CCL15.

Returning to the example of CCL15 and CKD, we found that genetically ad-
justed CCL15 was more strongly associated with disability benefits, major dietary
changes due to illness, and smoking (Figure 3.4B). For instance, the association
with current tobacco smoking, a likely confounder of the CCL15-CKD relation-
ship, increased from OR = 1.23 [1.19-1.27] to OR = 1.36 [1.32-1.41] after genetic
adjustment (Figure 3.4C).

Overall, these results suggest that stronger associations between adjusted pro-

teins and the exposome may underlie their improved associations with diseases.
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In other words, genetically adjusted proteins may serve as better proxies for envi-

ronmental and lifestyle factors that influence both protein levels and disease risk.
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Figure 3.4: Associations with the exposome. A Associations with exposome
features for unadjusted protein (x-axis) versus genetically adjusted protein (y-
axis), expressed as z-scores from logistic regressions. Blue indicates a significant
difference in effect sizes between adjusted and unadjusted protein associations
(p < 0.05). Only associations significant at FDR < 0.05 in at least one model
(unadjusted or adjusted protein) are shown. B Top associated exposures with
CCL15, showing OR (95% CI) for the adjusted model (orange) and the unadjusted
model (blue). C Associations between CKD and CCL15 (unadjusted protein, blue;
adjusted protein, orange) and “current tobacco smoking” (binarized). 5y = 5 years.
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3.2.8 Multi-protein scores using adjusted proteins are stronger

predictors of disease

Previous work has shown that combining multiple proteins can yield powerful
predictors of disease risk [151, 152]. We compared the standard approach—using
protein levels to build multi-protein score—with our approach based on genetically
adjusted proteins. Using LASSO regression, we constructed two multi-protein
models (unadjusted and genetically adjusted) for the same 37 diseases analyzed
previously. Overall, the genetically adjusted models achieved higher AUCs across
all diseases, with 7 showing significantly improved performance (one-tailed p <
0.05 for AAUC; Figure 3.5).
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Figure 3.5: Multi-protein disease prediction. LASSO-derived AUC for dis-
ease prediction using unadjusted proteins (blue) or genetically adjusted proteins
(orange). Stars and solid-coloured points indicate nominal significance (one-tailed
p < 0.05) for AAUC (AUC,gjusted — AUCunadjusted) 2-Score.

3.2.9 Replication using FinnGen-derived polygenic scores

and 7 additional proteins

So far, genetic adjustment of proteins was performed using PGS derived by Omic-
sPred based on GWAS from the INTERVAL study using the SomaScan assay (v.3)
and four different panel-specific Olink assays. To further validate our results, we
considered protein GWAS from 1,829 individuals in FinnGen measured with the
same Olink platform used in the UKB, and we derived PGS using an alternative

approach (LDpred2[164]). We identified seven additional proteins not included
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in the main analysis that met our criteria of low correlation with the existing
proteins and strong predictive performance of the PGS. Results were consistent
with the main analysis: among 59 significant protein—disease pairs (FDR < 0.05),
two showed significantly stronger associations after genetic adjustment, while none
favored the unadjusted proteins (Figure 3.6). On average, z-scores increased by

32.1% when using genetically adjusted proteins.
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Figure 3.6: Significant associations between seven additional proteins and
37 diseases in UK Biobank, using PGS weights from FinnGen. A Logistic
regression z-scores for associations with incident diseases for unadjusted proteins
(x-axis) and genetically adjusted proteins (y-axis). B Absolute differences in z-
scores between genetically adjusted and unadjusted protein models (x-axis) and
absolute z-scores for the association between protein PGS and diseases (y-axis).
Blue indicates a significant difference in effect sizes between adjusted and unad-
justed protein associations (p < 0.05). Only associations significant at FDR < 0.05
in at least one model (unadjusted or adjusted protein) are shown; a plot including
all pairs is provided as Supplementary Figure B.10.

3.3 Discussion

In this study, we show that, in general, removing genetic effects from highly herita-
ble proteins makes them more powerful predictive biomarkers of common disease.
This benefit increases with how well PGSs capture protein variation (see Supple-

mentary Methods for a technical explanation). Therefore, the value of genetic
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adjustment is expected to increase as larger protein GWASs are performed and

more powerful PGSs are derived.

For most proteins, improvements arise because genetic effects, while being
strong predictors of protein levels, are not associated with disease. Removing inter-
individual differences in protein levels attributable to inherited genetic variation
therefore strengthens associations with diseases or environmental factors linked to

disease.

Interestingly, genetic adjustment also uncovered associations that were not
significant in the unadjusted model. For example, SIRPA showed significant asso-
ciations with knee osteoarthritis, epilepsy, and three cardiovascular endpoints only
after genetic adjustment. SIRPA is best known for its role in the CD47-SIRPA
checkpoint[165], and increased SIRPA expression has been reported in inflamed
synovial tissue from rheumatoid arthritis[166]. However, the role of SIRPA as a
predictive biomarker for these conditions remains poorly understood and may have
been obscured by the strong genetic influence on SIRPA levels (R? = 0.78).

Although it may be tempting to extend the principle of removing unwanted
variation beyond genetics, it is important to recognize that most non-genetic fac-
tors are likely to act as confounders or mediators of the protein—disease relation-
ship, rather than as causal factors for protein levels unrelated to disease. An
exception is technical variation (e.g., batch effects), which fits this definition, and

adjusting for it has been shown to improve protein-disease associations[167, 168].

A corollary of our findings is that smaller sample sizes are required to detect
significant protein—disease associations when using genetically adjusted proteins.
We show theoretically (Supplementary Methods) that the percentage reduction
in required sample size is linearly related to the proportion of protein variance
explained by genetics (R?). We estimate that the significant protein—disease pairs
in our study could have been identified with similar statistical power using, on av-
erage, ~30% fewer individuals. This has implications for the design of biomarker

discovery studies and clinical trials where non-causal protein biomarkers are used
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as outcomes.

To capture the genetic contribution to protein expression, we used polygenic
scores (PGSs). While this approach maximizes the proportion of genetic variance
explained, it can also introduce biases. In particular, PGS may include variants
that influence both protein levels and disease (horizontal pleiotropy), which ideally
should not be removed. These pleiotropic effects are more likely to arise from trans
variants, simply because they are included in the PGS in larger numbers than cis
variants. One illustrative example is MAN2B2 and Alzheimer’s disease: an APOE
variant has a small trans effect on MAN2B2 but a large causal effect on Alzheimer’s
risk. A PGS that includes APOFE variants can therefore induce a strong, possi-
bly spurious, association between genetically adjusted MAN2B2 and Alzheimer’s
disease. On a technical note, even trans variants with small effects on protein
expression can have their impact magnified when combined with strong-effect cis
variants in the PGS used for genetic adjustment. In the MAN2B2 example, nei-
ther cis-PGS nor trans-PGS adjustment alone induced a spurious association with
Alzheimer’s disease, but the combined PGS did (Supplementary Figure B.9A). We
provide a technical explanation of this phenomenon in the Supplementary Meth-

ods.

Based on these observations, and also considering the well-known challenge
of PGS transferability across ancestry groups, we suggest using cis-pQTLs rather
than genome-wide PGSs when the primary goal is to minimize false positives.
Nonetheless, we also note that, overall, trans-adjusted proteins still showed im-

proved disease associations compared to unadjusted proteins.

A limitation of this study is that we considered only 94 proteins in the main
analyses and seven in the replication analyses. Whether these findings generalize
beyond this set remains to be determined. Of the 1,108 proteins initially evalu-
ated, only 99 had a PGS that satisfied our inclusion criteria (R* > 0.2), and five
were excluded due to high correlation with other proteins. The relatively small
number of highly genetically predicted proteins can be partly explained by some

genetic scores being based on SomaScan and applied to predict Olink proteins in
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the UK Biobank, where cross-platform correlations between Olink and SomaScan

proteins are modest (= 0.3)[167].

There is no reason to believe that the benefits of genetic adjustment should
not extend to proteins with lower PGS R? < 0.2. For our results not to generalize,
one would have to assume that highly heritable proteins behave fundamentally
differently from less heritable proteins and are less likely to be causal for disease,
an assumption for which we find little support. It is instead more likely that most

proteins are not causal and instead capture risk factors shared with disease[169].

Another conceptual limitation is that we did not use genetic information di-
rectly for disease prediction. One might argue that, once genetic information is
available, it could be added on top of unadjusted proteins to improve disease pre-
diction, rather than being used to remove genetic effects from proteins. While this
approach would likely enhance predictive performance, our aim was to demon-
strate that genetic adjustment is, in itself, a valuable strategy-particularly when
the focus is on protein-disease discovery or when proteins are used as outcomes in

intervention studies.

In conclusion, highly heritable proteins are strong predictors of common dis-
eases, but their genetic component often reduces their utility as predictive biomark-
ers. Accounting for genetic effects offers a promising strategy to enhance biomarker
discovery and enable the development of more powerful multi-protein-based pre-

diction models.

3.4 Methods

3.4.1 Study population

The UK Biobank (UKB) is a prospective cohort of ~500,000 participants aged 40—
69 years at recruitment. We restricted the analyses to individuals of European an-
cestry (EUR) with available plasma proteomics data, measured using the antibody-
based Olink Explore 3072 proximity extension assay[85, 170] (N = 49,005). We
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further restricted analyses to individuals with at least 2,500 proteins measured
at baseline (i.e., the time of recruitment) and whose genetic sex (UKB field ID:
22001) was concordant with their self-reported sex (UKB field ID: 31). After all
filters, the final cohort consisted of 39,880 individuals.

3.4.2 Proteomics imputation

Within the UKB, we imputed missing values using a random forest-based ap-
proach. We first excluded proteins with more than 20% missingness, resulting in
a set of 2,919 proteins. We then randomly selected a sample of 10,000 individuals
with any genetic ancestry and trained a random forest imputation model using the
MissForest[171] library in Python. We imputed a single dataset using a maximum

of five iterations during training, with the other parameters left at default values.

3.4.3 Selection of OmicsPred genetic scores

We used protein genetic scores from the OmicsPred database[160], trained on
the INTERVAL cohort[159]. We extracted weights derived from both Olink (302
proteins) and Somal.ogic (989 proteins) assays, filtering for those also measured in
the UKB by the Olink platform. We chose to also include those coming from the
Somal.ogic assay, given the limited availability of Olink-based summary statistics
within the database. Among these proteins, there was an intersection of 183

common proteins, resulting in 1,108 unique proteins.

3.4.4 Polygenic score-based adjustment of proteins

We estimated polygenic scores (PGS) for each protein in EUR UKB individuals
using PLINK 2.0.0[172], based on SNP weights obtained from OmicsPred.
Proteins were filtered to retain those for which the R? between their observed
levels and the corresponding PGS exceeded 0.2, using results from the platform
with the higher R? in cases where the same protein was included in both platforms.
The R? values were calculated using protein measurements at baseline, removing
missing values (the sample size varied across proteins). To reduce redundancy, we

further excluded highly correlated proteins (absolute Pearson correlation > 0.5)
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using the findCorrelation function in caret in R [173], resulting in a final set
of 94 proteins.

Then, using the previously described imputed values for 39,880 individuals, we
isolated the non-genetic component of each protein by regressing out the variance
explained by the corresponding PGS using linear regression and extracting residu-
als, which were then standardized across individuals. These standardized residuals

represent the genetically adjusted proteins used in downstream analyses.

3.4.5 Disease definitions

We selected 37 diseases based on phenotype definitions previously described by
Jermy et al.[161], extending the panel by applying the same criteria—specifically,
harmonization using FinnGen ICD code lists. We defined end of follow-up as the
age of the first record of a disease diagnosis (for individuals with the disease),
age at death for a cause other than the disease, age at last record available in
the registries or electronic health records, or age 80, whichever occurred first. We
excluded prevalent cases, which had their first occurrence before or up to the date
of the first assessment visit, and incident cases recorded within the first 6 months
of follow-up. A total of 39,871 individuals were included in the analysis. The

sample size varied across diseases.

3.4.6 Disease association analysis

We evaluated associations between proteins and disease endpoints using logistic
regression models across all 3,478 protein-disease pairs (94 proteins x 37 diseases).
For each pair, three models were fitted independently, each using a different pre-
dictor, using the glmnet R package[174] and adjusting for age and sex. We used
these predictors: 1) unadjusted protein; 2) genetically adjusted protein; 3) PGS.
All predictors were standardized to facilitate the comparison of effect sizes across
models (mean = 0, standard deviation = 1). Significant associations were defined
as those with a false discovery rate (FDR)-adjusted p-value < 0.05 in either the
unadjusted or genetically adjusted protein model. In order to test for a significant

improvement in the associations, we computed the z-score of the difference in effect

80



Chapter 3. Removing genetic effects on plasma proteins enhances their utility
as predictive disease biomarkers

sizes between the genetically adjusted and the unadjusted protein models, and a
two-tailed p-value assessing the significance of the difference.

We performed an enrichment analysis restricted to significant protein—disease
pairs. Within this set, we defined a subset of significantly different pairs, in which
the absolute z-score was greater for the genetically adjusted model compared to
the unadjusted one. For each disease, we counted its occurrences in both the subset
and the full set, and tested for over-representation using Fisher’s exact test. Then
we ranked diseases by Fisher’s p-value.

To quantify the effective change in statistical power when using unadjusted vs.
genetically adjusted proteins, we compared the z-scores from the disease—protein
association models. The relative sample size R was defined as the squared ratio
between the unadjusted and genetically adjusted z-scores. R values greater than
1 indicate that fewer individuals are required to reach the same power when using

residualized proteins, and R values smaller than 1 indicate a relative loss of power.

3.4.7 Cis- trans- analysis

To isolate cis- and trans-acting genetic effects, we defined for each protein the cis-
locus as a 1 megabase (Mb) window surrounding the start and end positions of the
corresponding gene. To retrieve the genomic positions, we used the GRCh37 En-
sembl archive from the biomaRt R package[175]. Using BEDTools[176], we filtered
OmicsPred genetic scores by performing genomic intersection with the defined cis-
and trans-loci. The resulting filtered weights were then used to compute PGS fol-
lowing the same methodology described previously. Among the proteins analyzed,
three had only trans-pQTLs, 36 had only cis-pQTLs, and 55 had both cis- and
trans-pQTLs. We then extracted the corresponding genetically adjusted proteins
from each cis- and trans-PGS, where available. Three proteins had only trans-
pQTLs, while 36 proteins had only cis-pQTLs, so 55 proteins had both. Logistic
regression analyses were conducted using the cis- and trans-genetically adjusted

proteins as predictors for the same disease outcomes, adjusting for age and sex.
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3.4.8 Exposome analysis

To better interpret the information captured by the genetically adjusted proteins,
we assessed the association with a set of environmental exposures. We selected a
list of exposures with fewer than 1,000 missing values from our dataset of 39,880
individuals, resulting in a final set of 86 traits. In addition, we included three lab-
oratory measurements: body mass index (UKB field ID: 21001), creatinine (UKB
field ID: 30700), and platelet count (UKB field ID: 30080). We performed separate
logistic regression analysis for each categorical exposure, and linear regression for
each continuous exposure, using the 94 genetically adjusted proteins as predictors
and adjusting for age and sex. We further ran a parallel model replacing geneti-
cally adjusted proteins with the standardized unadjusted proteins, allowing for a
direct comparison of effect sizes. Continuous exposures were standardized prior
to analysis. Categorical exposures were one-hot encoded, with categories repre-
sented as separate binary variables; categories with fewer than 100 observations
were excluded to ensure model stability. Sample size varied across traits. Signif-
icant associations were defined as those with an FDR-adjusted p-value < 0.05 in
either the unadjusted or genetically adjusted protein model. In order to test for
a significant improvement in the associations, we computed the z-score of the dif-
ference in effect sizes between the genetically adjusted and the unadjusted protein
models, and a two-tailed p-value assessing the significance of the difference. We
performed an enrichment analysis restricted to protein—exposure pairs with FDR
< 0.05 in at least one model. Within this set, we defined a subset of pairs with
significantly different effect sizes, in which the absolute z-score was greater for the
genetically adjusted model. For each exposure, we counted its occurrences in both
the subset and the full set of significant pairs, and tested for over-representation
using Fisher’s exact test. Then we ranked exposures by Fisher’s p-value. The same

procedure was applied to identify the most enriched proteins.

3.4.9 Multi-protein analysis

To investigate the predictive performance of multiple proteins, we implemented a
regularized logistic regression framework using the Least Absolute Shrinkage and

Selection Operator (LASSO). As in previous analyses, prevalent cases and inci-
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dent cases recorded within the first 6 months of follow-up were excluded. For each
disease endpoint, we constructed two models using two different sets of predic-
tors: genetically adjusted proteins and unadjusted proteins. For each model, we
randomly partitioned the data into training (70%) and test (30%) sets using the
caret::createDataPartition() function in R [173], matching the proportion of
cases and controls in the train and test sets to avoid class imbalance. LASSO logis-
tic regression was fitted to the training data using the glmnet 4.1-9 R package[177].
We performed 10-fold cross-validation to select the optimal lambda parameter (\)
that minimized binomial deviance (Api,). Features with non-zero coefficients at
the optimal A\ were retained as predictive variables. Using the selected features
and their coefficients, we computed weighted linear combinations of scores for in-
dividuals in both the training and test sets, which were standardized within each
set. A secondary logistic regression model was then fitted in the training set using
the LASSO-derived score as the predictor. This model was applied to the test set
to quantify predictive performance by calculating the area under the curve (AUC)
using the pROC R package[178]. To quantify significant differences, we calculated
the z-score of the difference between the AUC of adjusted and unadjusted protein

models, and the corresponding one-tailed p-value of this difference.

3.4.10 Replication with FinnGen pQTLs

We first selected 2,832 proteins from the FinnGen|[2] 3 QCd Olink proteomics
dataset of 1,829 independent samples that were also measured in the UKB. Pro-
tein heritability (h?) estimation in FinnGen was performed using the Genome-
based Restricted Maximum Likelihood (GREML) method, as implemented in
GCTAJ179]. We first constructed a genetic relationship matrix (GRM) based on
190,180 high-quality, common, and independent SNPs, filtered with the following
criteria: INFO score > 0.9, minor allele frequency (MAF) > 0.01, genotyping miss-
ingness < 3%, and linkage disequilibrium pruning using a window size of 1,500 kb
and pairwise R? < 0.2. GREML analysis was then conducted using the result-
ing GRM and protein level measurements from 1,829 eligible individuals in the
FinnGen cohort.

We then filtered for proteins with a significant h? estimate (p < 0.05) and
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h? > 0.3, resulting in a set of 237 proteins. To reduce redundancy, we retained
proteins with pairwise absolute intercorrelation (Pearson r) below 0.5. Next, we
removed proteins that were either present in or highly correlated (absolute Pear-
son correlation > 0.5) with our original set of proteins, yielding a final subset of
135 proteins. Using FinnGen GWAS data for 135 selected proteins, we applied
the LDpred2-auto model implemented in the R package bigsnpr to estimate SNP
weights for the PGS calculation[164]. We used the HapMap3+ linkage disequilib-
rium (LD) matrix provided with the package[180], which offers improved genome
coverage. After excluding SNPs with minor allele frequencies (MAF) below 1%, a
total of 1,301,162 SNPs with available LD information were used. The model failed
to converge for two proteins (APOBR and LRRC37A2), which were subsequently
excluded. For the remaining 133 proteins, we estimated the PGS for UKB indi-
viduals with PLINK 2.0.0[172], based on the SNP weights derived from LDpred2.
Finally, we retained only those proteins (N = 7) for which the variance explained
by the PGS (R?) in measured protein levels was greater than 0.2, resulting in a

high-confidence set of genetically predictable proteins for downstream analysis.
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CHAPTER

Other related work

In this chapter, additional work is briefly introduced to complement the core stud-
ies presented in this thesis. Although these analyses do not constitute the primary
focus of the thesis, they are nonetheless relevant, as they extend and apply the
methodological frameworks described and developed here to different contexts,
such as evolutionary and population genetics. By doing so, they illustrate the
broader applicability, flexibility, and robustness of these approaches beyond the
specific use cases explored in the main chapters, and across a diverse range of

research questions.
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4.1 Sequence composition and conservation predict the

phenotypic relevance of transposable elements

4.1.1 Abstract

Transposable elements (TEs) are powerful drivers of genome evolution, in part
through their ability to rapidly rewire the host regulatory network by creating
transcription factor binding sites that can potentially be turned to the host’s ad-
vantage in a process called exaptation. However, the effects on the host phenotype
vary widely among different TEs. Here, we classify TEs based on their contribu-
tion to the human host phenotypes at both molecular and macroscopic scales.
TE contributions to chromatin accessibility, gene expression, and the heritability
of complex traits are strongly correlated to each other, confirming that the main
mechanism through which TEs affect the host phenotype is through the rewiring
of the regulatory network. TE sequence and evolutionary features are able to ex-
plain a large fraction of the variance in phenotypic relevance, and in particular
more than 50% of the variance of their contribution to the heritability of complex
traits. A conspicuous exception to this pattern is represented by TEs of the ERV1
family, whose phenotypic impact cannot be explained by our model: in particular,
this family includes a set of relatively young TEs whose phenotypic relevance is
much larger than would be expected based on their sequence and evolutionary
parameters. These TEs are involved in fast-evolving biological processes related
to the interaction of the organism with its environment.

In conclusion, our results confirm quantitatively that TE insertions affect the host
phenotype mostly through the rewiring of its regulatory network; identify a signa-
ture of phenotypic relevance based on sequence and conservation properties; and

highlight several TEs as promising candidates for functional studies.

4.1.2 My contribution

My contribution was related to assessing the macroscopic phenotypic effects of TEs
that are driven by regulatory intermediate molecular phenotypes. In particular,

for each TE, its effect on gene expression was considered, evaluated as the number
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of genes with at least one expression quantitative trait locus (eQTL) residing inside
a copy of the TE in at least one GTEx tissue, divided by the number of common
variants found in the TE. This quantity estimates the effect of TE sequence on gene
expression by evaluating the effect of the corresponding sequence variants. We also
assessed the contribution of each TE with complex trait heritability and chromatin
accessibility. As shown in Fig. 4.1A, all pairwise correlations between the three
measures are positive and highly significant (all P < 2.2 x 1071%). As expected,
the two molecular phenotypes show high concordance (Spearman’s p = 0.59), con-
firming that the effect of TE exaptation on gene expression is partly driven by the
creation of regulatory elements characterized by accessible chromatin.

Perhaps less obvious is the high correlation between effects at the molecular and
macroscopic levels (p = 0.57 and 0.63 of complex trait heritability with chromatin
accessibility and gene expression, respectively). These results generally apply to
all TE families (Fig. 4.1B-E), and suggest that the contribution of TEs to com-
plex trait variability is largely driven by their effects on the regulatory network.
Macroscopic traits are the targets of selection, and complex traits in particular are
known to be subjected to stabilizing selection.

The full manuscript is currently under review at Genome Biology and is available

as a preprint on bioRxiv.
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Figure 4.1: A: Spearman correlation between measures of phenotypic impact and
sequence/conservation features. B-E: Same by TE class.
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4.2 Ancestral genetic components are consistently asso-

ciated with the complex trait landscape in European
biobanks

4.2.1 Abstract

The genetic structure in Europe was mostly shaped by admixture between the
Western Hunter-Gatherers, Early European Farmers and Steppe Bronze Age an-
cestral components. Such structure is regarded as a confounder in GWAS and
follow-up studies, and gold-standard methods exist to correct for it. However, it
is still poorly understood to which extent these ancestral components contribute
to complex trait variation in present-day Europe. In this work we harness the
UK Biobank to address this question. By extensive demographic simulations, ex-
ploiting data on siblings and incorporating previous results we obtained from the
Estonian Biobank, we carefully evaluate the significance and scope of our find-
ings. Heart rate, platelet count, bone mineral density and many other traits show
stratification similar to height and pigmentation traits, likely targets of selection
and divergence across ancestral groups. We show that the reported ancestry-trait
associations are not driven by environmental confounders by confirming our re-
sults when using between-sibling differences in ancestry. The consistency of our
results across biobanks further supports this and indicates that these genetic pre-
dispositions that derive from post-Neolithic admixture events act as a source of

variability and as potential confounders in Europe as a whole.

4.2.2 My contribution

My specific task was to evaluate the heritability enrichment of trait-associated ge-
nomic regions (TAGRs) defined in this work. In particular, TAGRs were defined
for each trait based on genome-wide significant associations reported in the GWAS
Catalog, extending +20 kb around each lead variant and merging overlapping in-
tervals.

To evaluate if TAGRs capture a meaningful polygenic signal, we quantified their

enrichment for the heritability of SNP using stratified LD score regression (sLDSC).

89



Chapter 4. Other related work

These regions were treated as custom annotations in the sLDSC framework.

We applied sLDSC to 50 complex traits using UK Biobank GWAS summary statis-
tics obtained from Neale Lab (http://www.nealelab.is/UK Biobank/). For each
trait, we estimated the proportion of SNP heritability attributable to TAGRs
relative to their genomic coverage, yielding an enrichment statistic and the corre-
sponding significance estimate.

As a negative control, we constructed “negative TAGRs” by excluding all ge-
nomic regions within £500 kb of any GWAS Catalog hit, thereby defining regions
depleted of known trait associations. These negative TAGRs were analyzed in
parallel using the same sLDSC framework.

Across almost all traits, TAGRs showed consistent enrichment for trait heritabil-
ity (nominal P < 0.05), whereas non-TAGRs generally showed depletion or no
enrichment in trait heritability (Figure 4.2), although likely harboring variants
contributing to the polygenic traits analyzed.

These results demonstrate that the TAGR definitions capture regions that are dis-
proportionately enriched for trait-relevant genetic signal, supporting their use in
downstream covariance and integration analyses.

The full manuscript has been published in 2024 in the Furopean Journal of Human

Genetics.
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Conclusion

In this thesis, I have presented the integration of multiple molecular layers, includ-
ing genomics, transcriptomics, proteomics, and environmental data, to explore the
complex relationships between genetic variation, molecular mechanisms, and dis-
ease outcomes.

By leveraging large-scale biobank data, we have demonstrated how multi-omic
approaches can uncover new associations that were previously difficult to detect,
offering deeper insights into the biological mechanisms underlying complex traits
and diseases.

This approach has not only enhanced our understanding of the common genetic
basis between phenotypes but has also provided more accurate predictive biomark-
ers by removing genetic noise from molecular data, particularly in the context of

plasma proteins.

In the first study, we demonstrated how integrating data from GWASs, population-
based transcriptomic studies, and single-cell chromatin accessibility assays enables
the molecular dissection of the genetic correlation between complex traits and the

formulation of data-driven hypotheses on the relevant regulatory mechanisms.

In the second study, we showed that, although highly heritable proteins are
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strong predictors of common diseases, their genetic component often reduces their
utility as predictive biomarkers. Accounting for genetic effects offers a promising
strategy to enhance biomarker discovery and enable the development of more pow-

erful multi-protein-based prediction models.

However, despite the advances made in these works, there are notable limita-
tions that warrant further attention. One key limitation is the focus on European
populations in both studies. While these populations are well-characterized, the
transferability of the findings to other populations remains a significant gap.
This focus was primarily driven by data availability (large, deeply phenotyped co-
horts are still mainly European) and by methodological considerations that make
ancestry stratification essential rather than optional. In particular, many of the
analyses used here rely implicitly on population-specific genetic architecture: LD
structure differs across ancestries and influences fine-mapping resolution, poly-
genic score construction, and the interpretation of the signals of the associations;
allele frequencies differences affect power, instrument strength, and the stabil-
ity of effect estimates; and imputation quality as well as reference panel match
can vary substantially, propagating bias into downstream results. These issues
are especially relevant when deriving or applying polygenic scores for molecu-
lar traits (e.g., proteins), where prediction accuracy can drop significantly, and
where trans-acting components may capture pleiotropic signals differently across
populations. Similarly, QTL-based integration (eQTL/pQTL) can be sensitive to
ancestry-dependent regulatory architectures and differences in cohort composition
and recruitment strategies, meaning that causal inference frameworks or priori-
tization of candidate genes and pathways may not generalize. All these genetic,
as well as environmental and lifestyle factors, which vary across populations, can
influence the generalizability of the results.

Addressing these issues requires more inclusive and diverse population-based stud-
ies to ensure that the insights gained from this research are applicable to a broader
range of individuals worldwide. These factors, together, motivate and highlight
the need for future work extending these approaches to multi-ancestry datasets,
developing ancestry-aware modeling strategies, and validating whether the discov-

ered associations and predictive improvements replicate across diverse genetic and
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environmental contexts.

Furthermore, as the field of computational biology rapidly evolves, new machine
learning and deep learning techniques are emerging almost daily, offering sophis-
ticated tools for analyzing increasingly large and complex datasets. The current
statistical methods, while being gold standards in many areas, may no longer be
sufficient to fully capture the intricate relationships between molecular layers, es-
pecially as the data becomes high-dimensional. Therefore, there is a need to apply
these novel computational techniques to improve the precision of our analyses and
to overcome the limitations of traditional methods. Incorporating these advanced
approaches will not only enhance the statistical power of existing models but also
open up new avenues for biomarker discovery and disease prediction, ultimately

advancing the field of personalized medicine.

In conclusion, this thesis demonstrates how the integration of multiple molec-
ular layers can enhance our understanding of complex trait biology. By leveraging
large-scale biobank resources, the work highlights the potential of multi-omic ap-
proaches to move beyond purely statistical associations toward biologically inter-
pretable and clinically relevant insights. Looking ahead, the next major step for the
field lies in integrating data across multiple European biobanks. Pan-European ini-
tiatives and infrastructures, along with the emerging European Health Data Space
(EHDS), offer a unique opportunity to combine genetic, molecular, and electronic
health record data. Realizing this potential will require extensive harmonization
efforts, such as genetic data processing, ancestry-aware analytical frameworks,
and the standardization of clinical phenotypes, disease definitions, and longitudi-
nal health records across heterogeneous healthcare systems. Such harmonization
is not only a technical challenge but a prerequisite for ensuring comparability, re-
producibility, and equitable transferability of findings across populations.

As computational methodologies continue to advance, integrated, harmonized pan-
European biobank data will provide the foundation for next-generation predictive
and mechanistic models. Ultimately, these efforts will enable more robust, general-
izable, and clinically actionable insights, positioning European biobank integration

as a cornerstone of future precision medicine and population health research.
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Figure A.1: Genetic correlation between sMRI traits. Only the correlations
between traits in the same category were computed, plus those between cortical

area (pial surface) and cortical area (white surface). *, nominally significant (P <
0.05).
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Figure A.2: Effect size of GReX on BMI and sMRI traits for the 21

common genes.
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Figure B.1: Protein variance explained by PGS (R?). Distributions of the

R? between protein levels and PGS across the 94 selected proteins (A) and the
original set of proteins before filtering (B).
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Figure B.2: Upset plot of the top 95 protein—disease pairs showing
stronger effects in the genetically adjusted versus unadjusted analy-
sis. Dots indicate significant associations (FDR < 0.05 in at least one model and
p for the difference < 0.05) between a disease (x-axis) and a protein (y-axis). Gray
lines denote proteins associated with multiple diseases, and dot colours represent
diseases.
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Figure B.3: Associations between 94 proteins and 37 diseases in UK
Biobank. A Logistic regression z-scores for associations with incident diseases for
unadjusted proteins (x-axis) and genetically adjusted proteins (y-axis). B Absolute
differences in z-scores between genetically adjusted and unadjusted protein models
(x-axis) and absolute z-scores for the association between protein PGS and diseases
(y-axis). Blue indicates a significant difference in effect sizes between adjusted and
unadjusted protein associations (p < 0.05); shape indicates FDR significance in at
least one model (unadjusted or adjusted protein).
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Figure B.4: Comparison of protein variance explained by cis- and trans-
PGS. Protein variance explained (R?) by cis-PGS (x-axis) and trans-PGS (y-
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Each point represents a protein with both cis and trans variants derived

from OmicsPred. Proteins with only cis- or only trans-variants are not shown.
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Figure B.5: Results from cis- and trans-adjusted logistic regressions. Lo-
gistic regression z-scores for associations of unadjusted proteins (x-axes) and cis-
adjusted proteins (A, y-axis) or trans-adjusted proteins (B, y-axis) with incident
diseases. Blue indicates a significant difference in effect sizes between adjusted and
unadjusted protein associations (p < 0.05), and shape indicates FDR significance
in at least one model (unadjusted or adjusted protein).
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Figure B.6: Association between PGS-explained protein variance and cis-
or trans-adjusted disease associations. Relationship between the protein vari-
ance explained (R?) by the corresponding PGS and the absolute z-score difference
between unadjusted protein associations and cis- (A) or trans- (B) adjusted pro-
tein associations with diseases. Only associations significant at FDR < 0.05 in at
least one model (unadjusted or corresponding adjusted protein) are shown. Colour
indicates a significant difference in effect sizes between adjusted and unadjusted
protein associations (p < 0.05). 126
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Figure B.7: Associations between cis- and trans-PGS with diseases com-
pared to the difference between respective adjusted and unadjusted
models. Absolute differences in z-scores between cis- (A) or trans- (B) genet-
ically adjusted and unadjusted protein models (x-axes) and absolute z-scores for
the association between protein PGS and diseases (y-axes). Blue indicates a signifi-
cant difference in effect sizes between adjusted and unadjusted protein associations
(p < 0.05); shape indicates FDR significance in at least one model (unadjusted or
adjusted protein). Labels are shown only for PGS—-disease associations with FDR
< 0.05.
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Figure B.8: Top associations with chronic kidney disease. Logistic regression

odds ratios (ORs) with 95% confidence intervals are shown for associations of
four proteins-CD300LF, PILRA, SIRPA, and TDGF1-with chronic kidney disease,
using unadjusted protein levels, PGS, and genetically adjusted protein levels.
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Figure B.9: Associations of MAN2B2 and SELE with disease risk. Lo-
gistic regression odds ratios (ORs) with 95% confidence intervals are shown for
the association of MAN2B2 with Alzheimer’s disease (A) and SELE with venous
thromboembolism (B), using unadjusted protein, PGS, cis-PGS, trans-PGS, ge-
netically adjusted protein, and cis- and trans-adjusted protein. SELE PGS was
computed using only trans-variants; therefore, SELE cis-PGS is not available.
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Figure B.10: Associations between seven additional proteins and 37 dis-
eases in UK Biobank, using PGS weights from FinnGen. A Logistic
regression z-scores for associations with incident diseases for unadjusted proteins
(x-axis) and genetically adjusted proteins (y-axis). B Absolute differences in z-
scores between genetically adjusted and unadjusted protein models (x-axis) and
absolute z-scores for the association between protein PGS and diseases (y-axis).
Blue indicates a significant difference in effect sizes between adjusted and unad-
justed protein associations (p < 0.05), and shape indicates FDR significance in at
least one model (unadjusted or adjusted protein).

B.2 Supplementary Methods

Supplementary methods 1: Technical note on how cis- and

trans-protein adjustment affects associations

Here, we provide a technical explanation for why even a trans-PRS that is a
weak predictor of the protein—but a strong predictor of the disease—can, when
considered together with a cis-PRS that is not associated with the disease, lead
to a genetically adjusted protein showing a strong and spurious association with
the disease. This is what was observed in the case of the MAN2B2-Alzheimer’s
disease association.

Let a linear predictor of interest P (the protein) with polygenic determinant G
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(the PGS) and non-genetic determinants ¢, (the residuals of the model):
P — /BpGG + Ep (Bl)

Where G and P are standardized (var(G) = var(P) = 1), £, and G are assumed
independent (¢, L G)
Suppose the polygenic determinant G can be divided into two independent

genetic components g. and gr

G = 59398 + ﬂngT (B'Q)

Let g4 and g be homoscedastic (var(g.) = var(gr) = 1), independent between
them (g. L gr — Bgzc + BET = 1), and independent to the non-genetic determinants
ep (9c L ep and gr L gp).

COMMENT: a protein’s PGS can be decomposed into two parts: a pleiotropic
(trans) component that also influences the disease and a protein-specific (cis) com-
ponent that does not. By construction, these components should be approrimately
independent.

Let gr be a causal genetic component (or in LD with the causal genetics) for

disease D whereas g, is not:

D = Bp.gr + €p (B.3)

Where var(D) = 1, ep denotes any other genetic or non-genetic determinants
for disease D. ep L gr, g. L D (therefore also ep L g¢.). In this case, a linear
unbiased estimate for the association between D and gr would be p,., and between
D and g. would be 0.

Suppose now we have f, > 3, > 0.

COMMENT: this corresponds to the association between disease and partial
protein PGS separated by pleiotropy. For the MAN2B2 case, Bp, seems to have
large magnitude and is greater than 0.

An unbiased estimate for the association between D and G is:

cov(D, G)

var(G) Cov(Bprgr + D, Boede + Borgr) = Borlor (B.4)

Bpe =

130



Appendix B. Supplementary material to Chapter 3

COMMENT: this corresponds to the association between disease and full protein
PGS.
In the MANZ2B2 case, this also seems to be rather large, because of large Bp,..

An unbiased estimate for the association between D and P is:

Bop = % = cov(Bprgr +€p; Bpc(Bg.ge + Bgrgr) + €p)
= BprBpcByr + covlep,ep) (B.5)

COMMENT: this corresponds to the association between disease and the unadjusted
protein. In the MAN2B2 case, this seems to be very small, because in this case
cov(ep,ep) <0 (see below), and Bp,LpcByr > 0.

If we remove genetic part (G) from P (genetic-adjusted protein denoted by

Pg_), an unbiased estimate for the association between D and Pg_ is:

ﬁ _ COV(D,PG_) _ COV(BDTQT—F&TD,?EP)
Pl Var(Pg_) var(e,)
_ cov(ep,&p)

T IQ)G (B.6)
COMMENT: this corresponds to the association between disease and the to-
tal PGS-adjusted protein. In the MAN2B2 case, this also seems to be negative,
indicating cov(ep,e,) < 0.
More specifically, if we remove only g, from G (cis-adjusted protein denoted by

P¢_), an unbiased estimate for the association between D and Pg_ is:

Bpp, = Cov(D, Fo_) _ cov(Bprgr + €p, BpGByrgr + 51?)
°~ 7 Var(P.) var(Bpc By gr + €p)

_ 5DT6pGﬁgT + COV(€D7 Ep)

1- (5]26‘6%)2

COMMENT: this corresponds to the association between disease and the “cis”-

(B.7)

adjusted protein. In the MAN2B2 case, this also seems to be very small. Note

that the numerator in this form is the same as the disease association with the

131



Appendix B. Supplementary material to Chapter 3

unadjusted protein, which is almost 0 as observed above.
if we remove only gp from P (cis-adjusted protein denoted by Pp_), an unbiased

estimate for the association between D and Pg_ is:

Cov(D, Pr_)
Var(Pr_)
_ COV(ﬂDTgT +¢€p, BpGﬁgcgc + gp)

Var(ﬁpGﬁgcgc + 5;0)

_ cov(ep, €p) . cov(ep,ep)
= Val"(ﬁpGﬁgCgc + €p) 1= (/BpGﬁgT)2 (BS)

Bpp;_

COMMENT: this corresponds to the association between disease and the “trans”-

adjusted protein. In the MAN2B2 case, this also seems to be very small.

Note the numerator of Spp, (disease association with the trans-adjusted pro-
tein) in (8) is the same as fpp, (disease association with the PGS-adjusted pro-
tein) in (6) when the hypothesis in (3) holds. However, we see the association
Bpp, smaller than fpp, because their denominators 1 — (8y68,,)* > 1 — By
(due to small §,,). Therefore:

cov(ep,€p)

‘ cov(ep, ep) (B.9)

1- (ﬁPGBQT)Q

— ‘5DPGL > ‘ﬁDPL

2

CONCLUSION Small-effect trans variants can be amplified during genetic ad-

justment when combined with strong cis effects in the PGS.

Supplementary Methods 2: Relationship between power
gain and proportion of protein variance explained by ge-
netics

Here, we provide a technical explanation of why, when protein genetics is not
associated with the disease of interest, if genetics explains much of a protein’s

variability, then removing that genetic part from the protein boosts the statistical

power to detect its association with disease.
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Let a linear predictor of interest P (the protein) with polygenic determinant

G (the PGS) and non-genetic determinants ¢, (the residuals of the model):
P = ﬁng + & (BlO)

Where G and P are standardized (var(G) = var(P) = 1), ¢, and G are assumed
independent (¢, L G). Since P depends on G with coefficient f,¢, the proportion
of variance of P explained by G is ﬂzG and the residual variance of P is then
var(ep) = 1 — 2.

Let a target disease D with var(D) = 1, suppose the genetics of P is indepen-
dent of D (D L G).

The unbiased estimate for the linear regression coefficient of D on P is:

cov(D,P)  cov(D, BpaG + )
var(P) 1

Bop = = i cov(D, G)eov(e,, D) = cov(z,, D)

(B.11)
By the definition of the variance of an ordinary least squares (OLS) estimate,

it can be written as:

var (D - BDPP) ) var(D - BDPP)

Var<ﬁDP> - (n — Lvar(P) n—1
var(D) + B var(P) — 2ppcov(ep, D) 1+ B — 28 1— B
N n—1 B n—1  on—1
(B.12)
Therefore R R
pp Bor  PBpp (B.13)

SEBDP A/ _173/231’
n—1

Now, let us remove genetics G from P hence evaluating only ¢, (in our case
the residuals of the linear model), the unbiased estimate for the linear regression

coefficient of Pz on D becomes:

- cov(e,, D cov(e,, D B
Bops_ = € D) _ 15’} ) _ 1_“; (B.14)
var(ep) Ppa Ppac
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With a variance of

var(BDpG_> = Var<D — Bope. 5p> B Var(D B 1ﬂ2§06p>
(vl - D0~ )
(n =11 = phoP (B.15)

and a z-score of:

S BDPG, _ ﬂDP /\/ 1—ﬁDp Poe _ Bop (B.16)

SEBDPG pPG n - 1 1 - IOPG) N 1-8% p=rbg
_ n—1

Let us compare the z-score obtained with their ratio:

BDP
1-6% »—p2 22
ZDP, —DRE—BG \/ 1—5pp
== ; = (B.17)
z DP P
br 1-62, \/1 — Bbp — Pha

n—1

This means that the more variance the polygenic score explains in the protein
phe 1.e. the R? the larger the ratio of z-scores becomes when we regress the
disease on the non-genetic component of protein (residualised on genetics) versus
the unadjusted protein. In other words, when genetics of P is not associated
with target disease D, the stronger the genetic contribution to P, the more power
we gain by removing that genetic component when testing the association with
disease.

Note that since by the definition of Z-score:

J =

(B.18)

g

Where X and p are sample and population mean respectively and o is the popula-
tion standard deviation, a ratio of squared z-scores can also be interpreted as the
reciprocal of required sample size (n) ratio for detecting a same effect. Therefore,

based on #(8), to detect a same association effect, comparing to P, using Pg_
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may reduce the sample size requirement by:

2 ~
1_<ZDP> :1_1_B%P_p%3G_ Prc

“DPg_ 1—Bp 1— B/%P

(B.19)

CONCLUSION The percentage reduction in required sample size is linearly

related to the proportion of protein variance explained by genetics (R? or ph)
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