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Abstract 

Complex diseases arise from an intricate interplay of genetic, environmental, and lifestyle 

factors, making them difficult to decipher. Integrating multiple molecular layers such as 

genomics, epigenomics, transcriptomics, and proteomics enables a more comprehensive 

understanding of disease mechanisms. While this multi-omics perspective offers 

unprecedented opportunities, it also introduces major challenges in data integration and 

interpretation. In this context, machine learning (ML) represents a powerful tool to analyze 

heterogeneous datasets, uncover hidden patterns, and prioritize features most relevant for 

diagnosis, prognosis, and therapeutic development. 

This thesis is structured around three projects aimed at exploring how multi-omics data and 

machine learning can be combined to advance the study of complex diseases. 

In the first project, we investigated stochastic epigenetic mutations (SEMs) as biomarkers of 

disease reactivation in Juvenile Idiopathic Arthritis (JIA). We demonstrated that SEM burden 

can both reflect and precede clinical reactivation among patients with otherwise 

indistinguishable clinical profiles. Furthermore, by adopting a multi-omics approach, we 

identified candidate epigenetically-driven differentially expressed genes and prioritized 

potential therapeutic targets. 

In the second project, we developed machine learning models to predict cell type-specific 

regulatory variants contributing to Alzheimer’s disease heritability. These models enabled the 

identification of novel candidate expression Quantitative Trait Loci (eQTLs) and risk genes, 

offering new perspectives on the molecular mechanisms underlying the disease. 

In the third project, we investigated Syndrome of Undifferentiated Recurrent Fever (SURF) 

through a hierarchical integration of genome-wide analyses and multi-omics QTL approaches. 

This integrative strategy enabled the identification of candidate molecular mechanisms linking 

genetic variation to inflammatory pathways and refining disease-specific biomarkers. 
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1. Background 

 

1.1.  Complex diseases 

Complex diseases, also known as multifactorial diseases, are pathological conditions that arise 

from a combination of genetic, environmental, and lifestyle factors [1]. Unlike monogenic 

diseases, which are caused by a single genetic mutation, these conditions do not follow simple 

Mendelian inheritance patterns, and inherited risk factors alone are not sufficient to predict 

disease development [2]. 

Examples of complex diseases include Alzheimer’s disease, diabetes, various forms of cancer, 

autoimmune and autoinflammatory disorders such as arthritis and certain recurrent fever 

syndromes, as well as neurodevelopmental conditions such as autism. What characterizes all 

these conditions is the intricate interplay between inherited genetic predisposition and 

environmental exposures (e.g., diet, smoking, infections), which may act through epigenetic 

and regulatory mechanisms. 

A major challenge in studying multifactorial diseases is that the effect of any single factor may 

be obscured or confounded by others [1,2]. This complexity arises from the multifaceted nature 

of disease etiology, encompassing several phenomena that interact among each other and 

complicate genetic analysis.  

The polygenicity of these diseases implies that multiple genetic variants, each conferring a 

modest effect, must be present before a pathological condition manifests [3]. At the same time, 

different genetic loci can converge on common molecular pathways, leading to similar disease 

phenotypes [4]. 

Moreover, epistatic interactions can modulate the overall effect of genetic variants, producing 

context-dependent outcomes that vary across individuals. Environmental vulnerability and 

gene-environment interactions add another layer of complexity, where genetic predispositions 

may only manifest in the presence of specific environmental triggers or conditions. 

Furthermore, common and rare variants together shape the genetic architecture of complex 

traits, where numerous small-effect alleles perturb interconnected biological networks rather 
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than single genes [5]. This network-based view suggests that disease emerges from subtle, 

system-level perturbations rather than isolated mutations. 

Additionally, developmental and age-related gene expression patterns imply that the timing of 

gene activity during critical life stages can significantly influence disease manifestation, while 

general aging processes can alter gene function and mutation rates over time. Each of these 

factors can act independently or in combination, often in a context-dependent manner, making 

it difficult to isolate the contribution of individual genes [2,3]. 

To address these limitations, research on complex diseases should move toward integrative 

approaches to assess the joint contribution of multiple genetic, molecular, and environmental 

components. Rather than focusing on individual elements, this comprehensive view aims to 

capture their combined and interacting effects, which ultimately determine disease 

susceptibility and progression. Such a holistic approach is essential for deciphering the 

biological complexity that characterizes complex diseases. 

 

1.2. Genetic approaches 

1.2.1. Genome-wide association studies 

Genome-wide association studies (GWAS) have represented a significant breakthrough in 

identifying common genetic variants associated with complex traits [6]. GWAS are hypothesis-

free methods that aim to detect statistical associations between genetic variants and phenotypic 

traits by testing whether allele frequencies differ between ancestrally similar but phenotypically 

distinct individuals [7]. Although GWAS can in principle include different forms of genomic 

variation, such as copy number variants (CNVs) or sequence variations, they most commonly 

focus on single-nucleotide polymorphisms (SNPs), which are the most abundant form of 

variation in the human genome. 

Since the first large-scale GWAS by the Wellcome Trust Case Control Consortium [8], more 

than 5,700 studies conducted across over 3,300 traits have been published [7,9]. These efforts 

have revealed tens of thousands of robust associations, clarifying the polygenic architecture of 

complex diseases and providing mechanistic insights into disease biology. Early studies 

revealed key associations such as CFH in macular degeneration [10], PTPN22 in autoimmune 

diseases [11,12], FTO in obesity [13], and IL-12/IL-23 signaling in Crohn’s disease [14], 
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exemplifying the clinical impact of GWAS discoveries [15]. Collectively, GWAS findings 

have been instrumental in highlighting disease-relevant genes and pathways, and supporting 

drug target discovery and repurposing for complex diseases [16]. 

However, GWAS have notable limitations. These studies mostly rely on SNP arrays that 

interrogate only a pre-selected subset of genetic variants, predominantly common variants 

(typically with minor allele frequency > 5%), making them underpowered for discovering rare 

variants with potentially larger effect sizes [3]. Moreover, many GWAS hits fall in non-coding 

regions, complicating functional interpretation [17], and often encompass multiple variants in 

linkage disequilibrium (LD), which hinders the identification of causal variants [18]. 

Additionally, GWAS typically explain only a modest proportion of disease heritability, giving 

rise to the so-called "missing heritability" problem [19]. The proportion of variance explained 

by identified variants varies substantially across traits and for complex disorders is often less 

than 10% [20]. This discrepancy suggests that a considerable portion of genetic risk remains 

unexplained, possibly residing in rare variants, structural variations (such as CNVs, insertions, 

deletions, or inversions), gene-gene or gene-environment interactions, and other molecular 

mechanisms not captured by standard GWAS approaches. 

 

1.2.2. Beyond GWAS: next-generation sequencing and rare variant 

analysis 

To address the limitations of GWAS, next-generation sequencing (NGS) technologies [21] 

have revolutionized the landscape of genetic research by enabling comprehensive, unbiased 

assessment of genomic variation. Unlike array-based methods that interrogate only pre-selected 

variants, NGS technologies directly read DNA sequences, allowing the detection of both 

common and rare variants, as well as structural variations, and novel mutations not represented 

on genotyping arrays.  

Within the NGS framework, whole-exome sequencing (WES) selectively targets and 

sequences the protein-coding regions of the genome (exome), comprising approximately 1-2% 

of the total genome. By focusing on exons, WES provides a cost-effective strategy to capture 

variants most likely to directly affect protein structure and function, making it particularly 

powerful for identifying rare mutations in complex diseases [22]. In contrast, whole-genome 

sequencing (WGS) captures both coding and non-coding regions across the entire genome, 
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enabling a comprehensive assessment of genomic variation [23]. Compared with SNP array-

based approaches, these sequencing technologies allow the detection of both common and rare 

variants without prior selection. 

A wide variety of statistical methods have been specifically developed for rare-variant 

association analysis, differing in their underlying assumptions and in the type of data they can 

incorporate. Burden tests [24–26] aggregate the information from multiple variants within a 

gene or functional region into a single summary score, assuming that all variants influence the 

phenotype in the same direction. Weighted burden tests [27] additionally assign weights to 

variants based on their allele frequency or predicted functional impact, while adaptive burden 

tests [28–30] aim to accommodate bidirectional effects by selecting optimal weighting 

schemes. Variance-component (kernel) tests, such as C-alpha [31] and SKAT [32], also allow 

for bidirectional effects, but may be underpowered when most variants have effects in the same 

direction or when many variants are causal within a locus. To balance these trade-offs, unified 

approaches such as SKAT-O [33] combine burden and variance-component tests to achieve 

robust performance across a wide range of genetic architectures. 

To further refine association signals and address the challenge of pinpointing causal variants 

within associated loci, fine-mapping approaches have been developed. These methods aim to 

disentangle the effects of variants in LD by estimating the posterior probability that each variant 

is truly causal, given the observed association statistics and the local LD structure [18,34]. This 

process helps distinguish causal variants from non-functional tag SNPs, enabling more precise 

biological interpretation and functional validation. 

Despite these advancements, a substantial fraction of heritability remains unexplained, 

highlighting the need to incorporate regulatory, epigenetic, and environmental dimensions of 

genomic variation into disease models [35,36]. 

 

1.2.3. Quantitative Trait Locus analysis 

Insights from GWAS revealed that many disease-associated variants map to noncoding 

regions, often overlapping with putative regulatory elements such as enhancers or promoters 

[17]. This observation highlighted the need for approaches that could decipher the functional 

effects of genetic variants beyond traditional protein-coding changes. 
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Quantitative trait locus (QTL) analysis provides a framework to investigate how genetic 

variants influence phenotypic variability [37]. A QTL is defined as a genomic locus that 

contributes to variation in a quantitative trait. When the trait being measured is molecular in 

nature, we refer to it as a molecular QTL (molQTL). Several types of molQTL have been 

characterized, each capturing different layers of biological regulation: RNA expression 

(eQTL), protein expression (pQTL), splicing (sQTL), methylation level (meQTL), chromatin 

accessibility (caQTL), histone modification (hQTL), and many others [38]. 

Molecular QTL analyses have proven crucial for linking genetic variation to intermediate 

molecular phenotypes, thereby offering mechanistic insights into how genetic variants exert 

their effects on complex traits and diseases. However, given that multiple traits may be 

associated with the same genomic region, a major challenge lies in disentangling whether a 

molecular QTL and a disease association signal share the same causal variant, or instead reflect 

distinct variants in LD [39]. 

To address this challenge, statistical colocalization methods have been developed [40–42]. 

These approaches aim to test whether the same genetic variant is likely responsible for two 

distinct associations, typically one with a molecular trait (e.g. DNA methylation, chromatin 

accessibility, gene expression) and the other with a complex phenotype (e.g., disease status 

from GWAS). Colocalization helps prioritize candidate regulatory elements and effector genes 

that mediate the genetic association, thereby providing a biologically interpretable mechanism. 

In parallel, statistical approaches such as Mendelian randomization (MR) have been developed 

to assess whether molecular traits exert a causal effect on disease [43–46]. MR leverages 

genetic variants associated with a molecular trait as instrumental variables to infer the direction 

and magnitude of causal effects on disease risk. When supported by colocalization evidence 

indicating that the same variant underlies both associations, MR provides stronger evidence for 

causal mediation rather than mere correlation due to LD, enhancing the biological 

interpretability of molecular QTL-disease relationships. 

Large consortia like GTEx [47] and eQTLGen [48] have enabled the systematic identification 

of molecular QTLs across diverse tissues, developmental stages, and cell types. These large-

scale efforts have revealed that regulatory effects are highly context-specific. For instance, a 

genetic variant may act as an eQTL, meQTL, or caQTL only in certain immune cell types, 

developmental windows, or environmental conditions. This context-dependency has major 

implications for interpreting GWAS findings, especially in complex diseases with strong tissue 
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or cell-type specificity, such as autoimmune, neuropsychiatric, or metabolic disorders 

[47,49,50]. 

Building upon these tissue-level insights, recent developments in single-cell sequencing 

technologies have further extended QTL mapping to cellular resolution. Single-cell QTL 

studies integrating genotype with RNA-sequencing (scRNA-seq), ATAC-seq (scATAC-seq), 

or other multi-omic assays, have uncovered cell type-specific and context-dependent regulatory 

variants, revealing fine-grained mechanisms that are often masked in bulk analyses [51,52]. 

To translate these molecular insights into a functional interpretation of GWAS findings, several 

integrative frameworks have been developed. FUMA [53] maps GWAS signals to genes by 

integrating functional annotations, eQTL, and chromatin interaction data. S-PrediXcan [54] 

and SMR [55] leverage eQTL information to link predicted gene expression levels to complex 

traits, providing evidence of regulatory mediation. Similarly, eMAGMA [56] extends the 

MAGMA framework [57] by incorporating tissue-specific eQTL data to prioritize genes whose 

expression is likely influenced by trait-associated variants. Collectively, these post-GWAS 

approaches bridge statistical associations and molecular mechanisms, facilitating the biological 

interpretation of genetic signals in a tissue- and cell-type–specific context. 

 

1.3. The “multi-omics” approach 

The recognition that genetic variation alone cannot fully explain complex disease susceptibility 

has led to the emergence of multi-omics approaches, which integrate diverse molecular layers 

to obtain a more comprehensive view of disease biology [58]. The suffix “-omics” denotes the 

large-scale characterization of a set of molecules, thus “multi-omics” refers to the simultaneous 

analysis of multiple high-throughput data types, including genomics, transcriptomics, 

epigenomics, proteomics, metabolomics, and microbiomics, among many other emerging 

disciplines.  

Zitnik et al. [59] distinguished between two types of omics integration: horizontal integration, 

which analyzes the same omics data across different sample groups, and vertical integration, 

which examines multiple omics variables within the same samples. 

Multi-omics studies often overlook critical issues related to horizontal integration, despite it 

being one of the first aspects that should be addressed, particularly in multi-center studies or 
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when data are generated at different time points or with different technologies. These 

challenges include batch effects between sample groups, technical variability across datasets, 

and difficulties in ensuring data comparability when identical omics measurements are 

performed under varying experimental conditions or across different laboratories. 

Vertical integration, on the other hand, seeks to leverage the complementary information 

provided by different omics layers to build a more complete picture of biological processes. 

This integrative framework acknowledges that disease phenotypes result from dynamic 

interactions across multiple biological layers, spanning from DNA sequence variation and 

epigenetic modifications to gene expression, protein abundance, and metabolite levels. By 

capturing these interconnected molecular systems, multi-omics provides a holistic perspective 

of disease mechanisms and represents a significant advancement in the study of complex 

diseases [58]. Compared with single-omics analyses, it enables a systems-level understanding 

of pathological processes and opens new opportunities for biomarker discovery, patient 

stratification, and precision medicine. 

 

 

1.3.1. Benefits of multi-omics integration 

The integration of multiple omics layers offers substantial benefits for biomedical research by 

enabling a more comprehensive exploration of disease biology. Unlike single-omics studies, 

which are limited to one molecular dimension, multi-omics approaches allow researchers to 

trace the flow of information from the initial causes of disease, whether genetic, environmental, 

or developmental, to their functional consequences. This perspective provides a deeper 

understanding of how different biological processes interact and converge in disease 

pathogenesis [58]. 

By combining different molecular data types, it becomes possible to identify potential causal 

changes that contribute to disease onset and progression. Such integration is essential for 

distinguishing between processes that are directly involved in pathogenesis and those that 

merely represent downstream or reactive effects [60]. Furthermore, multi-omics facilitates the 

identification of reliable biomarkers for diagnosis and prognosis, as well as the identification 

of driver genes that serve as critical points for therapeutic intervention. These discoveries 
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enable more refined patient stratification, allowing the delineation of molecular subtypes that 

inform personalized therapeutic strategies and drug repurposing efforts [61]. 

Another major advantage lies in the discovery of novel drug targets. Integrative approaches 

that merge GWAS findings with QTL maps, for example, can highlight high-confidence 

effector genes that might otherwise remain undetected in single-layer analyses [60]. 

Additionally, multi-omics has proven particularly powerful in addressing disease 

heterogeneity. By uncovering molecular subgroups or refining existing classifications, it 

provides a framework for understanding and treating highly heterogeneous conditions, where 

variability across patients poses a central challenge to effective management. 

Recent analyses emphasize how rapidly the multi-omics field is expanding [62], with the 

number of publications on multi-omics integration more than doubling between 2022 and 2023 

compared to its first mention in 2002. This surge reflects not only the promise of multi-omics 

for deciphering disease mechanisms, but also its growing role in precision medicine, from early 

disease detection to the design of individualized therapeutic strategies. 

 

1.3.2. Challenges and Future Directions 

While multi-omics integration has opened new avenues for understanding complex diseases, it 

continues to face several challenges that require careful consideration and methodological 

innovation. A central issue is the heterogeneity and complexity of the data itself. Since omics 

layers are generated using diverse technologies and platforms, the resulting datasets often differ 

in structure, scale, and format. Rigorous preprocessing steps, including filtering, normalization, 

and correction for batch effects, are indispensable but can also introduce additional layers of 

complexity [61]. Another methodological limitation is the high dimensionality of multi-omics 

datasets, where the number of features is much higher than the number of samples, creating 

what is known as the "curse of dimensionality" [63]. This issue is further exacerbated in studies 

of rare complex diseases, where limited sample sizes amplify the imbalance between the 

number of features and the number of individuals. Because omics analyses involve testing vast 

numbers of variables simultaneously, statistical power is strongly dependent on both the 

number of individuals included and the magnitude of observed effects. Human studies are 

further complicated by lifestyle- and environment-related confounders, which make large and 

well-characterized cohorts essential for obtaining reliable results and minimizing false 
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discoveries [58]. Beyond statistical considerations, the challenge of distinguishing causal 

alterations from reactive or secondary changes persists. While genomic variants can often be 

assumed to precede disease onset, establishing causality in transcriptomic, epigenomic, or 

metabolomic alterations remains far more elusive, particularly in cross-sectional studies. 

The rapid growth of the field has also highlighted the need for robust analytical methodologies. 

Despite the availability of general computational frameworks, the absence of universally 

accepted gold-standard pipelines means that analyses often require customized strategies. 

These strategies must be tailored not only to the dataset but also to the specific research 

questions, and should be carefully designed before data generation begins. Moreover, 

biological considerations can limit the feasibility of multi-omics studies. For many complex 

diseases, such as osteoarthritis, Alzheimer’s disease, or type 2 diabetes, access to disease-

relevant primary tissues is often highly restricted, relying on post-mortem material or invasive 

surgical procedures [60]. 

Furthermore, issues of representation and diversity remain pressing. To date, most genetic and 

molecular studies have disproportionately focused on cohorts of European ancestry, which 

have led to biases in the interpretation and translation of findings. Addressing this imbalance 

will be critical for future research, not only to improve the global applicability of scientific 

discoveries but also to ensure equitable access to the benefits of precision medicine across 

populations [60]. Expanding the inclusion of under-represented groups will therefore be 

essential for generating a more complete and accurate landscape of human molecular variation. 

Emerging perspectives highlight further aspects that will shape the future of multi-omics. Mohr 

et al. [62] emphasized the need for integrative infrastructures capable of handling longitudinal 

data, and the development of AI-based tools for extracting clinically actionable insights. At the 

same time, ethical considerations, data privacy, and security remain central issues, with novel 

technologies offering potential solutions for safeguarding sensitive information. Meeting these 

challenges will require coordinated efforts across disciplines, from computational biology to 

clinical sciences, to translate multi-omics discoveries into routine healthcare applications. 
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1.4. Machine learning for omics data 

The integration of multi-omics data presents both unprecedented opportunities and significant 

analytical challenges. The heterogeneity, complexity, and scale of these datasets often exceed 

the capacity of traditional statistical approaches, making machine learning an essential tool in 

this field. 

Machine learning (ML) is a branch of artificial intelligence that enables algorithms to learn 

patterns and make predictions from data without being explicitly programmed. Within ML, 

deep learning (DL) refers to a family of methods based on artificial neural networks with 

multiple layers, capable of modeling highly complex and non-linear relationships. There are 

several paradigms of learning approaches, but the main subdivision is between supervised and 

unsupervised. The key distinction is that supervised learning uses labeled data to train a model 

for making predictions by learning from known inputs and outputs. In contrast, unsupervised 

learning uses unlabeled data to discover hidden patterns, structures, or anomalies within the 

data, without any explicit guidance. 

While ML is indispensable for analyzing individual omics layers, it is particularly powerful for 

integrating heterogeneous molecular profiles and capturing the intricate cross-talk between 

biological systems [64,65]. 

  

1.4.1. Dimensionality reduction methods 

One first way to tackle the high dimensionality issue of multi-omics datasets is the 

dimensionality reduction, an optional step that can be used prior to the integration, aimed at 

reducing the number of variables, thereby decreasing dataset dimensionality and noise. There 

are two types of dimensionality reduction: feature selection and feature extraction. 

Feature selection directly removes noisy and redundant variables, retaining a smaller set of 

features that are presumed to hold most of the relevant information. It enhances computing 

efficiency, reduces complexity, minimizes overfitting, and improves model interpretability. 

Feature selection methods are categorized into filter-based (e.g. RCA [66], ReliefF [67]), which 

use statistical measures independent of ML models; wrapper-based (e.g., Recursive Feature 

Elimination [68]), which repeatedly apply a predictive ML model on different feature subsets 

and keep the ones showing the best performance; and embedded methods (e.g., tree-based 
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feature importance [69], regularization methods like LASSO, Ridge and Elastic Net [70]), 

which incorporate feature selection directly into the algorithm.  

On the other hand, feature extraction methods transform the original input features into a new, 

smaller set of variables, which are linear or non-linear combinations of the initial features. The 

goal is to retain relevant information while reducing noise and redundancy, thereby decreasing 

complexity and improving computational efficiency. A drawback is that the new features may 

be less interpretable as they are no longer direct biological measurements. The most popular 

feature extraction method is the Principal Component Analysis (PCA) [71], which transforms 

the original features into a new set of uncorrelated variables called principal components, that 

explain the most variation in the dataset. Extensions like Kernel PCA [72], Bayesian PCA [73], 

Correspondence Analysis (CA) [74], and Independent Component Analysis (ICA) [75] address 

PCA's limitations (e.g., sensitivity to outliers, inability to handle non-linear trends). Most 

feature extraction methods include sparsity constraints, using regularization methods in order 

to remove useless or redundant features (e.g., Sparse PCA [76] and Sparse Canonical 

Correlation Analysis [77]). 

 

1.4.2. Multi-omics integration methods 

Several classifications of multi-omics integration strategies have been proposed in the 

literature. A widely adopted framework was introduced by Ritchie et al. [78], who 

distinguished three main categories: concatenation-based integration, where datasets are 

merged prior to analysis, transformation-based integration, in which each dataset is mapped or 

transformed into a new representation before analysis, and model-based integration, where 

each omics type is analyzed separately and the results are subsequently combined. Building on 

this foundation, Picard et al. [65] refined the terminology and extended the framework to five 

distinct integration strategies, renaming them as early (concatenation-based), mixed 

(transformation-based), and late (model-based), and introducing two additional classes: 

intermediate and hierarchical. 

● Early integration is based on the concatenation of all datasets into a single large matrix. 

This process drastically increases the number of variables while keeping the number of 

observations constant. This exacerbates challenges related to complexity, noisiness, and 

high dimensionality of the data, making learning difficult. Differences in size between 
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omics datasets can also create a learning imbalance, with algorithms spending more 

time on omics with more variables. Furthermore, this strategy ignores the specific data 

distributions of each omics, potentially leading ML models to find irrelevant patterns. 

Despite these drawbacks, early integration remains common due to its simplicity, ease 

of implementation, and the ability of ML models to directly uncover interactions 

between different biological layers. It often requires prior dimensionality reduction or 

feature selection. DL models have been frequently used in this context due to their 

flexibility and power in detecting relevant patterns. Chaudhary et al. [79] proposed an 

autoencoder framework that reduces multi-omics data dimensionality to extract 

compact DL-derived features predictive of liver cancer survival. Similarly, Xie et al. 

[80] integrated multi-omics and clinical data into a deep neural network architecture 

connected to a Cox proportional hazard model, incorporating group lasso regularization 

to enhance survival prediction accuracy in cancer patients. However, a major challenge 

with DL models is their "black box" nature, which makes interpretation difficult, a 

crucial aspect in biomedical studies. 

● The mixed integration strategy aims to overcome the limitations of early integration by 

independently transforming each omics dataset into a simpler, less dimensional, and 

less noisy representation. This new representation reduces heterogeneities between 

datasets, such as differences in type or size, and allows their combined analysis through 

classical ML models. Several transformation approaches have been proposed. Kernel-

based methods exploit implicit mappings to high-dimensional feature spaces, enabling 

linear models to capture inherently non-linear relationships. For instance, Multiple 

Kernel learning (MKL) [81] combines kernels calculated for each omics dataset to 

produce a global similarity matrix. Graph-based approaches, on the other hand, 

represent each omics dataset as a network. Integration can be achieved by fusing these 

networks into a homogeneous structure, as in Similarity Network Fusion (SNF), where 

patients are represented as nodes connected by weighted similarity edges [82]. 

Alternatively, omics can be modeled as multi-layer (or multiplex) networks, where each 

layer corresponds to a molecular level and inter-layer connections are either inferred or 

obtained from external knowledge, enabling the exploration of network topology to 

identify relevant molecules and perturbed pathways [83]. Graph representations can 

also be used to derive low-dimensional embeddings from each network, which are then 

combined and analyzed through classical ML models, while more advanced methods 
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such as Graph Neural Networks (GNN) or Graph Convolutional Neural Networks 

(GCN) are specifically designed to process graph-structured data [84]. Finally, artificial 

neural networks (ANNs) provide another strategy to learn meaningful latent 

representations from omics datasets. By processing each dataset in separate layers, 

ANNs can extract deep features, new variables learned by the hidden layers of the 

model. Unsupervised neural architectures such as autoencoders compress the data into 

bottleneck layers, generating compact representations that can then be concatenated or 

integrated through shared layers in more complex neural networks for downstream 

analysis [85]. 

● Intermediate strategies jointly integrate multi-omics datasets without requiring either 

independent preliminary transformation or simple concatenation. They generally output 

new constructed representations, one common to all omics and some specific to each 

omics, upon which further analysis can be performed. This step reduces dimensionality 

and complexity, but these methods are often used after feature selection and robust pre-

processing due to dataset heterogeneity. They are often formulated with the assumption 

that different datasets share a common latent space that can reveal underlying biological 

mechanisms. Examples include extensions of Non-negative Matrix Factorization 

(NMF) [86], such as joint and integrative NMF [87], which infer a common matrix 

describing latent relationships between each omics dataset. Other methods include 

Canonical Correlation Analysis (CCA) [88] and Co-Inertia Analysis (CIA) [89], which 

infer omics-specific factors while maximizing a joint measure like correlation. Among 

the most widely adopted approaches are latent factor models, including Multi-Omics 

Factor Analysis (MOFA) [90] and its single-cell extension MOFA+ [91], which learn 

hidden factors that capture both shared and modality-specific sources of variation, 

thereby disentangling biological from technical heterogeneity. These factors provide 

versatile low-dimensional representations that can be used for downstream tasks such 

as subgroup identification, outlier detection, data imputation, and, in the case of 

MOFA+, scalable integration of large single-cell multi-omics data with flexible sparsity 

constraints. A related approach is DIABLO (Data Integration Analysis for Biomarker 

discovery using Latent cOmponents) [92], which identifies correlated latent 

components across multiple omics while simultaneously selecting molecular features 

that discriminate between phenotypic groups, thereby enabling predictive modeling in 

new samples. Similarly, iCluster [93] employs a joint latent variable model to capture 
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associations across data types and variance-covariance structures within them, 

facilitating the discovery of clinically relevant subtypes (e.g., tumor subgroups) directly 

from integrated profiles. Overall, the main strength of intermediate methods lies in their 

ability to uncover shared inter-omics structures while retaining complementary 

information unique to each modality. 

● Late integration is the most straightforward strategy for handling multi-omics datasets, 

where ML models are trained independently on each dataset and their predictions are 

subsequently combined. The main advantage of this approach is its simplicity: it 

leverages existing tools optimized for individual omics types and avoids the difficulties 

associated with directly merging heterogeneous data. For example, Sun et al. [94] 

trained neural networks separately on gene expression, copy number variation, and 

clinical information, and then aggregated their outputs linearly to generate a single 

prediction for cancer prognosis. A more sophisticated example is MOGONET [95], 

which employs GCNs to learn from both omics features and sample similarity networks 

for omics-specific classification, then integrates these predictions through a cross-

omics discovery tensor for final classification, explicitly modeling correlations between 

omics-specific prediction spaces. However, late integration cannot capture inter-omics 

interactions, since each model is trained in isolation and no information is shared across 

omics.  

● Hierarchical strategies integrate multi-omics data by explicitly incorporating prior 

knowledge of regulatory relationships between molecular layers, reflecting the 

sequential nature of biological processes. For example, genetic variations at the 

nucleotide level can alter gene expression, which may lead to functional changes in 

proteins and ultimately manifest as phenotypic differences. By embedding this kind of 

prior biological knowledge, hierarchical methods aim to better capture the causal flow 

of information across omics. This approach often relies on external information from 

interaction databases and the literature, allowing the challenges of integration to be 

addressed separately for each dataset. Methods in this category include iBAG [96], a 

framework developed to investigate the associations between methylation, gene 

expression and patient survival. Robust Network [97] focuses on modeling the 

regulatory effects of copy number variations on gene expression, distinguishing 

between dominant cis-acting and weaker trans-acting influences. Hierarchical 

integration can also be used to infer gene regulatory networks, as shown by Zarayeneh 
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et al. [98], who combined gene expression, CNVs, and DNA methylation to improve 

regulatory interaction prediction. Finally, Fortelny and Bock [99] proposed a deep 

neural network where nodes represent biological entities such as genes or proteins and 

edges represent known interactions, with layers reflecting the flow of information in 

the cell. A key advantage of this framework is its interpretability, as activated nodes 

directly highlight the molecular drivers underlying the prediction. 

No single strategy can be considered universally optimal, as the suitability of each approach 

strongly depends on the characteristics of the datasets and the specific research objective. This 

highlights the importance of carefully balancing methodological complexity, interpretability, 

and predictive performance when designing multi-omics studies. 
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2. From theory to practice: ML approaches applied to 

multi-omics datasets in complex diseases 

 

2.1. Project 1. Stochastic epigenetic mutation profiles as 

biomarkers of clinical activity in juvenile idiopathic 

arthritis: a multi-omic machine learning approach for gene 

prioritization. 

This study was conceived within the Clinical Bioinformatics Unit at Giannina Gaslini 

Institute, in close collaboration with Dr. Giovanni Fiorito, with whom I jointly developed the 

initial idea and analytical framework. Under his scientific supervision, I designed and 

conducted all computational analyses, spanning from preprocessing of DNA methylation and 

transcriptomic data to the implementation of multi-omics feature selection pipelines and 

external validation. 

The work was carried out in close collaboration with clinical experts from the Giannina 

Gaslini Institute, who contributed providing domain expertise and clinical insights, as well as 

with external collaborators who shared datasets for validation purposes. 

In this study, we investigated juvenile idiopathic arthritis (JIA), a complex autoimmune 

disease, by combining multi-omics data and machine learning methods to uncover molecular 

mechanisms linked to disease reactivation and to identify potential therapeutic targets. 

 

2.1.1. Introduction 

Juvenile idiopathic arthritis (JIA) is a broad term that describes a group of arthritis conditions 

of unknown origin, characterized by onset before the age of 16 and lasting for more than six 

weeks [100,101]. Its pathogenesis is thought to result from a complex interplay between genetic 

and environmental factors [102]. Epigenetic mechanisms, particularly DNA methylation 

(DNAm), have been described as mediators in gene-environment interactions, potentially 

contributing to autoimmune disease onset and progression [103]. Emerging evidence suggests 
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that specific DNAm profiles could serve as biomarkers for predicting therapeutic responses in 

autoimmune diseases, including JIA [104]. 

Despite advances in treatment, a substantial proportion of JIA patients experience relapse after 

anti-tumor necrosis factor (anti-TNF) therapy withdrawal [105]. Since patients who maintain 

inactive disease (ID) are often clinically indistinguishable from those who relapse, identifying 

molecular signatures that anticipate disease reactivation remains a crucial unmet need in 

clinical management. 

Traditional approaches in epigenome-wide association studies (EWAS) commonly rely on 

linear models to detect differentially methylated regions between groups. However, these 

approaches may overlook critical biomolecular mechanisms driven by rare epigenetic events. 

To address this limitation, Gentilini et al. [106] proposed a methodological approach to identify 

rare stochastic epigenetic mutations (SEM) not shared among subjects. The total number of 

SEMs per subject, termed epigenetic mutation load (EML) [107], has been proposed as a 

biomarker of cumulative DNA damage resulting from endogenous and exogenous exposures 

throughout life [108]. SEMs and EML have been shown to increase exponentially with age and 

to associate with immune dysregulation and higher risk of complex diseases in prospective 

studies [109]. 

Additionally, other DNAm-based biomarkers of biological aging such as epigenetic clocks 

[110,111], have recently gained popularity. 

These models estimate an individual’s “epigenetic age” from a subset of CpG sites, and the 

deviation from chronological age provides a proxy of biological aging acceleration or 

deceleration [112]. Since the development of the original epigenetic clock by Horvath [110], 

several refined versions have been proposed. Current literature distinguishes between first-

generation clocks, aimed to predict chronological age, and next-generation clocks, which are 

trained to predict healthspan- or mortality-related processes [113]. In adult rheumatoid arthritis 

(RA), accelerated epigenetic aging has been observed compared to healthy controls [114]. 

However, evidence in pediatric autoimmune diseases remains scarce, as most clocks were 

trained on adult cohorts [114]. A few studies have suggested a link between accelerated 

epigenetic aging and neurodevelopmental disorders [115,116], but their relevance to pediatric 

autoimmune disease remains unexplored. 
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Building on these observations, we investigated differences in EML and several epigenetic 

clocks between JIA patients who maintained inactive disease (ID) status eight months after 

anti-TNF therapy withdrawal and those who did not (NO ID). Our aim was to identify 

epigenetic biomarkers that are predictive of clinical prognosis, as well as those that change as 

a consequence of disease reactivation.  

Furthermore, through a multi-omics approach, we leveraged ML methods to prioritize genes 

with a higher number of SEMs in NO ID compared to ID JIA patients, with the ultimate goal 

of uncovering novel molecular mechanisms underlying disease reactivation and proposing 

potential therapeutic candidates. 

 

 

2.1.2. Methods 

Dataset composition and preprocessing 

We reanalyzed a publicly available dataset of 68 JIA patients (56 polyarticular and 12 extended 

oligoarticular) from the GEO repository (GSE89253) [117]. Whole-genome DNAm and gene 

expression profiles were obtained from CD4+ T cells using the Illumina HumanMethylation450 

BeadChip and the Illumina HumanHT-12 v4.0 expression BeadChip arrays, respectively. 

Samples were collected at two time points: at anti-TNF therapy withdrawal (T0), when all 
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patients had inactive disease (ID), and eight months after the baseline (Tend), when 14 out of 

68 patients did not maintain inactive disease (NO ID) status (Table 1.1). 

 

  ID NO ID 

# of JIA patients 30 (68%) 14 (32%) 

# of Females (%) 21 (70%) 10 (71%) 

Age at T0: mean (std. dev.) 9.91 (3.55) 13.42 (3.69) 

Disease form: 

# of oligoarticular extended (%) 

# of polyarticular (%) 

  

5 (17%) 

25 (83%) 

  

1 (7%) 

13 (93%) 

Table 1.1 - Characteristics of the study population stratified by clinical activity at Tend. No 

significant differences in the distribution of sex by clinical activity (chi-squared test p = 0.99). 

Statistically significant differences in the distribution of age by clinical activity (T test p = 

0.04). No significant differences in the distribution of disease form by clinical activity (chi-

squared test p = 0.69). 

 

Twenty-four out of 68 JIA patients experienced acute disease flares at Tend. Based on the 

findings of the original study [117], which reported strong epigenetic similarities between ID 

and flare patients, these individuals were excluded from our analyses. Instead, we focused our 

comparison on ID versus NO ID patients to increase the likelihood of identifying biomarkers 

of disease reactivation at an early stage. All wet-lab procedures are detailed in the original 

publication [117].  

As a sensitivity analysis, we repeated the main analyses after aggregating flare patients with 

the ID group (ID + Flare vs. NO ID), following Spreafico et al. [117].  
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DNAm data were loaded as β-values, defined as the ratio between the fluorescence intensity of 

methylated probes and the total probe intensity. CpG sites with detection p-values greater than 

0.01 were considered unreliable and set as missing. Probes and samples with a call rate below 

95% were excluded from further analyses, and the remaining missing values were imputed 

using the median across all samples. After quality control and filtering, the dataset comprised 

338,688 CpGs across 88 samples, with no samples discarded during preprocessing. 

Transcriptomic data underwent an analogous preprocessing workflow. Transcripts and samples 

exhibiting more than 5% missing values were removed, while residual missing ones were 

imputed using the median across patients. Following these steps, 10,243 transcripts were 

retained for downstream analyses, and no samples were excluded. 

To exclude the presence of potential patient clusters with aberrant epigenetic or transcriptomic 

profiles, we performed preliminary exploratory analyses using Uniform Manifold 

Approximation and Projection (UMAP) [118] on both DNAm and transcriptomic data (see 

Figure S1 and Figure S2 in the original publication [119]). 

 

Study design 

The overall workflow is summarized in Figure 1.1. After preprocessing, we identified SEMs 

and computed EML (natural logarithm of the total number of SEMs), along with 19 epigenetic 

clocks for each patient at the two time points. 

Linear regression models were then applied to assess associations between epigenetic 

biomarkers (EML and clocks) and disease activity (ID vs. NO ID), adjusting for age and sex 

(Figure 1.1a and 1.1b). EML emerged as the most robust and statistically significant 

epigenetic biomarker distinguishing ID from NO ID patients. 

We annotated epimutated CpG sites on transcription factor binding sites (TFBSs) [120] and 

KEGG pathways [121] (Figure 1.1c) and we performed supervised feature selection using (i) 

SKAT-O [33], (ii) Elastic Net Regularized Regression [122] and (iii) eXtreme Gradient 

Boosting (XGBoost) [123] (Figure 1.1d). 

Given the modest sample size, a ML-based strategy was preferred over classical regression to 

minimize type II errors and enhance biological interpretability. Features consistently identified 

across all three algorithms were retained as robust and biologically meaningful candidates. 
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Genes mapping to multiple selected TFBSs or KEGG pathways were defined as hub genes and 

further filtered by differential expression analysis between ID and NO ID patients (Figure 

1.1e). This process yielded a final list of genes where the higher number of epimutations in NO 

ID patients corresponded to differential gene expression (named epigenetically driven up- and 

down-regulated genes in NO ID patients). 

Subsequently, the list of candidate up- and down-regulated genes was used as the input for the 

Connectivity Map (CMAP) tool [124] (Figure 1.1f) to identify compounds capable of 

reversing the disease-associated transcriptional profile. CMAP compares user-defined gene 

signatures with expression profiles induced by chemical perturbations in multiple cell lines, 

highlighting candidate drugs with opposite regulation patterns. 

Finally, results were validated (Figure 1.1g) using three independent datasets: 

1) Genome-wide DNAm profiles from CD4⁺ T cells of 56 JIA patients and 57 age- and sex-

matched healthy controls (Illumina 450K BeadChip); 

2) Gene expression data from peripheral blood mononuclear cells (PBMCs) of 17 children with 

rheumatoid factor–negative (RF−) polyarticular JIA, profiled using Illumina HumanWG-6 v3.0 

expression BeadChip at two time points: baseline (all patients with inactive disease) and 

follow-up (8 with active disease, 9 with continued inactive disease); 

3) RNA-seq data from PBMCs of 85 JIA patients spanning three clinical categories: inactive 

treated, active treated, and active untreated. 

Figure 1.1 – Schematic representation of the workflow: (a) Description of the dataset including 
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DNAm and mRNA whole-genome data from 68 JIA patients at two time points; (b) 

Identification of SEMs, computation of EML, and 19 epigenetic clocks for each patient. 

Regression models to investigate differences between ID and NO ID patients; (c) Annotation 

of epimutated CpGs to transcription factor binding sites and KEGG pathways; (d) Supervised 

feature selection using SKAT-O, XGBoost, ElasticNet machine learning to identify a list of 

candidate epigenetically-driven differential expressed genes in NO ID JIA patients; (e) 

Differential expression analysis on candidate genes selected by machine learning. (f) 

Interrogating Connectivity MAP (CMAP) tool for identification of potential therapeutic 

targets. (g) Signature validation on independent datasets. 

Figure created with biorender.com. 

 

Detection of SEMs and computation of EML 

Considering DNAm profiles of ID JIA patients at T0 as the reference, we computed quartiles 

and interquartile range (IQR) of methylation β-values for each CpG probe. SEMs were then 

identified as extreme methylation values exceeding three times the IQR: β-values lower than 

Q1-(3 x IQR) or higher than Q3+(3 x IQR) for all patients at both T0 and Tend time points. The 

EML was defined as the natural logarithm of the total number of SEMs per individual as 

described in previous studies [107]. 

 

Computation of epigenetic clocks, SEMs and EML 

Nineteen epigenetic clocks, including first- and next-generation models, were computed for all 

JIA patients to investigate their association with clinical activity.  

Each epigenetic clock was computed as a linear combination of a specific set of CpG sites with 

varying number of CpGs and weight based on the specific epigenetic clock. We considered the 

following epigenetic clocks: (i) principal components adjusted version of Horvath original pan 

tissue clock (Horvath v1), Horvath skin and blood clock (Horvath v2), Hannum, Levine’s 

DNAmPhenoAge, DNAmGrimAge and DNAmTL as described by Higgins-Chen et al. [125], 

(ii) Bernabeu and Zhang epigenetic clocks as implemented in Hillary et al. [126], (iii) 

DNAmAdaptAge, DNAmDamAge and DNAmCausAge epigenetic clocks by Ying et al. [127], 

(iv) DNAmFitAge epigenetic clock by Jokai et al. [128], the mitotic age tracking of the number 
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of stem-cell divisions proposed by Teschendorff et al. [129], and (vi) epigenetic clocks 

developed using non-linear analytical approaches like the Bayesian Neural Network (BNN), 

the pediatric buccal cells (PedBE) clock, Wu’s clock design to predict biological age in 

children, the Best Linear Unbiased Prediction (BLUP) clock, the Zhang Elastic Net (EN) clock, 

the predictor of gestational age DNAmGA, as implemented in the methylclock R package by 

Pelegí-Sisó et al. [130]. For each clock, we computed the epigenetic age acceleration (AA) as 

the residuals of the linear regression of the epigenetic age on chronological age. White blood 

cell (WBC) proportions were estimated according to the procedure implemented in the 

methylclock R package. The estimated WBC proportions, shown in Figure 1.2, confirm that 

the DNAm data were derived from CD4+ T cells. As a result, we did not adjust for white blood 

cell (WBC) proportions in our analyses, although it is a common practice in epigenetic studies. 
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Figure 1.2 – Boxplot of the white blood cell (WBC) proportion estimates according with the 

Houseman et al. approach (methylclock R package) at T0 and Tend. 

 

Association of clinical activity with epigenetic biomarkers 

The association between JIA clinical activity and epigenetic biomarkers (clocks and EML) was 

assessed using linear regression models adjusted for age and sex. Associations were evaluated 

separately at T0 and Tend, with each epigenetic biomarker treated as the dependent variable and 

clinical activity as the predictor. Effect sizes were expressed as standardized differences across 
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all epigenetic biomarkers, allowing direct comparison among measures originally expressed in 

different units. 

  

ML-based feature selection 

The first step in the feature selection process involved annotating CpG sites on TFBSs using 

ChIP-seq data generated from CD4+ T cells within the ENCODE project, via the MeinteR R 

package [131], and associating them with KEGG pathways using the KEGGREST R package. 

This resulted in aggregated data, where for each sample, we obtained the number of 

epimutations associated with 159 TFBS and 358 KEGG pathways. 

We then applied three different machine learning approaches (SKAT-O, XGBoost, and Elastic 

Net Regression) to identify the most relevant TFBSs and KEGG pathways that exhibited a 

higher number of SEMs in NO ID patients at Tend. To verify the expression of selected TFs in 

CD4+ T cells, we queried the GSE107011 dataset, which contains 114 RNA-seq samples of 

sorted immune cell populations, using the R package celldex [132]. 

The SKAT-O [33] procedure is a statistical method originally developed to test associations 

between rare genetic variants and phenotypes. In this study, we adapted it for rare epigenetic 

mutations, assuming similar underlying biological mechanisms, where the accumulation of 

epimutations leads to altered gene regulation and, potentially, disease progression. 

Specifically, the algorithm computes an empirical p-value by evaluating multiple values of ρ, 

representing the weight of a given feature. We used a grid search including 15 possible values 

of ρ equally distributed within the [0,1] interval. Empirical p-values were computed using 

‘boostrap’ option in the SKAT function from the SKAT R package [33] with n.Resampling = 

106. 

For Elastic Net Regression and eXtreme Gradient Boosting (XGBoost), we used the 

LogisticRegression class from the linear_model Python module of scikit-learn (sklearn) [133] 

and the XGBClassifier from the Python xgboost library [123], respectively. 

Before model training, we normalized features to have average 0 and standard deviation 1, 

using StandardScaler from sklearn.preprocessing). Both models were trained using a stratified 

5-fold cross-validation (StratifiedKFold from Python sklearn.model_selection), ensuring class 

balance within each fold. GridSearchCV was used for hyperparameter tuning, with the 
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“average_precision” metric to select the best-performing model based on predefined parameter 

grids. 

For ElasticNet, the LogisticRegression hyperparameters were tuned as follows: penalty was set 

to "elasticnet" and l1_ratio to 0.5, ensuring a balanced combination of L1 and L2 

regularizations. The solver hyperparameter was specified as "saga" [134], being the only solver 

compatible with the elasticnet penalty. The regularization strength (C) was tested at values of 

1 (default), 5, and 10. Stopping tolerance (tol) was evaluated at 10-4 and 10-3, and the maximum 

number of iterations (max_iter) was tested at 5,000 and 10,000 to allow the solver to converge. 

Finally, class_weight was set to "balanced" to adjust the weights to balance the different sample 

sizes in the two output classes. 

Feature importance for ElasticNet was derived from the absolute values of the model's 

coefficients, with non-zero coefficients indicating significant features. 

For XGBoost model, the XGBClassifier hyperparameters were tuned as follows: n_estimators 

was tested with 200 and 500 boosting rounds. The learning rate (eta) was tested at 0.3 (default) 

and 0.1. The L2 regularization term (lambda) was validated for 2, 1 and 0 to test regularization 

at different strengths. The colsample_bytree hyperparameter representing the subsample ratio 

of columns considered by each tree in the model was tested at 0.3, 0.5, and 0.7 rates. Finally, 

scale_pos_weight was computed using the compute_class_weight function from 

sklearn.utils.class_weight to handle class imbalance. 

Feature importance in XGBoost was determined using the 'weight' metric, reflecting how 

frequently a feature was used to split a node across trees. 

All the statistical analyses have been performed with R v4.3.3 and Python v3.12.4. 

  

 

External validation of epigenetic signature 

To validate the epigenetic component of our findings, we analyzed an independent DNAm 

dataset from a previously published study by Chávez-Valencia et al. [135]. This dataset 

comprises genome-wide DNAm profiles from CD4⁺ T cells of 56 JIA patients and 57 age- and 

sex-matched healthy controls, generated using the Illumina HumanMethylation450 BeadChip. 
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To ensure comparability between discovery and validation datasets, batch effects resulting 

from differences between the two recruitment centers were corrected using the ComBat 

algorithm [136] as implemented in the sva R package [137]. This empirical Bayes method 

adjusts for systematic technical variation while preserving biological variation of interest, 

enabling valid cross-dataset comparisons. 

Identification of SEMs, computation of EML, and annotation of epimutated CpG sites on the 

ComBat-corrected dataset were performed using the same analytical pipeline used in the 

discovery dataset. SEMs were subsequently annotated and tested for enrichment within the 

genes and TFBSs prioritized in the discovery phase using SKAT-O. Pathway enrichment 

analysis on the list of significant genes was performed using the Molecular Signature Database 

(MSigDB) [138] database via the enrichR R package [139]. 

  

External validation of transcriptomic signature 

To validate the transcriptomic findings, we analyzed two independent datasets from the GEO 

repository (GSE26112 and GSE79970), both including transcriptomic profiles from JIA 

patients. Unlike our primary dataset, these validation datasets do not include DNAm data and 

were derived from PBMCs rather than purified CD4+ T cells. 

The GSE26112 dataset included gene expression profiles from 17 children with rheumatoid 

factor negative (RF-) polyarticular JIA, measured using Illumina HumanWG-6 v3.0 expression 

BeadChip. Samples were collected at two time points: baseline (all patients with inactive 

disease) and follow-up (8 with active disease and 9 with continued inactive disease). 

The GSE79970 datasets consisted of RNA sequencing data from PBMC of 85 JIA patients 

across three clinical categories: inactive treated patients, active treated patients, and active 

untreated patients. 

For both datasets, we performed differential expression analyses using DESeq2 R package 

[140], comparing inactive vs. active JIA patients (adjusting for treatment in the GSE79970 

dataset). The resulting statistics were combined through random-effects meta-analysis using 

the metafor R package [141]. Differentially expressed genes with consistent direction of fold 

change compared to our signature have been cross-referenced with the MSigDB to investigate 

possible enrichment with JIA- and inflammation-related pathways. 
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2.1.3. Results 

Significant association between EML and clinical activity 

We investigated differences in EML and 19 epigenetic clocks by clinical status between ID and 

NO ID patients at both time points (T0 and Tend) using linear regression models adjusted for 

age and sex. In these analyses, epigenetic biomarkers were considered as dependent variables 

and the disease activity as the predictor. Effect sizes were standardized (expressed as standard 

deviation differences between the two groups) to enable comparison across different epigenetic 

biomarkers, which are originally expressed in varying units of measurement. The results are 

summarized in Figure 1.3. 

We observed higher EML values in NO ID compared to ID patients at T0 (β = 0.37; 95% CI [-

0.12–0.86]; p=0.15), with this difference becoming more pronounced and statistically 

significant at Tend (β = 0.60; 95% CI [0.13–1.07]; p=0.02). 
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Figure 1.3 – Results from the linear regression analyses presented as a forest plot. Estimates 

(with 95% confidence intervals) for the differences between ID and NO ID patients across 

various epigenetic clocks are presented at two time points, T0 (blue) and Tend (orange). EML 

values are higher in NO ID compared to ID patients at both T0 and Tend, with a statistically 

significant difference observed at Tend (β = 0.60; 95% CI [0.13–1.07]; p=0.02). Instead, no 

epigenetic clock has been found to be associated with JIA clinical activity. 
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Sensitivity analysis including flare patients 

To assess robustness, we aggregated flare patients with the ID group (ID + Flare vs. NO ID) 

and repeated the primary models. Linear regressions confirmed higher EML in NO ID at both 

T0 β = 0.52 (95% CI: 0.07–0.97; p = 0.028) and Tend β = 0.78 (95% CI: 0.43–1.13; p < 0.001). 

Effect sizes were consistent with the main analysis, with substantial overlap of confidence 

intervals and concordant directions. For the transcriptomic layer, differential expression on the 

candidate genes showed strong agreement with the discovery signature across the 104 genes in 

common (Spearman ρ = 0.98, p = 1.6 × 10-69). These findings indicate that excluding flare 

patients did not materially affect conclusions on EML or the directionality of the epigenetically 

driven transcriptomic signature. 

 

Multi-omics feature selection identified candidate genes 

Based on the above findings, we focused our investigation on EML. Linear regression results 

indicated a higher number of epimutated CpG sites in NO ID than ID patients across the whole 

genome. To prioritize the genes showing the most relevant differences between ID and NO ID 

patients, we employed three distinct feature selection approaches using SKAT-O, Elastic Net 

Penalized regression, and XGBoost. Features jointly identified by all three algorithms were 

considered robust candidates for further biological interpretation and therapeutic prioritization. 

For this analytical step, we focused exclusively on the epigenetic and transcriptomic data at 

Tend. This allowed us to focus on genes exhibiting increased epimutations likely driven by 

disease reactivation, which appears to be the predominant mechanism according to the linear 

regression results. The available sample size did not allow a gene-level comparison between 

the two groups with enough statistical power. Indeed, we conducted SKAT-O, ElasticNet, and 

XGBoost analyses, aggregating data at the gene level. 

However, this level of aggregation did not sufficiently capture significant differences between 

the two groups in the SKAT-O analysis, nor did it yield robust classification results with 

ElasticNet and XGBoost. Therefore, we annotated the epimutated CpG sites into TFBSs 

according to the ChIP-seq experiments performed by the ENCODE consortium in CD4+ T cells 

[120], and into KEGG pathways [121]. This approach allowed to aggregate epimutated CpG 

sites within 159 TFBS and 358 KEGG pathways reducing the number of features and 

consequently increasing the statistical power. 
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Using this approach, SKAT-O identified 98 TFBSs with significantly higher numbers of SEMs 

in NO ID than ID patients with false discovery rate (FDR) adjusted p-value lower than 0.1. No 

KEGG pathways reached statistical significance at this threshold (see further details in 

Supplementary Tables S1 and Table S2 in the original publication [119]). Elastic Net and 

XGBoost classification algorithms were trained using a 5-fold cross-validation framework, 

with hyperparameters optimization through grid search. Feature selection was performed by 

evaluating the importance metrics unique to each model: non-zero coefficients and the 

frequency of their use in tree splits, for ElasticNet and XGBoost, respectively. Detailed 

performance metrics for XGBoost and ElasticNet models, including F1 score, accuracy, 

precision, recall, and average precision, can be accessed at the original publication [119]. 

ElasticNet identified 61 TFBSs and 50 KEGG pathways, while XGBoost identified 48 TFBSs 

and 84 KEGG pathways. Considering the overlap among all three methods, 12 TFBSs were 

consistently selected (Figure 1.4) as the most robust features distinguishing ID from NO ID 

patients. According to the GSE107011 dataset, 10 out of the 12 TFs targeting the selected 

TFBSs were indeed expressed in CD4+ T cells. No KEGG pathway was identified by all three 

ML models. 

The 12 TFBSs were further used to identify hub genes, defined as those mapping to multiple 

selected TFBSs. In Supplementary Table S9 in the original publication [119], we listed the 

top 100 genes associated with the 12 TFBSs identified by machine learning, ranked by their 

frequency in each annotation. By using the frequency of genes annotated to multiple TFBSs, 

we observed a robust selection of hub genes with several of them being regulated by more than 

80% of the 12 selected TFBSs and the gene FOXP1 targeted by all 12. Based on the above, we 

defined the list of candidate genes as those that are targeted by at least 50% of the identified 

TFs (N=909). 

As the last step, we further prioritized genes in which a higher number of SEMs in NO ID than 

ID led to a significant difference in gene expression profile. For this step, we performed a 

differential gene expression analysis using transcriptomic data from the 909 candidate genes at 

Tend. We found 157 significant genes (FDR < 0.2), of which 80 were up- and 77 down-regulated 

in NO ID. 
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Figure 1.4 - The upSet plot showing the overlap of TFBSs selected by three different methods: 

XGBoost (xgb), ElasticNet (elastic), and SKAT-O (skat). Bars in the top panels represent the 

number of intersecting features for each combination of methods, while the bars on the left 

panels indicate the total number of features selected by each method independently. Black dots 

connected by lines indicate the specific combinations of methods contributing to the 

intersection size. 

  

Connectivity MAP identified potentially clinically actionable drugs 

We used the CMAP tool [124] to identify a list of potential drugs that counteract the identified 

signatures associated with clinical reactivation of JIA, and that could potentially be used in the 

clinical practice. Previously selected genes were used as input for CMAP and it provided a list 
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of candidate compounds, ranked by the raw connectivity score which is proportional to their 

ability to reverse the gene expression signatures associated with the disease reactivation.  

Only compounds with a FDR-adjusted q-value < 0.05 and negative normalized connectivity 

score were retained. We focused on pre-selected immune-relevant cell lines, including 

'JURKAT', 'THP1', 'K562', 'HL60', 'BJAB', 'NALM6', 'CD34'. According to these criteria, CMAP 

identified 12 candidate compounds with potential therapeutic relevance (see Table 2 of the 

original publication [119]). 

  

External validation confirmed higher EML in active JIA patients 

Application of the ComBat algorithm successfully harmonized DNAm distributions between 

discovery and validation datasets. Linear regression analyses, adjusted for age and sex, 

confirmed significantly higher EML levels in active JIA patients from the validation dataset 

compared to inactive JIA patients from the discovery set (p = 0.04), although the effect size 

was smaller than that observed in the discovery dataset. No significant difference was found 

between healthy controls in the validation dataset and inactive JIA patients in the discovery 

dataset. 

Furthermore, SKAT-O analysis revealed a significantly higher SEM burden in active JIA 

patients compared to healthy controls in 7 out of 12 TFBSs and in 16 out of 157 genes 

prioritized in the discovery set. The direction and magnitude of the SEM burden across the 12 

TFBSs were overall confirmed in the validation dataset, with a positive correlation in log2FC 

values (ρ = 0.46). Pathway enrichment analysis of genes showing higher SEM burden in JIA 

patients than healthy controls revealed enrichment in key inflammatory pathways, including 

‘TNF-alpha signaling via NF-kB’ and ‘TGF-beta signaling’, which has been previously 

implicated in JIA and rheumatoid arthritis [142–144], further supporting the biological 

relevance of our findings. 

  

External validation refined JIA transcriptomic signature revealing inflammation 

pathways 

Differential gene expression analyses on independent external datasets were performed 

comparing inactive vs. active JIA patients and combining the results through meta-analysis. 
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Among the genes in our signature, 22 showed significant differential expression (FDR-adjusted 

p-value < 0.2) with consistent direction of fold change compared to our original analysis (15 

up-regulated; 7 down-regulated genes). Gene set enrichment analysis on the reduced gene list 

against the MSigDB revealed significant enrichment in inflammatory and immune related 

pathways like ‘TNF-alpha signaling via NF-kB’, ‘KRAS signaling’, and ‘TGF-beta signaling’, 

consistent with results of the enrichment analysis on differentially epimutated genes, 

demonstrating convergent evidence between epigenetic and transcriptomic signatures across 

different validation datasets. 

 

2.1.4. Discussion 

We reanalyzed a publicly available dataset including DNAm and gene expression profiles from 

44 JIA patients at two time points: withdrawal of anti-TNF therapy (T0) and eight months later 

(Tend), when 14 patients experienced disease reactivation. 

For our analysis, we focused on comparing patients who maintained inactive disease with those 

who did not, excluding 24 patients who had acute flares at Tend. The decision to exclude “flares” 

patients from the analysis follows the observation by Spreafico et al. [117] that DNAm and 

transcriptomic profiles of flare patients closely resemble those of ID rather than NO ID patients, 

plausibly because pathogenic immune cells rapidly extravasate during acute flare events, 

leaving minimal and transient epigenetic traces in circulating cells. Based on this rationale, we 

chose to focus our comparison on ID versus NO ID patients, accepting a reduction in statistical 

power to avoid overlooking relevant biomarkers potentially masked by the inclusion of flare 

patients. Nevertheless, our sensitivity analyses demonstrated that including “flares” patients 

yielded consistent results. 

In contrast to the weighted gene co-expression network analysis (WGCNA) [145] conducted 

in the original study [117], where epigenetic variability in the major histocompatibility 

complex and T-cell functions emerged as key correlates of clinical activity, we pursued a 

complementary strategy centered on rare stochastic epigenetic events. 

 

Epigenetic mutation load as a biomarker of disease reactivation 
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Guided by evidence implicating SEMs in autoimmunity [107,146,147], we evaluated EML and 

epigenetic clocks as candidate biomarkers of JIA reactivation. EML was higher in NO ID than 

ID patients at both T0 and Tend, reaching statistical significance at Tend. These results suggest 

that elevated EML could both contribute to and result from disease reactivation, highlighting 

its potential as a predictive biomarker for monitoring disease status. The differences between 

the two groups were more pronounced at Tend, leading us to interpret the EML increase as likely 

a consequence of JIA clinical reactivation. 

Although some previous studies have already examined SEM accumulation in pediatric 

populations [148], to our knowledge, none have investigated its longitudinal trajectory to 

estimate the rate of accumulation under physiological conditions. This gap limits the ability to 

contextualize our findings against a reference healthy population. However, our results indicate 

that EML increases over time in JIA patients, with a significantly faster rate observed in NO 

ID compared to ID. Worthy of note, the presence of slightly higher EML in NO ID compared 

to ID patients at T0 (when all patients have inactive disease), despite not statistically significant, 

suggests that epigenetic changes might precede clinical symptoms. If confirmed in future 

studies, this would have important implications for early disease monitoring and a deeper 

understanding of disease etiology. By contrast, we found no evidence of association between 

epigenetic clocks and JIA clinical activity. 

  

Machine learning-driven gene prioritization 

Building on these results, we leveraged ML methods to prioritize molecular features associated 

with a higher EML in NO ID patients. Given the limited power for genome-wide gene-level 

testing (14 vs. 30 patients), we aggregated epimutated CpGs by TFBSs and KEGG pathways. 

The use of three distinct feature selection methods significantly enhances the robustness of our 

findings. We focused on features extracted by all three approaches to reduce false positive rate 

and increase the reliability of the selected biomarkers. Importantly, all three methods 

effectively addressed the class imbalance between ID and NO ID groups, avoiding possible 

bias in the results. Furthermore, hyperparameters for XGBoost and ElasticNet were properly 

tuned to mitigate overfitting issues related to the limited sample size. Our results show that the 

three algorithms demonstrated greater concordance in feature ranking when CpGs were 

annotated by TFBSs compared to grouping by KEGG pathways. Specifically, 12 different TF 
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proteins were selected by all three ML methods, 10 of which are expressed in CD4+ T cells 

according with reference dataset [149]. 

A crucial step in our gene prioritization process was the integration of epigenetic and 

transcriptomic data, enabling us to definitively prioritize genes where variations in the total 

number of SEMs corresponded to significant changes in gene expression. This multi-omics 

approach strengthens the biological relevance of the identified up- and down-regulated genes, 

allowing us to identify an epigenetically-driven gene expression signature of JIA clinical 

activity. 

  

Exploratory clinical insights from CMAP 

We used CMAP to identify potential drugs or compounds that could reverse our 

(epigenetically-derived) transcriptomic signature. Twelve statistically significant compounds 

showing a counteracting effect were found, including the avicin-g (BRD-A33746814), a 

nuclear factor kappa B (NF-kB) inhibitor. The NF-kB signaling pathway plays a key role in 

JIA by regulating the expression of pro-inflammatory genes [142]. Another significant 

compound is methyl-fasudil (BRD-K12683773), a derivative of fasudil, a well-known Rho-

kinase inhibitor. Although fasudil is primarly used for treating cardiovascular conditions, 

evidence suggests it also modulates NF-kB signaling and shows beneficial effects on rats with 

RA [150]. Cobimetinib (BRD-K03390685) is MEK inhibitor. Although MEK inhibitors are 

mainly used for cancer treatment, they have been shown to be candidate agents for the treatment 

of systemic JIA [151]. Among the other compounds, fostamatinib is a SYK inhibitor involved 

in B-cell and innate immune cell activation, and has been tested in RA clinical trials with 

positive outcomes [152]. Additionally, aprepitant (BRD-K65170927) has shown anti-

inflammatory effects in RA models [153,154]. 

  

External validation 

External validation of our findings in an independent dataset of Australian JIA patients from 

the Royal Children’s Hospital in Melbourne confirmed higher EML levels in active patients 

compared with both control and inactive subjects, in line with the results obtained in the 

discovery dataset. 
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Furthermore, SKAT-O analysis of SEMs within candidate TFs replicated 7 out of 12 identified 

targets, providing strong independent confirmation of our epigenetic signature. Pathway 

enrichment analysis of differentially epimutated genes revealed significant overrepresentation 

of key inflammatory pathways, including TNF-alpha signaling via NF-κB and TGF-beta 

signaling which has been previously implicated in JIA and rheumatoid arthritis [142–144]. 

For validating the epigenetically-driven transcriptomic signature, we analyzed gene expression 

profiles from PBMCs in two independent datasets comparing active and inactive JIA patients. 

Despite cross-tissue differences between PBMC and CD4+ T cells, 22 genes from our signature 

showed significant differential expression with consistent direction of change relative to our 

discovery dataset. Enrichment analysis of these validated genes revealed significant 

overrepresentation of inflammatory pathways, again including TNF-alpha signaling via NF-

κB and TGF-beta signaling, indicating remarkable consistency across datasets and omic layers. 

This convergence of pathway-level results across independent datasets and complementary 

omics strongly supports the biological robustness of our findings and highlights these 

inflammatory cascades as promising therapeutic targets for JIA. 

 

Strength and limitations 

We acknowledge some limitations in this study. The sample size in the discovery dataset is 

small for multi-omics analyses, with only 14 patients in the NO ID class, reflecting the rarity 

of the disease. However, we employed a hypothesis-driven approach, guided by preliminary 

observations of higher epimutation load in NO ID compared to ID patients, rather than an 

agnostic genome-wide investigation prone to type II errors after multiple-testing correction. A 

key strength of the dataset is the availability of paired DNAm and transciptomic data at two 

time points, allowing longitudinal multi-omics analysis. 

The limited sample size also posed challenges for machine learning analyses and feature 

prioritization. To mitigate this, we used three complementary ML methods and focused on 

features consistently identified across all of them, thereby reducing false positives and 

increasing robustness. External validation of prioritized TFs and genes in independent datasets 

further confirmed the reproducibility of our findings. 
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We did not apply multiple-testing correction when identifying differentially expressed genes 

in the discovery phase because this analysis was restricted to a candidate gene list derived from 

DNAm-based ML results. Although this exploratory strategy warrants cautious interpretation, 

the consistency with previous literature and replication across independent datasets support the 

validity of the findings. We also note that some genes exhibited modest fold changes, which 

could increase the risk of false positives; however, key results were independently confirmed 

in two external transcriptomic datasets, and consistent enrichment of immune-related pathways 

across methylation and expression data strengthens confidence in their biological relevance. 

A major strength of this study is the reanalysis of a public dataset using updated analytical and 

integrative multi-omics methods, which revealed new insights into the biomolecular 

mechanisms of JIA clinical activity. The approach introduced here, characterizing epimutated 

CpGs and annotating them to TFBSs, can be generalized to other complex diseases with 

epigenetic dysregulation to uncover epigenetically driven alterations in gene expression. 

Furthermore, validation of our transcriptomic signature across independent datasets yielded 

highly consistent pathway enrichments. 

While immediate clinical translation lies beyond the scope of this work, the convergence of 

evidence across omics layers highlights NF-κB signaling pathway as a promising therapeutic 

target deserving further investigation. Finally, although functional validation was not 

performed, the convergence of evidence from validation epigenetic and transcriptomic datasets 

provides strong support for the biological relevance of our findings. 

 

 

2.1.5. Concluding remarks 

This study demonstrates a significant association of epigenetic mutations with JIA clinical 

activity, suggesting a critical role of epigenetic mutations in the reactivation of JIA. We 

describe molecular mechanisms potentially implicated in JIA etiology and clinical reactivation 

of the disease. Future studies are required to accumulate epidemiological evidence and to assess 

the efficacy of the identified compounds. 

Beyond its biological findings, this study presents a novel multi-omics methodological 

approach to identify epigenetically-driven gene expression modifications moving beyond 
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traditional EWAS approaches, potentially useful to investigate other multifactorial diseases. 

Our approach integrates the annotation of epimutated CpG sites to the TFs they are targeted, 

providing a more comprehensive understanding of the molecular mechanisms underlying 

disease activity. 

From a broader perspective, this project exemplifies how rare and complex diseases can be 

investigated through integrative multi-omics strategies combined with ML. The approach 

adopted here fits within the hierarchical integration class described by Picard et al. [155], in 

which molecular layers are analyzed in a biologically informed sequence, linking DNA 

methylation changes to transcriptional regulation and, ultimately, to functional pathways. This 

hierarchical design reflects the causal flow of molecular information and sets the conceptual 

foundation for the subsequent projects in this thesis, where progressively larger and more 

complex datasets are analyzed using increasingly data-driven frameworks.
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2.2. Project 2. Machine Learning-Based Prediction of Cell-type 

Resolved Brain eQTLs Enhances Discovery of Variants 

Explaining Alzheimer’s Disease Heritability. 

This project was conducted during my research period abroad, between the Department of 

Neurology at Columbia University Medical Center and the New York Genome Center, under 

the supervision of Prof. Gao Wang, Assistant Professor of Neurological Sciences at Columbia 

University and head of the Statistical Functional Genomics Lab at the Center for Statistical 

Genetics, and Prof. David Knowles, Core Faculty Member at the New York Genome Center 

and Associate Professor of Computer Science at Columbia University. 

Unlike the first project presented in this thesis, which focused on a rare autoimmune disease 

and relied on a limited number of samples, this study addressed a common and complex 

neurodegenerative disorder, Alzheimer’s disease (AD), using large-scale datasets from the 

FunGen-xQTL consortium. Access to this extensive resource made it possible to investigate 

molecular regulation in the human brain at single-cell resolution, across thousands of 

individuals and multiple brain cell types. 

The goal of this work was to bridge the gap between genetic predisposition and the molecular 

mechanisms of gene regulation. Most genetic variants associated with AD are located in 

noncoding regions of the genome, where they are believed to modulate gene expression through 

cell type-specific regulatory processes, particularly in microglia. To capture these effects, we 

developed predictive ML models that integrate genomic, epigenomic, and transcriptomic 

features to infer cell type-specific eQTLs. The resulting framework, named single-cell 

Enhanced Expression Modifier Scores (sc-EEMS), represents a step forward in the prediction 

of regulatory variant effects at the single-cell level. 

In contrast to the hierarchical multi-omics strategy applied in the JIA study, this work adopted 

a transformation-based (mixed) integration approach, combining biologically informed 

features derived from genomic, epigenomic, and transcriptomic annotations, into a unified 

predictive framework. This design enabled the model to capture complementary regulatory 

signals while enhancing both predictive performance and interpretability. 
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My contribution focused on the computational development of the framework. I designed and 

implemented the preprocessing pipelines, curated the multi-omic annotations for model 

training, and trained the initial ML models for single-cell eQTL prediction. Working with such 

large datasets also allowed me to gain experience in managing large-scale analyses on high-

performance computing clusters, optimizing parallel jobs and computational resources for 

model training. 

After my research stay, I continued contributing remotely to model training and methodological 

refinement. Dr. Chirag Lakhani subsequently led the final stages of the project, including gene-

level association analyses, and external validation. The manuscript derived from this work has 

now been submitted to Nature Genetics and is currently under peer review. A preprint version 

of the study is publicly available on medRxiv [194]. 

Overall, this project expanded my experience from small-scale, hypothesis-driven epigenetic 

studies to large-scale, data-driven functional genomics. It also enabled me to gain hands-on 

experience in QTL analyses as a strategy to bridge genetic findings with their functional 

consequences, deepening my understanding of the regulatory architecture underlying complex 

diseases. In this context, the integration of ML and DL methods with single-cell QTL data 

proved particularly powerful in refining disease-gene mapping and uncovering cell type-

specific mechanisms underlying genetic risk. 

  

 

2.2.1. Introduction 

Alzheimer’s disease (AD) is a multifactorial neurodegenerative disorder and the most 

common form of dementia [156]. Genetic factors play a crucial role in AD pathogenesis, 

ranging from rare, highly penetrant mutations in genes such as APP, PSEN1, and PSEN2 that 

cause early-onset familial AD, to common variants identified through GWAS that 

collectively contribute to the genetic liability for late-onset sporadic disease. Recent large-

scale GWAS [157,158] have identified over 70 genomic loci associated with AD risk, 

significantly advancing our understanding of the genetic architecture underlying this complex 

disorder. 
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Despite these advances, a major challenge in post-GWAS analysis lies in elucidating the 

functional consequences of disease-associated variants, the majority of which are located in 

non-coding regions of the genome. It is widely believed that many of these non-coding 

variants modulate disease risk by influencing gene regulatory mechanisms, including 

transcription, RNA splicing, and chromatin accessibility, thereby affecting the expression and 

function of causal genes.  

Large-scale initiatives such as GTEx [159] have catalogued eQTLs that mediate gene 

expression in bulk tissue, but across traits, only ~11% of disease heritability is explained by 

these signals [160]. This discrepancy, known as the “missing regulation” problem [161], 

reflects the fact that disease-associated variants are enriched in distal regulatory regions that 

are often invisible to bulk-tissue analyses. Indeed, eQTLs tend to cluster near promoters and 

affect genes under weaker selection, whereas GWAS loci are typically enriched in enhancer 

regions and near genes under stronger selection [162,163]. 

Recent efforts to address these limitations have employed context-specific approaches, 

including single-cell eQTL [164,165] and cell type-specific molecular QTL studies [166]. 

Moreover, investigations of intermediate molecular QTLs such as chromatin accessibility 

QTLs (caQTLs) have provided critical insights into the cell-type specific regulatory 

mechanisms underlying AD pathogenesis. However, it is challenging to generate population-

scale data for all possible molecular phenotypes in all possible cellular contexts. 

Genomic deep learning models [167–170], which predict epigenomic or transcriptomic 

profiles as a function of genomic sequence, can help overcome this limitation by providing 

assay-specific variant prediction scores for any genetic variant.  These models are typically 

trained either on a single genomic assay or in a multi-task fashion using thousands of 

functional genomics assays from the Roadmap [171] or ENCODE [172] consortia. 

Building upon the Expression Modifier Score (EMS) [173], we propose single-cell Enhanced 

Expression Modifier Score (sc-EEMS) for the prediction of causal single-cell eQTLs as a 

function of distance to transcription start site (TSS), ABC scores [174,175], cell type and non 

cell type-specific features, deep learning based variant effect prediction (DL-VEP) scores, 

and gene features. We developed a framework for training such models in the context of 

challenges arising in single-cell eQTL mapping, such as reduced power for rare cell types. 

We use the CatBoost model [176] to predict causal eQTL status as a function of 4,839 multi-

omic features for 6 brain cell types profiled by single-nucleus post-mortem brain RNA-seq 
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from the ROSMAP [177–179] cohort. Single-cell eQTL summary statistics were generated as 

part of the FunGen-xQTL resource [180,181] within the Alzheimer’s Disease Sequencing 

Project [182]. 

We use sc-EEMS to identify putative causal cell type eQTLs, especially in enhancer regions, 

which are likely to be more disease relevant.  We used SHapley Additive exPlanations 

(SHAP) [183] model interpretation to calculate Shapley values for all high probability 

predicted eQTLs. On average, the largest contributing set of features were the Enformer 

[168] DL-VEP scores. 

We also compared the contribution of fine-mapped versus predicted eQTLs to the Bellenguez 

AD GWAS [158]. While fine-mapped eQTLs had higher enrichment of heritability in the 

GWAS, the predicted eQTLs explained more trait heritability while still maintaining high 

enrichment of heritability. 

The contribution of sc-EEMS-predicted and fine-mapped eQTLs to AD GWAS heritability 

revealed that the former accounted for a larger proportion of AD heritability while 

maintaining comparable levels of heritability enrichment, particularly in microglia. 

Finally, sc-EEMS predictions were integrated GWAS summary statistics using the 

eMAGMA framework [184] to nominate cell type-specific AD risk genes.  

 

 

2.2.2. Methods 

 

Dataset composition and preprocessing 

The data used in this study were obtained from the FunGen-xQTL consortium, which 

integrated three independent single-cell brain atlases to generate the harmonized MEGA 

cohort: Columbia University Irving Medical Center - Batch 1 (CUIMC1) [179], 
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Massachusetts Institute of Technology (MIT) [178], and Columbia University Irving Medical 

Center - Batch 2 (CUIMC2) [185]. 

All data were derived from post-mortem brain tissue samples from participants in the 

Religious Orders Study and the Rush Memory and Aging Project (ROSMAP) [177], for 

whom paired whole-genome sequencing and single-nucleus RNA-sequencing data were 

available for 788 individuals. 

Based on previous analysis [186], cells were classified into six major types: astrocytes (Ast), 

excitatory neurons (Exc), inhibitory neurons (Inh), microglia (Mic), oligodendrocytes (Oli), 

and oligodendrocyte precursor cells (OPC). 

Raw single-cell count matrices were aggregated into pseudo-bulk expression profiles per 

individual and cell type. Individuals with fewer than ten cells of a given cell type were 

excluded to ensure reliability of the averaged expression signal. 

Expression values were filtered using the filterByExpr function from the edgeR [187] R 

package, normalized with the Trimmed Mean of M-values (TMM) method, and transformed 

using voom to obtain log2 counts per million (log2CPM) values with precision weights. 

Batch effects among the three datasets were removed using the removeBatchEffect function 

from limma [187], and quantile normalization was applied to harmonize expression 

distributions across samples in the final integrated dataset (Figure 2.1a). 
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Figure 2.1 – sc-EEMS framework for predicting single-cell eQTLs. a) UMAP plot 

representing neuronal cell types which have single-cell eQTL data. b) Enformer predictions 

of PU.1 TF binding for reference and alternate sequences as well as the difference in 

predictions. The difference in predictions is used to create DL-VEP scores. c) Feature matrix 

construction showing 4,839 features per variant-gene pair, including distance to TSS (log-

transformed), ABC scores, non cell type-specific features, cell type-specific features, DL-

VEP scores, and gene-level features. d) CatBoost model architecture for predicting eQTL 

probabilities as a function of the 4,839 features. 

 

eQTL mapping and fine-mapping 

Following data processing and normalization, genes were classified based on whether they 

met the mean log2CPM ≥ 2.0 filtering criterion after combining the three datasets. Genes 

passing this threshold were designated as MEGA genes and analyzed jointly to maximize 
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statistical power, whereas genes not meeting the threshold were analyzed within their original 

constituent datasets, here referred to as Other genes. 

For both gene categories, eQTL mapping was conducted for all cis-variants within the 

corresponding dataset, and the resulting summary statistics were fine-mapped using SuSiE 

(Sum of Single Effects) [188]. This approach estimates posterior inclusion probabilities 

(PIPs) for each variant and constructs credible sets capturing those most likely to be causal 

within each locus. PIPs represent the posterior probability that a given variant drives the 

observed association signal, conditional on the data. By explicitly accounting for LD 

structure, this method improves causal variant localization and reduces confounding from 

correlated variants. 

 

Feature annotation 

Fine-mapped results were used to generate two training datasets for model development: 

- MEGA: variants from genes analyzed in the combined cohort; 

- MEGA+Other: variants from both MEGA and Other genes, offering broader coverage 

but higher heterogeneity. 

Each dataset included variant-gene pairs annotated with 4,839 features (Figure 2.1c), 

grouped as follows: 

- Distance to transcription start site (TSS) (log-transformed); 

- Activity-by-Contact (ABC) scores computed from H3K27ac and ATAC-seq data in 

four brain cell type: astrocytes, microglia, neurons, and oligodendrocytes [175]; 

- Non-cell type-specific annotations, including 82 baseline annotations from PolyFun 

(e.g., UTRs, introns, MAF from gnomAD [189]); 

- Cell type-specific annotations based on chromatin marks (H3K27ac, H3K4me1, 

ATAC-seq) in astrocytes, microglia, neurons, and oligodendrocytes; 

- Deep learning-derived variant effect prediction (DL-VEP) scores, including 

predictions from Enformer [168] (Figure 2.1b), BPNet [168] and ChromBPNet [170] 

models; 
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- Gene-level features, such as the GeneBayes constraint score and expression levels 

[190]. 

 

Model training and evaluation 

Several classification algorithms were benchmarked to predict whether a variant is a causal 

eQTL for a given gene. Among them, CatBoost and XGBoost achieved the best overall 

performance. CatBoost was ultimately selected as the final model, as it provided slightly 

higher predictive accuracy and handled categorical features more efficiently. 

Cell type-specific binary classifiers were then trained using CatBoost (Figure 2.1d), to 

predict whether a variant represented a causal eQTL for a given gene. 

Given the substantially higher number of low-PIP variants compared to high-PIP ones, 

variants with PIP > 0.50 (a lower threshold than the 0.9 used for EMS [173]) were labeled as 

positives, while those with PIP < 0.01 were labeled as negatives, maintaining a 1:10 positive-

to-negative ratio. Positive variants were weighted proportionally to their PIP to emphasize 

high-confidence signals and mitigate class imbalance. 

To obtain a conservative estimate of model performance, a stricter testing set was used, 

requiring PIP > 0.90 for positives and PIP < 0.01 for negatives. Evaluation followed a leave-

one-chromosome-out (LOCO) cross-validation scheme, and predictive performance was 

summarized using the area under the precision-recall curve (AUPRC) averaged across folds. 

 

Model validation on external microglia data 

Model generalization was evaluated on an independent dataset from the MIGA study [191], 

which includes both genotyping array and bulk cell-sorted microglia RNA-seq data from four 

brain regions in 100 individuals. 

Fine-mapping was then performed on this dataset to identify high-confidence microglia 

eQTLs, defined as variants with PIP > 0.25 or PIP > 0.50 in at least two regions. 
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Evaluating the contribution of DL-VEP features 

To assess whether upweighting DL-VEP features could improve the model’s ability to 

distinguish causal variants from those in high LD, we trained an alternative model 

configuration in which all DL-VEP features were upweighted tenfold relative to all other 

features. This weighting increased the influence of DL-VEP features during training keeping 

all other parameters identical to the standard (unweighted) model. 

The rationale for this approach was to prioritize sequence-based functional features, which 

are less correlated with simple genomic proximity and may better capture regulatory effects 

relevant to eQTL activity (further discussed in the Discussion section). 

Both model configurations were evaluated using LOCO cross-validation within the MEGA 

cohort and further validated on the MIGA [191] independent dataset. Predicted probabilities 

from the upweighted and unweighted models were compared on these variants to evaluate 

which configuration more accurately prioritized true causal signals. 

In addition, we examined how well the two models captured the AD polygenic signal using 

stratified LD score regression (SLDSC) [192]. For each model, we constructed binary 

functional annotations where each variant was assigned a value of 1 if it was predicted as an 

eQTL with probability ≥ p for any gene, and 0 otherwise. We generated 20 annotations per 

model using probability thresholds ranging from p = 0.80 to 0.99 (increment 0.01), and for 

each annotation we calculated both the proportion of heritability explained (ph²) and the 

enrichment of heritability (eh²) in the AD GWAS. 

As a baseline comparison, additional models were trained using only the log-transformed 

distance to the transcription start site (TSS) as predictor, since this feature is known to be a 

strong individual determinant of eQTL status [173]. Model performance across all cell types 

was evaluated by AUPRC under LOCO cross-validation. 

 

Predicted vs. fine-mapped eQTLs: thresholds and heritability comparison 

A key step of the analysis was to define a meaningful prediction probability threshold to 

determine which variant-gene pairs should be classified as predicted eQTLs. For each cell 
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type, similarly to the DL-VEP weighting analysis, the sc-EEMS models were used to 

generate multiple binary annotations across a range of probability thresholds (p = 0.80-0.99). 

For each threshold, SLDSC was applied to estimate the proportion (ph²) and enrichment (eh²) 

of Bellenguez AD GWAS [158] heritability, selecting the cutoff that best balanced the two 

metrics. These optimal thresholds were then used to define the final predicted eQTL sets for 

each cell type and to compare their heritability contribution with fine-mapped eQTLs. 

 

Feature importance analysis 

To interpret the relative contribution of each annotation type to model predictions, SHapley 

Additive exPlanations (SHAP) values were computed for all features. 

Features were then grouped into five categories: (i) distance to TSS, (ii) Activity-by-Contact 

(ABC) scores, (iii) non cell type-specific features, (iv) cell type-specific features, and (v) DL-

VEP features derived from Enformer and ChromBPNet models. The mean absolute SHAP 

value within each category was used to summarize its overall importance in predicting eQTL 

probability. 

 

Nomination of putative AD risk genes 

Predicted and fine-mapped eQTLs were integrated with AD GWAS summary statistics from 

Bellenguez et al. [158] using eMAGMA to derive cell type-specific gene-level associations 

and nominate candidate AD risk genes. 

 

 

2.2.3. Results 

 



 

54 
 

Upweighting deep learning features improves the localization of AD polygenic signal 

We compared models trained with and without upweighting of DL-VEP features and both 

achieved similar cross-validation performance (average AUPRC ~= 0.67 across cell types). 

However, when evaluated on the external MIGA [191] dataset, the upweighted model better 

discriminated true causal variants: among variants with PIP > 0.25 in at least two brain 

regions (n=46), 41.3% were predicted with probabilities > 0.25 in the upweighted model 

compared with 36.9% in the unweighted one; for PIP > 0.50, the proportions were 66.6% vs 

55.5%, respectively. 

Moreover, when comparing the proportion of heritability (ph²) vs. enrichment of heritability 

(eh²), the binary functional annotations based on the DL-VEP upweighted model 

outperformed the ones from the DL-VEP unweighted model (Figure 2.2). That is, at every 

value of ph², there was a DL-VEP upweighted model threshold with higher eh² compared to 

the DL-VEP unweighted model, thus better localizing the polygenic signal from the AD 

GWAS.  Given that the DL-VEP upweighted model better identifies true eQTLs in the MIGA 

dataset and achieves superior polygenic localization in the AD GWAS, we use this model for 

all subsequent analyses and refer to it simply as sc-EEMS. 
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Figure 2.2 – AD GWAS heritability comparisons for DL-VEP unweighted and upweighted 

models. Enrichment of heritability (x-axis) versus proportion of heritability explained (y-

axis) for binary annotations created using model predictions of DL-VEP unweighted (red) 

and upweighted (light blue) models in microglia. Binary annotations consist of variants with 

predicted probability above a certain numerical threshold for each model. 

 

sc-EEMS outperforms Distance to TSS in predicting cell type-specific eQTLs 

The number of variant-gene pairs available for model training varied substantially across cell 

types, reflecting the underlying abundance of each cell type in the single-cell datasets. 

Training set sizes ranged from 3,810 positive variants across 801 genes in microglia to 

32,090 positive variants across 5,843 genes in excitatory neurons (Figure 2.3a). The more 

stringent selection criteria applied to the test set (PIP > 0.90 for positive variants) resulted in 

correspondingly smaller test sets, with 173 positive variants from 157 genes in microglia and 

1,990 positive variants from 1,691 genes in excitatory neurons (Figure 2.3b). 

To evaluate model performance, we obtained predicted probabilities for each test variant 

using the model trained with its corresponding chromosome held out. We then aggregated 

predictions across all test variants to calculate a single AUPRC for each cell type. 

sc-EEMS performance was compared with a baseline model using only the log-transformed 

distance to TSS as predictor. Models trained using MEGA generally performed similarly to 

using MEGA+Other. Both models substantially outperformed the baseline model using only 

Distance to TSS (Figure 2.3c), achieving higher AUPRC values in all cell types (average 

AUPRC on MEGA = 0.67 vs. 0.53 for baseline models). The best performance was observed 

for oligodendrocytes (AUPRC = 0.74), while inhibitory neurons yielded the lowest (AUPRC 

= 0.62). 
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Figure 2.3 – Training statistics across brain cell types. a) Number of eQTLs and eGenes used 

as training data for each cell type model. b) Number of eQTLs and eGenes used as testing 

data for each cell type model. c) AUPRC for cell-specific prediction of eQTLs using just 

distance to TSS (log-transformed), sc-EEMS trained on MEGA genes only, and sc-EEMS 
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trained on combined MEGA+Other genes. The dashed line represents the AUPRC based on 

random chance. d) Number of fine-mapped eQTLs (PIP > 0.10) and predicted eQTLs (at cell-

type specific thresholds) identified using sc-EEMS.  Stratified by whether the variant is 

considered a promoter (within 10kb of TSS) or enhancer. 

 

With the aim of determining the best probability threshold for classifying variant-gene pairs 

as causal or non-causal eQTLs for each cell type, we used SLDSC to maximize the per-

standardized-annotation effect size (tau*) and get the best tradeoff between the proportion of 

AD GWAS heritability explained (ph²) and the corresponding enrichment (eh²). 

Based on this optimization, we obtained distinct thresholds across the six cell types (Figure 

2.4). 

 

Figure 2.4 – Cell type-specific tau* values (y-axis) across prediction probability thresholds 

(x-axis). The x-axis represents the binary annotation generated by including all variants with 

predicted probability above a given threshold. The labeled point denotes the prediction 

probability threshold with the highest tau* value for each cell type. 
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Applying these thresholds resulted in an average 20.9-fold increase in the number of 

predicted eQTLs relative to fine-mapped eQTLs. 

Following Mostafavi et al. [162], variants within 10 kb of a TSS were considered promoter-

like, and those beyond 10 kb enhancer-like. 

Across all cell types, we observed an average 33.6-fold increase in promoter-like predicted 

eQTLs and an 18.7-fold increase in enhancer-like variants compared to fine-mapped eQTLs 

(Figure 2.3d). 

 

DL-derived features collectively contribute more to model predictions than distance to 

TSS 

Model interpretation using SHAP confirmed that distance to TSS remained a strong 

individual predictor. However, the overall contribution of DL features, particularly Enformer-

based scores, exceeded the distance to TSS across all cell types (Figure 2.5a).  

 

Figure 2.5 – Feature importance. SHAP value analysis of feature contributions. Sum of 

absolute SHAP values for feature categories across six brain cell types, separated by 

promoter and enhancer variants. Stratified LD score regression (SLDSC) statistics for binary 
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annotations based on fine-mapped eQTLs (PIP > 0.10) and predicted eQTLs (cell-specific 

thresholds). 

 

Predicted eQTLs better capture AD heritability and enhance gene discovery 

The contribution of predicted and fine-mapped eQTLs to AD GWAS heritability was 

evaluated using SLDSC. Across all brain cell types, sc-EEMS–predicted eQTLs explained a 

larger proportion of AD heritability than original fine-mapped eQTLs, while maintaining 

comparable enrichment levels, with the strongest improvement observed in microglia, where 

the proportion of heritability explained increased approximately threefold (from ph² ≃ 0.05 to 

ph² ≃ 0.15). 

To extend the functional interpretation of these variants, predicted eQTLs were integrated 

with AD GWAS summary statistics using the eMAGMA framework. This analysis identified 

215 significant cell type-gene pairs corresponding to 111 unique genes, compared with 76 

pairs (55 unique genes) obtained from fine-mapped eQTLs. 

These findings demonstrate that incorporating predicted variant-gene relationships 

substantially improves the power of gene-level association analyses, providing a more 

comprehensive view of the regulatory mechanisms contributing to AD susceptibility. 

 

 

2.2.4. Discussion 

In this study, we developed single-cell Enhanced Expression Modifier Scores (sc-EEMS), a 

ML framework for predicting causal eQTLs across major brain cell types by integrating 

summary multi-omic features. This model extends the original EMS [173] framework to the 

single-cell context, enabling the identification of regulatory variants that are difficult to 

capture with standard fine-mapping analyses. 

A key methodological advance of sc-EEMS is its ability to exploit low-powered single-cell 

eQTL datasets through a training strategy that incorporates weaker fine-mapping signals 

while upweighting high-confidence variants according to their PIPs. This design allows the 



 

60 
 

model to learn from both the strength and uncertainty of fine-mapping results, enhancing its 

generalization across cell types with varying data availability. 

Standard supervised frameworks assume that training labels are correct, yet even state-of-the-

art fine-mapping methods such as SuSiE may assign high PIPs to non-causal variants in 

regions of complex LD. Consequently, learning directly from these labels can propagate LD-

driven correlations. Genomic annotations such as distance to TSS or ABC scores, are also 

spatially autocorrelated, which can further reinforce these dependencies. In contrast, DL-VEP 

features capture molecular regulatory effects directly from sequence context and exhibit 

lower spatial redundancy. By explicitly upweighting these features during training, sc-EEMS 

was encouraged to prioritize sequence-based regulatory information, thereby improving its 

ability to disentangle causal from correlated variants and to better localize the polygenic 

signal observed in AD GWAS. 

 

Biological interpretation and implications for AD genetics 

The sc-EEMS model outperformed baseline predictors based solely on genomic proximity, 

with DL-VEP features emerging as the most informative predictors across all brain cell types. 

This emphasizes that regulatory information encoded in DNA sequence context can 

meaningfully complement traditional annotations in identifying causal eQTLs. 

Across cell types, predicted eQTLs captured a larger proportion of AD heritability than 

experimentally fine-mapped eQTLs, particularly in microglia, where the heritability 

explained was approximately threefold higher. This result reinforces the pivotal role of 

microglia in AD pathogenesis, consistent with prior studies linking immune activation and 

myeloid regulatory programs to disease risk [158,193]. Notably, most predicted eQTLs 

mapped to enhancer-like regions, supporting the concept that AD risk is primarily mediated 

through distal, cell type-specific regulatory mechanisms rather than promoter-proximal 

variation. 

Integration of sc-EEMS predictions with eMAGMA further demonstrated the biological 

relevance of this framework. The model nominated over twice as many AD risk genes as 

fine-mapped eQTLs alone, revealing cell type-specific regulatory connections that were not 

detected by standard approaches. 
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Limitations and methodological considerations 

A key aspect influencing model performance is the choice of PIP thresholds used to define 

positive and negative training examples. In sc-EEMS, a lower PIP threshold for positives 

(0.50) than the one used in the EMS framework (0.90) was adopted to include a broader 

range of candidate eQTLs, thereby increasing the diversity of training examples. While this 

strategy improves sensitivity and allows the model to capture weaker but biologically 

relevant signals, it may also introduce additional noise due to imperfect fine-mapping. 

The use of PIP-weighted labels and the upweighting of DL-VEP features mitigated this 

limitation by emphasizing high-confidence examples and prioritizing sequence-derived 

information, which is less prone to LD-driven artifacts. However, residual uncertainty from 

correlated variants cannot be entirely excluded, and the resulting predictions should be 

interpreted probabilistically rather than as definitive causal assignments. 

Incorporating additional cell type-specific regulatory annotations could improve the 

predictive performance and interpretability of the model. Beyond model optimization, 

extending the framework to other molecular QTL modalities (e.g., caQTLs, sQTLs) may 

reveal complementary regulatory layers and deepen our understanding of the molecular 

mechanisms contributing to disease risk. 

 

 

2.2.5. Concluding remarks 

Overall, sc-EEMS advances the original EMS framework by integrating a more 

comprehensive and tissue-specific set of genomic, epigenomic, and transcriptomic features to 

predict causal eQTLs at single-cell resolution. This expanded annotation landscape enhances 

both predictive accuracy and biological interpretability, allowing the model to capture cell 

type-specific regulatory variants that are difficult to identify through standard fine-mapping. 

By linking these predicted eQTLs to downstream gene-level effects through integration with 

GWAS data, sc-EEMS bridges the gap between noncoding genetic variation and functional 

mechanisms, facilitating the identification of risk genes and pathways relevant to Alzheimer’s 

disease. 
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More broadly, this project highlights the pivotal role of ML methods in biomedical research 

and reflects the central theme of this thesis: using data-driven, integrative approaches to 

uncover the molecular basis of complex diseases. Here, machine learning has proven 

essential not only for deriving meaningful features from high-dimensional multi-omic data 

but also for combining them across molecular layers into biologically interpretable 

frameworks. Through approaches like sc-EEMS, predictive modeling becomes a powerful 

means to translate heterogeneous omic data into biologically actionable insights, paving the 

way toward a more mechanistic and personalized understanding of human disease. 
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2.3. Project 3. Genome-wide association study and xQTL 

analysis in Syndrome of Undifferentiated Recurrent Fever 

(SURF): a multi-omics approach for identifying novel 

candidate biomarkers and molecular pathophysiological 

mechanisms. 

This work was conducted within the framework of the Personalised medicine for Systemic 

AutoInflammatory Diseases (PerSAIDs) project, a large multicenter initiative that connects 

some of the major European registries of systemic autoinflammatory diseases with the goal of 

elucidating their genetic and molecular mechanisms through multi-omics data analysis. The 

consortium encompasses a wide spectrum of disorders, ranging from well-characterized 

monogenic diseases such as Familial Mediterranean Fever (FMF), Mevalonate Kinase 

Deficiency (MKD), and TNF Receptor-Associated Periodic Syndrome (TRAPS), to more 

complex and heterogeneous conditions including systemic-onset Juvenile Idiopathic Arthritis 

(sJIA), Periodic Fever, Aphthous stomatitis, Pharyngitis, and Adenitis syndrome (PFAPA), 

and the Syndrome of Undifferentiated Recurrent Fever (SURF), which was the focus of this 

study. 

SURF represents a heterogeneous group of autoinflammatory conditions characterized by 

recurrent episodes of fever and systemic inflammation in the absence of identifiable 

monogenic or autoimmune causes. Unlike classical autoinflammatory syndromes, SURF is 

believed to result from the interplay of multiple genetic and regulatory factors, making its 

molecular basis elusive to conventional diagnostic approaches. 

To investigate the molecular complexity of SURF, we implemented a genome-wide 

analytical framework that combined association testing of both common and rare variants 

with downstream multi-omics xQTL analyses across multiple omic layers, including 

proteomics, immunomics, cytokine profiling, transcriptomics, and epigenomics. 

I conceived this study with Dr. Giovanni Fiorito and carried it out with support from other 

PerSAIDs consortium members. The project is ongoing, with current efforts focused on 

dataset expansion, framework refinement, and result validation. 
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Building on the knowledge gained from the analysis of QTL data during my research stay 

abroad (Project 2), this work represented an opportunity to extend those concepts to a context 

where omic layers are integrated without any prior transformations. This approach presents 

several analytical challenges but also provides unique opportunities to jointly explore 

complementary molecular dimensions of complex autoinflammatory diseases. 

 

 

2.3.1. Introduction 

Autoinflammatory diseases are rare disorders characterized by recurrent or chronic 

inflammation due to dysregulation of the innate immune system, in the absence of infection or 

autoimmunity. They include monogenic syndromes, such as Familial Mediterranean Fever 

(FMF), Mevalonate Kinase Deficiency (MKD), and TNF Receptor-Associated Periodic 

Syndrome (TRAPS), as well as polygenic forms, including Periodic Fever, Aphthous 

stomatitis, Pharyngitis, and Adenitis (PFAPA) and systemic-onset juvenile idiopathic arthritis 

(SoJIA). 

However, a subset of patients does not meet the diagnostic criteria for PFAPA [195] or other 

well-recognized autoinflammatory diseases. These cases are classified as Syndrome of 

Undifferentiated Recurrent Fever (SURF), a term first introduced by Broderick [196] and later 

consolidated in subsequent clinical studies [197–199]. SURF represents a heterogeneous 

clinical entity characterized by self-limiting inflammatory episodes in the absence of a 

confirmed molecular diagnosis. 

Recent evidence has highlighted distinctive clinical features of SURF, including multi-organ 

involvement and, in a relevant subset of patients, a complete or partial response to colchicine. 

This therapeutic responsiveness, rarely observed in PFAPA but reminiscent of FMF, suggests 

a potential mechanistic link to the cytoskeleton and pyrin inflammasome pathway [200]. 

Altogether, these findings indicate that SURF may not be a single disease, but rather a spectrum 

of autoinflammatory conditions whose genetic and molecular bases remain largely unexplored. 

In this context, integrating genomic and multi-omics data represents a promising strategy to 

dissect the biology of SURF, refine patient stratification, and identify molecular drivers of 

susceptibility and progression [197]. 
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In this study, we analyzed multi-omics data collected through the PerSAIDs project, a 

European collaborative initiative that connects some of the largest registries of systemic 

autoinflammatory diseases with the goal of developing standardized protocols and 

bioinformatics pipelines for data management, collecting and integrating multi-omics datasets, 

and ensuring data reusability. Data were collected for a broad spectrum of autoinflammatory 

diseases, but for this study, we specifically focused on SURF. 

A hierarchical multi-omics integration strategy was adopted. First, we performed genome-wide 

analyses to identify candidate SNPs and genes. We then conducted downstream QTL analyses 

of these candidates across multiple omic layers, including proteomics, immunomics, cytokine 

profiling, transcriptomics and epigenomics, in order to identify potentially relevant omic 

biomarkers linked to genetic variation. This approach was designed to move beyond purely 

clinical characterization and provide further molecular insights into the pathogenesis of SURF. 

 

 

2.3.2. Methods 

Dataset and workflow description 

We assembled a dataset comprising 76 patients with SURF and 266 controls.  

WGS data were obtained partly from the Giannina Gaslini Institute's internal registries, which 

provided all controls and 45 cases, and partly from the PerSAIDs project, which provided 31 

additional cases. 

The downstream multi-omics analysis was conducted on data collected from the PerSAIDs 

project and included proteomics, immunomics, cytokine profiling, transcriptomics, and 

epigenomics. 

The overall study workflow is summarized in Figure 3.1. Starting from WGS data, we applied 

stringent quality control and ancestry correction. Variants were then stratified by frequency: 

common variants (MAF > 1%) were tested using GWAS [6], while rare variants (MAF < 1%) 

were assessed at the gene level using SKAT-O [33]. Candidate SNPs and genes emerging from 

these analyses were subsequently interrogated through multi-omics QTL (xQTL) analyses, 

integrating genetic variation with multiple molecular layers available in a subset of SURF 
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patients. This hierarchical strategy enabled us to move from genetic associations to functional 

hypotheses on disease-relevant biological mechanisms. 

 

Figure 3.1 – Overall workflow of the study. Whole-genome sequencing data from 76 SURF 

cases and 266 controls underwent stringent preprocessing and quality control. Common 

variants (MAF > 1%) were analyzed using GWAS to identify candidate SNPs, while rare 

variants (MAF < 1%) were analyzed using SKAT-O to highlight candidate genes. These 

genetic candidates were subsequently integrated with multi-omics data (proteomics, 

immunomics, cytokine profiling, transcriptomics, and epigenomics) from 31 SURF patients 

through xQTL analyses to explore potential molecular biomarkers linked to genetic variation. 

 

Data preprocessing and quality control 

Genetic variants underwent a standard QC pipeline, including removal of sex chromosomes, 

filtering based on genotype quality and allelic balance, and exclusion of variants with >5% 

missingness. At the sample level, individuals with excessive missing data, extreme 
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heterozygosity, or close relatedness were excluded. PCA with HapMap reference populations 

was used to check samples’ ancestry, leading to the removal of non-European outliers.  

 

Common variants analysis 

Common variants (MAF > 1%) were tested using a GWAS based on an additive logistic 

regression model with sex as covariate. Analyses were performed in PLINK [201], and results 

were visualized with Manhattan and QQ plots to evaluate association signals and potential 

population stratification. 

 

Rare variants analysis 

Rare variants (MAF < 1%) were aggregated at the gene level and analyzed using SKAT-O 

[33], which tests for enrichment of potentially pathogenic alleles in cases compared to controls. 

QQ plots were used to evaluate genomic inflation and overall model fit. 

 

Multi-omics QTL analyses 

To explore the functional consequences of genetic variation, we performed QTL analyses on 

candidate SNPs and genes identified by GWAS and SKAT-O, respectively. Molecular features 

were modeled as a function of genotype or gene-level burden, adjusting for sex, disease 

activity, and treatment status. 

The following omics layers were included: 

● Proteomics (inflammation-related panel, Olink PEA): 92 ComBat-corrected 

Normalized Protein eXpression (NPX) measurements derived from retrospective 

plasma samples; 

● Immunomics (antibody profiling, 16k-protein microarrays): 15,750 ComBat-corrected 

antibody intensity measurements. 

● Cytokine profiling (LegendPlex bead-based immunoassays): inflammatory cytokines 

and chemokines quantified with multiplex flow cytometry panels. 
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● Targeted expression profiling (NanoString nCounter platform): 76 gene expression 

measurements obtained from RNA extracted from patient samples, quantified using a 

multiplex hybridization-based assay. 

● Epigenomics (Illumina Infinium MethylationEPIC v2 BeadChip): DNA methylation 

measurements of 913,893 CpG obtained from blood samples, preprocessed, batch-

corrected, and quality-controlled for downstream analyses including differential 

methylation and pathway enrichment. 

 

Comparison with PFAPA patients 

To assess whether the associations identified in SURF patients reflected disease-specific 

mechanisms rather than general features of recurrent inflammatory conditions, we compared 

the observed molecular trends with those detected in patients affected by PFAPA. This 

comparative analysis allowed us to distinguish signals potentially unique to SURF from those 

shared with other autoinflammatory phenotypes, thereby refining the list of candidate 

biomarkers for biological interpretation. 

 

 

2.3.3. Results 

 

Quality control and dataset composition 

The preprocessing pipeline progressively excluded samples and variants that did not meet 

quality standards. After ancestry correction with PCA, five cases (three Italian and two 
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Turkish) and thirteen controls were identified as outliers and removed (Figure 3.2). The final 

dataset consisted of 69 SURF cases and 197 controls. 

Figure 3.2 – Principal Component Analysis (PCA) of study samples and HapMap reference 

populations. The plots show the first two principal components of the PCA. Study cases (orange 

upward triangles: empty for Italian subjects, filled for Turkish) and controls (green downward 

triangles) are projected together with HapMap populations. Left panel: several cases and 

controls cluster outside of the European reference groups (TSI, CEU), overlapping instead with 

other HapMap populations, indicating divergent genomic backgrounds. Right panel: after 

removal of these outlier samples, the distribution of cases and controls aligns more consistently 

with the expected European ancestry clusters. 

 

Genome-wide analyses results 

In the GWAS of common variants, we adopted the classical genome-wide significance 

threshold of p < 5 × 10-8, together with a suggestive threshold of p < 1 × 10-5. No variants 

surpassed the genome-wide threshold, but several loci reached the suggestive level (Figure 
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3.3). The QQ plot indicated good control of population stratification, with a genomic inflation 

factor close to 1 (λ = 1.022). 

 

Figure 3.3 – GWAS results are shown in the Manhattan plot (above) and QQ plot (below). No 

SNPs reached genome-wide significance (red line), although several reached the suggestive 

threshold (blue line). 

Rare variants were analyzed at the gene level using SKAT-O. Here we applied a Bonferroni-

corrected threshold for exome-wide significance (p < 2.5 × 10-6) and a suggestive threshold of 

p < 5 × 10-4. Although no genes reached the stringent Bonferroni threshold, several candidates 

showed suggestive evidence of association and were retained for downstream analyses (Figure 

3.4). The QQ plot indicated some degree of inflation (λ = 1.371), but still within acceptable 

limits for exploratory investigations. 
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Figure 3.4 – SKAT-O results are shown in the Manhattan plot (above) and QQ plot (below). 

No genes reached genome-wide significance (red line), although several reached the suggestive 

threshold (blue line). 

 

Taken together, the genome-wide analyses did not reveal clear and definitive associations. 

Nevertheless, both approaches highlighted a subset of candidate variants and genes that warrant 

further investigation. To this end, we performed multi-omics xQTL analyses to test whether 

these genetic signals were linked to molecular phenotypes. 
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Multi-omics QTL analysis 

We investigated candidate variants from GWAS and SKAT-O through multi-omics xQTL 

analyses. For each molecular feature, we applied multiple linear regression using the following 

model: 

Omics variable (Y) ~ Genetics (X) + Sex + Age + Disease activity + Treatment status 

being the independent variable X the genotype of a candidate SNP in the case of GWAS-based 

common variants analysis, or the aggregated rare variants load of a candidate gene in the case 

of the SKAT-O-based rare variants analysis. The dependent variable Y represents each omics 

feature in turn, spanning proteomics, immunomics, cytokine profiling, expression profiling, 

and epigenomics.  

This analysis revealed several statistically significant molecular mechanisms after correction 

for multiple testing (FDR < 0.05). For instance, immunomic profiling revealed that antibody 

levels against NCOA3 (Nuclear Receptor Coactivator 3) were higher in patients carrying the 

alternative allele of SNP rs2268126 (β = 0.401, p = 4.32 × 10-7, Figure 3.5a). This aligns with 

the biological interpretation for which NCOA3 is involved in the activation of the NF-kB 

pathway [202], a well-known inflammatory pathway.  

QTL analysis on transcriptomics showed that CXCL9 expression, a pro-inflammatory 

chemokine [203], followed a similar trend with respect to the same SNP (β = 0.851, p = 1.17 

× 10-3). 

Furthermore, analysis of rare variants load highlighted further candidate signals. For instance, 

a higher rare variants load in TOP1 (Topoisomerase 1) gene was positively associated with 

increased immunomic signatures against DNMT1 (β = 0.483, p = 3.47 × 10-8, Figure 3.5b), the 

enzyme responsible for DNA methylation [204]. Although TOP1 has primarily been implicated 

in autoimmune diseases, it also plays a crucial role in activating pathogen-induced and 

inflammatory genes [205]. This correlation suggests that genetic variability in TOP1 may 

modulate immune recognition of epigenetic regulators such as DNMT1. 
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Figure 3.5 – Examples of significant xQTL associations in immunomic profiles of SURF 

patients. 

a) Boxplot shows a positive association (β = 0.401, p = 4.32 × 10-7) between antibody levels 

against NCOA3 (Z-score standardized) and the rs2268126 genotype (0 = homozygous 

reference, 1 = heterozygous, 2 = homozygous alternative). 

b) Scatterplot shows a positive correlation (β = 0.483, p = 3.47 × 10-8) between antibody levels 

against DNMT1 and the gene-level rare variant load of TOP1 (log1p-transformed).  

 

 

Comparison with PFAPA patients 

To evaluate the disease specificity of the signals identified in SURF, we compared their 

molecular trends with those observed in PFAPA patients. This analysis confirmed that some of 

the most relevant associations appeared to be restricted to SURF. In particular, both NCOA3 

antibody levels (Figure 3.6a) and CXCL9 transcript expression showed a consistent correlation 

with the alternative allele of rs2268126 in SURF patients, whereas no comparable trend was 

observed in PFAPA (Figure 3.6b). These findings suggest that such features may represent 

SURF-specific biomarkers, distinguishing this condition from other autoinflammatory 

syndromes with overlapping clinical presentations. 
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Figure 3.6 – Comparison of xQTL associations between SURF and PFAPA patients. 

(a) Boxplot shows the positive association (β = 0.401, p = 4.32 × 10-7) between antibody levels 

against NCOA3 (Z-score standardized) and the rs2268126 genotype in SURF patients. 

(b) In contrast, no significant association was observed in PFAPA patients (β = -0.074, p = 5.81 

× 10-1). 

 

 

2.3.4. Discussion 

To the best of our knowledge, this study represents one of the first attempts to provide a 

genome-wide overview of SURF by jointly analyzing both common and rare variants. By 

adopting a hierarchical multi-omics integration strategy that starts from genetic variation and 

progressively explores downstream molecular effects across proteomic, immunomic, 

cytokine, transcriptomic, and epigenomic layers, this work aims to deepen the understanding 

of the biological mechanisms underlying the disease. 

 

Biological interpretation  

Genome-wide analyses did not identify associations surpassing conventional significance 

thresholds, either for common or rare variants. This outcome may reflect the limited sample 

size (76 cases and 266 controls), which restricts statistical power to detect variants with small 
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to moderate effects, or alternatively, a genuine absence of strong genetic determinants 

underlying the disease. While no definitive associations were observed, these findings do not 

exclude a polygenic or regulatory contribution to SURF. The ongoing collection of new WGS 

data within the PerSAIDs project is expected to nearly double the current number of SURF 

samples, substantially improving statistical power and the ability to validate preliminary 

findings. 

Despite these constraints, the downstream multi-omics xQTL analyses provided more 

biologically informative results. Several omic features showed significant associations with 

specific genotypes or rare variant burdens, suggesting potential molecular mechanisms 

through which genetic variation may contribute to disease activity. The comparison with 

PFAPA patients was particularly informative, as it helped discriminate SURF-specific 

molecular signatures from general inflammatory responses. For instance, the association 

between rs2268126 and increased antibody levels against NCOA3, together with a parallel 

increase in CXCL9 transcript levels, suggests a SURF-specific perturbation involving 

transcriptional coactivators and pro-inflammatory chemokines [202,203]. 

From a biological perspective, these results support the involvement of regulatory 

mechanisms controlling inflammation and transcriptional activation. NCOA3 acts as a 

coactivator of NF-kB, linking transcriptional regulation to inflammatory signaling, while the 

association between the rare variant load in TOP1 and immune reactivity against DNMT1 

highlights a potential interaction between DNA topology, epigenetic regulation, and immune 

recognition [204,205]. Although exploratory, these findings provide a valuable foundation for 

future functional studies aimed at validating the identified mechanisms. 

 

Strengths, limitations, and future perspectives 

However, some limitations must be acknowledged. First, the number of available samples 

remains limited, particularly for the multi-omics analyses, where only 31 patients had a 

complete multi-omics profile. Second, the hierarchical design of the study inherently depends 

on the robustness of upstream genomic findings: if the genetic associations identified at the 

initial stage are incomplete or contain false positives, downstream omic associations may 

reflect indirect or spurious effects. These limitations emphasize the importance of expanding 

the cohort and replicating results in independent datasets. Ongoing recruitment and 
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sequencing efforts within the PerSAIDs consortium are expected to address these issues, 

enabling more reliable detection of both genetic and functional signals. 

Additional omic layers, including metabolomic and lipidomic profiles, are currently being 

collected and will soon be integrated into the analytical framework, enabling the generation 

of more comprehensive multi-omic profiles within a larger dataset. Although machine 

learning did not play a central role in the present phase of the study, the upcoming expansion 

of available omic layers will allow the implementation of integrative multi-omics approaches 

such as MOFA [90] and DIABLO [92]. Hopefully, these frameworks will support the 

identification of cross-omic biomarkers and molecular pathways, improving the prioritization 

of candidate features and offering a more comprehensive view of the biological processes 

underlying SURF. 

Overall, this study demonstrates the feasibility and promise of a hierarchical multi-omics 

strategy for the investigation of rare and heterogeneous autoinflammatory diseases. Despite 

the small sample size, the integrative approach revealed biologically coherent molecular 

patterns that provide new hypotheses on the pathophysiology of SURF. The ongoing 

expansion of the dataset will allow refinement of these analyses, strengthening the link 

between genetic variation, molecular function, and clinical phenotype. 

 

 

2.3.5. Concluding remarks 

Overall, this study represents one of the first efforts to investigate the molecular basis of 

SURF through a genetics-driven multi-omics approach. By combining whole-genome 

sequencing with downstream molecular profiling across proteomic, immunomic, cytokine, 

transcriptomic, and epigenomic layers, the project provides an initial framework for linking 

genetic variation to molecular phenotypes in a condition that remains poorly characterized at 

the biological level. Although limited in sample size, this hierarchical integration strategy 

enabled the identification of biologically consistent patterns, revealing molecular signatures 

that may contribute to disease susceptibility and immune dysregulation. 

The analytical approach adopted here demonstrates the feasibility of applying hierarchical 

multi-omics integration to rare and clinically heterogeneous autoinflammatory diseases. The 
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ongoing expansion of the SURF dataset within the PerSAIDs consortium, together with the 

inclusion of additional omic layers such as metabolomics and lipidomics, will further 

strengthen the capacity to uncover molecular mechanisms underlying disease activity. In 

future stages, integrative ML frameworks will be applied to jointly analyze these datasets, 

enabling the identification of cross-omic biomarkers and the reconstruction of relevant 

biological pathways. 

More broadly, this project reflects the progressive methodological trajectory of this thesis: 

from small-scale, hypothesis-driven investigations to increasingly comprehensive, data-

driven analyses. Across the three studies presented, the combined use of multi-omics data and 

machine learning has proven instrumental for elucidating the complex molecular architecture 

of human diseases. Together, these approaches provide a powerful means to integrate diverse 

layers of biological information, transform high-dimensional data into interpretable patterns, 

and bridge the gap between molecular mechanisms and clinical phenotypes. This integrated 

perspective represents a crucial step toward a more mechanistic and personalized 

understanding of complex disorders.
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Conclusions 

The work presented in this thesis illustrates how the integration of multi-omics data and 

machine learning can advance the study of complex diseases. Across distinct disease contexts, 

each project contributed to a unified objective: using data-driven and biologically informed 

frameworks to move from molecular complexity toward actionable biomedical insight. 

 

From molecular features to mechanistic understanding 

The first project, focused on JIA, introduced a hierarchical multi-omic framework that 

combined DNA methylation and transcriptomic data to investigate the role of stochastic 

epigenetic mutations (SEMs) in disease reactivation. The observation of an increased 

epigenetic mutation load (EML) in patients with active disease suggested that widespread 

stochastic methylation alterations are a downstream consequence of inflammatory reactivation, 

but may also serve as early molecular indicators of impending relapse. By integrating multiple 

omic layers and applying ML-based feature prioritization, the study identified transcription 

factors and signaling pathways as central mediators of immune dysregulation.  

 

The second project, centered on Alzheimer’s disease (AD), marked a shift toward large-scale 

predictive modeling and methodological innovation. The single-cell Enhanced Expression 

Modifier Score (sc-EEMS) framework extended the concept of expression modifier scores to 

the single-cell context by integrating multi-omic features to predict causal eQTLs across brain 

cell types. This approach improved the localization of heritability in AD GWAS data and 

revealed new candidate risk genes. Beyond its biological findings, the project underscored the 

value of combining deep learning feature representations with classical machine learning to 

bridge the gap between noncoding genetic variation and functional interpretation. 

 

Finally, the third project explored Syndrome of Undifferentiated Recurrent Fever (SURF) 

within the PerSAIDs consortium, applying a hierarchical multi-omics integration strategy to 

investigate a clinically heterogeneous autoinflammatory condition. Starting from genome-wide 

and rare variant analyses, genetic findings were linked to molecular traits across proteomic, 
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immunomic, transcriptomic, and epigenomic layers. Although no genome-wide significant loci 

were identified, downstream analyses revealed several candidate omic biomarkers. This work 

provided the first genome-wide molecular overview of SURF, highlighting the feasibility of 

applying integrative multi-omics to rare and poorly characterized disorders. 

 

Broader implications and future perspectives 

Together, these projects delineate a methodological trajectory: from small-scale, hypothesis-

driven analyses to increasingly data-driven, large-scale, and integrative frameworks. They 

demonstrate how multi-omics integration, supported by machine learning and robust statistical 

design, can uncover molecular mechanisms that remain hidden when each omic is studied in 

isolation. 

A consistent lesson across projects is that data quality and harmonization are as crucial as 

algorithmic sophistication, particularly in rare and multicenter studies where technical or 

population heterogeneity can obscure biological signals. Equally important is ensuring 

biological interpretability, so that computational results translate into mechanistic 

understanding and, ultimately, clinical insight. 

In summary, this thesis contributes to the growing evidence that multi-omics integration 

combined with machine learning can bridge the gap between large-scale data generation and 

clinical utility. Whether in biomarker discovery, mechanistic insight, or diagnostic support, 

these approaches provide a scalable and interpretable framework to navigate biological 

complexity, paving the way for a more data-driven and personalized medicine.
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