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1 Introduction

1.1 Gene regulation

1.1.1 Human genome and regulatory complexity

Before the completion of the Human Genome Project, estimates of the number of human genes

were considerably higher than those obtained from the first draft genome sequences. Early

projections suggested that the human genome might contain approximately 100,000 genes,

whereas the two initial genome publications reported approximately 31,000 and 26,588 protein-

coding genes, respectively (Figure 1.1) [1, 2]. Subsequent improvements in genome annotation

reduced this estimate further, with current databases recognizing approximately 20,000 protein-

coding genes, although the exact number varies among annotation resources [3]. Moreover,

protein-coding sequences account for less than 2% of the human genome [4]. These observations

demonstrated that the biological complexity of humans and other multicellular organisms cannot

be explained solely by genome size or protein-coding gene number [5]. Instead, organismal

complexity depends substantially on the precise regulation of gene expression across tissues,

cell types and developmental stages. This regulation is mediated by a large repertoire of cis-

regulatory elements, including promoters, enhancers, silencers and insulators. The ENCODE

consortium has catalogued 2.37 million candidate cis-regulatory elements in the human genome,

illustrating the extensive regulatory potential of non-coding genomic sequences [6]. These

elements contribute to the control of when, where and to what extent genes are expressed,

thereby enabling cells with the same genomic sequence to acquire distinct molecular identities

and specialized functions.

1
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Figure 1.1. A time lent with highlighted articles reporting projected number of genes before
the initiation of the Human Genome Project, and after its completion. Adapted from Pertea and
Salzberg [7].

1.1.2 Transcriptional regulation

Gene expression can be regulated at multiple stages, including transcription, RNA processing,

translation and post-translational protein modification. However, transcription initiation repre-

sents a major regulatory checkpoint and is the principal focus of this thesis [8]. Although most

cells within an organism contain essentially the same genomic sequence, they differ substantially

in their morphology and function because they express distinct sets of genes. The precise spatial

and temporal regulation of transcription is therefore essential for biological processes such as

embryonic development, cell proliferation, apoptosis and cell type differentiation. Disruption of

these regulatory programmes can contribute to disease [9].

Transcriptional cis-regulatory elements have historically been divided into four broad cat-

egories: promoters, enhancers, silencers and insulators. These elements do not operate in-

dependently, but function through interactions with sequence-specific DNA-binding proteins,

cofactors and the general transcriptional machinery. Transcription of protein-coding genes is

performed by RNA polymerase II, whose recruitment and activity are regulated by general

transcription factors, sequence-specific activators and repressors, and transcriptional coactivators
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and corepressors [8].

1.1.3 Promoters

Promoter regions can be broadly divided into core and proximal promoter elements. The core

promoter surrounds the transcription start site (TSS) and contains sequence features that support

the assembly of the pre-initiation complex and the recruitment of RNA polymerase II [10].

The TATA box was among the first core promoter motifs to be characterized and is recognized

by the TATA-binding protein, a subunit of the general transcription factor TFIID. However,

only a subset of human promoters contains a canonical TATA box, and many promoters use

other core promoter elements or lack a single clearly defined motif [8, 11]. Proximal promoter

regions extend upstream of the core promoter and contain binding sites for sequence-specific

transcription factors that modulate transcriptional output [8]. Approximately 60% of human

gene promoters overlap CpG islands (CGIs), regions with a higher-than-expected frequency of

CpG dinucleotides, although this proportion and its definition vary among annotation approaches

[1].

Cap analysis of gene expression (CAGE) enables the detection of transcription initiation by

sequencing the 5′ ends of capped RNA molecules at single-nucleotide resolution. At active gene

promoters, CAGE typically detects a relatively strong transcription initiation signal associated

with the production of a stable transcript, with transcription occurring predominantly in the

direction of the gene (Figure 1.2a) [12].

1.1.4 Enhancers

The first human enhancer was identified within the immunoglobulin heavy-chain locus [14].

Enhancers were initially defined by their ability to increase transcription from a target promoter

independently of their orientation and, to a large extent, their position relative to the regulated

gene [15, 16]. In contrast to core promoters, which direct transcription initiation at a TSS,

enhancers were therefore traditionally regarded as distal regulatory sequences that modulate

promoter activity. Their function depends on the binding of sequence-specific transcription

factors (TFs) and cofactors, in turn recruiting chromatin remodelling complexes and components
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Figure 1.2. Schematic representation of CAGE-seq, ATAC-seq, histone modification ChIP-seq,
TF binding, and genome annotation. a Active promoters are characterised by asymmetric CAGE
peaks, with the dominant peak corresponding to stable transcription of polyadenylated mRNA.
In contrast, active enhancers exhibit bidirectional, symmetrical CAGE peaks with a weaker
signal due to the transient nature of eRNAs, which are rapidly degraded. Adapted from Guerrini
et al. [13].

of the transcriptional machinery [8].

Regulatory elements can also be characterized by their chromatin state. Active promoters

are commonly enriched for trimethylation of histone H3 at lysine 4 (H3K4me3), whereas

enhancers are generally associated with monomethylation at the same residue (H3K4me1)

[17, 18]. Acetylation of histone H3 at lysine 27 (H3K27ac) is frequently used to distinguish

active enhancers from inactive or poised regulatory elements [19, 20]. However, these histone

modifications are not exclusive to a single class of regulatory element, and their genomic

distributions frequently overlap [21].

In addition to their characteristic chromatin profiles, many active enhancers are transcribed

by RNA polymerase II. This transcription generally produces short, low-abundance and unstable

transcripts referred to as enhancer RNAs (eRNAs). Enhancer transcription frequently initiates in

both directions from a central regulatory region, resulting in pairs of divergent transcripts. These
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RNAs are often rapidly degraded by the nuclear exosome and therefore usually are detected at

much lower levels than stable gene transcripts [22].

In contrast to promoters, active enhancers generally produce weaker CAGE signals on

opposite strands, forming a characteristic bidirectional pattern around the centre of the regulatory

element (Figure 1.2b). The FANTOM5 consortium used this property to identify transcribed

enhancers across a broad range of human cell types and tissues [12, 22]. The resulting atlas of

transcribed enhancers provides a measure of enhancer activity across primary cells, cell lines and

tissues (biosamples) and can be used to examine correlations between enhancer and promoter

transcription across biological samples. Although promoter transcription is generally stronger

and more directionally biased than enhancer transcription, the shared ability of both elements to

recruit RNA polymerase II and initiate transcription has contributed to an increasingly blurred

distinction between promoters and enhancers [23].

Silencers are regulatory elements that decrease transcription through the recruitment of

transcriptional repressors and chromatin-modifying complexes [8]. Compared with promoters

and enhancers, silencers remain less well characterized. However, a recent large-scale ENCODE

study substantially expanded their annotation and demonstrated that cis-regulatory elements

may function as either enhancers or silencers depending on the cellular context [6]. This context-

dependent regulatory activity suggests that the same regulatory element may contribute to either

activation or repression of gene expression, an observation that is considered throughout this the-

sis when analysing enhancer–promoter associations. Throughout this thesis, we indiscriminately

use enhancers to refer to regulatory elements of both enhancing and silencing effect.

Despite their shared molecular properties, enhancers are often separated from their target

promoters by considerable genomic distances. Their regulatory effects therefore cannot be

inferred solely from linear genomic proximity. Enhancers may regulate promoters located

hundreds of kilobases or even megabases away. Consequently, linear genomic distance alone is

insufficient to infer regulatory relationships between enhancers and their target genes.
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1.2 Long-range transcriptional regulation

1.2.1 Distal enhancer-promoter interactions

Before an enhancer can influence transcription, it must first become accessible to TFs. In

inactive chromatin, DNA is wrapped around nucleosomes, limiting access to transcription factor

binding sites. Pioneer TFs are capable of recognizing their binding motifs within compact

chromatin and recruiting chromatin-remodelling complexes that reposition or evict nucleosomes,

thereby increasing DNA accessibility [24]. Accessible chromatin can subsequently be detected

experimentally using DNase I hypersensitivity assays or ATAC-seq, both of which have become

widely used for identifying active regulatory regions [25, 26].

One of the earliest and best-characterized examples of long-range transcriptional regulation

is an enhancer located within an intron of the LMBR1 gene that regulates the expression of SHH

over a distance of more than 1 megabase [27]. Studies of this regulatory element demonstrated

that point mutations within the enhancer can result in congenital limb malformations despite

leaving the coding sequence of SHH unaffected [27]. This finding demonstrated that regulatory

elements may act over very large genomic distances and that assigning the nearest gene to a

regulatory variant may be misleading.

1.2.2 Topologically associated domains

It is widely accepted that long-range chromatin contacts are established through chromatin

looping mediated by the interplay of the cohesin complex and the CCCTC-binding factor

(CTCF) (Figure 1.3 a) [28]. Cohesin is a ring-shaped protein complex that encircles DNA and

extrudes chromatin loops by progressively pulling DNA through the complex. CTCF is a highly

conserved DNA-binding protein that acts as a barrier to loop extrusion by binding specific DNA

motifs. Stable chromatin loops are preferentially formed when cohesin encounters convergently

oriented CTCF-binding sites, in turn halting further loop extrusion and stabilizing the interaction

[28, 29].

Chromatin conformation capture methods have demonstrated that the genome is organized
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hierarchically, with topologically associating domains (TADs) representing one of the funda-

mental levels of chromatin organization (Figure 1.3 b) [30–32]. TADs are genomic regions

that can span several megabases and are characterized by a high frequency of interactions

between loci within the same domain compared with loci located in neighbouring domains

[32, 33]. TAD boundaries provide spatial insulation that plays an important role in restricting

enhancer-promoter interactions (Figure 1.3 c). By increasing the probability of contacts between

regulatory elements and promoters located within the same domain while limiting interactions

across domain boundaries, TADs facilitate robust and specific gene regulation [33, 34].

A higher level of chromatin organization is represented by A and B compartments (Figure 1.3

b). These large-scale nuclear compartments broadly correspond to transcriptionally active (A)

and transcriptionally inactive (B) chromatin. Unlike TADs, compartment formation appears to

CTCF CTCF

1 2

C
TC
F

C
TC
F

NIPBL

WAPL

1 2

CTCF
1 2

CTCF

Cohesin

a b

c

Figure 1.3. a Schematic illustration of the loop extrusion model. Following loading onto
chromatin by NIPBL, cohesin extrudes chromatin through its ring-shaped structure until it
encounters convergently oriented CTCF binding sites, where loop extrusion is halted. Cohesin
is subsequently released by the WAPL complex. b Hierarchical organization of the genome
within the nucleus. The upper panel depicts transcriptionally active A (red) and inactive B (blue)
chromatin compartments together with nuclear landmarks, including lamina-associated domains
(LADs), nucleolus-associated domains (NADs), and nuclear speckles. The lower panel illustrates
topologically associating domains (TADs) and enhancer–promoter interactions. c Schematic Hi-
C contact map showing two neighbouring TADs separated by an insulating boundary. Chromatin
interactions occur more frequently within TADs than across TAD boundaries, facilitating
enhancer–promoter contacts within the same domain. Panel a adapted from Schoenfelder and
Fraser [33]; panels b and c adapted from Robson, Ringel, and Mundlos [35].
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be largely independent of cohesin-mediated loop extrusion, and the mechanisms responsible for

their establishment and maintenance remain incompletely understood [33, 35].

1.3 Evolutionarily conserved regulatory landscapes

1.3.1 Conserved non-coding elements

Specific regions of the genome display exceptionally high levels of non-coding sequence

conservation across large evolutionary distances and are referred to as conserved non-coding

elements (CNEs). Their high degree of conservation indicates strong evolutionary constraint

and suggests that these sequences perform important genomic functions. Functional assays

have shown that CNEs are enriched for cis-regulatory activity and that many act as long-

range enhancers of developmental genes [36, 37]. Consistent with their regulatory importance,

mutations affecting CNEs have been associated with developmental abnormalities, congenital

disease, and complex neurological or behavioural phenotypes [37].

CNEs were initially identified through comparative genomic analyses, often using pairwise

sequence comparisons between evolutionarily distant species. Their computational definition is

commonly based on two criteria: a minimum percentage of sequence identity and a minimum

sequence length over which this identity is maintained [38, 39]. Consequently, the number

and genomic distribution of identified CNEs depend on the species being compared and on the

selected sequence identity and length thresholds [40]. Alternative approaches have therefore

been developed to identify non-coding conservation without relying on a single predefined

threshold, including methods based on the statistical properties of whole-genome alignments,

particularly pertinent to comparisons of recently diverged genomes [41]. Resources such as

ANCORA further enable the visualization and comparison of CNEs identified across multiple

pairwise genome comparisons [42].
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1.3.2 Genomic regulatory blocks

A striking property of CNEs is that they are not distributed uniformly throughout the genome but

frequently form dense clusters around genes with important roles in development [43]. These

elements are maintained in conserved syntenic arrays with their target genes, suggesting that

evolutionary selection acts not only on individual sequences but also on the organization of

entire regulatory landscapes. Large genomic regions with arrays of CNEs, remaining linked in

cis with their target genes are referred to as genomic regulatory blocks (GRBs) [42, 43]. GRBs

may span several megabases and frequently extend across gene-poor regions or gene deserts.

They contain complex long-range regulatory landscapes, with distal enhancers regulating target

genes while bearing no effect on more proximal genes (Figure 1.4 a). These neighbouring genes,

termed bystander genes, are generally unresponsive to the regulatory elements that control the

GRB target gene.

The computational boundaries of GRBs are not always unambiguous because their identi-

fication depends on the definition and genomic distribution of CNEs. Consequently, different

conservation thresholds and segmentation methods may produce somewhat different GRB

boundaries. Several computational approaches have therefore been developed, including Hidden

Markov Models that identify CNE-enriched genomic regions [44] and threshold-independent

approaches based on the statistical properties of sequence conservation [41].

1.3.3 GRB target genes

GRBs typically contain one or a few target genes, many of which encode developmental genes,

TFs or other regulators of multicellular development and differentiation [45]. These genes often

exhibit complex spatial and temporal expression patterns and consequently require extensive

regulatory input to ensure precise expression. Other genes located within the same GRB are

referred to as bystander genes and are, by and large, unresponsive to the distal regulatory

elements controlling the target gene [40, 45].

There are multiple examples where the disruption of long-range regulatory interactions

within GRBs have been associated with a range of human phenotypes. Examples include altered
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Figure 1.4. a Schematic representation of the GRB model. CNEs (green ovals) regulate the
target gene while bypassing neighbouring bystander genes. b and c Gene expression profiles
across human tissues and cell types for BCL11A, an example of a GRB target gene, and FANCL,
an example of a bystander gene, illustrating the broader expression pattern of target genes
compared with bystander genes. d Schematic comparison of CGIs associated with target and
bystander genes, showing that CGIs overlapping target genes are generally more numerous and
longer than those associated with bystander genes. Panel a was created using Google Slides;
panels b and c were obtained from the GTEx Portal; panel d was adapted from Akalin et al. [45].

regulation of SHH in preaxial polydactyly [27], disruption of the PAX6 regulatory landscape

in aniridia [46], and long-range regulation of IRX3 at loci associated with obesity and type 2

diabetes [47]. These examples illustrate how regulatory variants may influence developmental

target genes while bypassing genes located closer to the affected regulatory element.

Target and bystander genes can also be distinguished by several genomic and transcriptional

characteristics. GRB target genes are frequently involved in development, differentiation, cell

adhesion, cell-cell signalling and axon guidance and often show intermediate gene-expression

entropy (Figure 1.4 b), reflecting expression patterns that are neither ubiquitous nor restricted

to a single cell type [40, 45]. In contrast, housekeeping and other ubiquitously expressed

genes commonly occur as bystanders, and tend to show more uniform expression across tissues
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(Figure 1.4 c). Target genes are also associated with distinctive promoter architecture, including

longer or multiple CGIs that may extend from the promoter into the gene body, compared with

neighbouring bystander genes (Figure 1.4 d) [45].

1.3.4 Relationship between GRBs and TADs

Harmston et al. demonstrated that GRBs are closely associated with the three-dimensional

organization of the genome, with GRB boundaries frequently coinciding with TAD boundaries

in both vertebrate and Drosophila genomes [44]. TADs overlapping GRBs are generally larger,

contain fewer genes and exhibit stronger boundary insulation than other TADs, reflecting the

extensive regulatory landscapes surrounding developmental genes.

These findings suggest that GRBs and TADs represent complementary views of the same

regulatory architecture. Whereas GRBs describe the evolutionary conservation of long-range

regulatory landscapes, TADs describe their three-dimensional organization within the nucleus.

Together, they provide a structural and evolutionary framework for understanding long-range

gene regulation [44].

1.4 Genetic variation and genome-wide association studies

1.4.1 Complex traits and disease

According to their genetic architecture, human diseases with a genetic component can be

broadly classified into monogenic and complex disorders. Monogenic disorders are caused

by pathogenic variants in a single gene leading to disruption of that gene’s function, typically

exhibiting large genetic effects and often resulting in rare, highly penetrant and early-onset

diseases [48, 49]. In contrast, complex disorders are influenced by numerous genetic variants,

each contributing a relatively small effect to the overall phenotype, together with environmental

factors. Consequently, these are generally associated with common, later-onset diseases and

traits with multifactorial aetiologies [50]. The small individual effect of each contributing

variant, combined with environmental influences and interactions between genetic loci, makes
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the genetic basis of complex traits substantially more difficult to dissect than that of monogenic

disorders [49].

1.4.2 Genome-wide association studies

Advances in high-throughput genotyping technologies and the establishment of large population

biobanks have enabled genome-wide interrogation of common genetic variation. Genome-

wide association studies (GWAS) identify statistical associations between genetic variants,

most commonly single nucleotide polymorphisms (SNPs), and phenotypic traits or diseases by

comparing allele frequencies between individuals with different phenotypes (Figure 1.5 a) [51,

52]. During the past decade, the increasing availability of large, deeply phenotyped cohorts has

substantially increased the statistical power of GWAS and led to a rapid growth in the number of

reported associations [53]. National biobanks, particularly resources such as the UK Biobank

and FinnGen, have been among the major drivers of population-scale genetic studies [54, 55].

The GWAS Catalog has become the principal public repository of published GWAS results

(https://www.ebi.ac.uk/gwas/) and, as of the beginning of 2026, contains more than 7,000

studies and over one million reported associations [52].

It is not always straightforward to identify the causal variant underlying a GWAS association.

GWAS typically report the lead (or tagging) SNP, defined as the variant showing the strongest

statistical association with the studied phenotype. However, neighbouring variants are often

highly correlated due to linkage disequilibrium (LD), the non-random association of alleles

at different loci that are inherited together more frequently than expected by chance [57].

Consequently, a lead SNP usually represents a genomic locus rather than a single causal variant

(Figure 1.5 b). A GWAS locus may therefore contain multiple correlated variants and several

nearby genes, making it difficult to determine both the causal variant and its target gene.

1.4.3 Non-coding variants affect gene expression

Interpretation of coding variants is often relatively straightforward, as variants located within

protein-coding exons may directly alter the amino acid sequence of the encoded protein, po-

tentially modifying its function or resulting in complete loss of function. In contrast, more

https://www.ebi.ac.uk/gwas/
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Figure 1.5. a Individuals affected by a disease or trait of interest are genotyped and compared
with unaffected controls to identify SNPs associated with the phenotype. b Schematic represen-
tation of a GWAS association plot. The SNP showing the strongest association with the trait is
highlighted in red, while neighbouring SNPs within the association peak are in LD with the lead
variant. c Schematic representation of a GWAS locus within a GRB, illustrating how the nearest
gene is often assigned as the candidate gene based on genomic proximity, whereas the GRB
model predicts the distal target gene as the functional target of the associated regulatory variant.
Panels a and b were adapted from Wangler, Hu, and Shulman [56]; panel c was created using
Google Slides.

than 90% of variants identified by GWAS are located outside protein-coding regions, making it

considerably more difficult to determine their functional consequences [51, 58]. Non-coding

variants are enriched within regulatory regions [59], and a substantial proportion are thought to

influence phenotype by altering gene expression rather than protein sequence. These variants

may alter TF binding sites, chromatin accessibility or enhancer activity, ultimately leading to

changes in gene expression.

As discussed previously in the Section 1.2, the three-dimensional organization of chromatin

brings regulatory elements into close physical proximity with their target promoters despite
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large genomic distances separating them in the linear genome. Consequently, disease-associated

variants located within regulatory elements may influence genes situated hundreds of kilobases

or even several megabases away. Nevertheless, disease-associated variants are still frequently

assigned to the nearest gene during biological interpretation (Figure 1.5 c)[60]. This assumption

is particularly problematic within GRBs, where long-range enhancer-promoter interactions are a

defining feature.

Consequently, assigning non-coding variants to their target genes has become one of the

central challenges in the interpretation of GWAS loci. Accurate variant-gene associations are

essential for understanding the molecular mechanisms underlying disease, identifying affected

biological pathways and prioritizing candidate therapeutic targets. As a result, considerable

effort has been devoted to developing computational and experimental approaches for associating

regulatory variants with their target genes [61], surveyed hereafter.

1.5 Methods for variant-gene association

To improve the interpretation of non-coding variants identified by GWAS, numerous compu-

tational methods have been developed to associate regulatory variants with their target genes.

These approaches integrate complementary sources of evidence, including chromatin interaction

data, chromatin accessibility, histone modifications, molecular QTLs and additional genomic

annotations, to infer regulatory interactions and prioritize candidate target genes. Existing

methods differ primarily in the type of biological evidence they integrate.

1.5.1 Chromatin interaction and enhancer-based methods

A prominent enhancer-based framework is the Activity-by-Contact (ABC) model, which predicts

enhancer–gene interactions based on the simple notion that the regulatory effect of an enhancer

depends both on its biochemical activity and on how frequently it comes into physical contact

with the promoter of its target gene. The ABC score estimates the regulatory contribution of

an enhancer as the product of its biochemical activity, quantified using chromatin accessibility

(DNase-seq or ATAC-seq) together with H3K27ac chromatin immunoprecipitation followed by



Ocje
na

 ra
da

 

u t
ije

ku
!

Chapter 1. Introduction 15

sequencing (ChIP-seq) data, and its contact frequency with a gene promoter measured by Hi-C.

The model was trained and experimentally validated using CRISPRi-FlowFISH perturbation

experiments, which enable parallel perturbation of hundreds of candidate regulatory elements

and quantification of their effects on target-gene expression [62]. The ABC framework has

subsequently been widely applied to diverse human cell types and disease-associated loci for

prioritizing high-confidence enhancer–gene and variant-gene associations [63].

GeneHancer is an integrated database of human enhancers and their predicted target genes.

To link enhancers to genes, GeneHnacer integrates multiple independent sources of regulatory

evidence, including enhancer RNA co-expression, expression quantitative trait loci (eQTLs)

and promoter-capture Hi-C data, to assign confidence scores to enhancer–gene associations and

identify high-confidence (“elite”) regulatory interactions [64]. GeneHancer is integrated into the

GeneCards and UCSC Genome Browser resources, facilitating the interpretation of regulatory

variants and GWAS loci [64]. In contrast to the quantitative modelling performed by ABC,

GeneHancer integrates multiple complementary evidence sources into a unified resource for

annotating enhancer–gene associations.

1.5.2 Integrated prediction frameworks

Another widely used framework is the Open Targets Genetics locus-to-gene (L2G) model,

which employs a gradient-boosted machine-learning approach to prioritize candidate causal

genes at GWAS loci. Rather than explicitly modelling enhancer-promoter interactions, L2G

integrates multiple complementary sources of evidence, including fine-mapped GWAS credible

sets, molecular QTL colocalization, chromatin interaction data, genomic distance and variant

pathogenicity, to generate a probability score for each candidate gene within a locus [65]. The

resulting predictions are integrated into the Open Targets Platform, enabling users to prioritize

candidate disease genes and evaluate their potential as therapeutic targets.

More recently, Gazal et al. developed the combined SNP-to-gene (cS2G) framework, by

systematically evaluating numerous strategies for associating variants with genes and combining

the highest-performing approaches into a single predictive model. By integrating information

from coding regions, promoters, fine-mapped cis-eQTLs, enhancer–gene linking methods
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including ABC and EpiMap, and chromatin accessibility-derived annotations, cS2G substantially

improved the recall of disease genes while maintaining high precision, outperforming several

previously available approaches [66].

Recent advances in artificial intelligence have also led to the development of genomic

foundation models, large deep-learning models trained on DNA sequence together with large-

scale functional genomic datasets. Models such as Enformer and the Nucleotide Transformer

have demonstrated impressive performance across a wide range of sequence-based prediction

tasks and can be adapted to numerous downstream applications [67–69]. Nevertheless, these

approaches currently infer regulatory function primarily from sequence and associated genomic

features and do not explicitly incorporate the dynamic three-dimensional chromatin organization

or evolutionary conservation of regulatory landscapes.

1.5.3 Limitations of current approaches

Despite their considerable success, most existing methods rely predominantly on experimentally

derived functional genomic datasets generated in specific tissues, cell types or developmen-

tal stages. Consequently, their predictions depend on the availability and quality of these

datasets and may not fully capture regulatory interactions outside the assayed biological con-

text. Consequently, long-range regulatory architecture and the evolutionary conservation of

enhancer–promoter relationships are often under-represented.

1.6 GRB-based approaches for variant-gene association

The utility of GRBs for interpreting disease-associated variants has been demonstrated in several

smaller studies spanning developmental disorders, metabolic disease and neuropsychiatric traits.

Two representative examples illustrate how incorporating long-range regulatory architecture can

reveal causal target genes that would not be identified using genomic proximity alone.
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1.6.1 Type 2 diabetes and obesity associated variant involved in long-range

regulation

In 2010, Ragvin et al. have applied the GRB model to identify the affected gene of non-coding

variants highly associated with type 2 diabetes and obesity [47]. They re-examined SNPs

falling into the intronic region of the FTO gene, initially assumed to represent the causal gene

because the associated variants were located within its introns. However, this regions falls into

a GRB and, furthermore, the LD block of these variants span several deeply conserved CNEs

(Figure 1.6). The target gene for this GRB is IRX3, and using a transgenic assay, the authors

demonstrated that a regulatory region of the CNEs drives the expression of the reporter gene in

a similar temporal-spatial manner as the expression of IRX3, while the FTO expression was not

detected [47].

Two later studies showed further evidence and mechanistically explained the involvement

of the long-range enhancer in regulating IRX3 rather than FTO. Smemo et al. [71] performed

a chromatin conformation capture experiment in developing mouse embryos and shows that

indeed the disease-associated locus forms frequent contacts with the promoter region of IRX3

(Figure 1.6) [71]. Claussnitzer et al. [72] next demonstrated, using CRISPR-Cas9 editing that

the obesity-associated SNP rs1412085 disrupts a conserved motif of the ARID5B repressor

which leads to a high expression of IRX3 during early adipocyte differentiation (Figure 1.6).

Consequentially, this leads to a developmental shift from energy-dissipating adipocytes to

energy-storing white adipocyte, as well as an increase in lipid storage (Figure 1.6) [72].

This example illustrates the importance of considering GRBs in interpreting GWAS SNPs

since the role of long-range regulation is often overlooked. Interestingly, the original GRB-based

interpretation proposed by Ragvin et al. [47] preceded the mechanistic studies by several years

but was not cited in these subsequent investigations.

1.6.2 Extending GRBs with enhancer-promoter associations

Although the GRB framework successfully identified candidate target genes through evolutionary

conservation, it did not directly prioritize individual enhancer–gene interactions. Barešić et al.
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Figure 1.6. a Genomic view of the IRX3 GRB with four tracks showing CNE densities based
on pairwise comparisons between the human genome and progressively more evolutionarily
distant vertebrates: mouse, chicken, frog, and zebrafish. Genes within the region are shown
below, with the obesity-associated locus overlapping FTO highlighted in blue and the target
gene IRX3 highlighted in red. b Chromatin contact map spanning the FTO, IRX3, and IRX5
locus. The highlighted obesity-associated region forms long-range chromatin contacts with
the promoter of IRX3. c The rs1421085 risk variant disrupts the binding motif of the ARID5B
repressor, resulting in increased expression of IRX3 and IRX5. This inhibits adipocyte browning
and mitochondrial thermogenesis while promoting lipid storage in white adipocytes. d Proposed
effect of the rs1421085 risk allele on adipocyte precursor differentiation, favouring white
adipocyte development at the expense of thermogenic beige and brown adipocytes. Panel a
was adapted from Barešić et al. [70]; panel b from Smemo et al. [71]; panels c and d from
Claussnitzer et al. [72].
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[70] extended this concept by integrating GRBs with enhancer-promoter association scores

derived from FANTOM5 transcriptional activity profiles. They applied this framework to re-

evaluate schizophrenia-associated GWAS loci and identify candidate genes regulated through

long-range transcriptional interactions [70].

Using this combined approach, Barešić et al. [70] identified a novel pathway enriched for

neuronal transcription factors that was not apparent in the original GWAS interpretation. One

illustrative example involved a schizophrenia-associated SNP located within an intron of the

VRK2 gene, originally assigned as the likely target based on genomic proximity. In contrast, the

GRB-based framework associated the locus with the developmental transcription factor BCL11A

and identified a long-range enhancer predicted to regulate BCL11A despite being located more

than 1 megabase away [70].

Together, these studies demonstrated that combining evolutionary conservation with func-

tional evidence of enhancer activity substantially improves the biological interpretation of

non-coding GWAS loci. Building on this concept, the targPred framework was developed

to extended the approach from individual diseases to the complete GWAS Catalog, enabling

systematic prioritization of candidate target genes across a broad range of human phenotypes

[73].

To showcase utility of such tool, two pertinent biomedical examples were chosen. Head

and neck squamous cell carcinoma (HNSCC) example demonstrates how multiomics datasets

benefit from the inclusion of long-range regulatory effects on gene transcriptional activity and

epigenetics, while Parkinson’s disease (PD) single-cell trancriptome dataset is used to identify

pathways affected by dysregulation of GRB target genes and a set of newly detected genomic

variants is used to exemplify SNP–gene assignment problem on a single disease.
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1.7 Disease of special interest: head and neck squamous cell

carcinoma

1.7.1 Disease overview

Head and neck cancer ranks as the sixth most common malignancy globally, with HNSCC rep-

resenting over 90% of all cases. Unfortunately, HNSCC is frequently diagnosed at an advanced

stage, when treatment is more difficult, contributing to a suboptimal 5-year survival rate of

approximately 66% [74]. Although this cancer originates from a single cell type, the squamous

epithelial cell, HNSCC exhibits remarkable heterogeneity [75]. Tumour heterogeneity is influ-

enced by the primary site of origin, with the oral cavity, oropharynx, larynx, and sinonasal tract

being the most common locations [76]. In addition to anatomical site, infection with high-risk

human papillomavirus (HPV) types, particularly in the oropharynx, substantially shapes HNSCC

biology and patient survival [77]. HPV-positive and HPV-negative HNSCC differ markedly in

their aetiology, genetic alterations, and epigenetic profiles [74, 78]. HPV-positive HNSCC tends

to affect younger individuals with little or no history of smoking or alcohol consumption [79].

HPV-negative tumours arise at various sites, HPV-positive HNSCC predominantly originates in

the oropharynx and has been associated with improved overall survival and better therapeutic

response in many Western countries [80]. The incidence of HPV-positive oropharyngeal squa-

mous cell carcinoma has risen substantially in Western populations, with HPV implicated in

nearly 70% of cases, in turn likely contributing to the observed improvement in 5-year survival

across all HNSCC cases [74, 81].

Although numerous studies have reported more favourable outcomes for patients with

HPV-positive HNSCC, there remains no consensus on specific biomarkers that could enhance

diagnostic, prognostic, or therapeutic strategies [82–84]. This lack of agreement may stem from

differences in study populations, inconsistent documentation of tumour site, and insufficient

stratification by HPV status. Accordingly, the Croatian cohort analysed in this thesis represents

a distinct population characterised by higher rates of smoking and alcohol consumption [85, 86].
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1.7.2 Epigenetic regulation

Epigenetic regulation refers to heritable and stable changes in gene expression that occur without

alterations in the underlying DNA sequence, mediated instead by chemical modifications to

DNA, histones, and chromatin architecture, as well as by non-coding RNAs [87]. The main

epigenetic mechanisms include DNA methylation (DNAm), histone modifications (such as acety-

lation, methylation and phosphorylation), chromatin remodelling, and regulation by microRNAs

(miRNAs) and long non-coding RNAs: these all act in combination to shape higher-order

chromatin structure and determine the accessibility of genes to the transcriptional machinery

[88–90]. These modifications are written, read and erased by dedicated enzyme systems — DNA

methyltransferases, histone acetyltransferases and deacetylases, histone methyltransferases and

demethylases, and chromatin-remodeling complexes — that dynamically integrate developmen-

tal cues and environmental signals to fine-tune gene expression patterns across cell types and

over time [89, 91, 92]. Because epigenetic marks can be mitotically and sometimes meiotically

inherited [93, 94], they provide an additional layer of information beyond the genome sequence,

and their disruption contributes to diverse pathological states, including cancer, cardiovascular

and metabolic diseases, by aberrantly silencing tumour-suppressor genes, activating oncogenes,

or reprogramming signalling and stress-response pathways [87, 88, 92].

1.7.3 DNA methylation in cancer

In mammalian cells, maintenance of DNAm is largely carried out by DNMT1, de novo methyla-

tion by DNMT3A and DNMT3B, and active DNA demethylation by TET family dioxygenases

that oxidize 5-methylcytosine to successive intermediates, while methyl-CpG–binding proteins

and extensive crosstalk with histone modifications and chromatin architecture integrate DNAm

into broader epigenetic networks [95]. CpG dinucleotides often cluster in promoter-associated

CpG islands whose methylation status is tightly linked to transcriptional activity and plays

central roles in genomic imprinting, X-chromosome inactivation, transposon silencing, and

tissue-specific gene expression [96].

In cancer, as well as HNSCC, DNAm patterns become profoundly disrupted, with two
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prominent patterns emerging in various cancers: genome-wide hypomethylation and hyperme-

thylation of promoter-associated CGIs. Hypomethylation of gene deserts, repeat sequences,

transposons or CpGs located in introns are connected to genome instability [97]. For example,

normal mammalian cells maintain high methylation levels in retrotransposon elements, and

hypomethylation may lead to activation and subsequent destabilization of the genome facilitating

carcinogenesis. On the other hand, hypermethylation of promoter-associated CGIs leads to

transcriptional silencing of tumour-suppressor genes and regulatory non-coding RNAs, in turn

promoting transcriptional transformation [98].

1.7.4 microRNA in cancer

miRNAs are short, single-stranded non-coding RNAs of about 22 nucleotides that regulate

gene expression post-transcriptionally by base-pairing to messenger RNAs and promoting their

degradation or translational repression [99, 100]. They are generated through a conserved bio-

genesis pathway where primary miRNA transcripts are processed by the Drosha microprocessor

complex into precursor miRNAs and then by Dicer into mature miRNAs. These are then loaded

into Argonaute-containing RNA-induced silencing complexes to fine-tune networks controlling

proliferation, differentiation and apoptosis [99, 101].

In cancer, a widespread downregulation of tumour-suppressor miRNAs and overexpression

of oncogenic miRNAs lead to altered global miRNA expression profiles. These changes that

contribute to many hallmarks of malignancy and can stratify tumours by tissue of origin,

molecular subtype and clinical outcome [99, 100]. In HNSCC, DNAm and miRNA-mediated

post-transcriptional control jointly shape the tumour gene expression landscape and contribute

to the emergence of distinct molecular subgroups and clinical phenotypes [98, 102, 103].

Promoter CGI methylation modulates transcription of oncogenes and tumour-suppressor genes,

and integrative multi-omics studies have shown that changes in methylation at specific loci

are tightly correlated with altered mRNA expression profiles along tumour progression and

metastasis [98]. In parallel, deregulated miRNAs fine-tune many of the same pathways at the

post-transcriptional level, with recurrent oncogenic and tumour-suppressor miRNAs controlling

networks involved in cell-cycle regulation, DNA repair, epithelial–mesenchymal transition and
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therapy resistance [104, 105]. DNAm can also directly silence miRNA genes, while subsets of

miRNAs target DNA methyltransferases, histone modifiers and chromatin regulators, creating

feedback circuits that couple methylation states to miRNA expression and downstream gene

regulation [106, 107].

Taken together, these findings underscore that a comprehensive investigation of HNSCC must

include epigenetic regulation — particularly DNAm and miRNA networks — when interpreting

gene-expression changes and their impact on tumour biology [98, 103].

1.8 Disease of special interest: Parkinson’s disease

1.8.1 Disease overview

Parkinson’s disease (PD) is the second most common neurodegenerative disorder, affecting

more than six million people worldwide and representing a major public health challenge [108].

It is a progressive disorder that predominantly affects individuals over 60 years of age and is

characterised by a combination of motor symptoms, including bradykinesia, rigidity, tremor, and

postural instability, together with a range of non-motor symptoms such as impaired olfaction,

dementia, insomnia, constipation, and depression [109].

Only 5-10% of PD cases are familial, while the majority are idiopathic, with disease onset

thought to result from a complex interplay between genetic and environmental factors [110].

Previous studies have implicated oxidative stress, mitochondrial dysfunction, and immune

activation in disease development and progression, however, the precise molecular mechanisms

underlying PD remain incompletely understood [111, 112].

Neuropathologically, PD is characterised by the accumulation of α-synuclein aggregates,

known as Lewy bodies, and the progressive degeneration of dopaminergic neurons in the

substantia nigra pars compacta. Increasing evidence suggests that α-synuclein pathology

triggers neuroinflammatory responses, leading to microglial activation and disruption of neuronal

homeostasis. Sustained neuroinflammation is thought to contribute to the progressive loss of

dopaminergic neurons and has emerged as a key mechanism in PD pathogenesis [113, 114].
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1.8.2 Immune dysregulation in Parkinson’s disease

In addition to resident microglia, increasing evidence suggests that peripheral immune cells

contribute to neuroinflammation in PD. Dendritic cells (DCs) function as professional antigen-

presenting cells, linking the innate and adaptive immune systems through antigen presentation to

CD4+ T-cells via major histocompatibility complex class II molecules [114]. Consequently, DCs

regulate T-cell activation and differentiation, thereby shaping downstream immune responses.

Studies have demonstrated that both DCs and CD4+ T-cells infiltrate the central nervous

system of patients with PD, where they influence microglial activation and the progression

of neurodegeneration [115, 116]. This interaction promotes a pro-inflammatory environment

characterised by increased cytokine production and sustained immune activation, which may

further exacerbate neuronal loss. The growing evidence for peripheral immune involvement

in PD highlights the importance of understanding the functional states and transcriptional

programmes of these immune cell populations.

1.8.3 High-throughput sequencing in Parkinson’s disease

Recent advances in genomics and transcriptomics have provided valuable insight into the

molecular mechanisms underlying complex diseases, including PD [117]. In particular, the

development of single-cell RNA sequencing (scRNA-seq) has enabled transcriptomic profiling

at cellular resolution, allowing the identification of distinct cell populations and characterisation

of their transcriptional states [118]. Compared to bulk RNA sequencing, scRNA-seq resolves

cellular heterogeneity and enables the detection of cell type-specific transcriptional changes that

may otherwise remain masked.

Single-cell studies have increasingly implicated peripheral immune dysregulation in PD.

T-cells from patients with PD have been shown to recognise α-synuclein-derived peptides,

suggesting antigen-specific immune activation [119]. Furthermore, single-cell transcriptomic

analyses have identified clonal expansion of cytotoxic CD4+ and CD8+ T-cells, alterations

in natural killer cell populations associated with disease severity, and distinct transcriptional

profiles of α-synuclein-reactive T-cells [120, 121]. Similar approaches have revealed expan-
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sion of effector T-cell populations in Alzheimer’s disease, suggesting that peripheral immune

dysregulation may represent a common feature of neurodegenerative disorders [122, 123].

While transcriptomic profiling provides insight into disease-associated cellular states, ge-

nomic analyses offer complementary information by identifying genetic variants associated

with disease susceptibility. Together, single-cell transcriptomics and exome sequencing enable

the investigation of both transcriptional alterations and their potential genetic determinants,

providing a comprehensive framework for studying the molecular mechanisms underlying PD.
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2 Aims and hypotheses

GRBs have an important role in human complex disease and utilising high-throughput molecular

data will aid in understanding the mechanisms of long-range transcriptional regulation.

H1. There is a set of phenotypic traits, for which disease mechanisms are influenced and/or

dominated by long-range regulation of transcription of the GRB target genes.

H2. The GRB model and long-range regulation can give new mechanistic insight into the role

of epigenetics in transcriptional regulation in HNSCC.

H3. Target gene expression regulated through long-range transcriptional regulation has an

important role in driving immunological response in immune cell types in PD.

The main aim of this work is to better understand the role of GRBs in complex human disease

by applying statistical methods on high-throughput data. This is achieved through identification

of phenotypic traits that have disease-associated loci enriched in GRBs, in turn pinpointing

traits for which the assignment of the correct causal gene is missed (H1). Furthermore, two

diseases will be showcased: HNSCC and PD. The HNSCC example will explore different

epigenetic mechanisms (methylation and microRNA regulation) of transcriptional activity (H2).

The PD example will exemplify the role of long-range transcription in immunological aspects of

a complex disease (H3).

26
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3 Methods

3.1 Methods for the targPred study

3.1.1 Empirical p-value for enhancer–gene links

enhancer–gene associations were quantified based on the CAGE data from the FANTOM5

project [22]. To account for both activating and repressive regulatory effects, we extended the

empirical p-value (empP) method previously described by Barešić et al. [70]. The original

FANTOM5 dataset comprised 1,046 biosamples, including cell lines, primary cells, and tissues,

with time-series samples excluded. Technical and donor replicates were merged by calculating

the median transcripts-per-million (TPM) value, resulting in a final dataset of 309 biosamples

(full list available on the Github repository). Replicate samples were identified by removing the

“donor” and “pool” identifiers from the sample names.

For each enhancer detected in the FANTOM5 dataset, all promoter genes located within

±6.4 megabase (corresponding to the maximum GRB size) were considered as candidate targets.

For each enhancer–gene pair, biosamples were divided into two groups according to enhancer

activity: active enhancers (“E+”, enhancer CAGE signal > 0) and inactive enhancers (“E0”,

enhancer CAGE signal = 0). The observed test statistic was defined as the signed difference

between the median promoter expression in the two groups,

Tobs = median(promoter in E+)−median(promoter in E0). (3.1)

Null distributions were generated by randomly permuting biosample group labels (“E+”/“E0”)

10,000 times, recomputing Tperm each iteration. The two-tailed p-value tested bidirectional

27
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effects - activation and repression (|Tperm| ≥ |Tobs|):

empP =
r+1

iter+1
, (3.2)

where r denotes the number of permutations producing a test statistic at least as extreme as the

observed value and iter = 10,000. The addition of a pseudocount ensures that empP are always

greater than zero and reduces bias caused by the discrete nature of permutation testing [124].

3.1.2 GWAS processing

GWAS summary statistics were downloaded from the GWAS Catalog file repository using the

data freeze available on 17.02.2026, including all studies present in the catalogue at that time

[51, 52]. All downstream analyses were performed in R version 4.3.3. Only studies conducted in

participants of European ancestry (as defined by the broad ancestral category) were included

in subsequent analyses. SNPs involved in SNP-SNP interactions, multi-SNP haplotypes, or

lacking an rsID were excluded. Studies reporting multiple traits were split so that each trait was

analysed independently. In addition, reported and mapped genes were combined into a single

set, hereafter referred to as GWAS genes.

Linkage disequilibrium (LD) blocks were calculated using the European population from

the 1000 Genomes Project Phase 3 (GRCh37) dataset [125]. Canonical autosomes and X

chromosome were selected, and the genotype data were converted to BIM/BED/FAM format.

LD blocks were computed for each GWAS SNP using PLINK v2.0 and was performed using a

500 kb window and an r2 threshold of 0.6. For each GWAS SNP, the corresponding locus was

defined by its associated LD block.

3.1.3 Identification of GWAS loci within genomic regulatory blocks

GRB coordinates and their corresponding target genes were obtained from Tan and Lenhard [40].

Briefly, human-dog pairwise comparison GRBs were used, defined from CNEs sharing at least

98% sequence identity across a 50-nucleotide window. GWAS loci were considered to reside

within a GRB if they overlapped the GRB by at least one nucleotide [70]. GRB target genes are
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distinguished from bystander genes by several characteristic features, including longer CGIs, a

greater number of alternative transcription start sites with wider spacing, and a characteristic

combination of transcription factor binding sites within their promoter regions. The list of GRB

target genes was obtained from Tan and Lenhard [40]. All remaining genes located within a

GRB were classified as bystander genes.

3.1.4 Identification of long-range regulatory traits

Identification of traits exhibiting long-range regulation was based on comparing locus-associated

enhancer–gene pairs located within GRBs with those outside GRBs. First, for each trait, locus-

associated enhancers were identified and classified according to whether they overlapped a GRB.

Second, significant enhancer–gene pairs were identified for each enhancer using an significance

threshold of empP < 0.001. Raw empP values were used without multiple-testing correction,

together with a more stringent significance threshold. This approach was necessary because

multiple-testing correction could not be applied consistently to enhancer–gene pairs located

outside GRBs on the basis of GRB regions.

For each trait, the median genomic distance of enhancer–gene pairs was calculated separately

for loci inside and outside GRBs. Differences between the two groups were assessed using

the Wilcoxon rank-sum test, and resulting p-values were adjusted for multiple testing using the

Benjamini-Hochberg (BH) procedure to control the false discovery rate. Finally, disease traits

were assigned to higher-level categories using the Experimental Factor Ontology (EFO) and

MONDO ontologies.

Within the EFO ontology, the terms overnutrition (MONDO:0003916) and diabetic eye

disease (EFO:0009486) are placed within the aetiologic and body system subtrees respectively,

rather than being classified according to developmental or physiological processes. For the

purposes of this analysis, these traits were therefore included in the metabolic phenotype

category. They are presented in italics throughout the Results (Chapter 4) to distinguish them

from true descendants of the metabolic disease (MONDO:0005066) ontology term.
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3.1.5 Locus enrichment in genomic regulatory blocks

Enrichment of trait-associated loci within GRBs was assessed using genome shuffling imple-

mented in bedtools v2.30. GRB regions were randomly shuffled 10,000 times while preventing

overlap between shuffled regions and both the original GRBs and one another. To evaluate

enrichment, only GWAS studies with at least 30 associated SNPs were included. For each

permutation, the number of loci overlapping the shuffled GRB regions was counted to generate

a null distribution. Empirical p-values were then calculated using equation (3.2) with r defined

as the number of permutations with the number of overlaps at least as extreme as that observed

for the original GRB regions.

3.1.6 Validated SNP–gene association datasets

Two reference datasets of validated SNP–gene associations were used for performance evaluation.

The first dataset was constructed from disease-associated coding variants deposited in the ClinVar

database [126]. Variant call format files were downloaded from the NCBI public repository using

the data freeze of 09.03.2026 [126] and processed to remove entries lacking a specified disease

annotation. Disease ontologies were then used to map ClinVar disease annotations to EFO which

is the ontology used for GWAS traits. While a limited number of direct mappings were available,

most disease terms were matched through synonym mapping using the MONDO ontology

[127]. Since the ClinVar and GWAS Catalog resources use different disease annotation systems,

the MONDO ontology was used as an intermediary framework to harmonize disease concepts

and enable consistent cross-mapping to EFO. The resulting dataset consisted of trait-gene

associations successfully mapped to corresponding GWAS traits.

The second validation dataset comprised experimentally supported SNP–gene associations

obtained from Alsheikh et al. [128]. Only SNP-trait pairs present in the GWAS dataset and

overlapping GRBs were retained for subsequent analyses.
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3.1.7 Comparison with existing SNP–gene prediction methods

To compare existing enhancer–gene prediction methods with targPred, each enhancer–gene pair

was assigned to one of three targPred categories:

• Category 0: the enhancer–gene pair was not significant in our dataset and did not include

a GRB target gene.

• Category 1: the enhancer–gene pair was significant in our dataset or included a GRB

target gene.

• Category 2: the enhancer–gene pair was significant in our dataset and included a GRB

target gene.

Genome-wide ABC enhancer–gene scores, calculated across 131 biosamples, were down-

loaded from the official repository (https://mitra.stanford.edu/engreitz/oak/public/

Nasser2021). The ABC dataset contains predicted distal enhancer–gene connections with

scores > 0.015 within a 2 megabase window [62, 63]. GeneHancer enhancer–gene scores

generated for the original publication were obtained directly from the authors upon request [64].

GeneHancer scores show a discontinuous distribution, with most of the scores ranging from 0

to 50, and a distinct second group of enhancer–gene scores with values > 250 (Figure 4.4c).

For comparison with targPred, only enhancer–gene pairs from the second group were filtered.

For both ABC and GeneHancer datasets, only enhancers overlapping GRBs were retained for

further analysis.

Genome-wide cS2G SNP-trait-gene scores were obtained from the published dataset (https:

//zenodo.org/records/7754032)[66]. For each SNP located within a GRB, the correspond-

ing GWAS locus was assigned, and locus-associated enhancer–gene pairs were classified into

targPred categories using the same procedure described above.

3.1.8 Visualization of the childhood obesity locus

The chromatin contact map for the childhood obesity locus was generated using Hi-C data from

fully differentiated human fibroblasts at a resolution of 10 kb [129]. Lift-over from hg38 human

https://mitra.stanford.edu/engreitz/oak/public/Nasser2021
https://mitra.stanford.edu/engreitz/oak/public/Nasser2021
https://zenodo.org/records/7754032
https://zenodo.org/records/7754032
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genome assebly to hg19 version of the region was performed using the rtracklayer v1.54. The

genomic region was visualized with the plotgardener v1.0, while two-sided gene expression

distribution plots were adapted from the targPred resource (http://targpred.irb.hr/.

3.1.9 Statistical testing

The significance of enhancer–gene associations was assessed using the empirical permutation-

based approach described above, and empP were adjusted for multiple testing at the GRB

level using the BH procedure. Two-sided Wilcoxon rank-sum tests were used for pairwise

comparisons between groups, and the resulting p-values were adjusted for multiple testing using

the BH procedure where applicable. Unless otherwise stated, statistical significance was defined

as an adjusted p < 0.05. For the identification of traits exhibiting long-range regulation, a

more stringent significance threshold of empP < 0.001 was applied when selecting significant

enhancer–gene pairs. Location shift when comparing cS2G scores between targPred classes was

calculated using Hodges-Lehmann estimate.

3.2 Methods for the head and neck squamous cell carcinoma

study

3.2.1 Croatian HNSCC sample processing

In this thesis we used a Croatian cohort of HNSCC patients treated at Clinical Hospital Dubrava

between 2015 and 2018. A total of 61 primary tumours from the oral cavity (O) and oropharynx

(OP) were collected, together with non-malignant tissue from individuals without HNSCC. The

whole genome microRNA profile (miRNome) and methylation array (methylome) datasets used

here were generated in previous studies on this cohort and are only briefly summarised below.

Detailed descriptions of sample collection, wet-lab processing and initial analyses are provided

elsewhere [85, 86].

For miRNome profiling, 22 tumour samples and three tonsil controls were sequenced, two

tumours were subsequently excluded (one recurrent tumour and one outlier) as reported in the

http://targpred.irb.hr/
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original study. From the corresponding methylome study, 12 of the miRNA-profiled tumours

plus one additional tumour with methylation data only, and eight healthy oral mucosa swabs

as controls were included in methylation profiling using Infinium MethylationEPIC BeadChip

array (Illumina). For the whole genome RNA-seq (transcriptome) analysis, 10 tumours (six O

and four OP) with existing miRNome and methylome data were selected, together with three

tonsil control tissues from the miRNome dataset; HPV status for all samples was determined by

polymerase chain reaction as described previously [85]. In the present work, we re-used these

three omics layers as the basis for integrative bioinformatic analysis.

3.2.2 Sequencing data analysis

Transcriptome profiling of the 13 selected samples was performed using TruSeq Stranded mRNA

libraries (Illumina) sequenced on a NextSeq 500 instrument with NextSeq High 150-cycle

reagents in paired-end mode on a high-output flow cell, debarcoding was carried out on the

Illumina BaseSpace platform as part of the original experimental workflow. FastQC v0.11.9

was used for quality control of sequencing data. Subsequently, the alignment was performed

using the GRCh37 human assembly (downloaded from GENCODE, released in 2013). Gene

counts were quantified using salmon v1.5.0 with default parameters; an average of 25.2±2.2

million fragments per sample (Supplementary Table S1).

Analyses were conducted in R v4.2.2 using Bioconductor packages. Gene-level transcript

counts were derived from salmon v1.5.0 quantifications, miRNA counts were reprocessed

for the subset of samples described by [85], and differentially methylated (DM) CpG sites

from [86] were re-analysed and extended to CGI-level summaries. Count normalisation and

group-wise differential expression for mRNA and miRNA data were performed with DESeq2

v1.36, after pre-filtering genes and miRNAs with fewer than 10 total counts across all samples.

Variance-stabilised counts were obtained using the DESeq2 regularised logarithm (rlog) trans-

formation and used as input for principal component analysis (PCA) and Euclidean sample

distance calculations. Differential expression was computed for tumour versus control sam-

ples, and differentially expressed genes (DEGs) and miRNAs (DEmiRs) were defined with the

significance threshold of BH-adjusted p-values < 0.05.
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Gene set enrichment analysis on DEGs was performed and visualised using gProfiler2

v0.2.1, with all annotated human genes as the background for the hypergeometric test. We

applied the tailor-made multiple-testing correction method Set Counts and Sizes (SCS) [130],

applied the significance threshold of p < 0.05, and assessed enrichment across Gene Ontology:

Biological Processes (GO:BP) [131], Kyoto Encyclopedia of Genes and Genomes (KEGG)

[132], Reactome [133], miRTarBase [134] and TRANSFAC [135], and the same parameters

were used for all subsequent gene set enrichment analyses. Tumour suppressor genes were

searched against the TSGene 2.0 database [136]. Identification of miRNA targets was carried

out by querying significant DEGs against DEmiRs with multiMiR v1.18.0 and the miRTar-

Base database, retaining only experimentally validated miRNA–gene interactions. Previously

published DNAm data [86] were imported with RnBeads v2.14.0, and differential methylation

(DM) between tumour and control groups was evaluated at CpG sites and CGIs. CpG sites

were grouped into CGIs using RnBeads.hg19 v1.28.0 annotation, and results are reported at

the CGI level unless otherwise stated. For each CGI, DM was defined as the quotient of mean

methylation between groups across all constituent CpG sites, with significance assessed at

BH-adjusted p < 0.05. Promoter regions were defined as 1,500 bases upstream and 500 bases

downstream of transcription start sites, and CGIs overlapping these promoter intervals were

designated as promoter CGI targets.

3.2.3 Clustering and validation

To integrate the three omics layers and identify epigenetic mechanisms in HNSCC, we con-

structed a unified analysis pipeline centred on differentially expressed genes and their associated

DEmiR and DM-CGIs. We centred the analysis on the set of DEGs (Supplementary Data 5)

and linked each gene to DEmiRs and DM promoter-associated CGI using Spearman correlation

between gene expression counts, miRNA expression counts and DNAm beta values across

samples. When multiple miRNAs were associated with a given DEG, we retained only the

miRNA showing the largest absolute Spearman correlation with gene expression. For genes with

more than one associated CGI, we selected the CGI with the lowest DM p-value. This yielded

a unified table containing DEGs and their corresponding DEmiRs and/or DM-CGIs. We then
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assessed the interplay between DEmiRs, DM-CGIs and DEGs in two complementary ways: (i)

a simple overlap analysis that recorded whether each DEG was associated with DEmiR activity

and/or CGI methylation changes and (ii) unsupervised k-means clustering. For clustering, we

used log-transformed, centred and scaled values of DEG and DEmiR fold changes together

with DNAm quotients, and ran k-means from the stats v4.2.2 package with 8–12 clusters

and nstart = 100, selecting the best solution with 11 clusters. Survival analysis for all tumour

patients was conducted with the survival v3.5 package, generating Kaplan–Meier curves

under default settings and testing differences between oral versus oropharyngeal tumours and

HPV-positive versus HPV-negative cases using the default G-rho test.

For external validation, we obtained the The Cancer Genome Atlas (TCGA) dataset of

HNSCC samples from the Genomics Data Commons portal (https://portal.gdc.cancer.

gov/), restricting the tumour site to tonsil, floor of mouth, tongue and oral cavity, hereafter

termed the TCGA-HNSCC dataset. TCGA transcriptome and miRNome data were imported as

raw gene and miRNA counts and processed with DESeq2, while methylome data were imported

as beta values and analysed using limma v3.46. Subsequent validation focused on the 1,834

genes that were significantly differentially expressed both in our cohort and in TCGA-HNSCC,

forming the basis for comparative expression and integrative clustering analyses (Figure 4.13).

Code used for this analysis, as well as TCGA data is deposited in Github repository (https:

//github.com/mlkr-rbi/HNSCC_Integrative_analysis).

3.2.4 Genome-wide CpG analysis

Analyses were performed on the human reference genome GRCh37, restricted to canonical

autosomes and the X chromosome, using Illumina 450k CpG probe annotation and GRB

coordinates with target/bystander information. Overlaps between probes and GRBs were

identified with GenomicRanges, and probes were classified into promoter, gene-body and

intergenic contexts using the UCSC (University of California, Santa Cruz) reference field

(promoter defined as 1500 base pairs upstream and 500 downstream of the transcription start

site; gene body as both exons and introns; remaining probes as intergenic). Genome-wide CpG

dinucleotides were counted with Biostrings, as well as counts in and out of GRBs. Densities

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://github.com/mlkr-rbi/HNSCC_Integrative_analysis
https://github.com/mlkr-rbi/HNSCC_Integrative_analysis
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were calculated per base pair for promoters, gene bodies and intergenic regions. The same

counting procedure was applied to significantly DM CpGs, defined as probes with p < 0.05 and

direction calculated using limma. For permutation-based significance testing, a set of 1,000

shuffled GRB ranges were used that were generated by preserving GRB lengths, disallowing

overlap among shuffled regions and allowed up to 10% of region length to overlap with observed

GRBs, using a fixed random seed to ensure reproducibility. For each permutation, we recomputed

overlaps and class-specific counts (total, significant, hypermethylated and hypomethylated).

Two-sided empP were then calculated using Equation (3.2), where r is the number of permutation

observations more extreme than the observed value and i is the total number of permutations.

Observed ratios (for example, the proportion of overlaps that are significantly hypermethylated)

were evaluated against the corresponding permutation ratios using the same formula. CpG count

and DM ratio differences between target and bystander genes were assessed using the Wilcoxon

rank-sum test. For DM ratio comparisons, effect size was quantified using Cliff’s δ , as the

Wilcoxon test alone does not indicate the magnitude of the observed differences. Pearson’s

correlation analysis was performed using 392 samples from the TCGA cohort with both DNAm

and expression data provided.

3.3 Methods for the Parkinson’s disease study

3.3.1 Participant selection and PBMC isolation

The study included 17 individuals with Parkinson’s disease (PD) and 10 neurologically healthy

control participants, aged 48–85 years. Patients with PD and healthy controls were recruited at

the University Hospital Centre Zagreb. PD diagnosis was established according to the United

Kingdom Brain Bank diagnostic criteria. Peripheral blood was collected into EDTA tubes

from all participants, and one PD participant was sampled twice, one week apart, to generate a

biological replicate.

The study was conducted in accordance with the Declaration of Helsinki and received

approval from the Ethics Committee of the University Hospital Centre Zagreb, the University

of Zagreb School of Medicine and the University Hospital for Infectious Diseases “Dr. Fran
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Mihaljević”. Each participant provided written informed consent before being included in the

study.

Peripheral blood mononuclear cells (PBMCs) were isolated within 2–3 h of blood collection

by Ficoll-Paque density gradient centrifugation following the manufacturer’s protocol. Isolated

PBMCs were used for magnetic enrichment of CD4+ T-cells and dendritic cells. Aliquots were

cryopreserved for flow cytometry validation, where sufficient remaining material was available.

CD4+ T-cells were enriched by positive magnetic selection using CD4 MicroBeads (Miltenyi

Biotec), whereas dendritic cells were enriched from the remaining PBMC fraction by negative

selection using the Human Pan-DC Enrichment Kit (Miltenyi Biotec). Cell numbers were

determined using a haemocytometer, adjusted to equal concentrations, and combined in equal

proportions before scRNA-seq library preparation.

3.3.2 Single-cell RNA sequencing

Gene expression libraries were prepared using the Chromium Next GEM Single Cell 5’ Reagent

Kit v2 (10x Genomics) following the manufacturer’s protocol. An initial target recovery of

10,000 cells per sample was performed, followed by a reduction to 5,000 cells in subsequent

batches, after ensuring this number also achieved the desired sequencing depth. Libraries were

quality-controlled using an Agilent Bioanalyzer 2100, pooled, and sequenced on an Illumina

NextSeq 550 platform using High Output 150-cycle chemistry, targeting approximately 20,000

reads per cell.

3.3.3 Alignment and quality control of sequencing data

Sequencing data were processed using the standard Cell Ranger v7.2 (10x Genomics) pipeline.

FASTQ files were first demultiplexed and concatenated for each sample. The count function

was then used to perform read alignment, gene expression quantification, and cell calling.

Alignment and feature counting were carried out against the prebuilt human reference genome

(GRCh38, 2020) downloaded from the 10x Genomics website. During cell calling, droplets

without cells were identified and removed from the raw count matrix. Quality control metrics

generated during this step are summarised in Supplementary Data 1.
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3.3.4 Single-cell data pre-processing

Most downstream analyses were performed in R v4.2 using the Seurat v5.0 package within

a Singularity container to ensure computational reproducibility. The container image is

publicly available on Docker Hub (https://hub.docker.com/r/prskalok/seurat).

Quality control consisted of several filtering steps: (i) removal of cells containing more than

5% mitochondrial genes, (ii) exclusion of cells expressing fewer than 200 genes or exceeding

an upper threshold defined as three median absolute deviations from the sample median, and

(iii) removal of cells containing more than 20,000 unique molecular identifiers (UMIs). Gene

expression data were normalised using LogNormalize, after which the 2,000 most variable

features were identified using the FindVariableFeatures function with the vst selection

method. The data were then scaled using ScaleData and PCA was performed using RunPCA for

downstream analyses. Cell embeddings were visualised using RunTSNE. Doublet identification

was performed using DoubletFinder v2.0.4. A parameter sweep was performed, and for most

samples, the parameters identified as optimal by the package’s algorithm were used. For other

samples, upon inspecting the results of the parameter sweep (data not shown), the neighbourhood

size parameter (pK) was selected according to the protocol recommended by the developers of

the package [137]. Sample integration was performed using reciprocal PCA, followed by shared

nearest neighbour (SNN) clustering.

3.3.5 Cell type annotation

Cell type annotation was performed using a reference-based approach with a PBMC reference

dataset [138]. This method uses anchors to harmonise reference and query datasets, followed by

projection of reference labels onto the query dataset. Cell type labels in the reference dataset

are organised into two annotation levels: major cell types (e.g. DCs, CD4+ T-cells, and CD8+

T-cells) and cell subtypes (e.g. pDCs, cDC1s, and cDC2s). Final cell populations were defined

by combining SNN clustering with reference-based annotation.

Trajectory inference and pseudotime analyses were performed using Monocle v2.3 on CD4+

T-cells and DCs [139]. Owing to the large number of annotated CD4+ T-cells, a random subset of

https://hub.docker.com/r/prskalok/seurat
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5,000 cells was selected for trajectory inference, whereas all DCs were included in the analysis.

The 500 most highly variable genes were used as the ordering filter. Cell ordering was performed

using the orderCells function.

3.3.6 Differential expression and pathway enrichment analysis

Differential expression analysis was performed using the FindMarkers function from the

Seurat package with the Wilcoxon rank-sum test. Raw p-values were adjusted for multiple

testing using the Bonferroni correction and are hereafter reported as adjusted p-values (padj).

Differentially expressed genes were defined using a significance threshold of padj < 0.05 and an

absolute log2FC greater than 0.5.

Pathway enrichment analysis was performed in R v4.2 using the gProfiler2 v0.2 package.

Annotated human genes were used as the background set for the hypergeometric test, and

multiple testing correction was performed using the Set Counts and Sizes method. Visualisations

were generated using the ggplot2 v3.4 and GOplot v1.0 packages. Databases used for querying:

GO:BP [131], KEGG [132], and Reactome [133].

3.3.7 Validation analyses

A pseudobulk approach was implemented by aggregating gene counts for each donor and

cell subtype, generating a gene-by-sample count matrix equivalent to a bulk RNA-seq dataset.

Differential expression analysis was then performed using the standard DESeq2 pipeline [140].

Log2FC values from the DESeq2 analysis were extracted for genes identified as significantly

differentially expressed using the single-cell FindMarkers analysis.

External validation was performed by comparing the top-expressed genes with bulk RNA-seq

data obtained from the BLUEPRINT project (https://projects.ensembl.org/blueprint/)

and a reference PBMC single-cell dataset [141]. Six CD4+ alpha-beta T-cell samples from

venous blood and three conventional dendritic cell samples from cord blood were selected from

the BLUEPRINT project, and the mean TPM values were calculated across samples. For the

reference PBMC dataset and the generated single-cell dataset, gene expression was calculated

as the mean normalised expression across annotated CD4+ T-cells and DCs. Validation was

https://projects.ensembl.org/blueprint/
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performed by comparing the top 500 expressed genes using Spearman’s correlation.

3.3.8 Exome sequence processing

The variant calling format files were generated using GATK variant caller and were obtained for

61 PD patients and 16 control (CTRL) participants. The EXON field and functional annotation

field provided from the variant calling format files were used to select only non-coding variants

and filter out coding and splicing variants. Next, the non-coding variants were overlapped

with GWAS identified loci associated with a set of manually curated PD-related traits: age of

onset of Parkinson disease, cognitive decline measurement, cognitive domain measurement,

cognitive function measurement, cognitive impairment, cognitive impairment measurement,

cognitive inhibition measurement, dementia, frontotemporal dementia, insomnia, insomnia

measurement, Lewy body dementia, neuroticism measurement, Parkinson disease, Parkinson’s

disease symptom measurement [142–144]. For each unique variant, we investigated over-

representation in PD patients versus CTRL using one-sided Fisher’s exact test based on variant

carrier counts. Additionally, for each PD-related trait, the proportion of loci located within

GRBs was compared with an expected proportion of 33.33% using a one-sided binomial test.

The baseline expectation roughly corresponds to the genomic coverage of GRBs. BH procedure

was used in both cases to correct for multiple testing.

Code that was used for these analyisi is available on Github repository (https://github.

com/PKatarina/PD_SingleCell)

https://github.com/PKatarina/PD_SingleCell
https://github.com/PKatarina/PD_SingleCell
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4 Results

4.1 Results of the targPred study

The central contribution of this work is development of a targPred web-based publicly available

resource, revealing transcriptomic evidence of long-range regulatory effects for all genomic loci

harbouring common human non-coding variants.

We applied targPred to predict candidate target genes for 280,711 variants associated with

11,921 phenotypic traits from the GWAS Catalog, comprising 757,253 autosomal and X-

chromosomal SNP–trait associations. These predictions were further supported using a statistical

framework for enhancer–gene associations. Hereafter, a GWAS locus is defined as the genomic

region encompassing variants that are in LD with the lead GWAS SNP. For loci residing within

GRBs, targPred assigns the GRB target gene as a plausible alternative to the GWAS-proposed

target gene in 38% of cases (Figure 4.1a, middle ring). In addition, the resource identifies novel

candidate target genes, distinct from both the reported and mapped GWAS genes, for 158,611

locus–trait pairs, corresponding to 56% of all locus–trait pairs located within GRBs (Figure 4.1a,

highlighted in yellow).

4.1.1 General properties of targPred

For a subset of GRB loci where the locus overlaps a known enhancer (67% of loci; Figure 4.1a,

inner ring), we additionally provide an experimentally supported measure of the association

between eRNA activity and gene expression across a broad collection of biosamples, including

cell lines, primary cells, and tissues. Genome-wide enhancer–gene empP were calculated

using CAGE data from the FANTOM5 project [22]. These empP values were derived from a

41
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Figure 4.1. a Middle ring: all GWAS loci. Inner ring: loci overlapping enhancers. Outer ring:
SNP–gene assignments predicted by targPred, where red indicates loci that targPred assigns the
same target gene as the GWAS Catalog, and yellow indicates loci where targPred predicts a
novel target gene. b Cumulative number of enhancers significantly associated with bystander
and target genes (BH-adjusted empP < 0.05), grouped by genomic distance. c Number of
bystander and target genes with significant enhancer associations within each genomic distance
bin. Adapted from Mandić et al. [73].

permutation test of enhancer and promoter CAGE signals across 309 biosamples, capturing both

activating (increased gene expression) and repressive (decreased gene expression) regulatory

effects (see Methods for details) and can be obtained by querying the targPred resource for

individual SNPs or genomic loci. Significant empP values (BH-adjusted empP < 0.05) indicate

enhancer–promoter activity consistent with a functional regulatory interaction.

On average, GRB target genes were associated with a greater number of locus-overlapping

enhancers than bystander genes across multiple genomic distance bins (Figure 4.1b). This

difference was statistically significant for the < 104, < 105, and < 106 distance bins (p < 0.05),

suggesting that GRB target genes are embedded within more complex regulatory landscapes

spanning larger genomic distances (Table 4.1).

Table 4.1. Median number of associated enhancers for GRB target and bystander genes across
genomic distance intervals, with corresponding Wilcoxon rank-sum p-values.

Genomic distance
Target
median

Bystander
median

p-value

1–103 1 1 0.898
103–104 1 1 0.0467
104–105 3 2 3.18×10−11

105–106 6 6 0.0103
≥ 106 10 9 0.135



Ocje
na

 ra
da

 

u t
ije

ku
!

Chapter 4. Results 43

4.1.2 Traits under long-range regulation

We next assessed long-range regulation across traits represented in the GWAS, focusing specif-

ically on loci harbouring enhancers. Trait-associated enhancer–gene pairs (empP < 0.001)

located within GRBs were compared with those outside GRBs, and differences in genomic

distance were evaluated using the Wilcoxon rank-sum test. In total, 1607 disease traits contained

at least one GRB locus harbouring an enhancer–gene pair. Among these, 779 traits exhibited

significantly greater enhancer–gene distances within GRBs than outside GRBs (BH-adjusted

p < 0.05). The 30 most significant disease traits, ranked by p-value and subsequently ordered

according to the median distance difference, were selected for illustration (Figure 4.2).

We identified six broad disease categories: cancer (EFO term “cancer”, MONDO:0004992),

immune disorders (EFO term “immune system disorder”, MONDO:0005046), asthma (EFO term

“asthma”, MONDO:0004979), metabolic diseases (EFO term “metabolic disease”, MONDO:

0005066), psychiatric disorders (EFO term “psychiatric disorder”, MONDO:0002025), and

an “other” category. Using this classification, Clostridium difficile infection and oral lichen

planus were assigned to the “other” category. Nevertheless, both traits are associated with

immune- and cancer-related processes, as Clostridium difficile infection is strongly linked to

inflammatory bowel disease [145], while oral lichen planus is a T-cell-mediated inflammatory

disease associated with both autoimmune disease and oral cancer [146].

Among the significant traits, we also observed a distinct group of psychiatric disorders

exhibiting long-range regulation (Figure 4.2b), including substance-related, cognitive, and

mental disorders. Furthermore, genome permutation testing demonstrated an enrichment of

GWAS loci within GRBs, indicating that loci associated with several psychiatric disorders occur

within GRBs more frequently than expected by chance (Figure 4.2c). This finding is consistent

with previous observations for schizophrenia and autism spectrum disorder [70]. Similar results

were obtained using independent GWAS datasets for these traits (Figure 4.2c). In addition, we

observed enrichment of GWAS loci from a major depressive disorder study and from a study

combining eight psychiatric disorders (Figure 4.2c).
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Figure 4.2. Traits under long-range regulation. a Top 30 disease traits exhibiting long-range
regulation within GRBs, selected based on the BH-adjusted p-value and ordered according to the
median enhancer–gene distance within versus outside GRBs. The classification of italicized traits
into the metabolic category is described in the Methods. b Overview of the psychiatric disorder
ontology highlighting (bold) traits exhibiting significant long-range regulation within GRBs
compared with outside GRBs. Abbreviations: OCD, obsessive-compulsive disorder; PTSD,
post-traumatic stress disorder; ADHD, attention deficit/hyperactivity disorder. c Probability
distributions of loci overlapping 10,000 permuted GRB regions for four representative psychiatric
disorders. Empirical p-values were calculated based on the observed number of loci overlapping
GRBs. All four traits showed significant enrichment within GRBs (p< 0.05, Table 4.3). Adapted
from Mandić et al. [73].
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4.1.3 Comparison between targPred and validated SNP–gene links

To evaluate the accuracy of targPred predictions, we used two ground-truth datasets of validated

SNP–gene associations. First, disease-associated coding variants deposited in the ClinVar

database were used, as coding variants generally provide precise and unambiguous gene as-

signments. Second, we used a collection of experimentally validated SNP–gene associations

compiled by Alsheikh et al. [128]. It should be noted that both datasets are relatively limited in

size and therefore do not fully capture the complexity of disease phenotypes.

To validate targPred predictions against the ClinVar dataset, we searched for genes that

harboured both a coding variant reported in ClinVar and a nearby non-coding variant predicted

by targPred or the GWAS Catalog. The two variants had to be associated with the same disease

trait, while the non-coding variant was required to reside within the same GRB as the coding

variant. This approach identified 432 variants (Figure 4.3a, Supplementary Data 2). targPred

provided target gene assignments for 201 of these variants, of which 102 were not reported in

the GWAS Catalog. As an example, two variants (rs55754224 and rs6829664) associated with

atrial fibrillation are located within an intron of CAMK2D, a gene assigned as the target gene in

the GWAS Catalog (Supplementary Figure S3)[147, 148]. In contrast, targPred predicts ANK2

as the target gene. ANK2 is associated with several cardiovascular phenotypes, including atrial

fibrillation, long QT syndrome, and cardiac arrhythmia, according to ClinVar. This prediction

therefore identifies ANK2 as a promising candidate target gene for these non-coding variants in

atrial fibrillation, as well as in two additional cardiovascular traits.

The second validation dataset consisted of manually curated publications providing experi-

mental evidence for regulatory variant-target gene associations [128]. For the subset of targPred

associations included in the dataset of Alsheikh et al., most experimentally validated SNP–gene

links were supported by the same gene assignment in both the GRB and GWAS based target

gene lists (Figure 4.3b, Supplementary Data 2), while a smaller number of associations were

unique to targPred. For example, variant rs1859962, associated with prostate carcinoma, is

assigned to the long non-coding RNA gene CASC17 in the GWAS Catalog [149, 150]. In

contrast, both targPred and the Alsheikh dataset assign this variant to SOX9, located more than 1
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Figure 4.3. Comparison of GRB and GWAS based target gene assignments with experimentally
validated SNP–gene associations from ClinVar [126] (a) and Alsheikh et al. [128] (b). A
prediction was considered a true overlap if at least one of the predicted target genes matched a
target gene in the corresponding validation dataset. Adapted from Mandić et al. [73].

megabase away.

4.1.4 Comparison between targPred and computational SNP–gene predic-

tion methods

Finally, we compared targPred enhancer–gene assignments with enhancer–gene predictions

from ABC and GeneHancer, as well as SNP–gene scores from the cS2G model [62, 64, 66].

All comparisons with other prediction methods were restricted to enhancers located within

GRB regions, and were classified into three categories. Category 0 comprised pairs that neither

represented a significant enhancer–gene association in targPred nor included a GRB target gene.

Category 1 included pairs satisfying either of these criteria, whereas category 2 comprised pairs

that satisfied both.

For comparison with the ABC dataset, enhancer–gene pairs with scores > 0.015 were

selected, following the threshold used previously (Figure 4.4b)[63]. For GeneHancer, pairs

with scores > 250 were selected owing to the discontinuous score distribution in the original

dataset (Figure 4.4a and c). Across all three prediction methods, enhancer–gene pairs belonging

to category 2 received significantly higher scores than pairs in the other categories (Table 4.2).

Likewise, ABC, GeneHancer, and cS2G all assigned the highest scores to category 2 compared

with categories 1 and 0, although this increase reached statistical significance only for ABC and

cS2G (Table 4.2). Despite this overall agreement, targPred identified numerous significant long-
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range regulation enhancer–gene pairs that were not detected by the other prediction methods

Supplementary Data 3. A representative example involving the BDNF target gene is presented

below.

a b

dc
GeneHancer score: 250-350

GeneHancer score

ABC score

cS2G score

Figure 4.4. Comparison of GRB annotation with three SNP–gene prediction methods: Gene-
Hancer (a, c), ABC (b), and cS2G (d) [62, 64, 66]. Panel c shows the distribution of GeneHancer
scores across the full score range, whereas panel a presents only high-confidence enhancer–gene
pairs with GeneHancer scores > 250. White points in panels c and d indicate the scores of
enhancers associated with the childhood obesity loci (rs7940756 and rs10835310). No ABC
enhancer overlapped either of these loci. Adapted from Mandić et al. [73].

4.1.5 Long-range regulation in childhood obesity

To illustrate locus-gene assignment by targPred, we present two childhood obesity-associated loci

supported by chromatin contact data. We previously showed that SNPs associated with obesity

and other metabolic syndrome-related traits frequently participate in long-range regulatory
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Table 4.2. Comparison of prediction scores among targPred categories for GeneHancer, ABC,
and cS2G.

Method Cat. comparison p-value
HL shift
estimate

Median n pairs

GeneHancer 0 vs. 1 3.72×10−31 – 250.65 1,036
0 vs. 2 7.03×10−26 – 259.20 911
1 vs. 2 0.211 – 257.26 835

ABC 0 vs. 1 < 2.2×10−308 – 0.021 124,212
0 vs. 2 < 2.2×10−308 – 0.026 106,900
1 vs. 2 2.22×10−70 – 0.029 41,128

cS2G 0 vs. 1 1.23×10−35 −2.78×10−5 1 9,978
0 vs. 2 3.68×10−44 −8.67×10−7 1 7,778
1 vs. 2 3.46×10−11 −6.76×10−6 1 2,407

Cat., targPred category; HL shift, Hodges–Lehmann estimate of the location shift between the first and second
categories in each comparison; n pairs, number of enhancer–gene pairs.

associations (Figure 4.2a) and we identified four such traits that are enriched within GRBs

(Figure 4.5 and table 4.3).

Figure 4.6a shows two childhood obesity-associated loci (rs7940756 and rs10835310)

overlapping a GRB (chr11:27,604,430-29,063,089). For both loci, the nearest genes, METTL15

and LINC02758, were reported as the target genes in the original GWAS study [151]. In

contrast, targPred identifies BDNF as a more plausible target gene, supported by multiple

lines of functional evidence. BDNF has previously been implicated in adult obesity, type 2

diabetes mellitus, and other metabolic syndrome-related traits, whereas METTL15 encodes a

methyltransferase protein and LINC02758 is a long non-coding RNA with no clearly established

function.

Figure 4.5. Probability distribution of loci overlapping N = 10,000 permutated GRB regions
was estimated for four traits associated with the metabolic syndrome. P-values were calculated
empirically (Table 4.3). Adapted from Mandić et al. [73].
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Table 4.3. Enrichment of GWAS loci within GRBs for selected disease traits.

Trait Study acc. Ontology ID n SNPs p-value

Schizophrenia GCST006803 MONDO:0005090 98 0.0006
Autism spectrum disorder GCST007556 EFO:0003756 31 0.0033
Major depressive disorder GCST012090 MONDO:0002009 73 1.00×10−4

Eight psychiatric disorders GCST009600 EFO:0004895 134 0
Type 2 diabetes mellitus GCST006867 MONDO:0005148 138 0.0020
Cardiovascular disease GCST007072 EFO:0000319 316 0.0008
Diastolic blood pressure GCST007704 EFO:0006336 118 1.00×10−4

Obesity GCST009382 EFO:0001073 35 0.0065

Study acc., GWAS Catalog study accession; n SNPs, number of SNPs.

The METTL15 locus spans the entire METTL15 and KIF18A genomic regions, together

with four enhancers (Enh1-4; Figure 4.6a). Based on available transcriptional activity profiles,

both BDNF and KIF18A respond to these enhancer elements, whereas METTL15 exhibits the

expression profile of a ubiquitously expressed gene that is largely unresponsive to enhancer

activity (Figure 4.6b). Furthermore, chromatin contact maps demonstrate that the region

containing these four enhancers interacts with the promoter of BDNF, effectively forming a

regulatory hub [129]. The LINC02758 locus contains a single enhancer (Enh5) without nearby

genes. targPred predicts that this locus regulates the distal BDNF gene across a genomic distance

of approximately 1 megabase. Consistent with this prediction, BDNF showed a significant

response to Enh5, while Hi-C data confirmed chromatin contacts between these two regions

(arrow, Figure 4.6a). This example further illustrates how targPred can identify novel SNP–gene

associations that are not detected by recently published prediction methods (Figure 4.4b-d).



Ocje
na

 ra
da

 

u t
ije

ku
!

Chapter 4. Results 50

Figure 4.6. Childhood obesity-associated loci linked to BDNF. a Hi-C interaction map of the
GRB containing the BDNF target gene, with annotated childhood obesity-associated loci. A
long-range chromatin interaction is indicated by the arrow. The two loci are highlighted in grey,
while overlapping SNPs are shown in pink in the LD track and labelled according to the GWAS
target gene assignment for each locus. b Two-sided distribution matrix of log-TPM expression
values for all enhancer–gene pairs within this GRB. Gene expression distributions in tissues
where the enhancer is inactive and active are shown in grey and pink, respectively, with median
values indicated by black lines. Significant enhancer–gene associations (Bonferroni adjusted
empP < 0.05 ) are marked with an asterisk (*). Adapted from Mandić et al. [73].
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4.2 Results of the head and neck squamous cell carcinoma

study

The first disease of interest due to its complex aetiological links to epigenetic regulation is the

HNSCC. It has a poor overall survival rate and mounting evidence suggests that epigenetic

changes, rather than genomic changes alone, are major drivers of HNSCC development and pro-

gression. Despite originating from squamous cell epithelium, HNSCC is highly heterogeneous,

reflecting differences in anatomical site, exposure to tobacco and alcohol, infection with HPV,

and broader lifestyle factors. In this thesis an integrative approach will be utilised, combining

transcriptome, miRNome and methylome data to characterise epigenetic programmes in HNSCC

and to relate them to long-range regulatory mechanisms.

This thesis presents a detailed integrative analysis of a Croatian HNSCC cohort and a comple-

mentary TCGA-HNSCC cohort. The Croatian dataset provides a well-defined, lifestyle-specific

patient group aimed for in depth investigation of multi-omics patterns, whereas TCGA-HNSCC

serves as a broader, heterogeneous reference set. In later sections, TCGA-HNSCC is also used

as an independent resource to explore GRBs, their target and bystander genes, and long-range

epigenetic regulation in HNSCC, thereby linking disease-associated epigenetic changes to the

GRB framework developed in the rest of the thesis.

4.2.1 Croatian HNSCC Cohort and Multi-Omics Profiling

We investigated a Croatian cohort of 61 primary HNSCC tumours of oral and oropharyngeal

origin collected at Clinical Hospital Dubrava between 2015 and 2018, representing patients with

high smoking and alcohol intake. For comparison, non-malignant tissues were obtained from

individuals without HNSCC: fresh tonsil specimens from patients undergoing tonsillectomy

and healthy oral mucosa swabs. These controls were hence independent control samples, rather

than patient-matched pairs. Multi-omics profiling was performed on overlapping subsets of this

cohort (Figure 4.7). For the miRNome, we analysed 22 HNSCC tumours together with three

non-malignant tonsil controls. Genome-wide DNAm array was assessed in 12 tumours from
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this set plus one additional tumour, alongside eight healthy oral mucosa swabs as methylation

controls. Transcriptome profiling was carried out for 10 HNSCC tumours (six oral and four

oropharyngeal) and three tonsil controls drawn from the miRNome dataset. The integrative

analyses in this thesis focus on this overlapping multi-omics subset, providing a coherent view

of miRNA, DNAm and gene expression changes in Croatian HNSCC relative to non-malignant

oral and tonsillar tissues.

4.2.2 Global Omics Patterns in Croatian HNSCC

Across the Croatian multi-omics subset, global variation in gene expression, miRNA profiles

and DNAm was dominated by differences between tumour and non-malignant samples. PCA

of the transcriptome revealed a clear separation of HNSCC tumours from tonsil controls along

the first two components (Figure 4.8), explaining more than half of the variance in the dataset.

Additional eight components reinforce this tumour–control distinction amounting to a total of

84.4% variance explained (Supplementary Figure S1). Comparable patterns were observed for

the miRNome and methylome, where sample-distance heatmaps showed clustering primarily

Figure 4.7. Croatian HNSCC cohort. Sequenced samples are shown in white fields; O, oral; OP,
oropharyngeal; P, HPV-positive; N, HPV-negative. Adapted from Mandić et al. [103].
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by tumour status rather than by anatomical site (Figure 4.8 b and c). Additionally, the patient

survival rates did not show statistically significant differences in HPV positive versus negative

nor tumour location (Supplementary Figure S2). In line with these global patterns, neither

HPV status nor oral versus oropharyngeal location introduced major structure into the leading

components of variation, indicating that, at the level of whole-transcriptome, miRNA and

methylation profiles, tumour development itself is the principal driver of molecular divergence

in this cohort. This consistent separation between tumour and control across all omics layers

provides a robust framework for subsequent differential expression, integrative epigenetic

analyses and the investigation of long-range regulatory mechanisms.

4.2.3 Differential Expression and Pathway Enrichment in Tumour vs

Control

Among 18,104 genes with sufficient read support, we identified 1,248 (6.9%) genes with

increased expression and 1,533 (8.5%) with decreased expression in tumours compared with

Figure 4.8. a PCA plot for transcriptome data. b sample distance heatmap for miRNome data. c
sample distance heatmap for methylome. N, HPV-negative; P, HPV-positive; O, oral tumours;
OP, oropharyngeal tumours. Adapted from Mandić et al. [103].



Ocje
na

 ra
da

 

u t
ije

ku
!

Chapter 4. Results 54

control transcriptomes (BH-adjusted p < 0.05). Gene set enrichment analysis of these DEGs

highlighted signalling pathways linked to tumour progression, including multiple cell-cycle

regulators and oncogenic pathways such as NF-κB (Figure 4.9; Supplementary Data 4). There

are 183 (16%) GRB target genes found to be deregulated, and some are members of key

developmental signalling pathways such as WNT/β -catenin pathway and FGF signalling, which

are morphogen and growth-factor pathways involved in cell fate and proliferation coordination

(Supplementary Data 5).

We next examined post-transcriptional and epigenetic regulation. Integration of 514 sig-

nificantly deregulated miRNAs (DEmiRs) from the miRNome with experimentally supported

miRNA–target interactions yielded 3,042 miRNA–gene pairs spanning 90 miRNAs and 1,227

target genes (DEmiR-DEGs). Most targets were associated with a single miRNA, but some

genes central to cell proliferation and apoptosis, notably BCL2 and MYC, were linked to 18 and

16 DEmiRs, respectively. Conversely, certain miRNAs showed broad targeting, for example,

Figure 4.9. Gene enrichment analysis of DEGs in tumour versus control samples. Databases used
for enrichment: GO:BP (orange), KEGG (pink), and Reactome (REAC, blue). The highlighted
terms point to key concepts associated with cancer progression and regulation. Adapted from
Mandić et al. [103].
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the tumour-suppressive hsa-miR-26b-5p was predicted to interact with 255 distinct DEGs and

displayed strong negative correlations with known oncogenes such as MMP10, IGSF3 and

ARNTL2 in our cohort.

Global DNAm patterns revealed extensive epigenetic reprogramming, with more than

300,000 CpG probes hypomethylated and approximately 72,000 hypermethylated in tumours rel-

ative to controls (BH-adjusted p< 0.05, Supplementary Data 6). DM probes were predominantly

located in gene bodies and, to a lesser extent, intergenic regions enriched for repetitive elements,

the latter consistently showing tendency towards hypomethylation (Figure 4.10). At the CGI

level, we observed 6,557 hypomethylated and 5,457 hypermethylated islands (Supplementary

Data 7). To pinpoint deregulated tumour suppressors, we intersected our data with a curated set

of tumour suppressors and identified 10 genes that combined reduced expression with promoter

CGI hypermethylation, consistent with epigenetic silencing (Supplementary Table S2) [136].

Focusing on differentially methylated DEGs, enrichment analysis using TRANSFAC indicated

significant over-representation of transcription factor targets from the E2F, SP/KLF and AP-2

families (Supplementary Data 8). In particular, genes regulated by the E2F family showed very

strong enrichment (SCS adjusted p < 10−43) and were further supported by Reactome pathways

related to cell-cycle control, including G1/S transition and G2/M checkpoints (SCS-adjusted

p < 10−4), reinforcing the central role of promoter methylation in modulating key cell-cycle

regulators in HNSCC.

4.2.4 Integrative analysis of miRNA and DNAm in HNSCC

We stratified each DEG according to whether it was linked to a deregulated miRNA (DEmiR)

and/or a differentially methylated CpG island (DM CGI), resulting in four categories: genes

associated only with DEmiRs (DEmiR-DEGs), only with DM CGIs (DM-DEGs), with both

regulatory features (DEmiR+DM-DEGs), or with neither (noReg-DEGs; Figure 4.11). These

groups showed distinct functional enrichments across GO:BP, KEGG, miRTarBase, Reac-

tome and TRANSFAC terms (Supplementary Data 9): DM-DEGs were primarily enriched for

transcription factor targets without strong over-representation of specific biological pathways,

DEmiR-DEGs were linked to signalling and immune-related pathways, noReg-DEGs were
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Figure 4.10. Counts of DM CpG probes in cancer versus control groups across genomic
elements. Gene body – across exons and introns; Promoter region – from 500 to 2000 distance
from canonical transcription start site; LINE – Long interspersed nuclear elements; SINE – Short
interspersed nuclear elements; LTR – Long terminal repeat elements including retroposons;
DNA – DNA repeat elements; Satellite – Satellite repeats. Annotation for genomic elements
were used from Jin et al. [152]. Adapted from Mandić et al. [103].

enriched for immune and muscle system processes, and DEmiR+DM-DEGs were associated

with broad, high-level regulatory processes encompassing biological, metabolic and cellular

functions, consistent with wide-ranging regulatory roles.

4.2.5 Epigenetic clusters and biological programs in HNSCC

K-means clustering of DEGs together with their corresponding DEmiR and methylation changes

revealed that, by and large, clusters were dominated either by miRNA regulation or by DNAm,

with few clusters showing strong contributions from both mechanisms (Figure 4.12). This

pattern indicates that, in HNSCC, gene expression tends to be driven predominantly by one of

the two epigenetic modalities rather than by their combined action. In line with the conventional

view that miRNAs and DNAm usually repress gene expression, several clusters (3, 4, 7 and 10)

displayed negative relationships between the epigenetic feature and gene expression, whereas

other clusters (1, 5, 6 and 9) showed non-canonical patterns. Because many miRNAs have

multiple targets, there was substantial sharing of deregulated miRNAs across clusters, with 73%
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Figure 4.11. Intersection of DEGs linked with DEmiRs or DM-CGIs, in the centre. The outer
panels show the number of gene set enrichment terms per database for each group of DEGs.
Adapted from Mandić et al. [103].

of under-expressed miRNAs appearing in both clusters 3 and 9 and 77% of over-expressed

miRNAs shared between clusters 5 and 7. Deregulated GRB target genes are distributed

across multiple k-means clusters, with the larger clusters 2 and 8 containing more target genes,

suggesting that target genes employ a wide range of epigenetic modules (Table 4.4).

Gene set enrichment analysis for each cluster further connected these regulatory patterns

to biological programmes (Figure 4.12, Supplementary Data 10). DM-DEGs in clusters 1, 4,

6 and 10 were strongly enriched for targets of E2F transcription factors, even though most

E2F genes themselves were not differentially expressed, consistent with previous reports that

CpG methylation at E2F binding motifs modulates transcription factor binding [153]. Cluster

6 additionally comprised under-expressed genes with hypomethylated CGI and was enriched

for ZF5-regulated genes, suggesting a potential repressive role for ZF5 in this context [154],

whereas clusters 4 and 5 were both related to cell-cycle processes but differed in their pattern of

miRNA versus DNAm.

Table 4.4. Number of target genes per k-means cluster.

K-means cluster 1 2 3 4 5 6 7 8 9 10 11 Total

Target gene count 10 30 11 11 18 4 14 36 11 18 20 183
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Figure 4.12. Heatmap of integrated transcriptome, miRNome and methylome data. Fold change
values for transcriptome (mRNAFC column), miRNome (miRNA FC) and DNam quotient were
scaled and normalised before k-means clustering. Gene set enrichment shown for all eleven
clusters. Adapted from Mandić et al. [103].

4.2.6 Validation of epigenetic clusters in TCGA-HNSCC

To test whether these regulatory patterns are specific to the Croatian cohort or can be further

generalisable, we repeated the integrative analysis on TCGA-HNSCC transcriptome, methylome

and miRNome data using analogous processing steps (Supplementary Data 11 and 12). FC

estimates for the 1,834 overlapping DEGs showed a strong concordance between our cohort

and TCGA (Pearson’s r = 0.76, p < 2.2×10−16; Figure 4.13 a), and the TCGA dataset also

reproduced the tendency for DEGs to be regulated predominantly either by DNAm or by

miRNAs (Figure 4.13 b), supporting the robustness of the identified epigenetic programmes.

Having established that these epigenetic clusters and transcriptional changes are reproducible

across cohorts, we next asked whether they intersect with GRBs and potentially form long-range

regulatory networks that are central to the broader focus of this thesis.
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Figure 4.13. Comparison of the Croatian and TCGA-HNSCC cohorts. a correlation of fold
change values of 1834 DEGs present in both datasets, with the y = x identity line shown in
grey, and while the best fit line through the data shown in black. b k-means clustering on the
integrated transcriptome, miRNome and methylome data from the TCGA on the same set of
DEGs; with biological programmes assigned to each cluster using gene set enrichment. Adapted
from Mandić et al. [103].

4.2.7 Long-range epigenetic regulation

The role of GRBs and long-range regulation in HNSCC has not yet been systematically investi-

gated. Therefore, in the context of this thesis, we used HNSCC as a disease model to explore

how GRBs shape CpG architecture, CpG probe methylation and gene regulation. GRB target

genes tend to harbour long, and often multiple CGI in promoters that extend into the gene body,

a feature that distinguishes them from neighbouring bystander genes [40, 45]. However, CpG

distributions across entire GRBs have not yet been systematically examined beyond the promoter

region. We compared CpG distributions within GRBs to those observed in randomly shuffled ge-

nomic regions of equivalent length. This analysis revealed that GRBs have a markedly different

CpG density relative to non-GRB regions (Figure 4.14 a-c) across genomic regions of different

classes. GRBs show depletion of CpGs in promoter and gene body regions (Figure 4.14 a-b),

while intergenic regions are enriched compared to the shuffled non-GRB regions (Figure 4.14 c).

In line with previous research, target genes have a higher number of CpGs in promoters than

bystander genes (Figure 4.14 d).

A hallmark feature of cancer is the alteration of the methylation status across the whole
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Figure 4.14. Count distribution of CpG dinucleotides falling into a promoters; b gene body
regions; c intergenic regions of randomly shuffled GRB regions with the vertical line denoting the
observed GRBs with corresponding empirical p-value. d CpG dinucleotide count in promoters
of target and bystander genes with Wilcoxon rank sum p-value.

genome [98]. To asses whether GRBs and target genes exhibit similar changes in the methylation

status in HNSCC, we applied a similar approach to the one used for the CpG architecture. We

compared the ratio of differentially methylated CpG probes detected from 391 TCGA samples

in observed GRBs to those in randomly shuffled genomic regions. GRBs show a markedly

higher rate of DM probes (empirical p < 0.05) across promoters, gene bodies and intergenic

regions (Figure 4.15 a-c), with the exception of the rate of hypomethylation in promoters. In

promoters, hypermethylation events are more frequent than hypomethylation for both GRBs

and shuffled ranges, whereas gene bodies and intergenic regions display the opposite trend,

with hypomethylation predominating. A higher rate of hypermethylation is observed in the

promoters of target genes when compared to bystander genes (p < 0.05, Figure 4.15 d), while

this difference is significant in other cases, the effect size is small or negligible (Table 4.5),

suggesting a potential silencing of target genes with tumour suppressor role in this disease.

Next, we showcase two examples where, in tumour samples, CpG probes located at a signifi-

cant distance from the gene promoter show strong correlations with the expression of WNT2B

and PITX1, indicating a possible contribution of distal methylation to long-range epigenetic

regulation (Figure 4.16). WNT2B participates in Wnt signalling, a pathway central to the control
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Figure 4.15. Distribution of ratios of hypermethylated (in red) and hypomethylated (in blue)
CpG probes across a promoters; b gene body regions; c intergenic regions in randomly shuffled
GRBs. Vertical lines in corresponding colours represent the ratios for observed GRBs. d target
and bystander gene DM ratio for promoters and gene body regions. Adapted from Mandić et al.
[103].

Table 4.5. Median methylation levels in GRB target and bystander genes for promoter and gene
body regions, stratified by hyper- and hypomethylation, with corresponding Wilcoxon rank-sum
p-values and Cliff’s δ effect sizes.

Region Methylation change p-value
Target
median

Bystander
median

Cliff’s δ

(magnitude)

Promoter Hypermethylation 1.30×10−46 0.3333 0.0801 0.27 (medium)
Hypomethylation 0.334 0 0 −0.02 (negligible)

Gene body Hypermethylation 9.73×10−18 0 0 0.14 (small)
Hypomethylation 1.08×10−15 0.0556 0 0.14 (small)

of cell proliferation and differentiation, whereas PITX1 is a developmental transcription factor

implicated in tumour-related transcriptional regulation. Although the functional impact of

intergenic CpGs on long-range regulation in HNSCC remains incompletely understood, these

results highlight the importance of considering long-range epigenetic regulation.
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Figure 4.16. Pearson’s correlation of CpG probes and genes within two GRBs with the target
gene shown with bold letters (other genes are bystanders). For the target genes the blue triangle
represents the relative position of the transcription start site in relation to CpG probes and the
distance to the furthest significant probe is outlined. Adapted from Mandić et al. [103].

4.3 Results of the Parkinson’s disease study

PD is the second disease investigated in this thesis. Although genetic factors contribute substan-

tially to disease susceptibility, the molecular mechanisms linking genetic variation to disease

pathogenesis remain incompletely understood [110]. Increasing evidence suggests that immune

activation and chronic neuroinflammation play important roles in PD progression [113, 114]. To

investigate these mechanisms, peripheral immune cell populations were profiled using scRNA-

seq transcriptomics. DCs and CD4+ T-cells, two key regulators of innate and adaptive immune

responses, were isolated from PBMCs of patients with PD and healthy controls and analysed at

single-cell resolution. The resulting transcriptomic data were used to identify disease-associated

immune cell subsets, characterize their transcriptional programs, and determine biological

pathways altered in PD. Finally, additional analyses of exome sequencing data were performed

to investigate disease-associated genetic variants, with a particular focus on identifying non-
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coding variants that may contribute to PD susceptibility. Together, these analyses provide a

comprehensive overview of peripheral immune dysregulation and genetic variation in PD, and

establish the basis for the results presented in this chapter.

4.3.1 Generation of the single-cell dataset

To gain a better understanding of the role of immune cells in PD pathology, scRNA-seq was

performed on CD4+ T-cells and pre-enriched DC populations isolated from PBMCs. Cells were

obtained from whole blood samples of 17 patients with PD and 10 healthy controls. A summary

of the cohort characteristics is provided in Table 4.6.

Initially, scRNA-seq libraries were prepared targeting a recovery of 10,000 cells per sample

to maximise cell yield. Following suboptimal sequencing saturation in the first sequencing batch

(Supplementary Data 1), the protocol was adjusted to target a recovery of 5,000 cells per sample

to achieve the required sequencing depth. Owing to sequencer capacity, samples were processed

in batches of four. For each sample, 2,500 cells from each enriched fraction (CD4+ T-cells

and DCs) were combined for gene expression library preparation. During cell separation, PD

sample S13 yielded only the CD4+ T-cell fraction; therefore, a total of 5,000 CD4+ T-cells were

included for sequencing. To assess transcriptional variability over time, a biological replicate

was collected from one patient one week apart (samples S28 and S30). In addition, sample

S29 was excluded from downstream analyses due to poor sample quality and low annotation

confidence across all cell type clusters (more detail in Section 4.3.2).

Table 4.6. Clinical characteristics of participants included in the scRNA-seq cohort. Adapted
from Meglaj Bakrač et al. [155].

Feature CTRL PD

N 10 17

Demographic data
Female, n (%) 4 (40) 10 (59)
Median age at inclusion (range) 60 (48–81) 65.5 (50–86)
Median age at onset (range) n/a 61 (39–69)

Early-onset PD (<50 years), n 4
Late-onset PD (≥50 years), n 11
Onset unknown, n 2

CTRL, control; PD, Parkinson’s disease; n/a, not applicable.
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Following single-cell 5’ gene expression sequencing, Cell Ranger processing, quality

control, and integration of all samples, a total of 45,345 high-quality cells were retained,

comprising 24,660 cells from PD samples and 20,685 cells from CTRL samples. The distribution

of detected genes and UMIs per cell after quality control is shown in Figure 4.17a. Cells were

visualised using tSNE for dimensionality reduction, demonstrating that cells containing a higher

number of UMIs clustered together (Figure 4.17b). Sequencing metrics including the total

number of reads and cells detected per sample, are summarised in Supplementary Data 1.

Integration of all samples using reciprocal PCA followed by SNN clustering identified 27

distinct cell clusters (Figure 4.17c).

Figure 4.17. Single-cell sequencing data analysis. a Distribution of the number of detected
genes and UMIs per cell following quality control. b tSNE projection of all cells coloured
by the number of UMIs per cell. c tSNE projection showing unsupervised SNN clustering,
identifying 27 cell clusters. Cluster numbers correspond to the major cell populations identified
in the dataset: clusters 1–5, CD4+ T-cells; clusters 6–7, low-confidence CD4+ T-cells; clusters
8–10, dendritic cells; cluster 11, monocytes; clusters 12–13, natural killer cells; and cluster 14,
low-confidence CD8+ T-cells. d Final cell type annotation based on reference-guided annotation
and SNN clustering. e The expression of selected marker genes across the major cell populations
[156–159]. Dot size represents the proportion of cells expressing each marker, while colour
indicates the average expression level. Adapted from Meglaj Bakrač et al. [155].
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4.3.2 Data validation

This section describes the internal and external validation performed on the generated dataset.

Internal validation included assessment of sample quality to identify outliers, donor-specific

cell distribution in the tSNE embedding, biological replicates collected one week apart, the

distribution of PD and CTRL cells across the tSNE embedding, and differential expression

analysis using a pseudobulk approach. External validation was performed by comparing the

gene expression profiles of CD4+ T-cells and DCs from this study with bulk RNA-seq data from

the BLUEPRINT project (https://projects.ensembl.org/blueprint/) and a reference

PBMC single-cell dataset [141].

Quality control metrics following cell calling were assessed across all samples (Supple-

mentary Data 1). Sample S29 was identified as a low-quality outlier due to a fraction of reads

assigned to cells below 0.6 (recommended > 0.7), together with a high estimated cell count

(Figure S5a). In addition, it had the lowest mean number of reads and detected genes per

cell (Figure S5b). The poor cell quality most likely contributed to the low mean annotation

confidence observed across all major cell populations (Figure S5c). This sample was therefore

excluded from subsequent analyses.

Cells from each donor were mapped onto the integrated tSNE embedding to assess their

distribution across the identified clusters and cell types (Figure S4). Cell distributions were

consistent across donors and showed no obvious association with disease status or sex.

Biological replicates from one PD patient were collected one week apart using the same

experimental protocol (samples S28 and S30). Differential expression analysis between these

samples identified only a small number of DEGs, indicating minimal variation between the

two samples (Figure 4.18a). Consistent with this finding, no obvious separation between the

biological replicates was observed in the tSNE embedding (Figure 4.18b).

The distribution of PD and CTRL cells was further examined across CD4+ T-cells and DCs.

Cell type clustering represented the primary source of variation within the dataset, with no clear

separation between PD and CTRL cells (Figure 4.18c). A slight rightward shift of PD cells

along the first tSNE dimension was observed in both CD4+ T-cell and DC populations.

https://projects.ensembl.org/blueprint/
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Figure 4.18. Biological replicate validation and distribution of PD and CTRL cells. a Number of
cells recovered from the biological replicates collected one week apart (samples S28 and S30),
together with the number of differentially expressed genes (DEGs) identified between them.
b tSNE projection showing the distribution of cells from biological replicates S28 and S30. c
tSNE projection of PD and CTRL cells with the corresponding density distributions across the
CD4+ T-cell and DC populations. Adapted from Meglaj Bakrač et al. [155].

Pseudobulking was utilised to address the pseudoreplication problem of single-cell statistical

methods. Many single-cell differential expression methods work under the assumption that

individual cells are independent and identically distributed, which is often not the case in single-

cell analyses, since multiple cells can come from one donor. The pseudobulk approach was

applied by aggregating cells from each donor and performing differential expression analysis

for each cell subtype using a standard bulk RNA-seq pipeline. Although no genes reached

the significance threshold, likely owing to reduced statistical power following aggregation, FC

values strongly correlated with those obtained from the single-cell analysis, with Pearson’s

correlation coefficients exceeding 0.8 for all analysed cell subtypes (Figure S6).

External validation was performed by comparing the top-expressed genes from the single-

cell dataset with bulk RNA-seq data from the BLUEPRINT project and a reference PBMC

single-cell dataset [141]. Average gene expression in CD4+ T-cells was compared with bulk

RNA-seq data from CD4-positive alpha-beta T-cells isolated from venous blood, while DCs

were compared with conventional DCs isolated from cord blood. Gene expression profiles from
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both CD4+ T-cells and DCs showed a high correlation with the corresponding bulk RNA-seq

datasets (Figure S7a,b). Similarly, comparison with the PBMC single-cell reference dataset

demonstrated a high correlation for both cell types (Figure S7c,d).

4.3.3 Identification of major cell populations

Upon successful validation of samples, cell type annotation was performed using a human PBMC

reference dataset [138]. Cell clusters were annotated using a combination of SNN clustering

and reference-based annotation. Initially, all cells were assigned to seven clusters: CD4+ T-cells,

CD8+ T-cells, DCs, monocytes, NK cells, other T-cells, and “other” (Figure S8a). The “other

T-cells” and “other” clusters were subsequently merged into a single dispersed cluster labelled

“other”. In addition, a subset of CD4+ T-cells (clusters 6 and 7) identified by the reference-based

annotation was reassigned to the “other” cluster due to low prediction scores (Figure S8b) and

the absence of CD3 complex gene expression (Figure 4.17c,d). The CD8+ T-cell cluster was

also merged into the “other” group owing to its low annotation confidence (Figure S8b). The

resulting five major cell populations expressed canonical marker genes characteristic of their

respective cell types (Figure 4.17e). Some cells within the “other” cluster expressed marker

genes associated with granulocyte-monocyte progenitors (ZNF385D, SOX4, CYTL1, and GATA2)

[120], which likely prevented their assignment to one of the major immune cell populations.

The scRNA-seq data also highlighted the limitations of magnetic cell separation. In addition

to the expected CD4+ T-cells and DCs, monocytes, CD8+ T-cells, and NK cells were detected.

Sample S13, which contained only the CD4+ T-cell fraction, demonstrated that a proportion of

monocytes and CD8+ T-cells remained within the CD4+ T-cell-enriched fraction, suggesting

that the NK cells originated from the DC-enriched fraction (Figure S8c). Monocyte and NK-

cell identities were confirmed by the expression of established marker genes, including CD14,

S100A9, and CD68 for monocytes, and NKG7, GNLY, and NCAM1 for NK cells (Figure S8d)

[156–159]. As the analysed samples were enriched for the target cell populations (CD4+ T-cells

and DCs), these non-target cell populations were not considered representative of the peripheral

immune compartment and were therefore excluded from subsequent differential expression and

downstream analyses.
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4.3.4 Identification of CD4+ T-cell subtypes

The tSNE embedding identified CD4+ T-cells as a single large cluster (Figure 4.19a). All cells

expressed the canonical marker genes encoding the CD3 complex subunits (CD3D, CD3E, and

CD3G) together with CD4. In addition, the majority of CD4+ T-cells expressed CAMK4 and

BCL11B, both not commonly used as markers of CD4+ T-cells (Figure S8e).

Reference-based annotation at level 2 identified four distinct CD4+ T-cell subtypes: naïve

T-cells, central memory T-cells (TCMs), effector memory T-cells (TEMs), and regulatory T-cells

(Tregs) (Figure 4.19a). Cell identities were further confirmed by the expression of established

marker genes shown in Figure 4.19b. Specifically, GZMK, GZMA, and CCL5 were associated

with TEMs, ITGB1 with TCMs, CCR7 and SELL with naïve T-cells, and FOXP3, IL2RA, and

CTLA4 with regulatory T-cells. Marker gene selection was guided by the reference dataset and

supported by previous studies [160–162]. To further characterise the identified CD4+ T-cell

subtypes, pseudotime analysis was performed by ordering cells along a trajectory inferred from

their gene expression profiles. As expected, the resulting trajectory reflected the differentiation

continuum from naïve T-cells through TCMs to TEMs (Figure 4.19c; Figure S9a).

To investigate potential differences in CD4+ T-cell subtype composition, subtype propor-

tions within the total CD4+ T-cell population were compared between PD and CTRL samples

(Figure 4.19c). No significant differences were observed for any of the identified CD4+ T-cell

subtypes (Supplementary Table S3).

4.3.5 Identification of dendritic cell subtypes

SNN clustering identified three distinct DC clusters, which corresponded well with the DC

subtypes assigned by reference-based annotation (Figure 4.20a). These clusters represented the

three major DC subtypes: conventional dendritic cell 1 (cDC1), conventional dendritic cell 2

(cDC2), and plasmacytoid dendritic cells (pDCs). Genes encoding the HLA-DR and HLA-DQ

complexes were highly expressed across all three subtypes, whereas CD86 expression was

more prominent in the conventional DC subsets. Cell identities were further confirmed by the

expression of established marker genes (Figure 4.20b). ITGAX was used as a general marker of
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Figure 4.19. Single-cell analysis of CD4+ T-cell subtypes. a tSNE projection showing the
identified CD4+ T-cell subtypes. b Feature plots showing the expression of marker genes used
for CD4+ T-cell subtype annotation, with higher expression levels indicated in purple. c Relative
proportions of CD4+ T-cell subtypes within the total CD4+ T-cell population in PD and CTRL
samples. Adapted from Meglaj Bakrač et al. [155].

conventional DCs, while subtype-specific markers included CADM1 and CLEC9A for cDC1s,

CD1C and CLEC10A for cDC2s, and CLEC4C and IL3RA for pDCs [120, 156].

A small subset of cells expressed CD163, a marker associated with the DC3 subtype of

cDC2s. As DC3 cells are also characterised by expression of the monocyte marker CD14, the

expression profile of CD14 is shown alongside CD163 in Figure 4.20b to provide additional

context [163]. The differentiation trajectory analysis did not show branching for DC subtypes

(Supplementary Figure S9), consistent with their distinct developmental origins: cDCs originate

from the myeloid lineage, whereas pDCs arise from a separate lymphoid progenitor.

To investigate potential differences in DC subtype composition, subtype proportions within

the total DC population were compared between PD and CTRL samples (Figure 4.20c). No

significant differences were observed for any of the identified DC subtypes (Supplementary
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Table S3).

4.3.6 Differential gene expression in PD vs CTRL

Differential gene expression analysis between the PD and CTRL groups was performed using

Seurat’s FindMarkers function, focusing on the four CD4+ T-cell subtypes and three DC

subtypes identified in the dataset. The total number of differentially expressed genes (DEGs)

identified in each cell subtype is summarised in Table 4.7, while all the DEGs can be found in

Figure 4.21 and Supplementary Data 13. Across all cell subtypes, the number of upregulated

genes was substantially higher than the number of downregulated genes.

Of note, we have identified that CD4+ cells in our dataset broadly express BCL11B gene

Figure 4.20. Single-cell analysis of DC subtypes. a tSNE projection showing the identified
DC subtypes. b Feature plots showing the expression of marker genes used for DC subtype
annotation, with higher expression levels indicated in purple. c Relative proportions of DC
subtypes within the total DC population in PD and CTRL samples. Adapted from Meglaj Bakrač
et al. [155].

Table 4.7. Numbers of DEGs identified in each immune cell subtype. Adapted from Meglaj
Bakrač et al. [155].

Cell subtype Total DEGs Upregulated Downregulated

CD4 naïve T-cells 328 320 8
CD4 TCM 1604 1593 11
CD4 TEM 457 450 7
CD4 regulatory T-cells 210 207 3
cDC1 18 16 2
cDC2 230 190 40
pDC 447 433 14

DEG, differentially expressed gene; TCM, central memory T-cell; TEM, effector memory T-cell; cDC,
conventional dendritic cell; pDC, plasmacytoid dendritic cell.



Ocje
na

 ra
da

 

u t
ije

ku
!

Chapter 4. Results 71

Figure 4.21. Differential gene expression in CD4+ TEMs and cDC2s. Volcano plots showing
DEGs in CD4+ TEMs (left) and cDC2s (right). Immune-related genes with an adjusted p <
10−10 are labelled in black. Genes exceeding the upper limit of the y-axis are predominantly
mitochondrial and ribosomal protein genes. The complete lists of DEGs are provided in
Supplementary Data 13. Adapted from Meglaj Bakrač et al. [155].

(Supplementary Figure S8e): a GRB target gene found to be under long-range regulation during

T-cell development [164]. On closer inspection of deregulation of expression of BCL11B we

identified that PD patient exhibit significant overexpression across all CD4+ cells as well as

Naïve and TCM subtypes, albeit with a small FC value (Table 4.8). Full list of GRB target genes

deregulated in PD versus CTRL are reported in Table S6.

Table 4.8. Differential expression statistics of BCL11B across CD4+ T-cell subtypes, including
differential expression significance, log2FC, and the proportion of cells expressing the gene in
Parkinson’s disease (PD) and control (CTRL) samples.

Cell type p-value log2FC pct. PD pct. CTRL Adj. p-value

Naïve 1.29×10−9 0.352 0.792 0.711 3.34×10−5

TCM 2.39×10−28 0.294 0.775 0.663 6.19×10−24

TEM 3.87×10−6 0.393 0.681 0.572 0.100
Treg – – – – –
CD4+ total 4.14×10−41 0.269 0.767 0.664 1.07×10−36

FC, fold change; PD, Parkinson’s disease; CTRL, control; TCM, central memory T-cell; TEM, effector memory
T-cell; Treg, regulatory T-cell.
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4.3.7 Pathway enrichment in PD vs CTRL

To better understand the functional implications of the identified transcriptional changes in PD,

gene set enrichment analysis was performed using the GO:BP, KEGG, and Reactome databases

for the DEGs identified in each cell subtype. As KEGG and Reactome terms provided limited

biological insight, subsequent analyses focused on GO:BP.

Among the CD4+ T-cell subtypes, DEGs from naïve T-cells were enriched for only three

GO terms. In contrast, CD4+ TCMs, TEMs, and Tregs were enriched for 83, 180, and 46 terms,

respectively. A complete list of enriched terms is provided in Supplementary Data 14. Enriched

terms in CD4+ TCMs and Tregs were predominantly associated with metabolic and biosynthetic

processes, translation, and gene expression, with relatively few terms related to immune function.

We therefore focused further analyses on CD4+ TEMs, a subtype known to initiate effector

T-cell responses following activation. Compared with the other CD4+ T-cell subtypes, DEGs

in CD4+ TEMs were enriched for a greater number of immune-related processes, including

lymphocyte activation and differentiation (Supplementary Data 14). Additional enriched terms

included RNA metabolism and ribosomal subunit organisation, likely reflecting the contribution

of ribosomal protein genes; a common yet biologically irrelevant trend often found in such

analyses [165].

Within the DC populations, cDC1 DEGs were enriched for 11 GO terms, several of which

were associated with antigen processing and presentation (Supplementary Data 14). In com-

parison, cDC2 DEGs were enriched for 129 GO terms, primarily related to immune functions,

including antigen processing and presentation, lymphocyte activation, cytokine production, and

the regulation of immune responses. Consequently, subsequent analyses focused on cDC2s and

pathways representing their principal biological functions: antigen processing and presentation,

T-cell activation, and cytokine production. In contrast, only a single enriched term, “gene

expression (transcription)”, was identified for pDCs.

The top 30 GO terms for CD4+ TEMs and cDC2s were ranked by recall value (Fig-

ure 4.22a,b), and representative terms reflecting the principal functions of each cell type were

selected for further visualisation (Figure 4.22c,d).
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Figure 4.22. Pathway enrichment analysis of CD4+ TEMs and cDC2s. a,b GO:BP process
terms enriched among DEGs in PD compared with CTRL samples, ranked by recall. Circle size
represents the number of genes associated with each term, while colour indicates the enrichment
p-value. c,d Circos plots showing selected enriched pathways and the top 30 DEGs ranked by
log2FC. Panels a and c correspond to CD4+ TEMs, whereas panels b and d correspond to cDC2s.
Adapted from Meglaj Bakrač et al. [155].

4.3.8 Non-coding variation identification from exome sequencing

Moving beyond the single-cell analysis prepared for Meglaj Bakrač et al. [155], we proceed to

investigate genetic burden, as identified by exome sequencing from an overlapping, but larger,

PD cohort (Table 4.9). The sequencing of 61 patients did not reveal coding variants associated

with PD (Meglaj-Bakrač, in preparation). To further utilise the exome dataset by available
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targPred data, we expanded the search to the non-coding part which were captured during whole

exome sequencing (Figure 4.23a). Available annotations from variant calling format files were

utilise to select a set of strictly non-coding variants - variant that overlap different transcripts

and those with conflicting annotations were excluded (Figure 4.23a).

Table 4.9. Demographic characteristics of the exome cohort.

Feature CTRL PD

N 16 64
Demographic data
Female, n (%) 5 (31) 27 (42)
Median age at inclusion (range) 64.0 (48–81) 66.0 (48–86)

CTRL, control; PD, Parkinson’s disease.

The non-coding variants were further overlapped with loci associated with PD-related traits

obtained in the targPred workflow (Section 4.1.1). To identify over-representation of the variants

in PD vs CTRL we used Fisher’s exact test and identified only one variant which passed the

nominal p-value threshold (Supplementary Table S4). Additionally, we examined whether the

identified loci are enriched in GRBs by applying a binomial test, with the expected probability

33% - which is roughly the GRB coverage of the genome. This resulted in three traits that were

found over-represented in GRBs (Figure 4.23, Supplementary Table S5).
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Figure 4.23. Non-coding variants from exome sequencing enrichment. a Non-coding variants
identified from whole exome sequencing. Left ring shows the number of individuals in the
cohort. Middle ring is the total count of variants denoted as exons and coding. Right ring
categorises the “rest” category from the middle ring as follows: non-coding only - strictly
non-coding variants; non-coding exonic - contain a functional non-coding flag and exon flag;
mixed non-coding coding - coding depending on different transcripts; splicing, unannotated and
other - annotation from functional flag. b Top 5 variants enriched in PD, selected by adjusted
p-value and ordered by odds ratio, Fisher’s exact test. c Top four traits showing proportion of
loci overlapping GRBs, binomial test. Number of loci containing a non-coding variant in the
exome sequencing data is shown in parentheses. Expected frequency of locus overlap with GRB
is 1/3 (denoted with red vertical line). Labels in italic denote variants and traits passing the
nominal, while bolded passed the BH-adjusted threshold of p− value < 0.05.
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5 Discussion

5.1 Discussion of the targPred study

In this thesis, we present a method for improved utilisation of the accumulating GWAS data

to facilitate the mechanistic interpretation of disease-associated non-coding genomic variants,

named targPred. We developed a comparative genomics approach based on the conserved

synteny of large genomic regions, termed genomic regulatory blocks, across vertebrate evolution,

thereby providing an optimal set of distal regulatory variants for each gene. This substantially

expands the number of SNP–gene associations by incorporating variants acting through long-

range genomic interactions, while simultaneously avoiding the multiple testing burden and the

resulting p-value inflation. This balance of tested enhancer–gene pairs is achieved by focusing

exclusively on genomic regions with well-established evidence of harbouring distal regulatory

elements. More than 37,000 unique GWAS loci (158,611 locus–trait pairs) have novel target

genes predicted by targPred at present, with the GWAS Catalog continuously expanding in both

the number of deposited studies and their biological complexity, with no indication of reaching

redundancy [166].

By comparing targPred to similar publicly available tools, we demonstrated that different

approaches frequently produce non-overlapping SNP–gene associations. We first evaluated how

well the target gene assignments from the original GWAS Catalog and targPred agreed with

two reference datasets of gene-trait associations: a set of annotated coding variants linked to

individual traits (Figure 4.3a)[126], and a set of experimentally validated regulatory variants

associated with genes and traits through extensive literature curation (Figure 4.3b)[128]. These

comparisons indicate that both the original GWAS assignments and the GRB-based predictions

76
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recover valid SNP–gene associations, although the Alsheikh dataset displays high fraction of

overlapping assignments between GWAS and our method, implicating modest novelty from the

addition of our predictions. This observation suggests that long-range variant-gene associations

that have already been described in the literature are often correctly represented in the GWAS

Catalog. However, when no prior evidence exists for a non-coding variant, other sources of

knowledge, such as coding variant datasets including ClinVar, appear to be underutilised. Coding

variants affecting the same gene can provide independent evidence supporting its involvement

in the trait and, consequently, the target gene predictions made by targPred. Furthermore,

although targPred provides only a modest enrichment of only four novel validated associations

in the Alsheikh dataset, the prostate carcinoma locus associated with the SOX9 gene and missed

by the original GWAS assignment, illustrates that the validity and utility of novel SNP–gene

assignments should ultimately be assessed on a locus-by-locus basis.

We further compared the SNP–gene predictions produced by targPred with those generated

by several state-of-the-art prediction methods, including ABC, GeneHancer and cS2G (Fig-

ure 4.3). Although these comparisons are primarily based on quantitative prediction scores,

they demonstrate that, for SNP–gene pairs passing the empirical significance threshold in targ-

Pred, high prediction scores from these methods are significantly enriched. This concordance

provides independent support for the long-range regulatory interactions identified by targPred.

The agreement between these independent methods is particularly encouraging given their

distinct underlying assumptions. While ABC, GeneHancer and cS2G rely on functional genomic

and epigenomic evidence, targPred exploits the evolutionary conservation of GRBs and CNEs

together with an empirical statistical framework, to identify candidate long-range regulatory

interactions.

The BDNF locus presented in figures 4.3 and 4.6 illustrates both the interpretation of targPred

predictions and the potential biological utility of alternative SNP–gene associations intended

to guide downstream experimental studies. Within this GRB, BDNF is identified as the target

gene regulated through long-range interactions, with Enh5 showing a significant empirical

association with increased BDNF transcriptional activity. The regulatory variant overlapping

Enh5 was originally assigned to the LINC02758 gene in the GWAS Catalog [151]. In contrast,
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the ABC method does not predict enhancer–gene interactions for this locus, while cS2G links

other enhancers within the same GRB to METLL15 and KIF18A. GeneHancer, which includes

the broadest collection of enhancer annotations, including those from FANTOM5, associates

Enh5 with METLL15 and KIF18A, although with low-confidence scores.

Finally, a comprehensive analysis of GWAS non-coding variants across hundreds of traits

demonstrated that certain diseases and phenotypic traits are more frequently associated with

regulatory elements and their corresponding long-range regulatory interactions. As expected, a

broad range of psychiatric disorders showed significant enrichment, consistent with previous

observations that genes under extreme long-range regulation are over-represented in neuronal

functions (Figure 4.2c). Additional enrichments were also observed for cancer, immune disor-

ders, asthma and metabolic disorders. Collectively, the evidence from previous proof-of-concept

studies in obesity [47] and schizophrenia [70], together with the examples of prostate cancer and

childhood obesity presented in this study, the propensity for long-range regulation in three of

the eight asthma ontology terms (Figure 4.2a), and the over-representation of GWAS loci under

long-range regulation across the psychiatric disease lineage (Figure 4.2B), supports the use of

targPred as an important step in the interpretation of GWAS SNP-trait-gene associations.

5.2 Discussion of the head and neck squamous cell carcinoma

study

HNSCC is one of the diseases of special interest in this thesis, as its development and progression

appear to be strongly influenced by epigenetic regulation, including DNAm and miRNA-

mediated control. Within this contribution, we use the Croatian HNSCC cohort to investigate

these regulatory changes in detail in relation to gene expression, as well as validating the results

with a larger and publicly available TCGA cohort. Furthermore, epigenetic regulation was

investigated in relation to GRBs, their target genes, and broader long-range epigenetic effects.

In this study, we integrated miRNome, methylome, and transcriptome data to investigate

regulatory mechanisms involved in HNSCC development and progression. Unsupervised

clustering identified distinct patterns across the three omics datasets, suggesting that miRNA- and
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DNAm-mediated regulation of gene expression largely occurs in a mutually exclusive manner.

The clustering analysis also revealed key tumour progression-related pathways, including altered

cell cycle regulation, transcription, immune response, and vasculature-associated genes. In

addition, our results underscore the relevance of promoter DNAm in genes targeted by the E2F

transcription factor family.

The exploratory analysis of the transcriptome data separated samples into two principal

clusters corresponding to tumour and control tissues, with no clear segregation by HPV status or

anatomical tumour site (Figure 4.8), also consistent in higher principal components (Figure S1).

Comparable tumour–control distinctions were observed in the overlapping miRNA expression

and DNAm analyses reported previously [85, 86]. These results imply that the tumours in the

Croatian HNSCC cohort may derive from related cells of origin or activate common oncogenic

programmes during tumourigenesis. Moreover, the set of differentially expressed genes (n =

2,781, Figure 4.9) is enriched for pathways that mirror transcriptomic signatures previously

associated with radioresistant HNSCC, including hypoxia response, the p53 pathway, NF-κB

signalling and inflammatory responses [74].

The unsupervised clustering procedure shown in Figure 4.12 indicates that specific regulatory

mechanisms shape gene expression patterns in tumours compared with control samples, forming

distinct biological programmes. Two clusters of overexpressed genes involved in key cell

cycle regulatory pathways showed predominantly hypomethylated promoters. In addition,

among the underexpressed genes in tumours, we identified a cluster of DM-DEGs associated

with regulation of transcription (Figure 4.12, cluster 10). Clusters 4 and 10 support a shared

influence of DNAm on gene expression, whereby promoter methylation suppresses expression

and reduced methylation promotes gene expression [167–169]. However, the opposite pattern of

overexpression with hypermethylation and underexpression with hypomethylation was observed

in clusters 1 and 6, respectively, both of which were enriched for E2F and other transcription

factor targets. Similarly, an inhibitory effect of miRNAs on target genes was evident in cluster

3 enriched for vasculature-related genes, and in cluster 7 not showing any specific biological

processes apart from grouping miRNA targets.

A positive correlation between miRNAs and their target genes was observed in clusters 5
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and 7, consistent with previous studies [170, 171]. These results may reflect either direct or

indirect effects of miRNAs on DEmiR-DEGs, potentially through interference with the action

of repressive miRNA–protein complexes [170]. However, these findings indicate correlation

rather than causation, and additional studies are needed to establish the underlying mechanisms.

It should also be noted that miRNAs often regulate multiple targets, while some interactions

in existing databases are based on high-throughput methods that may not fully capture the

complexity of in vivo biological interactions. Finally, clusters 2, 8 and 11 did not show

strong evidence of regulation by either miRNA or DNAm. Notably, cluster 11 comprised of

underexpressed genes with a strong association with muscle system processes; an unusual

finding in the context of this type of cancer. However, this pattern was also reproduced in the

TCGA dataset (4.13, clusters 11 and 12).

We found a cluster of genes under E2F control that was significantly underexpressed in

tumour samples relative to controls (Figure 4.12). Previous studies have shown that the E2F

family is negatively regulated by miRNAs in HNSCC and in other cancers, including lung cancer,

paediatric brain tumours and chronic myeloid leukaemia [[102, 172–174]. In addition, the TCGA

analysis reported increased copy number of E2F1 in HPV-positive HNSCC [102]. Although

E2F is often highly expressed and is known to play a central role in tumour growth, proliferation,

metastasis and drug resistance [175], our data did not show overexpression of the E2F family

in cancer compared with controls. Instead, clustering identified several dysregulated gene

clusters corresponding to E2F targets, namely clusters 1, 4, 5, 6 and 10. The most prominent of

these, clusters 4, 5 and 10, were involved in cell cycle and transcriptional regulation and also

showed differential methylation in promoter regions (Supplementary Data 8 and Figure 4.12).

Taken together, our findings extend the previously reported link between E2F1 activity and

methylation-dependent regulation of HOX genes in oral cancer to multiple pathways involved in

cell cycle control [175].

The role of immune modulation in HNSCC progression is highlighted by cluster 8 enriched

for genes related to T cell immunity and showed underexpression in tumour samples while

being targeted by overexpressed miRNAs. This dysregulation of T cell immunity genes was

to a lesser extent associated with hypermethylation, reflecting the complex interplay between
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immune regulation and the tumour microenvironment and underscoring immune evasion as an

important feature of HNSCC. In addition, T cell exhaustion is a conserved feature in cancer

and has previously been linked to epigenetic regulation of tumour progression [176]. However,

because the control samples from the Croatian cohort were derived from tonsil tissue bearing

inherent immunological activity, the findings related to cluster 8 should be interpreted with

caution.

The results showed that genes involved in tumour vascularisation were DEmiR + DM-DEGs

(Figure 4.12, cluster 3), suggesting that both epigenetic drivers contribute to their regulation,

with a more pronounced influence from DEmiRs. This is consistent with previous work linking

DNAm to vascular and cardiovascular disease directly, or proposing that both epigenetic changes

act together, with hypomethylation contributing to activation of the most prominent gene clusters.

Downregulation of miRNAs has also been associated with increased expression of angiogenesis-

related genes. In our cluster 3, miR-150 was underexpressed and targeted multiple genes,

supporting its potential role as a tumour suppressor. In addition, the extracellular matrix is

known to play an important role in angiogenesis, and we observed overexpression of several

matrix metallopeptidase genes, including MMP2, MMP10, MMP11 and MMP13 that have also

been reported in other cancers [177]. Because matrix metallopeptidase genes are common

miRNA targets, their deregulation is frequently observed in cancer. Overall, these findings

support a role for both epigenetic modalities in HNSCC through regulation of vasculature-related

processes, with DEmiRs acting as the dominant epigenetic silencers.

In addition to the findings presented in Mandić et al. [103], in this thesis, we found that

GRBs have a distinct CpG distribution compared with the rest of the genome, with depletion in

promoter and gene body regions and enrichment in intergenic regions (Figure 4.14). Further-

more, DM patterns generally followed the genome-wide trend: promoters were predominantly

hypermethylated, whereas gene body and intergenic regions were predominantly hypomethy-

lated. However, across all three regions, GRBs showed an approximately 10 percentage-point

higher proportion of hypermethylated CpGs compared with randomly sampled genomic regions

(Figure 4.15). Taken together, these observations indicate that GRBs follow the general HNSCC-

associated methylation pattern, but with a more pronounced shift towards hypermethylation,
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suggesting that long-range regulatory domains may be particularly susceptible to epigenetic

remodelling in this disease.

5.3 Discussion of the Parkinson’s disease study

PD is the second disease of special interest in this thesis, as it is has a strong genetic component

which is yet not fully understood [178]. Furthermore, emerging studies suggest the role of

immune system in the progression and development of the disease [114]. Within this work, we

identified certain cell types that may be drivers of the immune response in PDs compared to

CTRLs. Additionally, a set of non-coding variants were identified from non-coding sequences

captured during whole exome sequencing and linked to potential long range regulation.

Single-cell transcriptomic analysis provided a detailed characterisation of the CD4+ T-cell-

and DC-enriched fractions isolated from PBMCs of PD and CTRL participants. In addition to

the expected CD4+ T-cell and DC populations, several other immune cell types were identified,

demonstrating the limitations of the magnetic separation procedure (Figure 4.17d,e). Due to

an experimental issue during magnetic separation, one sample contained only the CD4+ T-cell

fraction, providing an opportunity to assess the origin of the non-target cell populations. In this

sample, cells assigned to the monocyte cluster were detected alongside the CD4+ T-cell fraction

(Supplementary Figure S8c), indicating that monocytes were retained within this fraction during

separation. In contrast, the absence of NK cells from this sample suggests that the NK cell

population observed in the complete dataset was predominantly retained within the DC-enriched

fraction.

Single-cell analysis identified four CD4+ T-cell subtypes in the dataset: naïve T-cells, TCMs,

TEMs, and Tregs, with their identities supported by the expression of subtype-specific marker

genes (Figure 4.19 b). Among these populations, DEGs identified in CD4+ TEMs between PD

and CTRL samples showed greater enrichment of immune-related processes compared with

the other CD4+ T-cell subtypes, including terms associated with lymphocyte activation and

differentiation (Figure 4.22). Previous studies have implicated CD4+ T-cells in autoimmune

mechanisms related to PD through their recognition of α-synuclein, with stronger α-synuclein-
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specific T-cell responses observed during the early stages of the disease [179]. Although the

specific contribution of CD4+ TEMs to PD remains poorly understood, their capacity to migrate

to sites of inflammation suggests a potential involvement in neuroinflammatory processes [180].

Increased levels of CD4+ TEMs have also been associated with cognitive decline, suggesting a

broader involvement of this cell population in cognitive ageing [181]. While their role in PD

progression remains to be established, the observed enrichment of immune-related processes

supports the potential involvement of CD4+ TEMs in the peripheral immune response associated

with PD and warrants further investigation.

DCs play an important role in CD4+ T-cell activation and the subsequent differentiation

of effector T-cell populations. In the present single-cell dataset, no significant differences in

the proportions of the major DC subtypes were observed between PD and CTRL samples

(Figure 4.20 c). Previous studies have reported reduced numbers of circulating DCs in PD,

particularly among conventional DCs, with decreased DC abundance also associated with greater

motor symptom severity [113]. These observations have led to the suggestion that peripheral

DC depletion may reflect their migration to affected regions of the brain. However, a recent

single-cell study based on a similarly sized cohort also found no evidence of DC depletion,

indicating that this observation remains to be validated in larger PD cohorts [182]. Similarly,

no significant differences in the proportions of CD4+ T-cells or their identified subtypes were

detected between PD and CTRL samples in the present analysis (Figure 4.19 d). This contrasts

with previous reports of reduced circulating CD4+ T-cell numbers and altered proportions of

CD4+ T-cell subsets in PD [183–185]. Differences between studies may reflect variation in

cohort characteristics and methodological approaches, as well as the greater resolution provided

by single-cell analysis.

Three distinct DC subtypes were identified based on the expression of characteristic marker

genes: cDC1s, cDC2s, and pDCs (Figure 4.20 a). These populations have distinct roles in

coordinating immune responses. cDC1s primarily promote CD8+ T-cell activation and Th1

polarisation, whereas cDC2s predominantly interact with CD4+ T-cells and contribute to their

differentiation into different effector phenotypes. In contrast, pDCs are major producers of type

I interferons and have an important role in antiviral immune responses [186–188].



Ocje
na

 ra
da

 

u t
ije

ku
!

Chapter 5. Discussion 84

The cDC2 population is increasingly recognised as heterogeneous, with several studies

identifying distinct subpopulations within this group [163, 188]. Villani et al. [163] initially

described two cDC2 subsets, DC2 and DC3, characterised by distinct transcriptional profiles,

with DC3s displaying features overlapping those of both monocytes and cDC2s [187]. Both

populations are involved in CD4+ naïve T-cell polarisation and inflammatory responses, while

the dual phenotype of DC3s distinguishes them from other conventional DC populations [163,

188–190].

Within the cDC2 cluster, however, a small population expressing CD163 and CD14 was

observed and likely represents the DC3 subtype (Figure 4.20 a and b). The expression of

these markers is consistent with the previously described dual cDC2-monocyte phenotype of

DC3s. Although DC3s did not form a distinct cluster, potentially due to limitations of the

clustering approach, their characteristic marker expression suggests that this population was

captured within the broader cDC2 cluster. However, an orthogonal approach to SC-seq is

required to further confirm the identity of these cells. Nevertheless, this observation illustrates

the importance of refined cell classification for resolving immune cell heterogeneity and the

utility of SC-seq for detecting rare immune populations. As DCs comprise only approximately

1–2% of PBMCs [191], enrichment of the DC fraction increased the representation of these cells

and facilitated the detection of the rare population presumed to represent DC3s.

DEG analysis highlighted cDC2s and CD4+ TEMs as cell populations exhibiting prominent

immune-related transcriptional changes in PD (Figure 4.22). The DEG profiles of both popula-

tions were enriched for immune-related processes, with gene set enrichment analysis identifying

shared terms such as “T-cell activation” and “positive regulation of immune response”, suggest-

ing a potential functional interplay between these cell types. As antigen presenting cells, cDC2s

play an important role in CD4+ T-cell activation and polarisation and produce T-cell-attracting

chemokines, including CCL5 and CCL22, as well as pro-inflammatory cytokines that promote

T-cell activation [187, 188]. Although cDC2s have traditionally been associated with Th2 and

Th17 polarisation, they can also contribute to Th1 differentiation depending on the DC subset

involved [156]. In particular, cDC2s have been shown to promote CD4+ TEM responses through

cytokines such as IL-1β and IL-12p70 [190]. The presence of CD4+ helper T-cells in the sub-
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stantia nigra of patients with PD further supports their potential involvement in PD pathogenesis

[192]. Upon reactivation, CD4+ TEMs can produce both pro- and anti-inflammatory cytokines

and may therefore contribute to the sustained inflammatory environment associated with PD

[193–195].

We examined the transcriptional profiles of CD4+ TEMs and cDC2s in the context of their

potential coordinated involvement in the immune response associated with PD. Among the

top 30 DEGs contributing to the selected pathways in each cell type, several genes showed

pronounced differences in expression between PD and CTRL samples (Figure 4.22 c and d).

In CD4+ TEMs, BCL6, ICOS, and SOCS3 were among the prominently upregulated genes,

whereas cDC2s showed increased expression of LCK, CD3D, and CD247. In contrast, PTGS2

and SOCS3 were downregulated in cDC2s.

While the involvement of ICOS, CD3D, and CD247 in PD remains relatively unexplored,

BCL6, a transcriptional repressor involved in the regulation of immune and inflammatory pro-

cesses, has previously been associated with neurodegenerative diseases [196]. Its increased

expression in the present dataset is also consistent with previous observations in PD [197]. LCK

has similarly been implicated in PD-associated immune processes, including the promotion

of Th17 cell differentiation [198, 199]. In addition, SOCS3 has been associated with neuroin-

flammation and PD pathology [200, 201]. Interestingly, SOCS3 showed opposing expression

patterns between the two cell populations, being upregulated in CD4+ TEMs and downregulated

in cDC2s, suggesting that its regulation may be dependent on the cellular context.

Interestingly, the majority of CD4+ T-cells expressed CAMK4 and BCL11B (Figure S8e),

which are not commonly used as markers of this cell population. However, BCL11B is a crucial

commitment factor during T-cell development from haematopoietic precursors, where it con-

tributes to the repression of alternative lineage programmes following initial T-cell specification

by other transcription factors [202]. At the same time, BCL11B participates in a network of

interacting transcription factors involved in neuronal development and cortical layer specification

[70, 203]. This pleiotropic role of BCL11B illustrates an important characteristic of GRB target

genes: their expression across different developmental and cellular contexts requires precise

spatio-temporal regulation mediated by extensive regulatory landscapes. A prominent example
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is an enhancer located in a gene desert approximately 850 kb downstream of BCL11B, which

was shown to interact with BCL11B, but not with other nearby genes. Functional reporter

assays further demonstrated that this enhancer directs BCL11B expression in T-cells, but not in

non-T-lineage haematopoietic cells [164].

Additionally, BCL11B was significantly upregulated in PD compared with CTRL samples,

although the magnitude of the expression difference was small (Table 4.8). Several other GRB

target genes were also differentially expressed in PD (Supplementary Table S6), suggesting

that altered expression of genes under extensive long-range regulatory control may be relevant

in this cellular context. Further investigation of these genes and their regulatory landscapes in

specific immune cell populations could therefore provide additional insight into the contribution

of long-range regulation to immune dysregulation in PD.

This study provides insight into specific immune cell subtypes associated with PD, however,

several limitations should be considered. Although enrichment facilitated the detection of rare

cell populations, analysis of selected immune fractions does not capture the complete peripheral

immune profile and limits the investigation of interactions between targeted and non-targeted

cell populations. Complementary analysis of the total PBMC population could therefore provide

a broader representation of immune alterations associated with PD.

Magnetic separation also resulted in incomplete sample purity, as demonstrated by the

presence of several non-target immune cell populations within the CD4+ T-cell- and DC-

enriched fractions. Future studies could employ fluorescence-activated cell sorting to obtain

populations of greater purity. Nevertheless, the use of SC-seq allowed individual cell populations

to be distinguished and analysed separately despite these limitations, avoiding the averaging of

gene expression across mixed cell populations inherent to bulk RNA sequencing.

The annotation of CD4+ T-cell subtypes was additionally limited by the specificity of the

marker genes available in the reference dataset, resulting in several CD4+ T-cell populations

clustering together. Inclusion of more subtype-specific markers, including the transcription

factors TBX21, GATA3, and RORC, or cytokines such as IFNG, IL4, and IL17A, could improve

the resolution of CD4+ T-cell heterogeneity [204]. Finally, although the cohort size was

comparable to other single-cell studies in the field, larger cohorts would increase statistical



Ocje
na

 ra
da

 

u t
ije

ku
!

Chapter 5. Discussion 87

power, facilitate the detection of rare cell populations, and provide a better representation of

inter-individual variability [120, 157, 205].

Additional limitations relate to the availability of detailed pharmacological and clinical

information, both not always systematically recorded in routine clinical practice. Although all

patients received comparable anti-Parkinsonian treatment and were screened to exclude recent

infections, vaccinations, or biological therapies, subtle effects of unreported medications on

peripheral immune profiles cannot be excluded. Nevertheless, the relatively consistent clinical

background and careful inclusion criteria likely reduced the influence of these factors. Future

studies incorporating detailed pharmacological records, standardised cognitive assessments,

and α-synuclein biomarkers could help identify additional associations and provide a more

comprehensive understanding of peripheral immune alterations in PD.

Using exome sequencing data, we extended the analysis beyond coding variants and identified

additional non-coding variants which may aid interpretation of PD. These non-coding variants

overlap GWAS associated loci, and for some traits, these loci were more likely to fall into

GRBs (Figure 4.23c). This result suggest a potential long-range involvement of these non-

coding variant, demonstrating that targPred may be utilised in this case for generating additional

hypothesis.
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6 Conclusion

The work presented in this thesis was fully incepted and funded by the Croatian Science

Foundation project“Exploring Interactions Between Regulatory Variants in Human Disease

Context (IntRegVar)”, with main objective to improve prediction of enhancer-promoter activity

associations, achieved by development of the targPred method and accompanying web-based

resource.

6.1 Development of targPred

Starting from a proof of concept on a single disease phenotype and a basic association score

presented in Barešić et al. [70], in this work we developed the targPred method by combining the

genomic framework of GRBs with enhancer–promoter associations derived from transcriptional

activity and applied it systematically to the GWAS Catalog. In terms of methodology, original

association calculation was improved to both enhancing and repressive scenarios, and a web-

based resource was created enabling browsing the results and querying in a user-friendly way,

aimed at users with little bioinformatic experience.

Using this framework, we identified disease-associated variants with a potential role in long-

range regulation and linked them to distal target genes that may be overlooked by conventional

nearest-gene assignment. Application of targPred across a broad range of phenotypic traits

revealed that certain traits are enriched with long-range regulation. In particular, a broad range

of psychiatric disorders showed a high propensity for long-range regulation, consistent with

previous findings that genes involved in neuronal development and function are frequently under

extreme long-range regulatory control. However, this pattern was not restricted to neuronal

phenotypes, we found evidence for long-range regulation also across immune, metabolic,

88
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cardiovascular and cancer-related traits. These findings demonstrate that consideration of the

wider regulatory landscape can provide an additional layer of biological interpretation for

non-coding GWAS associations.

6.2 Applications of targPred on examples with clinical rele-

vance

The utility of the GRB framework was first explored in HNSCC using a multi-omics approach.

We found that the density and distribution of CpGs differ significantly between GRBs and

non-GRB regions and that aberrant DNA methylation in cancer is associated with altered

expression of GRB target genes. Since GRB target genes frequently encode developmental

and differentiation-related transcription factors, disruption of their tightly controlled regulatory

network may have important consequences for tumour development and progression. These

results demonstrate that the GRB concept and the regulatory architecture surrounding GRB

target genes are also relevant for interpreting epigenetic alterations in disease. Furthermore,

investigating the epigenetic patterns of enhancers involved in long-range regulation represents

a potential avenue for future research. Extending this approach to other cancer types may

provide further insight into the contribution of disrupted long-range regulation to their molecular

aetiology.

Additionally, the role of GRB target genes was investigated in immune cells of patients with

PD. Multiple GRB target genes were differentially expressed in immune cell populations in PD

patients, indicating that genes under extensive long-range regulatory control may also contribute

to the altered peripheral immune landscape associated with the disease. Of particular interest

was BCL11B, which was differentially expressed in CD4+ T-cells and is known to be regulated

by enhancers located at extreme genomic distances from its promoter. BCL11B is an important

regulator of T-cell development, while also having essential functions in neuronal development.

The single-cell approach enabled the expression of GRB target genes to be examined in specific

immune cell populations, providing a more detailed view of their potential involvement in

PD-associated immune dysregulation. In the future, integration with single-cell chromatin
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accessibility data, such as scATAC-seq, could complement these findings by characterising the

regulatory landscape of GRBs in individual cell types and providing further insight into the

regulatory elements controlling GRB target gene expression.

6.3 Future prospects

With the targPred resource built and its utility demonstrated through aforementioned examples,

several directions of further work are planned.

From the methodological side, the association method, while improved and producing

promising results as demonstrated in Mandić et al. [73], relies on several other computational

methods, each with own pitfalls and compromises. The GRBs used here are based on human-dog

comparison, and while these were considered to be of high quality, other pairwise comparisons

to human could be considered, or a combined method using several comparisons at the same

time. Methods for the definition of genome-wide regulatory elements are still under active

development, and while CAGE-based enhancerome [22] is considered to be technically robust

and biologically relevant, due to the wide complexity of the dataset, sets created from other

genomic experiments could be used (ATAC-seq, ChIP-seq, various chromatin capture approaches,

etc.). It is worth noting here that various approaches of AI-based predictions of regulatory

sequences are under active development by the author’s group and elsewhere, and this field is

expected to contribute some interesting predictors utilising various datasets in the near future.

The genomic prediction methods can be as good as the data provided in the process of

learning. Indeed, at the inception stage of targPred in 2022, it was built on the then available

version of the GWAS Catalog. All the results presented here originate from the recent update

of the tool, recalculated on the February 2026 data freeze. The latest data doubled in amount

compared to the 2022 version, and this growing rate is only expected to accelerate [51, 52]. With

that in mind, data maintenance is crucial to ensure that targPred keeps up with the biological

complexity available for analysis, and an automation of data acquisition from the GWAS Catalog

is planned, to facilitate regular updates. However, it is worth noting here that the true utility

of this tool will not be possible unless a functionality to process individual variant files is
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implemented, as showcased in the PD example. To that end, targPred is built in mind to have an

on-the-fly enhancer-promoter association calculation, for any variant previously unreported in

common GWAS sets.

Finally, as previously stated, targPred is built for use by the clinical genomics community, as

well as research purposes. Due to this intended breadth of use, the tool needs to be presented to

a broad audience and motivated to provide feedback on intended use and issues. An example of

such successful collaboration with clinician that spans beyond this thesis can be found in our

recent work [206] driving expansion of targPred in visualisations, documentation, and access

options. Several future directions of improvement are planned, including exploration of an AI

agent to aid in accessing the associations for lay users.

Taken together, this thesis provides several lines of evidence supporting the use of GRBs

and their target genes as a framework for interpreting gene regulation in human disease. Across

genetic variation, cancer-associated epigenetic alterations and disease-related transcriptional

changes, the results consistently demonstrate the importance of considering regulatory relation-

ships beyond genomic proximity. Importantly, the GRB framework can be integrated with al-

ready available genomic, epigenomic and transcriptomic datasets without the need for additional

experimental data, while providing biologically informed hypotheses about enhancer–promoter

relationships and distal target genes.
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Summary

More than 95% of disease-associated variants identified in genome-wide association studies

(GWASs) fall into non-coding regions of the genome, making it difficult to discern the affected

gene or the molecular mechanism. Often, the gene nearest to the variant is implicated as

the candidate gene; however, this view is simplistic and does not take into account the three-

dimensional organisation of the genome. The variant and gene may be distal in the linear genome

and come into close physical proximity, making it even more complicated to pinpoint the exact

affected gene. To tackle this problem, this thesis utilises findings from comparative genomics

that revealed non-coding regions that show an extreme level of evolutionary conservation and

have a regulatory role. These conserved non-coding regions are clustered together in arrays of

synteny named genomic regulatory blocks (GRBs). GRBs form a regulatory landscape for one

important developmental target gene while other genes in the region are typically not responsive

to the regulatory elements. GRBs may span several megabases in genomic length and facilitate

long-range regulation, and can thereby be utilised to interpret disease-associated variants found

through GWAS. Furthermore, GRBs have a role in complex disease and this work systematically

applies the GRB approach on the whole GWAS Catalog to identify phenotypic traits which have

a propensity for long-range regulation of transcription activity, and genomic localization of loci

within GRBs. Moreover, additional high-throughput molecular data is analysed in greater detail

for two examples: head and neck squamous cell carcinoma and Parkinson’s disease.
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Sažetak

Više od 95% varijanti povezani s bolestima utvrd̄eni u cijelogenomskim asocijacijskim studijama

(GWAS) nalazi se u nekodirajućim regijama genoma, što otežava odred̄ivanje ciljnog gena ili

molekularnog mehanizma djelovanja. Često se gen koji je najbliži varijanti implicira kao gen

kandidat, ali, ovaj jednostavan pristup ne uzima u obzir trodimenzionalnu organizaciju genoma.

Varijanta i gen mogu biti udaljeni u linearnom genomu i fizički doći u blizinu, što otežava točno

odred̄ivanje ciljnog gena. Kako bi riješila taj problem, ova teza koristi nalaze iz komparativne

genomike koje su otkrile postojanje nekodirajućih regija koje imaju ekstremnu evolucijsku

očuvanost te imaju regulatornu ulogu tijekom transkripcije gena. Ove očuvane nekodirajuće

regije su grupirane u sintenske nizove koji se nazivaju genomski regulatorni blokovi (GRB-ovi).

GRB-ovi formiraju regulatorni krajolik za jedan važan razvojni gen dok drugi geni iz te regije

su uglavnom neosjetljivi na regulatorne elemente. GRB-ovi mogu imati raspon od nekoliko

megabaza genomske duljine i omogućavati regulaciju dalekog dometa. Nadalje, GRB-ovi imaju

ulogu u kompleksnim bolestima te se u ovom radu sustavno primjenjuje GRB pristup na cijeli

GWAS katalog kako bi se utvrdila fenotipska svojstva koja imaju sklonost regulaciji transkripci-

jske aktivnosti dalekog dometa te genomske lokalizacije lokusa unutar GRB-a. Takod̄er, dodatni

molekularni podaci generirani visoko-propusnim metodama su detaljnije analizirani za dvije

reprezentativne bolesti: karcinom pločastih stanica glave i vrata i Parkinsonovu bolest.
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2024– - Research assistant at the Laboratory for Computational Biology and Translational

Medicine, Division of Computing and Data Science, Rud̄er Bošković Institute, Zagreb, Croatia
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grative analysis of multi-omics data identifies microRNA or DNA methylation as

independent epigenetic driving forces in HNSCC.

Poster presentation at the EMBO Workshop: Epigenome Inheritance and Reprogram-

ming in Health and Disease, Mediterranean Institute for Life Sciences, Split, Croatia,

September 22–26, 2022.
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A Supplementary Figures

Figure S1. a) Principal components 3-10. b) Sample distance heatmap using Euclidean metric.
Adapted from Mandić et al. [103].
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Figure S2. Kaplan–Meier plots comparing overall survival between HPV-positive and
HPV-negative patients and between oral and oropharyngeal tumour locations. Adapted from
Mandić et al. [103].
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Figure S3. a Genomic neighbourhood of the GRB (chr4:113582644-114604487) with the
target gene ANK2. Locus (chr4:114384328-114523729) overlaps two variants (rs55754224,
rs6829664) associated with atrial fibrillation, with GWAS assigning the CAMK2D gene. b
Two-sided expression matrix consisting of enhancers overlapping the locus and genes found in
the region. Adapted from Mandić et al. [73].
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Figure S4. tSNE donor overlay. Each tSNE projection represents a single sample. Samples
are grouped according to disease status and sex as follows: 1, male PD; 2, female PD; 3, male
CTRL; and 4, female CTRL. PD, Parkinson’s disease; CTRL, control; M, male; F, female.
Adapted from Meglaj Bakrač et al. [155].
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Figure S5. Exclusion of sample S29 based on quality control metrics. a Scatter plot showing
sample S29 (blue) with the lowest fraction of reads assigned to cells and the highest estimated
cell count. b Sample S29 exhibited the lowest mean number of reads per cell together with a
low median number of detected genes per cell. c Mean prediction confidence scores calculated
from reference-based annotation for the major cell populations (CD4+ T-cells, DCs, monocytes,
and NK cells). Sample S29 (red line) consistently showed the lowest confidence scores across
all cell populations. Adapted from Meglaj Bakrač et al. [155].



Ocje
na

 ra
da

 

u t
ije

ku
!

Appendix A. Supplementary Figures 126

Figure S6. Scatterplots comparing log2FC values obtained using the single-cell approach (x-axis)
and the pseudobulk approach (y-axis). Only genes reaching the significance threshold in the
PD versus CTRL comparison using the single-cell approach (Bonferroni-adjusted p < 0.05 and
| log2 FC|> 0.5, FindMarkers) were included. Log2FC values from the pseudobulk analysis
were calculated using a standard DESeq2 pipeline. Adapted from Meglaj Bakrač et al. [155].
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Figure S7. Comparison of gene expression profiles between the generated single-cell dataset
and publicly available bulk RNA-seq and PBMC single-cell reference datasets. Scatter plots
showing the relationship between gene expression levels, with Spearman’s correlation coefficient
(ρ) calculated for each comparison. a Bulk RNA-seq comparison for CD4+ T-cells. b Bulk
RNA-seq comparison for DCs. c PBMC single-cell comparison for CD4+ T-cells. d PBMC
single-cell comparison for DCs. Statistical significance was assessed at p < 0.05. Adapted from
Meglaj Bakrač et al. [155].
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Figure S8. Extended cell type annotation. a Initial cell type annotation obtained using the
reference-based approach. b Annotation confidence scores highlighting a subset of low-
confidence CD4+ T cells that were excluded from downstream analyses. c tSNE projection
highlighting cells originating from sample S13, which contained only the CD4+ T-cell fraction.
d Feature plots showing the expression of marker genes used to identify monocytes (CD14,
CD68, S100A9) and NK cells (NKG7, GNLY, NCAM1). e Feature plots showing the expression
of CAMK4 and BCL11B across the majority of CD4+ T cells. Higher expression levels are
indicated in purple. Adapted from Meglaj Bakrač et al. [155].
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Figure S9. Differentiation trajectory analysis of a CD4+ T-cells and b DCs. As cDCs and pDCs
do not originate from a shared progenitor, they do not form a common branching trajectory.
Adapted from Meglaj Bakrač et al. [155].
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B Supplementary Tables

Table S1. Mapping rates and observed fragment counts for RNA-seq samples.

Sample Mapping rate (%) Observed fragments

KBD10_quant 88 20,987,077
KBD11_quant 89 26,268,283
KBD13_quant 81 26,501,942
KBD15_quant 91 26,506,063
KBD16_quant 91 21,451,086
KBD17_quant 92 25,220,897
KBD18_quant 91 26,211,943
KBD21_quant 89 25,593,932
KBD2_quant 89 22,734,666
KBD3_quant 92 24,431,441
RNA10T_quant 84 27,502,903
RNA16T_quant 89 26,865,842
RNA3T_quant 82 27,068,651
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Table S3. Differences in the proportions of CD4+ T-cell and DC subtypes between PD and
CTRL groups tested using Wilcoxon Rank Sum. No significant differences (p < 0.05) were
detected for any subtype.

Cell type Cell subtype Median PD Median CTRL p-value

CD4 T CD4 naive 0.158 0.154 0.980
CD4 T CD4 TCM 0.629 0.619 0.596
CD4 T CD4 TEM 0.076 0.080 1.000
CD4 T Treg 0.102 0.100 0.900

DC cDC1 0.064 0.092 0.091
DC cDC2 0.402 0.484 0.561
DC pDC 0.556 0.462 0.241

PD, Parkinson’s disease; CTRL, control; TCM, central memory T-cell; TEM, effector memory T-cell; Treg,
regulatory T-cell; DC, dendritic cell; cDC, conventional dendritic cell; pDC, plasmacytoid dendritic cell.

Table S4. Variant carrier counts in Parkinson’s disease (PD) and control (CTRL) samples, with
corresponding Fisher’s exact test p-values and BH-adjusted p-values.

Variant ID PD CTRL p-value Adj. p-value

chr2:207014657:TAAAA:T 18 1 0.0472 1.000
chr3:108102586:T:TA 29 4 0.0889 1.000
chr2:241696840:ATCC:A 42 8 0.134 1.000
chr7:44558268:CA:C 15 1 0.0974 1.000
chr5:118500981:TAA:T 22 3 0.155 1.000

PD, Parkinson’s disease; CTRL, control; Adj. p-value, Benjamini–Hochberg-adjusted p-value.

Table S5. Enrichment of loci associated Parkinson’s disease-related traits within GRBs, with
corresponding binomial test p-values and BH-adjusted p-values. Loci included in this test
overlap non-coding variants found in the exome sequence analysis.

Mapped trait p-value Adj. p-value

Insomnia measurement 0.0197 0.0737
Neuroticism measurement 6.86×10−9 1.03×10−7

Cognitive function measurement 1.04×10−6 7.84×10−6

Insomnia 0.00302 0.0151

Adj. p-value, Benjamini–Hochberg-adjusted p-value; GRB, genomic regulatory block.
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Table S6. GRB target genes that are differentially expressed in CD4+ TCM and cDC2 cells.
Complete differential expression statistics are provided in Supplementary Data 13.

Cell subtype Genes

CD4+ TCM RPL7, ARHGAP15, RORA, PAG1, SORL1, DPYD, RUNX1, CITED2,
S1PR1, BHLHE40, CXCR4, ZFP36L1, RBMS1, RUNX3, ZBTB20, ETV6,
PPP3CA, BCL11B, MAP4K1, SOCS3, FOXN3, ARRDC3, SMARCA2,
CELF2, MAF, ARHGEF1, SAMSN1, CD28, NR3C2, MBNL1, FYN,
LRIG1, ARL15, RASGRP2, RUNX2, IRF2BP2, MID1IP1, FLI1, EXOC4,
CLTC, ARNTL, MBNL2, CALM2, NR1D1, FBXW7, CD40LG, CUX1,
DNAJC1, MTIF3, PURA, RFTN1, GREM2, CCND2, CTNNB1, GATA3,
XPO1, NFIA, ZBTB38, ZSWIM6, CDK4, CD200R1, MDGA1, RPA3,
NFKB2, IFT57, RNF220, ACVR1, NOL4L, ALCAM, PPM1A, GCH1,
TMEM167A, ERF, KLHDC3, LMO4, SAR1B, PBX3, CD63, TRIM8,
PJA1, FAM53B, TM2D1, GLRX3, TLE4, SHQ1, MLLT3, AFTPH,
PLXNA4, HS3ST3B1, DDX1, HMGN3, ARID3B, OGFRL1, KIF16B,
RARG, VEGFB, HNRNPR, ARHGAP35, SLC44A1, C5orf24, ANKUB1,
MEA1, LY75, CD83, CRIPT, RASGEF1B, SLC38A2, VMA21, JAZF1,
ATP2A2, ZNF574, GBE1, ELL2, CDC42EP3, CHCHD7, POLR3A,
PLXNC1, JADE1, SMIM20, EIF2B2, ZBTB16, SPRY1, CXCR5

cDC2 DPYD, FOS, ARHGAP15, MBNL1, RPL7, BCL11B, ZFP36L1, EXOC4,
SAMSN1, ZBTB20, SOCS3, ANXA1, ETV6, FOXN3, NR4A2, MEF2C,
FZD2, RBMS1, LEF1, CUX1, BHLHE40, FYN
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C Supplementary Data

The following supplementary datasets are available externally due to their size and/or because

they have previously been published.

Supplementary Data 1. Quality control metrics and mapping results for SC-seq. The dataset

is available as Supplementary Data 1 in Meglaj Bakrač et al. [155].

Supplementary Data 2. Complete list of validated SNP–gene associations. The dataset is

available as Supplementary Table 3 in Mandić et al. [73].

Supplementary Data 3. Complete list of predicted enhancer–gene associations for all three

computational methods. The dataset is available as Supplementary Table 5 in Mandić et al. [73].

Supplementary Data 4. Gene set enrichment analysis of all DEGs in HNSCC tumour versus

controls. The dataset is available as Supplementary Table 3 in Mandić et al. [103].

Supplementary Data 5. Complete list of DEGs in HNSCC tumour versus controls. The

dataset is available as Supplementary Table 2 in Mandić et al. [103].

Supplementary Data 6. Result of DM analysis on CpG sites. The dataset is available on

Figshare repository https://doi.org/10.6084/m9.figshare.24722268.

Supplementary Data 7. Result of DM analysis on CGIs. The dataset is available as Supple-

mentary Table 5 in Mandić et al. [103].

Supplementary Data 8. Gene set enrichment analysis of genes with DM promoters. The

dataset is available as Supplementary Table 7 in Mandić et al. [103].

Supplementary Data 9. Gene set enrichment analysis of DEGs categorized based on their

involvement with DM promoters, association with DEmiRs, or both. The dataset is available as

Supplementary Table 8 in Mandić et al. [103].

Supplementary Data 10. Gene set enrichment analysis result on 11 clusters of integrated

134

https://doi.org/10.6084/m9.figshare.24722268
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Appendix C. Supplementary Data 135

DEGs. The dataset is available as Supplementary Table 9 in Mandić et al. [103].

Supplementary Data 11. Table of integrated DEGs DEmiRs and DM CGIs in TCGA dataset.

The dataset is available as Supplementary Table 10 in Mandić et al. [103].

Supplementary Data 12. TCGA gene set enrichment analysis result on 12 clusters of inte-

grated DEGs. The dataset is available as Supplementary Table 11 in Mandić et al. [103].

Supplementary Data 13. Complete list of differentially expressed genes between PD and

CTRL in analysed cell subsets. The dataset is available as Supplementary Data 2 in Meglaj

Bakrač et al. [155].

Supplementary Data 14. Complete list of gene set enrichment results in analysed cell types.

The dataset is available as Supplementary Data 3 in Meglaj Bakrač et al. [155].
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