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Abstract

With advances in high-throughput technologies, multiple high-dimensional molecular modal-
ities, known as multiomics, have become increasingly available, offering complementary
insights into cancer biology. Graph-based multimodal learning has shown remarkable po-
tential in integrating these modalities to unravel cancer complexity, enhance biological
predictions, and facilitate biomarker discovery. Despite their promise, these models face
three challenges. First, they struggle with small patient cohorts and high-dimensional fea-
tures, often applying independent feature selection without capturing relationships across
omics modalities. Second, conventional graph-based models rely on homogeneous graphs
that cannot represent multiple node and edge types. Third, handling missing modalities
remains another open problem, as the number of missing patterns increases exponentially
with the number of modalities.

This thesis proposes four graph-based multimodal learning models designed to improve
accuracy, interpretability, and biomarker discovery in cancer diagnosis. The first model
develops a multimodal feature selection method based on a multi-agent system that captures
both intra- and inter-omics interactions. Building on this, the second model introduces
the automatic construction of heterogeneous graphs from multiomics data to learn holistic,
omics-specific representations. To handle datasets with missing modalities, the third model
presents a direct prediction approach for partial modalities by introducing a patient-modality
multi-head attention mechanism, whose complexity increases linearly with the number of
modalities while adapting to missing-pattern variability. Finally, the fourth model extends the
proposed multimodal feature selection method to handle missing modalities and is applied

to a use case investigating the effects of diet-induced obesity and metformin treatment on



viii

molecular changes in mice. Comprehensive experiments show the superior performance of
the proposed methods on real-world cancer datasets and their effectiveness in identifying

biologically meaningful biomarkers.
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Chapter 1

Introduction

1.1 Motivation

Information about phenomena in the natural world often comes from multiple modalities.
Each modality originates from a different source and represents distinct statistical properties,
while multimodal data include related information from various data modalities. Multimodal
learning offers new opportunities for developing machine learning models that incorporate
complementary information extracted across modalities to solve complex problems (Liu
et al., 2025; BaltruSaitis et al., 2018; Xu et al., 2023b). It has shown promise in a variety of
domains (Goyal et al., 2023; He et al., 2022; Liu et al., 2024; Rappaport et al., 2020; Leng
et al., 2024), with healthcare data analytics being one of the most impactful areas (Steyaert
et al., 2023; Xiang et al., 2025; Acosta et al., 2022; Krones et al., 2025).

Multimodal health data analytics leverages multiple biomedical datasets, which have
been exponentially produced through technological advances in imaging, sequencing, and
molecular pro ling (Reel et al., 2021; Kang et al., 2022; Krones et al., 2025), to address
real-world healthcare problems. Fine-grained biological omics data from different high-
throughput platforms enable scientists to investigate complex life-threatening diseases such
as cancer, where development is driven by alterations across multiple molecular layers. In
oncology, patient pro ling using multiple omics modalities (i.e., genomics, epigenomics,

transcriptomics, proteomics, metabolomics, and others) has become increasingly common,
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with each modality providing unique value in understanding tumor biology (Ma et al.,
2025; Steyaert et al., 2023; Tong et al., 2020; Picard et al., 2021; Mamoshina et al., 2018;
Dias-Audibert et al., 2020; Arslan et al., 2021). Collectively, integrating complementary
information from the interactions between these omics data (referred to as multiomics
analysis) offers a more comprehensive understanding of cancer mechanisms and supports
clinical tasks such as classi cation, disease subtyping, prognosis, and biomarker identi cation
(Acosta et al., 2022; Ding et al., 2022; Krassowski et al., 2020).

With the outstanding efforts of researchers and the vast investments of multiple institutes,
notable projects have been completed and made publicly available to the research community.
The Cancer Genome Atlas (TCGA) (Weinstein et al., 2013) and the International Cancer
Genome Consortium (ICGC) (Zhang et al., 2011) have built large-scale multiomics datasets
to advance precision medicine. Building on these resources, research initiatives developing
deep learning methods for multiomics integration (Cantini et al., 2021; Acosta et al., 2022;
Schulte-Sasse et al., 2021) leverage the unique and complementary characteristics of each
modality to construct multimodal models. These models are more accurate and interpretable
than unimodal models, thereby enhancing biological predictions and facilitating biomarker
discovery (Karczewski and Snyder, 2018; Li et al., 2022a; Schulte-Sasse et al., 2021).

More recently, deep learning on graphs (or networks), referred to as graph neural networks
(GNNs) (Hamilton et al., 2018), has been increasingly utilized for multiomics integration
(Li et al., 2022a; Forster et al., 2022; Wang et al., 2021b; Wu et al., 2024a; Ma et al.,
2025). Graphs provide a natural way to represent complex biological systems, where nodes
correspond to entities such as genes, proteins, or patients, and edges capture their interactions
or relationships (Hamilton, 2020). Modeling each omics modality as a graph facilitates the
extraction of structural information within and across datasets, enabling GNNSs to effectively
capture both intra- and inter-omics dependencies (Li et al., 2022a; Ektefaie et al., 2023).
This graph-based representation not only provides a deeper understanding of biological
mechanisms but also offers more accurate models with improved decision-making power
(Zitnik et al., 2024).
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Despite the promise and rich potential of graph-based learning, its application to multi-
omics analysis faces challenges arising from the complex nature of multiomics data. One
major dif culty is the high dimensionality of each omics modality, which makes it chal-
lenging to learn meaningful representations (Steyaert et al., 2023; Tabakhi et al., 2023;
Cantini et al., 2021). Early attempts to mitigate this issue focused on reducing dimensionality
independently for each modality (Picard et al., 2021; Wang et al., 2021b; Wu et al., 2024a);
however, such methods fail to account for relationships across modalities. Furthermore,
representation learning on multimodal graph-structured data has largely been limited to
homogeneous graphs with a single type of node and edge (Zheng et al., 2024; Wang et al.,
2021Db; Forster et al., 2022; Schulte-Sasse et al., 2021). Only a few GNN methods extend to
heterogeneous graphs by modeling multiple types of nodes and edges (Zitnik et al., 2024;
Ruiz et al., 2023; Xu et al., 2023a), and these approaches often rely on pre-existing knowledge
graphs that may not always be available (Chandak et al., 2023). Another challenge is the
presence of missing modalities, where all data from some modalities are missing for some
patients (Mitra et al., 2023). While several methods have been proposed to address missing
modalities (Hayat et al., 2022; Yao et al., 2024; Tsai et al., 2019; Ma et al., 2021; Reza
et al., 2024), they are typically unable to accommodate diverse missing-modality patterns, or
multimodal missingness scalability remains a challenge. These limitations hinder the devel-
opment of powerful graph-based multiomics methods for downstream tasks in healthcare.
This thesis aims to address these issues by designing graph-based multiomics integration
methods that enable effective cancer classi cation and subtyping. From a methodological per-
spective, this involves moving beyond single-modality feature selection toward multimodal
feature selection, developing approaches for multimodal heterogeneous graph learning, and
designing exible and ef cient models for multimodal learning in the presence of missing
data. Figure 1.1 shows the work ow and challenges of multimodal learning with graphs for

multiomics integration.
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Fig. 1.1Work ow of multimodal learning with graphs for multiomics integration and the

four research questions addressed in this thesis. Topdigh-dimensional input modalities,
which may include missing modalities, rst undergo patient Itering to exclude incomplete
data, followed by graph-based feature selection to reduce complexity. The selected features
are then integrated across modalities through graph learning, enabling downstream tasks and
biological interpretationBottom: The four research questions (RQ1-RQ4) correspond to the
methodological developments discussed in Chapters 3—6, illustrating how each contributes to
different stages of the overall work ow.

1.2 Research Questions

In this thesis, we investigate the challenges of multimodal learning with graphs for multiomics
cancer classi cation and propose integrative models to address current limitations and
improve performance. To this end, we aim to answer the following research questions, and a

summary of them is presented in Figure 1.1.

Research Question 1:How can we develop a multimodal feature selection method that
reduces omics feature dimensionality while accounting for both intra- and inter-omics
relationships?

Multiomics data are inherently high-dimensional, with each omics modality containing

a large number of features relative to the small patient cohorts (Cantini et al., 2021; Kang
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et al., 2022). As a result, feature selection is a common preprocessing step. Feature selection
can improve the ability of GNNs to learn meaningful representations; however, most existing
approaches apply feature selection independently to each omics modality. This overlooks
potential relationships and complementary information across modalities, which could further
enhance model performance (El-Manzalawy et al., 2018). A few studies have attempted
multimodal feature selection across all omics, but these methods are often limited to single-
iteration greedy strategies, leading to reduced predictive capability. This naturally raises the
guestion of how to develop more effective feature selection methods that account for both

intra- and inter-omics relationships in multiomics data.

Research Question 2How can we construct heterogeneous graphs to learn holistic graph
representations that capture diverse structures in multiomics data?

Most current GNN research in multiomics is limited to homogeneous graphs, where the
learning process is built on patient or feature similarity networks with a single type of node
and edge (Li et al., 2022a). Such representations lose crucial structural information, overlook
the diverse nature of multiomics data, and restrict the model's ability to capture complex
biological interactions. Heterogeneous graphs provide a promising alternative by modeling
multiple types of nodes and edges, thereby better re ecting the diversity of multiomics data
(Zhang et al., 2019a; Ektefaie et al., 2023). Some existing methods have extended learning
to heterogeneous graphs (Zitnik et al., 2024; Ruiz et al., 2023; Xu et al., 2023a), but they
often depend on pre-existing knowledge graphs to encode semantic relationships between
entities such as genes, patients, and diseases. However, such knowledge graphs are not
always available, and constructing them typically requires substantial domain expertise and
can be costly. Therefore, we are interested in how to automatically construct heterogeneous

graphs by leveraging auxiliary information inherent in multiomics datasets.

Research Question 3How can we integrate multiomics data in the presence of different
missing-modality patterns, enabling predictions directly from partial modalities?
The success of graph-based methods for multiomics integration has often relied on the

assumption that all omics modalities are available for each patient (Wang et al., 2014, 2021b).
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In practice, however, missing modalities, where all data from some modalities are missing
for some patients, are an unavoidable challenge in real-world biomedical applications (Mitra
et al., 2023). Although different strategies have been proposed to address this issue, many
assume that missingness occurs in only a single modality (Hayat et al., 2022; Yao et al.,
2024). Moreover, several approaches handle missing modalities only at test time (Tsai
et al., 2019; Ma et al., 2021; Reza et al., 2024; Li et al., 2025), overlooking cases where
missingness arises in both training and test data. In healthcare, missing modalities can follow
different patterns, making this problem even more complex. This raises the question of how to
design multiomics integration methods that effectively account for different missing-modality

patterns.

Research Question 4:How can we develop a multimodal feature selection method that
explicitly incorporates missing modalities into the selection process?

Missing modalities are common in multimodal datasets, and different learning strategies
have been developed to handle them during model training. However, most feature selection
methods still assume complete data and overlook missing modalities when identifying
informative features. This gap motivates the need for multimodal feature selection methods

that can operate effectively under missing-modality conditions.

1.3 Contributions

This thesis presents four key contributions that collectively address the research questions
introduced earlier.

Contribution 1: We introduceMAgentOmicsthe rst general multimodal feature selec-
tion framework based on a multi-agent system (MAS) that operates on graph representations
of the feature spaces across all omics. Unlike approaches that apply feature selection indepen-
dently to each modality, this strategy mitigates the curse of dimensionality by modeling both
intra- and inter-omics interactionRésearch Question L This is achieved by extending
conventional MAS algorithms from single-modality settings to multimodal scenarios through

the introduction of inter-omics edges and a collaborative search strategy among agents.
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MAgentOmicsdvances earlier work by enabling agents to share knowledge and iteratively
improve their solutions, leading to improved performance.

Contribution 2: We proposeéHeteroGATomicsa dual-view approach to automatically
construct heterogeneous graphs from multiomics data. Each omics modality is represented
from two perspectives: (i) a feature similarity network capturing relationships between
features, and (ii) a patient similarity network capturing relationships between patients. These
two views are combined into a heterogeneous graph with two distinct node types (patients
and features) and three relation types (“patient—similar—patient”, “feature—similar—feature”,
and “feature—attribute—patient”). This uni ed representation captures both patient-level and
feature-level relationships, thereby providing a more comprehensive view of the data. By
modeling such heterogeneous structuresteroGATomicsenhances the expressive power of
GNNs for multiomics integrationResearch Question 2 To enable multimodal integration,
HeteroGATomicamodels cross-modality interactions at both the feature level, using the
MAS algorithm, and the label level, through a late fusion strategy. Moreover, the multimodal
feature selection algorithm not only reduces dimensionality but also enriches the structural
information of the heterogeneous graph, bene ting downstream learning.

Contribution 3: We presenMAGNE& missing-modality-aware framework for direct
prediction with partial omics data. Speci cally, we introduce a patient—-modality multi-
head attention mechanism that fuses different modalities and enables the model to assess
the importance of each modality for individual patients. This mechanism handles diverse
missing-modality patterns through a binary modality mask, ensuring that only available
modalities contribute to the fused representat®egearch Question B In addition MAGNET
scales linearly with the number of modalities, and its modular design keeps the model both
simple and expandable. To maintain consistency of patient representations during fusion, we
incorporate a Kullback—Leibler (KL) divergence-based loss that minimizes the misalignment
between patient similarity distributions. We further propose a novel patient interaction
graph that incorporates missing-modality patterns directly into its structure, improving

graph representation learning. FinalJAGNE®&N be adapted to incorporate fundamentally
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different modalities, supporting broader applicability and extending its potential use beyond
biomedical domains.

Contribution 4: We introduceMMAgentOmi¢a multimodal feature selection framework
that explicitly handles missing modalities within the selection process. Rather than excluding
samples with missing modalitieB]MAgentOmidsicorporates modality missingness into
its state transition mechanism, enabling agents to learn from partial information and select
informative features accordinglfRésearch Question X We demonstrate its generalizability
by applying it to a real biological case study investigating the effects of high-fat diet and
metformin on the mouse brain, providing meaningful insights into metabolic and treatment-

related molecular responses.

1.4 Thesis Outline

To advance the development of powerful graph-based multiomics integration methods, this
thesis introduces several novel frameworks for more accurate cancer classi cation. This
section outlines the structure of the thesis, which is also summarized in Figure 1.1.

In Chapter 2, we provide a brief overview of biological concepts related to cancer and the
different omics modalities. We then introduce fundamental notions of graphs and deep graph
learning models, followed by de nitions of multi-agent systems and multimodal learning,
which together establish the foundation for the methods developed in this thesis. Finally,
we review relevant literature on multimodal fusion for both complete data and settings with
missing modalities.

In Chapter 3, we present a graph-based multimodal feature selection architecture de-
signed to mitigate the high dimensionality of multiomics data. In this framework, each omics
modality is represented as a feature-level graph, where nodes indicate features and edges
capture their relationships. The graphs from all modalities are then connected to form a
uni ed search space that incorporates both intra- and inter-omics interactions. To explore
this space, we propose an MAS strategy that extends feature selection from single-modality

settings to multi-modality scenarios.
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In Chapter 4, we focus on constructing heterogeneous graphs for multiomics cancer di-
agnosis. Each omics modality is represented through two views: a patient similarity network
capturing patient interactions and a feature similarity network capturing feature interactions.
The feature similarity network is enriched using an improved MAS algorithm from Chap-
ter 3, which both reduces feature dimensionality and provides structural information for the
heterogeneous graph. Predictions are generated on each heterogeneous graph with a GNN,
and late fusion integrates the modality-speci ¢ predictions in a supervised manner. This
framework enables cross-modality interactions at both the feature and label levels.

In Chapter 5, we address the challenge of missing modalities in multiomics cancer clas-
si cation. We introduce a exible attention-based framework that fuses available modalities
according to their importance and missingness, with model complexity scaling linearly with
the number of modalities while adapting to diverse missing patterns. To generate predictions,
we construct a patient interaction graph with fused multimodal embeddings as node features
and connectivity determined by modality missingness, followed by a conventional GNN. We
validate the framework on multiomics datasets with real-world missingness, demonstrating
its effectiveness for cancer classi cation.

In Chapter 6, we extend our multimodal feature selection framework to explicitly account
for missing modalities. We modify the state transition rules so that feature selection leverages
within-omics interactions based on available samples in each modality and cross-omics
interactions based on matched samples across modalities. We evaluate this method on a real
biological case study in mice to investigate how a high-fat diet and metformin in uence brain
function, addressing two biological questions: whether diet or metformin directly affects the
brain, and what molecular changes occur in the brain under chronic obesity or metformin
treatment.

In Chapter 7, we conclude by summarizing the ndings and outlining promising direc-

tions for future work that build upon the contributions of the previous chapters.
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Chapter 2

Background

This thesis focuses on the design of multimodal learning methods with graphs for multiomics
integration. Accordingly, this chapter introduces the necessary biological and computational
background relevant to this work. Section 2.1 covers the biological foundation, introducing
cancer biology (Section 2.1.1) and multiomics data (Section 2.1.2). Section 2.2 presents the
computational background, beginning with fundamental concepts of graphs and graph types
(Section 2.2.1), followed by graph neural networks (Section 2.2.2), relational graph neural
networks (Section 2.2.3), multi-agent systems (Section 2.2.4), and multimodal learning
(Section 2.2.5). Finally, we review different multimodal fusion strategies for complete data

(Section 2.3) and for data with missing modalities (Section 2.4).

2.1 Biological Background

2.1.1 Cancer Biology

Cancer is one of the leading causes of death worldwide, with nearly 10 million deaths in
2020, representing approximately one in six of all deaths. The most commonly diagnosed
types are breast, lung, colorectal, and prostate cancers (Pettini et al., 2021). Cancer refers to
a group of diseases characterized by abnormal and uncontrolled cell growth, resulting from

changes in cell division and cell death (Brown et al., 2023; Ruddon, 2007). These cellular
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Fig. 2.1Cancer development and progressionNormal cell division supports healthy tissue
growth. Cancer originates from a single abnormal cell, where genetic mutations can lead to
uncontrolled cell division, tumor formation, and metastasis. Icon credit: metastasis icon by
Servier is licensed under CC-BY 3.0, with additional icons adapted from the original.

changes arise from underlying genetic and molecular alterations, in which the DNA of cells

is altered, disrupting normal regulatory mechanisms and providing incorrect instructions for
cellular functioning. Such mutations drive the development of cancer cells and are observed
across all cancer types. If left untreated, abnormal cell growth can invade nearby tissues
and metastasize to distant sites, which is the main cause of cancer-related death (Hejmadi,
2014). Figure 2.1 shows the stages of cancer development and progression, from normal cell
division to metastasis.

The progression from a normal cell to a malignant phenotype is governed by the ac-
quisition of speci c biological capabilities. These capabilities are commonly described
as the hallmarks of cancer, which provide a conceptual framework for understanding the
complexity of human cancers. Initially, six hallmarks were de ned, including sustained
proliferative signalling, evasion of growth suppressors, resistance to cell death, replicative
immortality, angiogenesis, and activation of invasion and metastasis (Hanahan and Weinberg,
2000). Subsequent studies have expanded this framework to include additional capabilities,
such as deregulated cellular energetics, evasion of immune destruction, and phenotypic plas-

ticity, further contributing to tumor development (Hanahan and Weinberg, 2011; Hanahan,
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2026). Collectively, these hallmarks re ect disruptions in fundamental cellular processes and
regulatory mechanisms, providing a functional basis for cancer progression.

At the molecular level, these hallmarks are primarily driven by alterations in two major
classes of genes: proto-oncogenes and tumor suppressor genes (Hanahan and Weinberg, 2011;
Prasad and Sitara, 2026). Proto-oncogenes normally regulate cell growth and signalling;
however, when activated through mutation or overexpression, they become oncogenes that
promote uncontrolled cellular proliferation through gain-of-function effects (Kontomanolis
et al., 2020). In contrast, tumor suppressor genes regulate cell cycle progression, DNA repair,
and apoptosis to maintain genomic stability. Loss-of-function alterations or epigenetic silenc-
ing of tumor suppressor genes remove critical regulatory checkpoints, thereby facilitating
tumor development (Lee and Muller, 2010).

These functional changes arise through a diverse range of molecular alterations affecting
the genome and its regulation, among which genetic mutations play a central role in cancer
initiation and progression. A mutation refers to an alteration in the genomic sequence. These
can be broadly divided into driver and passenger mutations (Aparisi et al., 2019; Kumar
et al., 2020). Driver mutations lead to tumor initiation and growth with a selective advantage,
whereas passenger mutations accumulate during tumor evolution without directly contributing
to cancer development. Although drivers are the primary focus of cancer sequencing efforts,
passenger mutations also provide valuable insights into mutational processes and evolutionary
history, and therefore require systematic study. Most mutations in the genome have no
immediate effect, but when they occur in important regulatory regions or genes, they can
disrupt cellular processes. For example, a mutation may alter the mRNA sequence of a
gene, producing an abnormal protein that no longer functions correctly (Schulte-Sasse, 2020).
While this illustrates how mutations can drive downstream alterations, cancer progression is
also shaped by independent molecular changes at the RNA, protein, and epigenetic levels,
which in uence tumor metabolism, signaling pathways, and metastatic potential (Marei,
2025; Orsolic et al., 2023).

The development and progression of cancer from a nonmalignant to a malignant state

is a dynamic and heterogeneous process. Tumors show variability both across patients
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(inter-tumor heterogeneity) and within a single tumor (intra-tumor heterogeneity) (Burrell

et al., 2013). Inter-tumor heterogeneity refers to differences in genetic and molecular
pro les between patients with the same cancer type, whereas intra-tumor heterogeneity
arises from the presence of multiple subclonal populations within a tumor (Dagogo-Jack
and Shaw, 2018). This diversity is driven by the continuous accumulation of genetic and
epigenetic alterations, together with selective pressures from the tumor microenvironment
and therapeutic interventions. As tumors evolve, distinct cellular subpopulations may acquire
different functional properties, such as increased invasiveness or resistance to treatment
(McGranahan and Swanton, 2017). Consequently, cancer can be viewed as a dynamic and
evolving system rather than a static disease.

Capturing the complexity and heterogeneity of cancer has been enabled by advances
in next-generation sequencing technologies, which enable comprehensive pro ling across
multiple molecular layers, including the genome, epigenome, transcriptome, proteome, and
metabolome. These technologies provide a multi-dimensional view of tumor biology, al-
lowing the identi cation of diverse molecular alterations underlying cancer development.
Large-scale initiatives such as TCGA have generated extensive datasets, revealing thou-
sands of tumor-associated mutations and facilitating the discovery of oncogenic drivers and
candidate therapeutic targets.

The generation of large-scale multiomics datasets has transformed the prospects for
precision medicine in oncology. Precision medicine aims to tailor prevention, diagnosis,
and treatment strategies to the molecular characteristics of an individual patient's tumor.
Cancer biomarkers are measurable molecular signatures associated with disease presence,
subtype, or progression and are central to precision oncology. For example, the identi cation
of BRCA1/2 mutations in breast and ovarian cancers informs the use of PARP inhibitors
(Dibitetto et al., 2024), while alterations in EGFR or ALK guide targeted therapies in lung
cancer (Bouchard and Daaboul, 2025). Beyond single-gene markers, integrative analyses of
multiomics data are increasingly being used to de ne molecular subtypes, predict treatment
response, and identify novel therapeutic targets. However, the complexity and heterogeneity

of cancer highlight the need for computational approaches that can effectively integrate
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diverse data modalities to uncover actionable biomarkers and improve clinical decision-

making (Perez-Lopez et al., 2024).

2.1.2 Multiomics Data

Multiomics data are derived from different sources, including molecular and non-molecular
omics modalities. Molecular omics represent a major dimension of multiomics data, aiming
to characterize the molecular biology of human diseases through genomics, transcriptomics,
proteomics, metabolomics, epigenomics, microbiomics, and exposomics. Complementary
perspectives are provided by non-molecular modalities, speci cally radiomics (Lambin et al.,
2012) and phenomics (Bilder et al., 2009), which incorporate imaging and clinical information
into the multiomics landscape. Each of these omics modalities has been studied independently
to address biomedical questions. While different sources provide complementary perspectives
and reveal unique aspects of diseases, integrating multiple omics modalities has become
increasingly common in existing research. Introducing the distinct modalities of omics
data and their potential applications highlights the breadth of opportunities available for
addressing biomedical challenges (Karczewski and Snyder, 2018; Acosta et al., 2022).
Table 2.1 summarizes the main modalities of omics data and their applications, while
Figure 2.2 illustrates how these data sources and their fusion contribute to various biomedical
tasks.

We review multiomics data in the following subsections, dividing them into molecular

and non-molecular omics based on their prevalence in research.

Molecular omics modalities

Genes, located within the deoxyribonucleic acid (DNA) of human cells, encode proteins that
are essential for human development and physiological maintenance. Alterations in genes
and their regulation contribute to many life-threatening diseases, including cancer, making
the study of genetic and molecular constituents important for diagnosis and treatment.

The advent of next-generation sequencing (NGS) has enabled the large-scale charac-

terization of molecular data, collectively referred to as omics (Karczewski and Snyder,
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Fig. 2.2Multiple omics modalities and their fusion for various tasks.

2018; da Fonseca et al., 2016). This development allows researchers to study molecular
layers, including genomics, transcriptomics, proteomics, metabolomics, and epigenomics.
Integrating these omics modalities provides insights into gene expression, regulation, and
protein activity, supporting several biomedical tasks, including disease diagnosis, prognosis,
treatment, prevention, and biomarker identi cation.

The complete set of genetic information required for human development and growth

is contained in the genome, with its instructions expressed through ribonucleic acid (RNA).



Table 2.1 Overview of multiomics data and their applications in diagnosis, prognosis, and precision medicine.

Omics modality

Description Types/Technologies

Biomedical applications

Genomics

Epigenomics

Transcriptomics

Proteomics

Metabolomics

Microbiomics

Exposomics

Radiomics

Phenomics

Genomics studies the structure, function, and sequencing of DNASimuctural genomics (Skolnick et al., 2000),

Gene discovery and diagnosis of rare genetic disorders (e.g., heart

identify genetic variants associated with disease, treatment response Famtttional genomics (Cano-Gamez and Trynka, 202Qjisease and cancers);

prognosis. Comparative genomics (Hardison, 2003),
Mutation genomics (Stenson et al., 2009)

Epigenomics studies heritable changes in gene expression that oB®NA methylation (Singal and Ginder, 1999),
without alterations in the DNA sequence, playing a key role in develdpistone modi cation (KarlE et al., 2010),
ment and homeostasis. Non-coding RNA (Eddy, 2001)

Transcriptomics examines the transcriptome, the complete set of RDINA microarrays (Stoughton, 2005),
transcripts in a cell, to understand gene function and regulation. RNAseq (Hrdlickova et al., 2017)

Proteomics identi es and quanti es the full set of proteins in a ceExpression proteomics (Banks et al., 2000),
tissue, or organism. Functional proteomics (Colland et al., 2004),

Identi cation and diagnosis of genetic factors contributing to preva-
lent diseases;

Pharmacogenetics and targeted therapy;

Diagnosis of infectious diseases

Early-stage detection, e.g., coronary artery disease;
Therapeutic development

Identi cation of early cancer biomarkers;
Analysis of human and pathogen transcriptomes;
Response to the environment;

Gene function annotation;

Non-coding RNA

Protein production, degradation, and steady-state abundance rates;
Protein movement between subcellular compartments;

Structural proteomics (Renfrey and Featherstone, 20@2jotein involvement in metabolic pathways;

Metabolomics analyzes small-molecule metabolites, the substratesethbolite ngerprinting (Krishnan et al., 2005),
products of metabolism, which are shaped by genetic and environmeMatabolic pro ling,
factors. Targeted analysis

Microbiomics studies the composition and function of microbial coriicrobiome (Schwabe and Jobin, 2013)
munities in the human body and their roles in health and disease.

Exposomics investigates the cumulative effects of environmental exovironmental exposures (Price et al., 2022)
sures on health and disease development.

Radiomics extracts quantitative features from medical images usMgdical images
computational algorithms to reveal patterns and characteristics of tissues
and diseases.

Phenomics investigates variations in human phenotypes arising frQumlitative traits (Lanktree et al., 2010),
gene—environment interactions, supporting personalized medicine @u@ntitative traits
biomedical research.

Protein interaction display used in the drug discovery process

Investigation of several human diseases (e.g., cancers and natural
metabolic errors);

Design improved therapeutic strategies;

Toxicology (i.e., toxicological effects);

Pharmacology (i.e., nutrition)

Infectious disease diagnosis;
Monitoring microbial components in chronic diseases (e.g., heart
disease, diabetes, and chronic lung disease)

New insights into the development of chronic diseases;
Reveal nongenetic disease causes

Diagnostic differentiation of suspected tissue;
Survival prognosis;
Prediction of clinical responses;
Prediction risk of distant metastasis (Haider et al., 2020)

Functional genomics;
Pharmaceutical research;
Disease risk prediction
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Building on this foundation, different omics disciplines investigate molecular layers of
biological systems at varying level&enomicdocuses on the study of the genome, aiming

to identify variations in DNA sequences that contribute to human dise@s@sscriptomics
examines gene expression by analyzing RNA transcripts, identifying changes that reveal
how diseases in uence cellular and organismal functioRsoteomicsinvestigates the
complete set of proteins in a biological system, complementing information from genomics
and often relying on mass spectrometry (MS) (Keller et al., 200&tabolomicgpro les
cellular metabolites and their interactions, providing a ngerprint of cellular physiology that
supports the detection of metabolic disorders and biomarker discdeigenomicexplores
heritable modi cations in gene regulation that occur without changes in the DNA sequence,
offering insights into how environmental factors in uence disedde&robiomicsstudies
microbial communities, including bacteria, archaea, fungi, and viruses, to understand their
roles in human health and diseaBposomicsneasures the total environmental exposures
experienced throughout an individual's life to assess their effects on health and the complex
interaction between genetics and environment.

Several additional omics modalities have been developed but are not yet routinely incor-
porated into molecular omics analyses. For exampktagenomigsnetatranscriptomics
andmetaproteomicextend foundational omics modalities to complex microbial communi-
ties, but their application still faces major challenges, including limitations of sequencing
technologies (short read lengths and high error rates) as well as economic constraints (Aguiar-
Pulido et al., 2016). Similarhglycomics which provides a comprehensive view of glycans

synthesized in cells, has yet to be fully integrated with other omics data types (Kunej, 2019).

Non-molecular omics modalities

With advances in medical imaging technologies and the growing recognition of the impor-
tance of clinical data, complementary omics modalities, radiomics and phenomics, have
emerged to provide additional insights into biological and clinical problems.

In precision medicineradiomicsextracts quantitative features from medical images to

support decision-making systems for accurate diagnosis (Shur et al., 2021). Its work ow
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typically involves image acquisition from modalities such as computed tomography (CT),
magnetic resonance imaging (MRI), or digital histopathology, followed by segmentation to
identify regions of interest. Quantitative features describing intensity, shape, and texture are
then extracted and organized into structured datasets, which are subsequently analyzed using
machine learning models (Caruso et al., 2021). Access to standardized image collections
is a critical requirement for this process. A major initiative in this direction is The Cancer
Imaging Archive (TCIA), which provides publicly accessible imaging data for a variety of
cancers, including lung cancer (Clark et al., 2013).

Another complementary modality phenomicswhich systematically measures the full
set of qualitative and quantitative phenomes, including physical and biochemical traits. It
examines how environmental and lifestyle factors interact with genetic variation to in uence
disease risk (Houle et al., 2010). A key area is electronic health record (EHR)-based
phenotyping, which extracts clinical characteristics from patient records to advance our
understanding of health and disease (Richesson et al., 2013). By integrating genetic and
phenotypic data, phenomics offers unique insights into the genotype—phenotype relationship

underlying complex human diseases (Bilder et al., 2009).

2.2 Computational Background

2.2.1 Graphs

Graphs — or networks — are data structures that provide a universal way to represent interac-
tions among entities in complex systems. In general, a graph consists of a set of entities or
objects (i.e., nodes) together with the relationships between pairs of entities (i.e., edges). This
representation enables researchers to capture and analyze these interactions. Many real-world
systems can be naturally modeled as graphs, such as molecular interaction networks in
biology or healthcare systems in medicine (Li et al., 2022a; Ektefaie et al., 2023).

From a mathematical perspective, a graph is de ne@ag V;E), whereV is a set of
N nodesandE V V isasetofedges. Each ed@ev) 2 E connects a node2V to a

nodev 2 V. A graph may also contaiself-loops where a node is connected to itself, i.e.,
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(u;u) 2 E. Theneighborhoodf a nodeu 2 V is the set of nodes directly connecteduto
denedasN (uy=fv2Vj(uv)2Eg.

The graphG is directedif the order of nodes in an edge matters, i(&;v) 6 (v;u),
representing an asymmetric relationship. Convers$glg,undirectedif edges are unordered
pairs, i.e.(u;Vv) = ( v;u), representing symmetric relationships. A common way to represent a
graphGis through itsadjacency matrixA 2 f 0;1gN N, where the entrg; j indicates whether

there is an edge between nodesd j. Speci cally,

:
A= 1, if(i;)) 2E; 2.1)
- 0; otherwise

Based on this de nition, a grap® is unweightedf its adjacency matrixA 2 f 0;1gN N
has binary entries, withj; = 1 indicating the presence of an edge ac= 0 otherwise. Itis
weightedif A2 RN N, wherea;; = wij denotes the weight of the edge between nodesl
j. A graph is callegsparseif the number of edges is signi cantly smaller than the maximum
possible number of edges for a given number of nodes.

To represent important characteristics of nodes and edges, we can associate feature
vectors with them. For example, in a biomedical setting, a node representing a patient may
have associated biological information. Node features for all nodes are collecteddea
feature matrixX 2 RN P, where each row corresponds to a node Bnid the feature
dimension. Similarly, edge features for all edges are collected edge feature matrix

E2 RIE F where each row corresponds to an edge Ruislthe feature dimension. For

feature vector asj 2 RF;(i; j) 2 E.

Homogeneous graphs

A graph is callechomogeneoui$ it consists of a single type of node and a single type of edge.
The general de nitions introduced above — nodes, edges, adjacency matrices, and node/edge
features — can be directly applied to homogeneous graphs, since all entities and relationships

are of the same kind.
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Fig. 2.3lllustration of homogeneous and heterogeneous graph& homogeneous graph
(left) contains a single type of node and relation, whereas a heterogeneous graph (right)
consists of multiple node types and relation types.

Heterogeneous graphs

Many real-world systems involve multiple types of entities and relationshigsetéroge-
neousgraph extends the homogeneous setting by allowing different types of nodes and/or
edges. For example, in biomedical applications, nodes may represent patients, genes, or
clinical features, while edges may encode distinct relationships such as patient—patient simi-
larity, gene—gene interactions, or patient—feature associations. Formally, a heterogeneous
graph is de ned a$s=(V;E;f ;y ), whereV is the set of nodes arféis the set of edges.

Each node is associated with a type via a mapping fundtion ! A, whereA is the

set of node types. Similarly, each edge is associated with a type via a mapping function
y :E!'R , whereR is the set of edge types or relations (Hamilton, 2020; Luo et al., 2022).
The graph is heterogeneous if eith@y > 1 orjRj > 1. Figure 2.3 provides an example of a

homogeneous and a heterogeneous graph.

2.2.2 Graph Neural Networks

With the success of deep learning approaches such as convolutional neural networks (CNNSs)
in the image domain (Li et al., 2021b; Gu et al., 2018) and recurrent or transformer-based
models in the text domain (Vaswani et al., 2017; Xu et al., 2023b), their generalization to
graphs has been increasingly studied. Deep learning on graph-structured data, known as

graph neural networks (GNNSs), has become an active research area in systems biology and
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healthcare (Li et al., 2022a; Ektefaie et al., 2023; Wang et al., 2021b; Ma et al., 2025). The
objective of GNNs is to learn node representations (embeddings) from the graph structure and,
when available, from associated feature information on nodes and edges, in order to support
downstream tasks (Acosta et al., 2022; Hamilton et al., 2018). Among the various tasks
de ned on graphs, this thesis focuses on supervigatke-level predictionin this setting,

each nodeal 2 V is associated with a labg|, 2 Y, and the goal is to learn an embedding

hy such that it can be used to accurately pregictThe label matrixy 2 RN € contains
one-hot encoded labels fbl patients acrosS classes.

To perform node-level prediction with GNNs, we rely on the neural message-passing
scheme (Gilmer et al., 2017), which forms the foundation of modern GNNs. This scheme is
based on exchanging messages between neighboring nodes, followed by aggregation and
update steps that re ne each node's representation using neural networks. In other words,
during each message-passing iteration, the represenkgtioira nodeu 2 V is updated by
aggregating information from its neighbad¥s(u). Lethﬂ) denote the hidden representation

of nodeu at layerl; then, a generic GNN layer updates node embeddings as:

m{’ v= Messace” h(’; hi); ey ; (2.2)

| |
mf\l)(u) = AcoreGatE) fm{’ ,:v2 N (u)g ; (2.3)
h{*D = uppate® h{: mﬂ)(u) : (2.4)

This framework consists of three functioddESSAGH ), AGGREGATH ), andUPDATE( ; ).
In the message step (Equation (2.2)), each node generates a message WMiegsheH )
function, which is sent to its neighboring nodes. The message can incorporate information
about the edge between nodesndv. When edge featuresg, are available, they are typically
concatenated with the source node representhﬂ@)m)efore transmission, and the message
function can be implemented as a simple linear layer that transforms this concatenated vector.

The AGGREGATH ) andUPDATE( ; ) functions are arbitrary differentiable and typically
parameterized functions, often implemented using neural networks. In the aggregation

step (Equation (2.3)), all messages from the neighborihdofg of nodeu are combined
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using theAGGREGATH ) function to produce a single message vector that summarizes
the neighborhood information. The aggregation function must be permutation invariant
to the order of neighbors. Common choices include summation, mean, or max pooling.
In the update step (Equation (2.4)), the aggregated neighborhood message is combined
with the node's previous representatikmw through theUPDATE( ; ) function, resulting in
the updated node representathﬂf Y. A common choice is to combine the aggregated
neighborhood message with the node's previous representation either by a weighted sum
(Kipf and Welling, 2017) or by concatenation (Hamilton et al., 2017), typically followed by
a nonlinear transformation.

A GNN starts with initial node representations at lalyer0, which are set to the input
node features, i.eh,f,o) = Xy;8u 2 V. After runningL layers of message passing, the output
of the nal layer is taken as the learned representation of each nodaui;ehﬁ");Su 2V.
Different implementations of the message, aggregation, and update steps have led to the
development of many GNN models (Mgtovic et al., 2018; Xu et al., 2019; Hamilton et al.,
2017; Kipf and Welling, 2017; Zhang et al., 2018c). In the following, we introduce three

representative and concrete examples.

Graph convolutional networks

Graph convolutional networks (GCNSs) (Kipf and Welling, 2017) are one of the most widely
used GNN models and can be viewed as a special case of the general message-passing
framework. Intuitively, GCNs extend the convolution operation used in image processing to
graphs, by aggregating and updating feature information between neighboring nodes while
applying symmetric degree normalization to avoid scaling issues. Formally, a GCN layer

de nes the message-passing scheme as:

O 1 M.
my’ v= p———W"4Why'; (2.5)
"IN (WIN (V)
| o |
mf\l)(u) = & miy (2.6)

V2N (u)[f ug
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I+1 |
hi™Y = RELU m{,, ; 2.7)

whereW() is a learnable weight matrix at laykrjN (u)j denotes the degree of nodeand
RELU( ) is the nonlinear activation function. In GCNs, self-loops are included as part of the

neighborhood aggregation in Equation (2.6).

GraphSAGE

Graph sample and aggregation (GraphSAGE) (Hamilton et al., 2017) extends the message-
passing framework by introducing a sampling strategy to handle large graphs. Instead of
aggregating information from all neighbors, GraphSAGE samples a xed-size set of neigh-
bors for each node, making it scalable to graphs with high-degree nodes. Furthermore,
GraphSAGE explicitly combines the node's own representation with the aggregated neigh-
borhood information via concatenation, followed by a learnable transformation. Formally, a

GraphSAGE layer can be de ned as:

m{ v = h{); (2.8)

hi*Y=s w® concar h(');mf\'l)(u) : (2.9)
whereCONCAT( ; ) denotes concatenation of representationssahilis a nonlinear activa-

(1
N (u)

the neighborhood is obtained by uniformly sampling a xed-size set of neighbors, instead

tion function. In Equation (2.9 is de ned similarly to Equation (2.6), except that

of using the full neighborhood. Th&GGREGATH ) function in GraphSAGE can be im-
plemented in different ways, such as taking the mean of neighbor embeddings, applying a
nonlinear transformation followed by a symmetric function like max pooling, or using an
LSTM applied to a randomly ordered sequence of neighbor embeddings (Hamilton et al.,
2017).
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Graph attention networks

Graph attention networks (GATSs) (Vekovic et al., 2018) extend the message-passing frame-
work by introducing an attention mechanism (Bahdanau et al., 2015) to learn the importance
of different neighbors when aggregating information. Unlike GCNs and GraphSAGE, which
apply a xed normalization based on node degrees, GATs compute attention coef cients that
adaptively weight the contribution of each neighbor, allowing the model to focus on the most

relevant connections. Formally, a GAT layer can be de ned as:

m{ v= wOh{); (2.10)
mﬂl)(u) = a aly my y; (2.11)
V2N (u)
(I+1) _ ()] .
hy ™ =s my w (2.12)
where 0
al) = SXHEy (2.13)

o Dy’
aieN (u) exp(e‘ui)
ey = LeakyReLU a®” concat(m{? ;m{ ) ; (2.14)

eﬂ\) is the unnormalized attention score measuring the importance of sourcevriode

destination node, a) is a trainable attention vectqr)> indicates transposition, arekp( )
is the standard exponential function. Equation (2.13) applies a softmax operation over
the neighborhoodl (u) to normalize these scores into attention coef cients, ensuring that
éVZN(u)aEIl\) =1

To stabilize the learning process of the attention mechanism, multi-head attention
(Velickovic et al., 2018) is widely utilized. In this scheme, the output& afidependent

attention heads are combined to form the nal node representations, de ned as:

R VY TNOR (2.15)
i = & alml™, 216)

V2N (u)
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[+1 1) . 2 ..., IiK .
th+ ) = CONCAT s mE\l (l)]) 'S mf\l (l)J) llS mf\l (u)) : (2.17)
wheremg\'l;'(%) is the aggregated message from the neighborhood of modmputed by the

k-th attention head, each with its own parameters. If we perform multi-head attention on the

nal layer of the network, instead of concatenation we apply averaging, as follows:

hi* D = s mil . (2.18)

1
K 1 N (u)

ﬁ QJOx

2.2.3 Relational Graph Neural Networks

The models discussed in Section 2.2.2 implicitly assume homogeneous graphs. However,
in many real-world applications, such as healthcare, the underlying data naturally forms
heterogeneous graphs with multiple types of relations. In this section, we review graph neural
network strategies that have been speci cally designed to handle such heterogeneous and

multi-relational graphs.

Relational graph convolutional networks

Relational graph convolutional networks (RGCNSs) (Schlichtkrull et al., 2018) are among
the rst models designed to handle heterogeneous graphs with multiple relation types.
They extend GCNs by modifying the aggregation function to incorporate relation-speci c
transformations. Given a heterogeneous gi@ph( V;E;f ;y ) with a set of relation®, an

R-GCN layer is de ned as:

1
m& v= =W (uv) 2E; (2.19)
u;r
mw=48 & mi. (2:20)
r2R v2N,(u)
hi*Y=s sum m{) - m{, - (2.21)

N (u)’

whereSuMm( ; ) denotes element-wise addition of its input vectmg,) U= Wg)hf,') is the

self-loop message with transformation weight mawg), N (u) denotes the neighbors of



2.2 Computational Background 29

nodeu under relatiorr, Wp) is a relation-speci ¢ weight matrix, andl;; is a normalization
constant (e.gGyr = jNr(u)j).

As RGCNs assign a trainable weight matrix to each relation type, the number of parame-
ters grows rapidly with the number of relations. To address this scalability issue, Schlichtkrull
et al. (2018) proposed two regularization strategiesis decompositioandblock-diagonal

decompositiorf the relation-speci ¢ weight matrices.

Relational graph attention networks

Relational graph attention networks (RGATSs) (Chen et al., 2021a) extend the GAT frame-
work to heterogeneous and multi-relational graphs. While standard GATSs learn attention
coef cients to adaptively weight the importance of neighbors, RGATs incorporate relation
types into the attention mechanism. This allows the model to differentiate how information
from a neighbor should be weighted depending not only on the neighbor's features but also
on the type of relation connecting the two nodes. Formally, relation-aware attention can be

expressed by making the attention score relation-speci c:

D, = LEAKYRELU a§')> CONCAT(le)J u;m&'?J v (2.22)

wherer 2 R denotes the relation type, and the normalized attention coef cina,ﬁ};sare
obtained by applying a softmax function across neighbors under refation

By integrating relation information into the attention mechanism, RGATSs provide greater
exibility in modeling heterogeneous graphs compared to RGCNSs, as they can learn both

relation-speci c transformations and adaptive neighbor weighting.

2.2.4 Multi-Agent Systems

Multi-agent systems (MAS) (Wooldridge, 2009) are computational frameworks in which
multiple simple agents interact and cooperate within a shared environment to solve complex
problems that are dif cult for a single agent to address. Each agent operates based on local

information and simple rules, but through interaction, the collective system can achieve
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powerful problem-solving behavior. MAS approaches have been applied in optimization
(Goldman and Zilberstein, 2003), robotics (Ota, 2006), distributed control (Wernstedt, 2005),
and biological modeling (Roche et al., 2008).

In this thesis, we focus on the application of MAS to feature selection. Speci cally,
we address high-dimensional multimodal data, where feature selection is a critical step to
reduce dimensionality, enhance interpretability, and improve predictive performance. Feature
selection can be formulated as a combinatorial optimization problem, where the objective is
to identify an informative subset of features from a large search space (Guyon and Elisseeff,
2003; Liu and Yu, 2005). Therefore, MAS-based algorithms provide a natural framework
for this task, as the collective behavior of agents enables ef cient exploration of the feature
space while balancing exploration and exploitation.

In the following subsection, we rst describe how the feature selection problem can
be represented as an appropriate search space for MAS. We then explain the different
components of MAS and how they interact to explore this space effectively, highlighting how

agent cooperation enables the discovery of informative feature subsets.

Representation of the feature selection problem

Let us assume a high-dimensional biological datXs2tRN P with N patients, where each
patient is represented Iy biological features. Within the MAS framework, the search space
for the feature selection problem can be represented as a Grav; E), in which nodes
correspond to features and edges represent possible transitions between features.
Beyond this structural representation, the graph incorporates two types of additional
components that are essential for feature selection. Firssidiie node scorandstatic edge
weightserve as xed measures that guide the selection of relevant features by quantifying
their individual importance and pairwise associations. Speci cally, the static node score,
denoted a$/(f,), assigns a value to each noflebased on the input data (e.g., feature
relevance measures). Similarly, the static edge weight, denoteg &g f\), assigns a value

to each edge according to measures of correlation or dependency between features.
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Second, thelynamic node scoranddynamic edge weiglgvolve during the selection
process, allowing agents to adaptively re ne feature subsets over time. At itetation
dynamic node score of featufg is denoted by ,(t), and the dynamic edge weight between
featuresf, andf, is denoted by (t). These dynamic values are initialized with a constant
c and iteratively updated as agents navigate the graph, reinforcing paths that contribute to

promising feature subsets.

The framework of a general MAS algorithm

After representing the input data as a graph, MAS performs feature selection through an

iterative improvement process. Each iteration consists of four key steps:

» Step 1 Initialize Ny agents, with each agent starting from a randomly selected node.

The starting node corresponds to the rst feature selected by that agent.

» Step 2 Each agent extends its current feature subset by performing a random walk
over the search space. The movement follstege transition ruleswhere agents
preferentially move toward nodes that are considered more desirable according to the
model's criteria. This process continues until a prede ned number of features has been

selected.

» Step 3 Once all agents complete their walks, the resulting feature subsets are evaluated

using atness function such as classi cation performance or another chosen objective.

» Step 4 Dynamic value updating ruleare applied to adjust the dynamic node scores
and edge weights. Features and connections not selected experience decay, while those

contributing to high-quality subsets receive reinforcement.

These steps are repeated for a maximum number of iterations. Finally, the best-performing

feature subsets are selected. In the following, we describe each of these components in detail.
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State transition rules

Each agent constructs a feature subset by exploring the feature space and selecting features
based on either a greedy or a probabilistic transition rule.grbedy ruleprioritizes the most
promising feature at each step, while ffrebabilistic ruleallows for stochastic exploration
across different features.

We de ne the transition score from featufgto featuref, at iterationt as a combination

of static and dynamic node and edge values:
TRANSITION( fy; fy) = COMBINE hy(fy); he(fy; fv); tu(t); tu(t) ; (2.23)

whereCoMBINE( ) is a model-speci ¢ function integrating these components. Under the
greedy rule, agera positioned at nodd, selects the next featurfg such that
h [
fy = argmax TRANSITION(fy; fx) 5 if g Qo; (2.24)
fk2J u(a)
wherel y(a) is the set of candidate features not yet selected by agens a random variable
uniformly sampled fronf0; 1], andqg is a prede ned threshold.
Under the probabilistic rule, whep> qo, the next featurd, is selected according to the

distribution

_ TRANSITION( fy; fy)
Prol(fyj fu) =
ro( fy j fu) & 1.2,(2) TRANSITION(fy; fi)’

if 9> qo: (2.25)

This mechanism balancesploitation where agents deterministically select the most
promising features, witkxploration where agents stochastically sample alternative features
to diversify the search process (Dorigo and Stiitzle, 2018; Tabakhi et al., 2014).

Dynamic value updating rules

Dynamic value updating rules are applied to guide agent exploration and improve feature

selection by modifying the dynamic node scores and edge weights based on their contributions
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to high-quality feature subsets. For the next iteratienl, these updates occur after all

agents have constructed their feature subsets and are de ned as:
tu(t+21)=(1 ry)tu(t)+ ryv Score,(fu); (2.26)

tu(t+ ) =(1 rg)tult)+ rg SCORE(Ty; fy); (2.27)

wherer y;r g 2 (0; 1] are decay coef cients controlling the balance between retention of past
information and incorporation of new evidence. The functiSBo®RE,( ) andSCORE:( )
compute update values for nodes and edges based on their relative contribution to the quality
of the selected feature subsets. The speci ¢ de nition of these functions depends on the
model employed and is determined by task-speci ¢ evaluation criteria. This updating rule
follows a reinforcement learning-inspired mechanism, where features and edges contributing
to better feature subsets accumulate higher dynamic scores and weights, thereby improving
their likelihood of selection in subsequent iterations (Dorigo and Gambardella, 1997; Dorigo
and Blum, 2005).

2.2.5 Multimodal Learning

Many complex systems can only be understood by combining information from multiple
perspectives of the same objects, or modalities, such as biological data, images, signals, text,
or structured variablesvultimodal learningaims to develop predictive machine learning
models that extract and integrate information from multiple data modalities (BaltruSaitis
et al., 2018; Ektefaie et al., 2023). In this section, we formulate supervised multimodal omics

learning and extend it to the case of missing modalities.
De nition 2.2.1. (Supervised Multimodal Omics Learning). In the context of multi-

omics, supervised multimodal learning involves leveraging multiple biological data to build

whereX' 2 RN 9 denotes théth omics modality withN patients and; features. Given the

corresponding label matriX 2 RN € (e.g., cancer subtypes encoded as one-hot vectors), the
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classi cation task is to learn a mappirfg : D! Y that minimizes the loss functidn(Y’; \?),
whereY = fq(D) represents the predicted labels. Heyés the set of learnable parameters

of the predictive modef,, which are optimized during training to minimize the ldss

De nition 2.2.2. (Multiomics with Missing Modalities) . In real-world multiomics datasets,
some modalities may be missing for some patients, impacting the integration of multiple
omics modalities. Formally, lé1 2 f 0;1gN M be a binary modality mask matrix, where

mji = 1indicates that théh modality is available for thgth patient, andan;; = O indicates

its absence. For omics modality datX', the jth patient's data is considerednfj = 1. The
problem is to construct a modélthat can robustly handle missing modalitiedDrwhile

still learning the relationships across available modalities.

2.3 Overview of Multimodal Fusion Strategies for Com-
plete Data

In the case where all modalities are available for all samples, subjects, or patients, multimodal
fusion strategies focus on effectively combining complementary information across data
sources to improve predictive performance. Figure 2.4 illustrates the categorization of

multimodal learning models for multiomics data.

2.3.1 Feature-Level Fusion

Feature-level fusion aims to integrate extracted features from multiomics data to capture
richer information. A learning model is then applied to the integrated features to perform

downstream tasks (Singh et al., 2019; Ross, 2009). Generally, feature-level fusion comprises
early fusion, transformation, factorization, and multimodal feature selection strategies, as

described in the following sections.
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Fig. 2.4Categorization of multiomics data fusion approaches.

Early fusion

The early fusion approach directly concatenates each omics dataset to construct a single
comprehensive dataset containing all features before being fed into learning algorithms
(Adossa et al., 2021). Methods based on this approach bene t from cross-modality learning,
which refers to learning that involves information obtained from multiple modalities. This
strategy is simple to develop, and the resulting joint dataset can be used as input for numerous
classical machine learning algorithms, such as arti cial neural networks (ANNs) (Kim et al.,
2013), support vector machines (SVMs) (Ma et al., 2016), decision trees (DTs) (Lin and
Lane, 2017), and random forests (RFs) (Ma et al., 2020). Training only one algorithm in early
fusion leads to a more straightforward pipeline for implementing this approach (BaltruSaitis
et al., 2018).

Despite its simplicity, the single dataset generated by early fusion often has a higher
dimensionality relative to the number of patients. This problem makes the model's training

dif cult, decreases the performance, and increases the computational time (Ritchie et al.,
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2015). Because there is a noticeable difference in feature dimensionality in multiomics data,
another drawback of early fusion is the model's tendency to learn more from the omics
modality with a larger number of features (Cavill et al., 2016). Employing dimensionality
reduction techniques as a preprocessing step can mitigate these challenges by retaining a
smaller set of discriminative features (Spicker et al., 2008; Worheide et al., 2021; Mirza

et al., 2019; Wang and Gu, 2016; Cantini et al., 2021).

Mixed fusion

In the mixed fusion approach, each omics dataset is rst independently transformed into an
intermediate representation, which is then merged to produce the nal joint representation.
Machine learning algorithms can subsequently be applied to this joint representation of
multiomics data (Picard et al., 2021). Since the intermediate representations have a lower
dimensionality, future analysis can be done more ef ciently. Furthermore, using independent
representations in the rst step makes it possible to address the heterogeneity of multiple
modalities (Ritchie et al., 2015). Transformation, factorization, and multimodal feature

selection are three categories of mixed fusion, discussed in the following subsections.

Transformation. The goal of transformation-based methods is to project each unimodal
dataset into a new subspace and combine these generated subspaces before building a learning
model. These methods can integrate different omics modalities for diagnostic tasks (Lin and
Lane, 2017). Strategies for generating the new subspace can be divided into four categories:

kernel-based, graph-based, neural network-based, and probabilistic model-based fusions.

Kernel-based fusionis a well-known form of transformation that uses kernel functions
to map original features onto a new space with higher dimensions. Kernels allow such
methods to work in high-dimensional space to explore similarities and relationships between
samples (Yan et al., 2017). Several widely used kernel functions include linear, polynomial,
sigmoid, hyperbolic tangent, string, tree, graph, Gaussian, and radial basis functions (Roman

et al., 2021). Kernel-based methods are capable of applying different kernels to multiple
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omics datasets that provide various similarity metrics. SVM is a traditional machine learning
algorithm for working with kernels (Cortes and Vapnik, 1995; Schoélkopf et al., 2004; Ben-
Hur et al., 2008). Multiple kernel learning (MKL) is another algorithm that utilizes different
kernels for multiple omics modalities to nd correlations across modalities and consolidates
them into a single kernel for further analysis (Génen and Alpayd n, 2011; Baltru3aitis et al.,
2018; Lanckriet et al., 2004; Seoane et al., 2014). Other kernel-based fusion methods
include semi-de nite programming (SDP), SDP/SVM (Lanckriet et al., 2004), sequential
minimal optimization MKL (SMO-MKL) (Tao et al., 2019), relevance vector machine (RVM)
(Tipping, 2001), AdaBoost RVM (Wu et al., 2010), and kernel principal component analysis
(PCA) (Mariette and Villa-Vialaneix, 2018).

Despite its attractive performance, this fusion approach is computationally expensive

compared to other transformation-based techniques (Reel et al., 2021).

Graph-based fusionis becoming a prevalent technique for integrating multimodal data
in biomedical and healthcare studies due to its capacity to capture molecular interactions (Li
et al., 2022a). This type of fusion is broadly accomplished in two ways. The rst way models
each modality as a graph and combines them to create a uni ed graph for establishing further
analysis (Chierici et al., 2020). In the graphs created for each omics, nodes represent samples,
and edges represent relationships between pairs of samples. These graphs are subsequently
converted to similarity matrices through an iterative optimization process (Wang et al., 2014)
or a single iteration algorithm (Rappoport and Shamir, 2019). In the nal stage, the matrices
are fused to construct a single graph that can be fed into a machine learning model for
performing learning tasks (Picard et al., 2021). Similarity network fusion (SNF) is a graph-
based method that fuses constructed similarity graphs of patients through an iterative process
of updating similarities to identify cancer subtypes derived from a clustering algorithm
(Wang et al., 2014). Ranked SNF is an extension of SNF that uses a feature-ranking strategy
for computing multiomics features' rankings to build a nal graph before applying spectral
clustering (Chierici et al., 2020). Rappoport and Shamir (2019) proposed a three-stage graph-
based fusion algorithm for clustering called NEighborhood-based Multi-Omics (NEMO)
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clustering. In the rst stage, a similarity matrix was created for each omics modality based
on patient relationships. Then, matrices were fused to generate a relative similarity matrix
in a single iteration. Finally, the spectral clustering algorithm was used to cluster cancer
samples. Ramirez et al. (2020), Kim et al. (2015), and Wen et al. (2021) have presented more
fusion methods based on graph.

In contrast to the previous strategy that fuses unimodal graphs directly, graph representa-
tion learning integrates the latent representation spaces of graphs into a joint representation,
which is then fed into machine learning models. In other words, each graph-structured input
modality is encoded into a low-dimensional space that re ects the graph topology while
preserving the original structure. The latent representations are then combined to perform
the downstream task (Li et al., 2022a; Ektefaie et al., 2023). Amor et al. (2021) investigated
multimodal learning on tissue-speci ¢ multiomics data using a graph embedding model based
on the variational autoencoder. In the rst phase, RNA sequencing and gene methylation
datasets were independently transformed into compact vectorial spaces using two graph
convolutional neural networks. These representations were then incorporated and fed into
the variational graph autoencoder model for the purpose of link prediction. Zeng et al. (2019)
proposed a graph-based fusion architecture using deep learning (deepDR) for in silico drug
repositioning. They applied a random walk approach to convert each drug's structure into a
vector representation, which was subsequently fused via a multimodal deep autoencoder for
a prediction task. Graph information propagation network (GripNet) is a general framework
to integrate several modalities using heterogeneous graph representation learning. In this
framework, a new data structure named supergraph was de ned to embed each modality in a
compact space and pass messages between them for performing a speci c task (Xu et al.,
2023a).

Since graphs are formed based on samples rather than features, the complexity of the

overall pipeline does not signi cantly increase when new omics modalities are added.

Neural network-based fusionis a growing approach in the multiomics research area due

to its superior performance in numerous domains of multimodal learning (Ramachandram
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and Taylor, 2017). In this approach, a network is trained on each modality from biological
systems to learn a joint representation of the inputs. The hidden layers of the constructed
networks are then passed into another neural network for further analysis (Mroueh et al.,
2015). The bene ts of using neural networks for fusion include hierarchical representations
via layers of neural networks, the ability to learn complex non-linear relationships among
features, and scalability with respect to the number of omics modalities (Kang et al., 2022).
Bica et al. (2018) proposed a new neural network approach for the fusion of multiomics data
derived from TCGA. They used two feed-forward neural networks, each receiving speci c
omics data, to obtain cross-correlations in multiple omics data and combine them into a fully
connected network for the prediction tasks. Lee et al. (2019) and Alkhateeb et al. (2021)
presented additional fusion methods based on neural networks.

An unsupervised class of neural network-based fusion methods is autoencoders, which
learn compact representations of input omics data through an encoder—decoder structure.
Poirion et al. (2018) introduced an algorithm in which an autoencoder is built for each
omics data to link them for inferring survival subtypes. Zhang et al. (2018b) presented an
unsupervised multiomics integration method based on an autoencoder with three hidden
layers to identify prognosis subtypes.

Convolutional neural networks have been extended to graph-based fusion. The multi-
omics graph convolutional network (MOGONET) is a multiomics fusion framework for
classi cation that utilizes supervised convolutional networks for omics datasets (Wang et al.,
2021b). The multi-omics graph convolutional network (M-GCN) is another multiomics
fusion method developed based on convolutional neural networks for molecular subtyping
(Yin et al., 2022).

Despite the strengths of neural network-based fusion methods, their performance depends
on a large training sample size that is of limited availability in the multiomics eld. Moreover,
this approach lacks interpretability, an essential need for biologists seeking to identify

biological functions (Bodein et al., 2022).
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Probabilistic model-based fusionis commonly based on the hidden Markov model
(HMM) to build probabilistic models that encode information as transition matrices and mix
them for downstream tasks (Bayoudh et al., 2022). A Markov chain models variables (i.e.,
states) and the transition probabilities between states to produce a sequence of observations.
The transition probabilities indicate the likelihood of moving from one state to another
(Ghahramani and Jordan, 1995). The ability of HMMs to consider the correlations between
states makes them effective for analyzing multiomics data (Yoon, 2009). The use of HMMs
in biological analysis has been investigated in several works (Gentili et al., 2022; Yoon,
2009).

Another form of probabilistic model-based fusion is the Bayesian network approach,
which constructs a directed acyclic graph to represent the probability distribution of each
omics (Subramanian et al., 2020). Fridley et al. (2012) used a Bayesian hierarchical struc-
ture to fuse multiple types of genomics data with phenomics data to nd the direct and
indirect effects of genomics on the phenotype. Wang et al. (2019b) introduced a Bayesian
framework to combine genomics, transcriptomics, and epigenomics data for identifying
the high-con dence risk genes of schizophrenia. As another example, Zhang et al. (2022b)
developed a machine learning method, called regional ne-mapping (RefMap), which is a
hierarchical Bayesian framework for gene discovery in amyotrophic lateral sclerosis. In their

work, epigenomics and transcriptomics have been integrated for gene discovery.

Factorization. Factorization-based fusion takes multiple omics modalities as input matrices
and decomposes them into two components: (i) factors shared across all modalities and (ii)
weights for each modality. Common factors can be utilized for patient clustering, and weights
help identify biomarkers (Cantini et al., 2021). The decomposition assumes that biological
mechanisms can be detected by biological factors shared among multiple modalities (Picard
et al., 2021; Huang et al., 2017). Therefore, this type of fusion is capable of acquiring
a complex inter-omics structure. Two approaches designed to perform factorization are

discussed in the following subsections.
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Matrix factorization fusion factorizes multiomics data matrices into the product of
several matrices, including omics-speci ¢ weight matrices and a shared factor matrix (Cantini
et al., 2021). As a result, data are projected into a shared latent space to identify driving
factors of diseases. In unimodal learning, the most popular matrix factorization technique
is PCA, which decomposes the covariance matrix of data to extract underlying biological
factors (Bishop and Nasrabadi, 2006). Various methods have been developed to generalize
PCA for multiomics fusion. Multi-omics factor analysis (MOFA) (Argelaguet et al., 2018),
joint and individual variation explained (JIVE) (Lock et al., 2013), joint non-negative matrix
factorization (JNMF) (Zhang et al., 2012), and integrative non-negative matrix factorization
(INMF) (Yang and Michailidis, 2016) are generalized PCA-based methods in which multiple
omics modalities of the same biological samples are included in the analysis so features in
each modality differ. In contrast, multi-study factor analysis (MSFA) (De Vito et al., 2019) is
another generalization wherein the same omics features from different biological samples
obtained in multiple studies are included in the analysis. Additionally, several other works
have introduced integration methods based on matrix factorization, including iCluster (Shen
et al., 2009) and its extension iCluster+ (Mo et al., 2013) by utilizing maximum likelihood
estimation and regularized generalized canonical correlation analysis (RGCCA) (Tenenhaus
and Tenenhaus, 2011).

Although matrix factorization has been extensively investigated in the literature, most
existing methods assume a global shared latent space among omics modalities while ne-
glecting partial common structures; a variable can be shared by two omics modalities but
is not available in the third one (Yang and Michailidis, 2016; Gaynanova and Li, 2019).
For example, Gaynanova and Li (2019) presented the structural learning and integrative

decomposition (SLIDE) method to model partially shared structures for multi-view fusion.

Tensor-based factorizationtypically constructs higher-order relationships among bio-
logical variables to extract factors that play essential roles in describing these relationships
(Liang et al., 2021). In other words, omics modalities are represented in a higher-dimensional

space in which the new dimension indicates the data modality (Kolda and Bader, 2009).
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Jung et al. (2021) introduced a two-stage tensor-based factorization method (MONT]I) for
multiomics analysis in cancer subtyping. In the rst stage, non-negative tensor factorization
was used to factorize tensors constructed from multiomics data, and in the second stage, a
representative feature subset was selected Wsinggularization.

Tensor-based factorization fusion can be computationally expensive, especially as the
number of omics modalities increases (Kuleshov et al., 2015; Liang et al., 2021). Teschen-
dorff et al. (2018) proposed a tensorial independent component analysis (tICA) based on
independent component analysis. They used data tensors of order four to an epigenome-wide
association study (EWAS) dataset, which resulted in better ef ciency in comparison to the
current methods. Moreover, a number of attempts have been made to use Bayesian inference

in tensor factorization (Tang et al., 2018; Liu et al., 2022).

Multimodal feature selection. This approach selects features with joint consideration of
multiple omics modalities during the integration process. In most existing multiomics fusion
methods, feature selection is independently applied to each omics modality as a preprocessing
step before integration. These methods reduce the feature space independently so that the
relationships between multiple omics could be lost during such preprocessing (Picard et al.,
2021).

Several works have explored multimodal feature selection for multiomics integration that

can be categorized into single-point strategies and multi-agent systems.

The single-point strategyaims to select a subset of features from the whole omics data
by starting from a speci c point. This strategy iteratively adds new features selected from
each omics modality according to a statistical metric. EI-Manzalawy et al. (2018) presented
a joint feature selection model applied to a multi-view cancer dataset. Their main idea was to
generalize the minimum-redundancy and maximum-relevance statistical method, originally
developed for single-view feature selection, to multiomics research through an incremental
process.

Although this fusion strategy considers the correlations between omics modalities, its

sensitivity to the starting feature is likely to result in limited performance.
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Multi-agent systemsare an improvement over the single-point strategy, in which several
starting points are simultaneously selected to guide the feature selection procedure. In MAS,
multiple independent agents collaborate within a shared environment to solve a complex
problem. The distributed and parallel problem-solving abilities, using knowledge of other
agents through interactions, decision-making exibility of individual agents, and reliability

are essential features of MAS to handle complex problems (Dorri et al., 2018).

2.3.2 Decision-Level Fusion

Fusion at the decision level (also known as late fusion) builds multiple machine learning
models independently on each omics modality and then aggregates predictions from these
models for the nal decision. This approach is exible because different machine learning
models can be constructed for each omics modality (Adossa et al., 2021). Majority voting,
hierarchical classi ers, and ensemble-based methods are the most extensively used aggrega-
tors at the level of decision (Carrillo-Perez et al., 2022; Shari -Noghabi et al., 2019; Huang

et al., 2019; Miao et al., 2021).

The ability to integrate various single-omics frameworks to build multimodal learning
algorithms is the key strength of decision-level fusion (Picard et al., 2021). In addition,
having separate learning models enables this fusion approach to handle heterogeneity across
multiple modalities. Because learning algorithms are independently trained on each omics

data modality, late fusion can also address the feature imbalance problem.

2.4 Overview of Multimodal Fusion Strategies for Missing

Modalities

Multimodal models for addressing missing modalities can be categorized into three ap-
proaches. The simplest approach excludes patients with missing modalities, applying meth-
ods designed for complete datasets (Wang et al., 2021b; Yang et al., 2022; Wang et al., 2014).

While straightforward, this approach signi cantly reduces the number of patients and ignores
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valuable information from those with missing modalities, particularly in healthcare where
patients with complete modalities are limited (Pan et al., 2021; Wang et al., 2020).

Imputation offers an alternative by Iling or reconstructing missing modalities using
various strategies. One strategy concatenates all modalities, treating missing modalities as
missing data at random and estimating them based on existing values (Rubin, 1996; Schafer,
1999; Austin et al., 2021). However, this strategy ignores the natural correlation of features
within the same modality (Mitra et al., 2023; Zhang et al., 2022a). Another strategy uses
statistical methods that account for the structure of missing modalities. TOBMI (Dong
et al., 2019) applies a weightédN method to impute block-wise missing multiomics.
M3Care (Zhang et al., 2022a) imputes missing modalities in the latent space by identifying
similar patients and concatenates the imputed representations to perform clinical tasks. Deep
generative models provide another imputation strategy by reconstructing missing modalities
from available ones. Common models include autoencoders (Ngiam et al., 2011; Gong et al.,
2021; Ashuach et al., 2023), generative adversarial networks (Cai et al., 2018; Shang et al.,
2017), and diffusion models (He et al., 2024). Another example is SMIL (Ma et al., 2021),
which utilizes Bayesian meta-learning to reconstruct missing modalities. These models may
fail to distinguish genuinely missing modalities from zeros (Collier et al., 2020), assume
equal importance for all modalities (Yao et al., 2024), introduce imputation noise due to a
limited number of patients (Zhang et al., 2022a; Wang et al., 2020), or rely on strong data
distribution assumptions (Wu et al., 2024Db).

Direct prediction is another approach that incorporates specialized designs to perform
downstream tasks with missing modalities. NEMO (Rappoport and Shamir, 2019) manages
missing modalities using a neighborhood-based approach with average similarities. MRGCN
(Yang et al., 2023) uses a GCN-based encoder-decoder method with an indicator matrix to
address missing modalities. GRAPE (You et al., 2020) and MUSE (Wu et al., 2024b) leverage
bipartite graphs with modalities and patients as nodes to directly address missing modalities.
DrFuse (Yao et al., 2024) combines modality-speci ¢ and shared sub-models. MT (Ma et al.,
2022a) addresses cases where a speci ¢ modality is entirely missing in test data. ASR (Chen

et al., 2022) is a sparse representation-based method that learns modality-speci ¢ sparse
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representations from available data and fuses them into a uni ed similarity matrix in an
unsupervised setting. However, these methods may oversimplify relationships, struggle with
multimodal missingness scalability due to the exponentially growing number of missing

patterns, or address only speci ¢ missing scenarios (Zhang et al., 2022a; Wu et al., 2024b).






Chapter 3

Multimodal Feature Selection Using

Multi-Agent Systems

Building upon the foundational concepts of graphs and multi-agent systems introduced in
Chapter 2, this chapter addresg&=ssearch Question las outlined in Section 1.2. Here,

we focus on developing a multimodal feature selection approach to reduce omics feature
dimensionality while accounting for both intra- and inter-omics relationships. To this end,
we proposéeMAgentOmicsaM ultimodal feature selection framework based on méitient
systems (MAS) for mul®micsintegration. To the best of our knowledge, this is the rst
approach to employ a multi-agent system for feature selection in a multiomics dataset. We
evaluate the proposed method on a publicly available dataset from TCGA and demonstrate

its effectiveness in the cancer classi cation task.

3.1 Introduction

The advent of high-throughput technologies has recently generated massive amounts of
biological omics data, enabling comprehensive assessment of molecular systems and creating
new opportunities for biologists and data scientists to diagnose, treat, and even cure cancers
(Barefoot et al., 2019; Tong et al., 2020). Multiomics data integration is key to cancer

prediction, as it captures different aspects of molecular mechanisms (Hassanzadeh et al.,
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2015; Krassowski et al., 2020). However, biological data usually suffer from the small
sample size problem because data collection is nancially costly and the number of clinical
research participants is limited (Acosta et al., 2022; Picard et al., 2021). Therefore, most
omics datasets contain a large number of features compared to only a relatively small
number of patients, leading to the classical phenomenon in machine learning known as the
curse of dimensionalityDe Meulder et al., 2018; Cantini et al., 2021). Although many
features are available in omics data, their correlations are very high, and some features
do not highlight disease-speci c indicators (Hira and Gillies, 2015; Kirpich et al., 2018).

It becomes even more challenging when irrelevant and redundant features in each omics
modality are integrated into the multiomics analysis. Therefore, these features mislead the
learning algorithm and limit the model's generalizability to unseen samples. Moreover, the
computational complexity of developing a model is substantially increased in the presence of
high-dimensional datasets.

Since multiomics data are highly dimensional, many studies have utilized feature selection
to simplify the integration process (Chen et al., 2020; Wang et al., 2021b; Zhang et al., 2019b;
Torres-Martos et al., 2022; Lualdi and Fasano, 2019; Goh and Wong, 2016; Smit et al.,
2008). However, most existing feature selection methods are independently applied to each
omics dataset as a preprocessing step, thereby neglecting cross-omics relationships. As
discussed in Section 2.3.1, some efforts have been made to develop multimodal feature
selection methods (EI-Manzalawy et al., 2018), but these methods typically identify feature
subsets in a single-iteration process that starts from a speci ¢ point. Consequently, they are
prone to becoming trapped in a local optimum.

We proposeMAgentOmicsan MAS framework for multimodal feature selection that
jointly considers multiple omics modalities. To the best of our knowledge, this is the

rst approach to employ an MAS for multimodal feature selection to address the high
dimensionality inherent in multiomics data. In this framework, each omics modality is
represented as a feature-level graph, where nodes correspond to features and edges capture
their relationships. The graphs from all modalities are then connected to form a uni ed search

space, referred to as timeultiomics feature networkvhich incorporates both intra- and
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inter-omics interactiondviIAgentOmicgomprises agents that interact by sharing knowledge
during the search process. Iteratively, each agent generates a subset of features based on
relevance and redundancy analyses, and a new tness function is introduced to evaluate the
constructed solutions. To integrate information across modalities, a probability distribution is
de ned to represent the relative importance of each modality, which is dynamically updated
through a newomics importance updating rul&inally, the global-best solution is selected as
the nal feature subseMAgentOmicperforms feature selection in an unsupervised manner,
without relying on patient labels.

We evaluate the performance AgentOmic®n publicly available multiomics data
from TCGA. The results demonstrate thdAgentOmicsutperforms an existing multimodal
feature selection method, highlighting the advantages of integrating multiple omics modalities

within an MAS framework.

3.2 Contributions
Our main contributions can be summarized as follows:

* We develop a multimodal feature selection method based on an MAS that operates on
graph representations of feature spaces across all omics modalities. This work extends
the conventional MAS algorithm from single-modality datasets to multimodal settings

through the introduction of new components.

* We designMAgentOmicso mitigate the curse of dimensionality by modeling both
intra- and inter-omics interactions. This is achieved through the introduction of the

multiomics feature network, a graph-based framework.

» We introduce a new tness function and an omics importance updating rule speci cally

designed for multimodal feature selection.
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3.3 Methodology

MAgentOmicss an MAS-based architecture for feature selection, designed for multiomics
data. We rst describe how the search space is modeled as a suitable graph for MAS. Then,
we explain the different components of the MAS for multimodal feature selection and how

they interact to explore this space effectively.

3.3.1 Multiomics Feature Network Representation

Feature selection in multiomics data requires a structured representation that captures both
feature relationships within each omics modality and interactions across different modalities.
To achieve this, we extend the representation introduced in Section 2.2.4 by proposing the
multiomics feature networla graph-based framework in which features from different omics
modalities are modeled as nodes and their relationships as edges. This formulation enables
multi-agent exploration for feature selection. Figure 3.1 illustrates the proposed network
representation.

Formally, the multiomics feature network represents multiomics data as a complete
weighted graplG= (V;E;W), whereV = V[ [V M= Si'\ﬁlvi is the set of nodes
representing features from all omics modalities, with each modatiytributing a feature

setV' = ffj;:::;fig. Eis the set of edges connecting related features, capturing both

importance of omics modalities, wheng represents the importance of omics modality

Beyond the structural representation, this graph incorporates two key components es-
sential for feature selection. First, tietatic node scor@andstatic edge weighserve as
xed measures that guide the selection of relevant features by quantifying their individual
signi cance and pairwise connections. Speci cally, static node score, denolte\;zl(é@,
assigns a score to each noij,ecomputed using the variance (Theodoridis and Koutroumbas,
2008). Variance measures the variability of a feature across patients, with higher variabil-
ity indicating more discriminative information. Similarly, static edge weight, denoted as

he(fl; fl), assigns a value to each edge based on the absolute value of the Pearson correlation
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Fig. 3.1Network-based representation of multiomics data for feature selectionEach

omics modality is modeled as a network, where nodes represent omics-speci ¢ features
and edges connect feature pairs. Cross-omics connections link each feature in one omics
modality to all features in the other. Static node score quanti es feature importance based on
variance, while static edge weight represents the Pearson correlation between feature pairs.
The dynamic node score evolves based on agent interactions throughout the feature selection
process.

(Theodoridis and Koutroumbas, 2008). Second,dy#i@amic node scoravhich evolves
during feature selection, guides agents in exploring and re ning feature subsets over time,
thereby increasing the attractiveness of good solutions as the process progigsses:

notes the dynamic node score of feature ntfgat timet. The dynamic value starts from a

constanty and is iteratively adjusted as agents navigate the graph.

3.3.2 TheMAgentOmicgramework

Initially, the static node score of each feature is computed separately using variance. Then,
the static edge weights between pairs of features within each omics modality are calculated

and assigned to the corresponding graph edges. Thereatfter, the initial dynamic node score is
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set to a small constant Finally, the initial probability values are equally distributed across
omics modalitiesW; = 1=M;8i = 1;2;:::;M).
The feature selection procedureNtAgentOmicéollows an iterative process, where each

iteration of the algorithm consists of ve steps.

» Step 1 For each modality, N; agents are placed on randomly selected graph nodes
within that modality as their initial positions. The starting node represents the rst

feature selected by each agent.

» Step 2 Each agent constructs a candidate feature subset by performing a random
walk over the multiomics feature netwo&k The movement followstate transition
rules where agents preferentially move toward nodes connected by low-correlation
edges and having high static and dynamic node scores. These rules enable agents
to greedily search for subsequent features within their current omics modality or
probabilistically explore other modalities for potential features. This process continues

until a prede ned number of featurelN;, are selected.

» Step 3 Once all agents complete their walks, the resulting feature subsets are evaluated
using a newtness function The subset with the highest tness score is then retained

as the current-best solution.

» Step 4 Thedynamic value updating rulis applied to modify the dynamic node scores.
Unselected features experience decay, while those contributing to the selected feature
subsets receive increased dynamic values. In other words, features that are repeatedly
selected by agents are more likely to be chosen in subsequent iterations and assigned
higher dynamic values. Moreover, the agent holding the current-best solution can

allocate an additional dynamic value to its selected features.

» Step 5 Theomics importance updating ruis applied to dynamically modify the
selection probability of each omics modality in subsequent iterations, increasing the

likelihood of exploring those that contain informative features. This rule is inspired by
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reinforcement learning and encourages agents to explore states that have yielded high

positive reinforcement over time (Mitchell, 1997).

These steps are repeated for a maximuri atferations. The global-best solution is
selected from the best solutions obtained across all iterations. Each omics dataset is then
reduced to the features represented in the global-best solution, and the nal dataset is
constructed by combining the reduced omics datasets. In the following sections, we describe

each of these components in detalil.

3.3.3 State Transition Rules

Each agent constructs a feature subset by exploring the multiomics feature network and
selecting features based on either a greedy or probabilistic transition rule. The greedy rule
prioritizes the most promising feature at each step, while the probabilistic rule allows for
stochastic exploration across different omics modalities. Figure 3.2 illustrates the available
feature choices under each rule with possible transitions, as well as an example of a complete
constructed solution.

We de ne the transition score from featufgto featuref) at iterationt as a combination

of static and dynamic node and edge values:

tyt) hy(f).

TRANSITION(fl; fl) = he (T 1)
E\Ilu v

(3.1)

The core intuition is to guide agents to walk through the multiomics feature network by
favoring features that are individually informative through the static node score and supported
by their past contributions via the dynamic node score. Transitions between highly correlated
features are discouraged through the static edge weight. As a result, the transition mechanism
promotes the exploration of features that are both informative and complementary to those
already selected, leading to more diverse and effective feature subsets.

When following the greedy strategy, agentpositioned at nodd!, selects the next

featuref! within the same omics modalityat iterationt based on the highest transition
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Fig. 3.2An example of state transition rules. a An agent placed at nodg’- can move
probabilistically or greedily to another node, following one of the possible edges shown
by red arrows.b, The agent constructs its solution iteratively using state transition rules,
forming a candidate feature subset starting from ntfde

score:
fl = arg max TRANSITION(f; £y 5 if g qo; (3.2)
fi23(a)
whereJ Ji(a) is the set of candidate features that ageh&s not yet selected within omics
modalityi, g is a random variable uniformly sampled frdf 1], andqg is a prede ned
threshold.

In the probabilistic rule, the agent stochastically explores the network by rst selecting
an omics modality and then transitioning to a new feature within that modality. Given an
agent positioned in modality it randomly chooses another modaljtfrom the set of omics
modalitiesM (wherej can be equal to) based on the omics importance weigis as
follows:

j = CHoICE(M ;W); ifq> qo: (3.3)
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Once the new modality is selected, the next featuves determined by:

TRANSITION(f; fd)
TRANSITION( fi; f))’

Prol(f] j fl) =
a

(3.4)
fl29 u"i (a)

3.3.4 Dynamic Value Updating Rule

We apply this rule to guide agent exploration and improve feature selection by modifying the
dynamic node scores according to their contributions to high-quality feature subsets. This

update is performed after all agents have constructed their feature subsets and is computed as

follows: .
; ; Count(f f! i\ b
s p=(1 s v GRS oo T @9
where 8
et 3 FITNESYS(bes)); if )2 Sy(bes);
Dty(t) *°°= 5 (3.6)
=0 otherwise

rv 2 (0;1] is a decay coef cient that controls the balance between retaining past information
and incorporating new evidence. The functiGount,( ) determines how frequently a
node has been selected by agents during the current iteratio, atehotes the set of all
selected features in the current iteration. In Equation (E8NESS S(bes)) represents the
tness function used to evaluate the quality of the sul&étes), which corresponds to the
current-best solution.

The dynamic value update acts as the collective memory of the multi-agent system.
This update rewards features that are frequently selected by agents and contribute to strong
candidate subsets, while providing a bonus to features that belong to the current-best subset.
The decay term ensures that features which lose their relevance over time are gradually
selected less frequently. This balances exploration and exploitation during the search process,

allowing agents to adapt to more promising regions of the feature space as iterations progress.
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3.3.5 Fitness Function

The tness function evaluates the quality of solutions. In this study, we introduce a tness
function that incorporates two key metrics commonly used in feature selection, maximal
relevance and minimal redundancy. To assess the quality of the soi(@)rconstructed by

agenta, we propose the following quantitative measure:

Mean;, s (g [hv( fi)l

FITNESS S(@) = Mean ., .| [he(fi; 1]’
Nitlg s@ME U v

(3.7)

where the numerator computes the average static node score of the features in the selected
subsetS(a) (i.e., the average relevance calculated using variance), and the denominator
computes the average static edge weight between each pair of distinct featdfa (ire.,

the average redundancy calculated using Pearson correlation).

The design of this tness function is rooted in the principles of maximum relevance
and minimum redundancy in feature selection (Peng et al., 2005; Liu and Yu, 2005). The
rationale is to de ne a quality score that guides the search toward better feature subsets
by maximizing the discriminative information of individual features while simultaneously
minimizing redundancy between them. By placing relevance in the numerator and redundancy
in the denominator, we construct a metric that assesses the quality of candidate feature subsets.
The numerator promotes the selection of features with high individual importance, while the
denominator penalizes subsets containing highly correlated features. As a result, the tness
value increases when the selected features are both informative and minimally redundant.
Conversely, subsets with low relevance or high redundancy yield lower tness values. This
formulation encourages agents to identify compact feature subsets that maximize information

content while avoiding redundant features.

3.3.6 Omics Importance Updating Rule

As we de ne the relative importance of omics modalities, we introduce a function to

update these importance values over time. This rule increases the weight of omics modalities
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that contain informative features for agents in subsequent iterations. The following equation

is proposed and implemented to update the omics importance:

Count/(S!)

Wt D=(1 9w+ 9 corrsy

(3.8)

whereg 2 (0; 1] controls the update rate of the omics importance valgs) andw;(t + 1)
denote the importance values of omied timet andt + 1, respectively, ands{, represents
the subset of selected features from onnidaring the current iteration.

The intuition behind this design is to provide a simple yet effective mechanism that
enables the framework to automatically identify and prioritize informative modalities without
relying on prior biological assumptions. The update rule follows a weighted update scheme,
where the importance of each modality is adjusted based on its contribution to the selected
feature subsets over time. Modalities that consistently contribute more features to the selected
subsets gradually receive higher weights, while those contributing fewer features experience
a reduction in their importance. The parameteontrols how quickly the weights adapt,

balancing the in uence of past importance values and current observations.

3.3.7 TheMAgentOmic#lgorithm

Algorithm 3.1 outlines the framework dfiAgentOmicsThis framework comprises three
main sections, including initialization (lines 1-6), the multimodal feature selection procedure

(lines 7-18), and nal dataset construction (lines 19-20).

3.4 Experiments

3.4.1 Data Collection

The performance oMAgentOmicss evaluated on a publicly available dataset from the
TCGA program (Weinstein et al., 2013). We select ovarian serous cystadenocarcinoma (OV)
data from TCGA and analyze three omics modalities, including gene-level copy number

variation (CNV), DNA methylation (DNA), and gene expression RNAseq (mMRNA). The OV
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Algorithm 3.1 MAgentOmicsMultimodal Feature Selection Using Multi-Agent Systems
Input

D =< (X XZ ;XM Y > : multiomics dataset withM omics modality

T: prede ned number of iterations

Na: the number of agents per omics modality
Output

1: fori=1toM do
2: Compute static node scohg (f!)
3:  Compute static edge weight(f); f))
4: Initialize dynamic node scorg,(0) oy
5: Initialize omics importancey; %
6: end for
7: fort=1t0T do
8: fori= 1toMdo
9: for a= 1toNp do
10: Place agerd randomly on a unique node
11: Build a solution by iteratively applying Equations (3.2), (3.3), and (3.4)
12: Evaluate the solution with the tness function in Equation (3.7)
13: end for
14: end for
15: Retain the solution with the highest tness&ébes) in iterationt
16: Update dynamic node scores using Equation (3.5)

17: Apply omics importance updating rule using Equation (3.8)
18: end for

19: Choose the global-best solution found

20: Build the multiomics datasébased on the global-best solution

dataset is downloaded from the UCSC Xena Platférnbrief description of the dataset is
provided in Table 3.1.

For the classi cation task, the data are divided into two groups based on clinical infor-
mation (i.e., recorded time of death and vital status) in the TCGA ovarian cancer dataset,
namely, thdong-termandshort-termgroups. The long-term group includes patients with
a survival time 3 years. On the other hand, the short-term group includes patients with
a survival time< 3 years and vital status of “DECEASED” (El-Manzalawy et al., 2018).
Since data from all omics modalities are not measured for each patient, only those patients

with all omics modalities measured and complete clinical information are included in this

Ihttps://xenabrowser.net/datapages/
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study. Therefore, the nal multiomics dataset contains 176 patients, of whom 85 belong to

the long-term group.

Table 3.1 Characteristics of ovarian multiomics data used ilvtAgentOmicgxperiments.

Omics Modality ~ Version  #Features #Patients

DNA 2017-09-08 27,578 616
CNV 2017-09-08 24,776 579
MRNA 2017-10-13 20,530 308

3.4.2 Data Preprocessing

The raw OV data are preprocessed by the following three steps to ensure robustness in
the classi cation task (Zhang et al., 2021; Vangimalla and Sreevalsan-Nair, 2021). First,
features with missing values in any omics modality are removed to ensure a consistent and
complete feature space, particularly given the high dimensionality and limited sample size of
the OV dataset (ElI-Manzalawy et al., 2018). Second, feature values are normalized to the
rangel0; 1] using min-max normalization (You et al., 2020), ensuring comparability across
features from different modalities with varying scales (Schulte-Sasse et al., 2021; Wu et al.,
2024a). This also ensures that the static node scores and edge weights are comparable across
modalities. Finally, features with variance lower than 0.05 are Itered out, as they show
limited variation across samples and are unlikely to contribute to distinguishing patterns. This
threshold is chosen to eliminate near-constant features while retaining suf cient variability for
downstream learning. A higher threshold risks removing informative features and reducing
diversity, thereby limiting the discovery of complementary information, whereas a lower

threshold unnecessarily expands the computational search space for the agents.

3.4.3 Baseline

We empirically evaluate the performanceMdAgentOmicss an unsupervised feature selec-
tion method in comparison with mRMR-mv (El-Manzalawy et al., 2018), a supervised multi-

modal feature selection method. mMRMR-mv extends the minimum-redundancy maximum-
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relevance (MRMR) (Peng et al., 2005) statistical method, originally developed for feature

selection for a single modality, to multiomics research through an incremental process.

3.4.4 Evaluation Metric

Since OV is a well-balanced dataset, we use accuracy to evaluate and compare the perfor-
mance of different methods. In our experiments, the accuracy obtained from two widely used
classi ers, logistic regression (LR) (Le Cessie and Van Houwelingen, 1992) and random

forest (RF) (Breiman, 2001), is used as the performance metric.

3.4.5 Evaluation Strategy

To evaluate the average classi cation accuracy of the selected subsets, we use 5-fold cross-
validation (CV). Sinc&k-fold CV can produce a noisy estimate of classi er performance, we

repeat the CV procedure ve times and report the average accuracy across all runs.

3.4.6 Implementation Details

MAgentOmicss implemented in Python 3.10, incorporating essential functionalities from
pandas 1.3.4 (The pandas development team, 2021) and NumPy 1.20.3 (Harris et al., 2020).
We use scikit-learn 0.24.2 (Pedregosa et al., 2011) to implement the LR and RF classi ers. For
MAgentOmicgthe following parameters are used: the maximum number of iterafien80,
the number of agents per omics modahty = 20, the decay coef cients in Equations (3.5)
and (3.8)r v = 0:2andg = 0:2, the initial dynamic node score for each nad€0) = 0:2, and
the state transition rule control parameggr 0:7. The code foMAgentOmicss publicly
available on GitHuBs.

For the mRMR-mv baseline method, the absolute value of Pearson's correlation coef-
cient is used as the redundancy function. Moreover, mutual information implemented in
scikit-learn is used as the relevance function, following the original paper (El-Manzalawy

et al., 2018).

2https://github.com/SinaTabakhi/MAgentOmics
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Fig. 3.3Classi cation performance comparison (average accuracy) across different sizes
of selected feature subsets using 5-fold cross-validation, Results for logistic regression.
b, Results for random forest.

3.4.7 Classi cation Performance Comparison

Figure 3.3 compares the classi cation performancéi#gentOmicand mRMR-mv in
terms of average accuracy (in %) obtained using logistic regression (LR) and random forest
(RF) classi ers across different numbers of selected features. As shown in Figure 3.3a,
MAgentOmicutperforms mRMR-mv when the number of selected features is 10, 50,
60, 70, 80, 90, and 100. Similarly, Figure 3.3b shows that the classi cation accuracy of
MAgentOmicss generally higher than that of MRMR-mv. For instance, when 50 features are
selectedMAgentOmicschieves an accuracy of 57.1%, compared to 52.7% for mMRMR-mv.
Overall, the best performance bfAgentOmicss 59.1% and 57.1% for LR and RF,
respectively, while mMRMR-mv achieves 57.2% and 55.3% for the same classi ers.
We limit the number of selected features from 10 to 100 to balance predictive performance

and model complexity. While a larger number of features can often be helpful for biological
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interpretation, increasing the number of featureBlfgentOmicentroduces two primary
challenges: (1) an increased risk of over tting due to the high dimensionality relative to the
number of samples (Ruiz et al., 2023; Cantini et al., 2021), and (2) higher computational
costs as the search space expands signi cantly. Moreover, feature selection aims to identify
compact and informative subsets, and including a larger number of features may reduce the
impact of the most relevant features (Acosta et al., 2022; EI-Manzalawy et al., 2018). While
this chapter focuses on the methodological ef ciencyM#FgentOmicsa more extensive

analysis of modality-speci ¢ contributions and larger feature sets is provided in Chapter 4.

3.5 Summary

In this chapter, we propos@dAgentOmicsa multimodal feature selection method based on

a multi-agent system designed for multiomics data integration. The architecture relies on
interactions among multiple agents that share their knowledge to identify an optimal global
feature subset. Moreover, we introduced a new tness function to evaluate the generated
subsets based on the principles of maximum relevance and minimum redundancy. To assess
the relative importance of each modality in the feature selection process, we developed an
omics importance updating rule inspired by reinforcement learning.

The performance d//AgentOmicsvas compared with the supervised mRMR-mv fea-
ture selection method in terms of classi cation accuracy using LR and RF classi ers.
MAgentOmicachieved promising results on the TCGA ovarian cancer dataset compared with
MRMR-mv. Although the proposed tness function evaluates the relevance and redundancy
of candidate feature subsets, it requires high computational time to calculate redundancies.
Furthermore, as it is an unsupervised function, it may yield lower accuracy for some datasets.

Future work will focus on designing new tness functions that can evaluate subsets
more accurately with lower computational cost. Since the number of edges between pairs of
features is large in multiomics data, employing a sparse graph representation of the search

space could improve execution time.



Chapter 4

Multimodal Learning with Heterogeneous

Graphs

In Chapter 3, we introduced a multimodal feature selection method to reduce omics feature
dimensionality while accounting for both intra- and inter-omics relationships. In this chapter,
we leverage that approach, which provides auxiliary and essential structural information
for constructing heterogeneous graphs, addredRegparch Question Zas outlined in
Section 1.2. To this end, we propaddeteroGATomicsaHeterogeneoussraphAT tention
network foromicsintegration aimed at improving cancer diagnosis. We rst enhance our
MAgentOmicslgorithm by generating sparse graphs in the feature space rather than fully
connected ones and by introducing dynamic edge weights as additional information. This
feature similarity network in the feature space is then combined with a patient similarity
network in the patient space. The resulting combination forms a dual-view framework
that automatically constructs modality-speci ¢ heterogeneous graphs. We validate the
performance oHeteroGATomicon three cancer datasets and explore its interpretability

through biomarker identi cation.
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4.1 Introduction

Building upon concepts introduced in earlier chapters, recent advancements in sequencing
technologies have signi cantly accelerated the generation of multimodal biological data, col-
lectively known as multiomics. This progress enables personalized medicine by constructing
comprehensive patient pro les across multiple omics modalities (Steyaert et al., 2023; Acosta
et al., 2022). While each omics modality contains valuable information, their collective
integration enables new insights into the fundamental aspects of human disease biology,
particularly in cancer research (Karczewski and Snyder, 2018; Wang et al., 2021b). Research
initiatives developing integrative multiomics models (Cantini et al., 2021; Acosta et al.,
2022; Schulte-Sasse et al., 2021) leverage the unique and complementary characteristics
of each modality to construct multimodal models that are more accurate and interpretable
than unimodal models, thereby enhancing biological predictions and facilitating biomarker
discovery (Karczewski and Snyder, 2018; Li et al., 2022a; Schulte-Sasse et al., 2021).

As pointed out in Section 2.2.2, GNNs (Hamilton et al., 2018) have been increasingly
utilized for multiomics integration (Li et al., 2022a; Chen et al., 2025; Forster et al., 2022;
Ektefaie et al., 2023; Wang et al., 2021b). GNNs offer more accurate models with improved
decision-making power by effectively capturing both the intra- and inter-omics structures
within the data. Modeling each omics modality as a graph, where biological entities are
nodes and their interactions are edges, facilitates a deeper understanding of entity interactions
(Lietal., 2022a).

GNNs in multiomics analysis, while promising, still face two key challenges. The rst
challenge is learning from high-dimensional data, where each omics suffers from having
a large number of features compared to a small patient cohort (Steyaert et al., 2023). This
issue hinders the ability of GNNSs to learn meaningful representations, reducing performance
in biomedical applications (Cantini et al., 2021). Most current studies apply feature selection
strategies independently to each omics modality (Picard et al., 2021; Wang et al., 2021b),
without accounting for relationships among them, which can compromise interpretability
and model performance. A few studies have explored multimodal feature selection across all

omics (El-Manzalawy et al., 2018), yet these often involve either a single-iteration greedy
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process or creating fully connected graphs rather than sparse graphs in feature space, leading
to reduced predictive capability or high computational demands. Therefore, there is a clear
gap in the development of better methods that effectively account for intra- and inter-omics
relationships in multiomics.

The second challenge is the limited expressive power of conventional GNNs developed
for homogeneous graphs. In these models (Zheng et al., 2024; Wu et al., 2024a; Wang et al.,
2021b; Forster et al., 2022; Schulte-Sasse et al., 2021), the learning process incorporates
only patient or feature similarity networks with a single type of node and edge. Representing
multiple input modalities as a homogeneous graph loses crucial structural information
inherent in the data, fails to account for the diverse nature of the data, and limits the model's
ability to capture complex biological interactions. In contrast, heterogeneous graphs offer
a solution to these limitations by modeling multiple types of nodes and edges to capture
the diversity of the data. While some methods have extended learning to heterogeneous
graphs (Zitnik et al., 2024; Ruiz et al., 2023; Xu et al., 2023a), they often rely on pre-existing
knowledge graphs to represent semantic relationships between different entities, such as
genes, patients, and diseases. However, such pre-existing knowledge graphs may not always
be available, and creating them often requires domain knowledge or expertise and can be
costly (Chandak et al., 2023).

In this chapter, we presehteteroGATomicsa novel framework employing heteroge-
neous GAT for integrating multiomics data for cancer diagndseteroGATomicsoperates
in two distinct stages: multimodal feature selection and heterogeneous graph learning. Unlike
previous feature selection methoteteroGATomicamplements an MAS for a multimodal
feature selection on sparse graphs, constructed across the feature spaces of all omics. This
approach createsfaature similarity networlfor each modality, representing one view of the
input data. The proposed multimodal feature selection strategy not only achieves competitive
performance but also captures structural features arising from MAS. Moreover, for each
omics modality, goatient similarity networks built, forming the second data view. We
propose a dual-view approach to automatically construct modality-speci ¢ heterogeneous

graphs by connecting feature and patient similarity networks, followed by representation
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learning with GAT encoders to generate predictions. This heterogeneous graph construction
improves the expressive power of GATs by capturing diverse structural information. Lever-
aging late fusion for nal decision-making iHeteroGATomicsntegrates predictions from

all modalities in a supervised manner for multiomics integration (Wang et al., 2021b).

We conduct comprehensive experiments to evalbigieroGATomicsdiagnosis per-
formance on three cancer multiomics datasets. The results showeéleroGATomics
consistently outperforms baseline methods, highlighting the bene ts of integrating diverse
omics data. Additionally, we show the necessity of each modulléetéroGATomicwia a
series of ablation studies. We further expléteteroGATomicSinterpretability through a
biomarker identi cation process, revealing its ability to identify cancer-related biomarkers.
By pinpointing interacting biomarker networks and highlighting key cancer-related functions,

it also identi es potential therapeutic targets.

4.2 Contributions
Our main contributions can be summarized as follows:

* We enhance our previoddAgentOmicslgorithm for multimodal feature selection
to operate on sparse graphs. We also introduce a dynamic edge weight value to the
multiomics feature network introduced in Section 3.3.1. The state transition rules are
updated accordingly, and a new tness function is proposed to directly incorporate the
performance of the selected subsets evaluated by a classi er. Moreover, we present a

dynamic value updating rule for updating the dynamic edge weight.

» We propose a dual-view approach to construct heterogeneous graphs and learn holistic

graph representations that capture both patient- and feature-level structures.

» We identify cancer-related biomarkers enabled by interpretable multimodal fusion.
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Fig. 4.1HeteroGATomicsarchitecture. a, HeteroGATomicsntegrates multimodal feature
selection and heterogeneous graph learning in six stepsiefgyoGATomicgepresents

the preprocessed omics as feature similarity networks, where each network represents a
speci ¢ omics with nodes corresponding to features and edges denoting their correlations.
All omics modalities are interconnected at the raw feature level to capture cross-modality
interactions. (2) An MAS performs multimodal feature selection on these networks to
select informative features, considering both intra- and cross-modality interactions. (3)
HeteroGATomicsuilds a patient similarity network for each omics and combines it with

the feature similarity network to construct a heterogeneous graph. (4) GAT encoders learn the
representations of each individual heterogeneous graph. (5) A single-layer neural network
predicts patient labels from the learned representations. (6) A late fusion combines predicted
labels from all modalities and feeds them into a VCDN network to perform downstream tasks.
b, The heterogeneous graph construction combines feature and patient similarity networks
through feature-patient relations, Multiple stacked GAT layers (denoted hy encode

the heterogeneous graph into hidden representations for each node type. Each layer uses
three GATSs to learn the three relations within the graph, updating node representations by
aggregating relation-speci ¢ information.
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4.3 Methodology

In this section, we formally introduce the overall frameworkHgteroGATomicsas shown

in Figure 4.1a.HeteroGATomicsperforms supervised multiomics integration with two
main modules: an MAS for dimensionality reduction of preprocessed omics and a GAT
architecture for heterogeneous graph representation learning.

HeteroGATomicsrst represents each preprocessed omics as a sparse feature similarity
network, where each node corresponds to an individual feature and each edge indicates the
correlation between a pair of features. Then, it uses the MAS algorithm to select features in
a multimodal manner from all omics modalities, leveraging both intra- and cross-modality
interactions at the feature level to utilize complementary information in multiomics datasets.

After multimodal feature selectioMeteroGATomic<reates a patient similarity network
for each omics, where nodes represent patients and edges represent correlations between their
features. Next, it constructs a heterogeneous graph for each omics modality by connecting
the patient and feature similarity networks, connecting feature nodes to all patient nodes
(Figure 4.1b). This helps capture patient-level and feature-level relationships in a uni ed
representation, providing a comprehensive view of the dataset. Then, a heterogeneous
GAT model encodes the structures inherent in each input heterogeneous graph and learns
meaningful node representations (Figure 4.1c). Afterward, a single-layer fully connected
neural network takes the learned node representations as input to predict cancer. Finally, a
late fusion strategy consolidates predictions across modalities by aggregating the generated
predictions and feeding them into a view correlation discovery network (VCDN) (Wang
et al., 2021b) for nal prediction. The model architecture and implementation details are
presented in the following subsections.

To the best of our knowledgéjeteroGATomicss the rst method to explore cross-
modality interactions at both the feature level, using the MAS algorithm, and the label level,
employing a late fusion strategy. Moreover, the multimodal feature selection algorithm in
HeteroGATomicsot only reduces feature dimensionality but also provides more structural

information for the heterogeneous graph, bene ting downstream tasks.



4.3 Methodology 69

4.3.1 Multimodal Feature Selection

The high dimensionality of multiomics datasets results in many irrelevant and redundant
features, making it challenging for GNNs to learn meaningful representations and perform
accurate classi cation. Therefore, an effective feature selection method is required to identify
representative features. We propose a multimodal feature selection strategy, an improved
version of outMAgentOmicslgorithm, to mitigate the curse of dimensionality by modeling
both intra- and cross-omics interactions, instead of applying separate feature selection to

each omics modality.

Multiomics feature network representation

The input omics modalities are represented as a multiomics feature network, as described in
Section 3.3.1. The multiomics feature netwoBk ntegrates feature similarity networla
constructed for each omics modalityDue to the high dimensionality and the presence of
correlated features within ea@, employing a sparse graph rather than a fully connected one
in the feature selection algorithm accelerates training, reduces memory usage, and improves
computational ef ciency. Therefore, we retain only a percentage of edges whose weights
fall below a thresholdj;. Furthermore, the static node score of each feamy(eflij), IS
evaluated using ANOVA and assigned to the corresponding node, midkitgjoGATomics
a supervised feature selection method, unikgentOmicsThis shift to supervised feature
selection better aligns feature selection with the classi cation task. \WhgentOmics
provides a general framework independent of laldééteroGATomicgocuses on classi -
cation tasks, where discriminative features with respect to class labels are essential, which
cannot be guaranteed by unsupervised criteria alone. By using ANOVA to incorporate label
information, we provide a more informative feature space for the GAT to learn complex
interactions necessary for downstream prediction.

In addition to these components, we introduce a dynamic g8, representing the
edge weight between feature nodéand f! attimet. This value is initialized with a constant

ce and iteratively updated as agents navigate the graph.
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Algorithm 4.1 HeteroGATomics Multimodal Feature Selection Module
Input

D =< (X1 X% ::;XM): Y > : multiomics dataset withM omics modality

T: prede ned number of iterations

Na: the number of agents per omics modality
Output

fti;tl,gM;: dynamic node scores and edge weights

1: fori=1toM do

2: Compute static node scohe (f!)

3 Compute static edge weighg( f; f!)

4; Initialize dynamic node scong,(0) ¢y

5: Initialize dynamic edge weight,(0)  ce

6: Initialize omics importancey; %

7: Build a sparse graph by retaining edges with weights bejpw
8: end for

9: fort=1toT do

10: fori= 1toM do

11: for a= 1toNp do

12: Place agernd& randomly on a unique node

13: Build a solution by iteratively applying Equations (4.3), (3.3), and (4.4)
14: Evaluate the solution with the tness function in Equation (4.7)

15: end for

16: end for

17: Retain the solution with the highest tness&bes) in iterationt

18: Update dynamic node scores using Equation (3.5)

19: Update dynamic edge weights using Equation (4.5)

20: Apply omics importance updating rule using Equation (3.8)

21: end for

22: Select the tofB features based on weighted static and dynamic node scores
23: Build the multiomics datasd°with the topB features

MAS for multimodal feature selection in HeteroGATomics

HeteroGATomicdollows the overall procedure for performing feature selection as described
in the MAgentOmicdramework (Section 3.3.2) with modi cations to accommodate its
architecture. Algorithm 4.1 presents the frameworkdeteroGATomicsor multimodal
feature selection. The following sections describe the components that differ from the

MAgentOmic$ramework.
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State transition rules. The state transition rules determine how the next feature is selected
to extend the current feature subset solution, either greedily or probabilistically at each
construction step. We de ne the transition score from feafijie featuref) at iterationt as

follows:
TRANSITION(Sy(a); fl) = tI(t)+ hy(f)) SIMILARITY (Sy(a); f); (4.1)

where

SIMILARITY (Sy(a); f}) = Meanyi,s, (o he(flify) ; (4.2)

Sv(a) denotes the set of features currently selected by agentEquation (4.2), the function
SIMILARITY (Sy(a); f) measures the average correlation between the candidate f&ature
and the selected features.

When following the greedy strategy, agentpositioned at nodd, selects the next
featuref within the same omics modalityat iterationt based on the highest transition
score:

fl = argmax TRANSITION(Sy(a); f)+ t! (1) ; ifq qo (4.3)
123 ()

In the probabilistic rule, an agent positioned in modallitsst randomly selects another

modality j according to Equation (3.3), then chooses the next featuréhat modality based

on .
TRANSITION(Sy(a); fJ)

Prok(f)j fly= ly’
Wiy ] fu)= - TRANSITION(Sy(a); f;)

a

(4.4)
23 5(a)
In Equation (4.4), excluding the dynamic edge weight values simpli es the model and

reduces computational cost.

Dynamic value updating rules. Dynamic node scores are updated as described in Equa-
tion (3.5). With the introduction of the new componef(t) as a dynamic edge weight,

these values are updated after all agents have constructed their feature subsets as follows:
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n ) . #
. . Count f(fi:fi)g N
L+ D=(1 e+ re g e ™+ Du® * 5 (49)
where 8
ey S FITnEss S(bes) ;  if (fl; f1) 2 Sg(bes);
Deu(t) **%'= (4.6)
- 0 otherwise,

re 2 (0;1] is a decay coef cient that controls the balance between retaining past information
and incorporating new evidence. The funct@ount( ) measures how frequently an edge
has been selected by agents during the current iteratiorS@addnotes the set of all selected

edges in that iteration.

Fitness function. To evaluate the quality of the soluti@(a) constructed by ageiat we
de ne the following quantitative measure:

h [
FITNESHS(a)) = % QUALITY (S(a)) + PENALTY(S(Q)) ; 4.7)

where
PENALTY (S(a)) = Meany,s, @ hv(fl)  Mean fiys @ e(fli fy) ; (4.8)

QUALITY () quanti es the classi er's performance on the subset of selected feaB(@®s

The termSy (@) denotes the set of selected features, WBi€a) represents the set of edges
within the agent's solution. The functidPENALTY ( ) serves as a regularization term that
penalizes irrelevant and redundant features, encouraging the discovery of more informative

and representative subsets.

4.3.2 Heterogeneous Graph Learning

After feature selection reduces feature dimensionality, we construct a heterogeneous graph
for each omics. This graph is automatically generated, incorporating extensive structural

information inherent in tabular omics for downstream tasks. Following this, a GAT encodes
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each heterogeneous graph, effectively representing node information. The powerful attention
mechanism in the GAT architecture prioritizes important nodes and edges, which is bene cial
for omics data where speci c genes in uence biological processes or disease mechanisms.
This focus on key elements in GAT enhances performance compared to other GNN archi-
tectures (Vekkovic et al., 2018; Forster et al., 2022; Hamilton, 2020). After encoding each
heterogeneous graph, a single-layer neural network performs label prediction. We combine
predictions from multiple omics into a tensor representing cross-omics label correlations,
which is then processed through a VCDN for nal prediction. Algorithm 4.2 presents the

pseudo-code for the proposed architecture.

Heterogeneous graph construction

For each omics, we construct a heterogeneous graph by combining a feature similarity
network with a patient similarity network (see Figure 4.1b). The feature similarity network,
deriving from the feature selection phase, consists of nodes representing selected features
and edges denoting the correlations between them. Node attributes are de ned by their
static and dynamic node scores, along with the corresponding values from the input omics,
while edge weights are determined by the static and dynamic edge weights between nodes.
Complementing this, we construct the patient similarity network where nodes represent indi-
vidual patients, and edges denote the dynamic edge weight between them. These correlations,
qguanti ed using the absolute Pearson correlation coef cient, serve as edge weights. Only
edges with weights above a speci ed threshajg,are maintained, which Iters for the most
signi cant patient correlations and results in a more manageable and relevant graph structure.
These two networks, indicating two distinct node types (patients and features), are
interconnected to form a comprehensive heterogeneous graph encompassing three speci c
relations:patient—similar—patientfeature—similar—featureandfeature—attribute—patient
Each relation in the heterogeneous graph offers unique insightgent—similar—patient
reveals shared disease characteristics among patieatare—similar—featuréighlights
the correlated dynamics of features in biological processesfeatdre—attribute—patient

provides key understanding of how individual features impact patient outcomes. This
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Algorithm 4.2 HeteroGATomics Heterogeneous Graph Construction and Learning Module
Input

ft/;t/,oM,: dynamic node scores and edge weights
Tpre: NUMber of epochs for pre-training
Tirain: NUMber of epochs for training
Output
Y 2 RN € nal predicted labels

1: fori=1toM do

2 Build patient similarity network fronz!

3 Build feature similarity network using,, t/,,, andZ’

4 Build heterogeneous grahfrom feature and patient similarity networks
5: end for

6: fort= 1toTyedo

7 fori= 1toMdo

8 Apply GAT to learn representations on graphvia Equation (4.14)

9: Predict omics-speci ¢ labels using a single-layer neural network

10: Optimize omics-speci ¢ model parameters via Equation (4.15)

11: end for
12: end for

13: fOI‘ t= 1 to -rtrain dO
14: fori= 1toM do

15: Apply GAT to learn representations on gra@hvia Equation (4.14)
16: Predict omics-speci ¢ labels using a single-layer neural network
17: end for

18: Create a cross-omics discovery tensor for each patient via Equation (4.17)

19: Predict nal labelsY with VCDN from the created tensor

20: Optimize VCDN parameters by minimizing the cross-entropy loss according to Equa-
tion (4.18)

21: fori=1toM do

22: Optimize omics-speci ¢ model parameters via Equation (4.15)

23: end for

24: end for

approach of relation-aware representation in the graph allows for capturing more detailed
information, re ecting the diverse characteristics of the target nodes in omics datasets.
Formally, for each omics modalify we de ne a heterogeneous gragh=(V':E':f ;y)

as described in Section 2.2.1.
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Representation learning and label prediction

HeteroGATomicsemploys multiple GAT layers to encode omics-speci ¢ heterogeneous
graphs, where each GAT within a layer is tailored to a speci c relation type (as illustrated

in Figure 4.1c). For a given heterogeneous gra@plihe goal of representation learning is

to develop three relation-speci ¢ functiorig: Vi ! R%, f,: Vi1 R% andfs:Vi! R,

each mapping the nodes involved in a particular relation irdg-@dmensional embedding
space. The node types are partitioned into two disjoint tyges, Vi [V L, whereVi\V = 0.

When a node is the destination of several relations, their corresponding representations are
aggregated. TheleteroGATomicencoder stacks multiple layers of three individual GATs,
each encoding source nodes for a speci c relation. For a npdkeyer| + 1 aggregates

messages from its relation-typed neighborhoods as follows:

mid v= atawhl; (4.9)
m -1 9 o 0O .
m = =—a a Mri v (4.10)
N R r2RuV2N; (U)
l+1 |
hl(J+ )= s mf\l)(u) ; (4.11)

whereR  is the set of all relations for which nodeserves as the destinatidd, (u) denotes
the neighbors of node under relatiorr, s ( ) represents theEaAKY RELU nonlinearity, and
w$') is the relation-speci c learnable weight matrix. Self-loops are addédl,{a) for both
the patient—similar—patienandfeature—similar—featureelations. In Equation (4.9)a,.r(;'3\,
denotes the normalized attention coef cient between a pair of no@eslv under relatiorr,

which is calculated as follows:

|
0) exp(eidy

aruv = . 0L
A k2N (u) e)(Ic(er;uk)

(4.12)

where

efhv=s aly Wi hl+ ol wid nd)+ ol Wil ey ; 4.1
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ey indicates the edge attributes between nadesidv under relatiorr, andaﬂ_z,, af'gl

andaﬂ% are the trainable attention vectors to weigh source, destination, and edge attributes,
correspondingly. In Equation (4.12xp( ) denotes the standard exponential function and in
Equation (4.13)s ( ) represents the#AKY RELU nonlinearity.

To stabilize the attention mechanism learning process, multi-head attentiockveadi
et al., 2018) is widely utilized. This scheme combines the outpuksiatlependent attention

mechanisms to form the nal node representations, de ned as:

K
i+ _ 1o N
hy 7 = K g S My (4.14)
k=1
Wherem(,\'l;'(?l) denotes the aggregated message from the neighborhood ofimodeputed by

thek-th attention head, each with its own parameters.

Once each heterogeneous graph is mapped into node embeddings through attention layers,
a single-layer neural network uses them for omics-speci ¢ label prediction. We optimize
all trainable parameters via backpropagation to minimize the cross-entropy loss across all

training patients, de ned as:

Li= & CE(yuyl); (4.15)
(Xiu;yU)ZD'i[r
where c )
~ 2 equ‘uc)
CE(yu:yu) = a Yuclogw——"—: (4.16)
o c=1 " aﬁzlexp(y'uk)

D}, represents all the training patients in omics!, is the uth training patient with its
corresponding label,, andy., is the class-probability vector predicted by the GAT model.
The functionCE( ; ) represents the cross-entropy loss. In Equation (4Q.& the number
of classes, angl,; represents theth element in the predicted probability vector.

We utilize VCDN, which integrates omics-speci c label predictions to perform the nal
classi cation. This network effectively learns both intra- and cross-modality correlations
within the label space, thereby enhancing performance across several tasks (Wang et al.,

2019a, 2021b). To utilize this network, we construct a cross-modality discovery té&psor,
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for each patienti by integrating the predicted class probabilities from all modalities. Each

element ofT , is computed as follows:

N
Tutt, = Oy ti2f1;2;:::;Cg; (4.17)
i=1

where)“/fm denotes thgth element of the predicted class-probability vedipfrom modality

i, andM is the total number of modalities. The resulting tenBgis reshaped into a vector

of dimensiorCM. VCDN, implemented as a fully connected network, takes this vector as
input and outputs class probabilities for the nal prediction. The network is trained using the

cross-entropy loss function de ned as:

Lveon= &  CEvcon(Yu; VCDN(TY)) ; (4.18)
(Yu;Tu)2Dy

whereVCDN(T),) is the network output for the tens®y, of patientu in the training seDy,.

Computational complexity

The heterogeneous graph for each omics modality consists of patient and feature node
types. In multiomics datasets, the number of patieN{ds relatively small, while each
omics modalityi has a high-dimensional feature space, denoted|.bjhe feature selection
module reduces this dimensionality by retaining a subset of informative features across all
modalities. For each modality, a subseBpf d; informative features is selected, resulting

in a heterogeneous graph with+ B; nodes and making GAT learning more manageable.
The construction of the patient similarity network involves pairwise comparisons between
patients and remains computationally feasible due to the limited number of patients, despite
its O(N?) complexity, and is performed as a one-time preprocessing step. Since the number
of edges also signi cantly affects computational cost, sparsi cation is applied to both feature
and patient similarity networks to retain informative connections while reducing the overall

computational burden.



78 Multimodal Learning with Heterogeneous Graphs

4.4 Experiments

In this section, we evaluate the performancéleferoGATomicsacross multiple datasets,
perform ablation studies to assess the impact of individual modules, and provide a biological

interpretation of the results.

4.4.1 Data Collection

We evaluatdHeteroGATomicperformance across three multiomics datasets derived from
TCGA cohort, for two downstream tasks, including bladder urothelial carcinoma (BLCA)
grade classi cation, brain lower grade glioma (LGG) grade classi cation, and renal cell carci-
noma (RCC) subtype classi cation. We download all datasets from the TCGA cohort via the
UCSC Xena platform (Goldman et al., 2020), which provides DNA methylation (DNA), gene
expression RNAseq (MRNA), and miRNA mature strand expression RNAseq (miRNA). We
incorporate DNA methylation measured from the Illumina In nium HumanMethylation450
BeadChip platform into our analysis, with 90% of the probes from the HumanMethylation27
data present. For gene expression RNAseq, we select the llluminaHiSeq pancan normalized
version. In this modality, values were transformed uding?2 mean-normalized per gene
across all TCGA patients. Then, only the converted data speci c to the cohort of interest was
extracted. Moreover, we include miRNA obtained from the IlluminaHiseq system, where
values werd_og2-transformed. More details can be found at the UCSC Xena platform
(Goldman et al., 2020).

BLCA is the most common type of bladder cancer, more prevalent in men than women,
and can be grouped into low-grade and high-grade cases (The Cancer Genome Atlas Research
Network, 2014). LGG is a type of primary brain tumor that includes grades Il and Il for
classi cation purposes (The Cancer Genome Atlas Research Network, 2015). RCC is the
most prevalent type of kidney cancer in adults, which has kidney chromophobe (KICH),
kidney clear cell carcinoma (KIRC), and kidney papillary cell carcinoma (KIRP) as the most

frequent histological subtypes (Chen et al., 2016).
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Table 4.1 Summary of the multiomics data characteristics used iR¢teroGATomics
experiments.

. . #Original features #Preprocessed features
Dataset Categories #Patients B5NA MENA  MiRNA  DNA MRNA TRNA
BLCA High-grade: 397, Low-grade: 21 418 485,577 20,530 2,210 7,999 2,373 249
LGG Grade II: 254, Grade |lI: 268 522 485,577 20,530 2,157 8,277 1,166 287
RCC KICH: 65, KIRC: 201, KIRP: 294 560 485,577 20,530 1,847 4,107 2,456 238

4.4.2 Data Preprocessing

After collecting the datasets, we perform four preprocessing steps to clean and prepare the
data for machine learning models. First, only patients with available information in all omics
modalities are retained. Second, features with missing values in each omics modality are
removed to ensure a complete and consistent feature space across all patients (EI-Manzalawy
et al., 2018). This simpli es the learning process by focusing on observed data and ensures
that all features are directly comparable during training. Third, all features in each omics
modality are normalized to the ranff& 1] using min-max scaling (You et al., 2020) to ensure
comparability across features with different scales (Schulte-Sasse et al., 2021; Wu et al.,
20244a), which is required for graph constructiorHateroGATomics This normalization is

applied after thé.og2 normalization performed during data collection to standardize feature
ranges while preserving relative differences. Fourth, features with little discriminatory
power are eliminated by ltering out those with variance below a speci c threshold. The
threshold is set at 0.04 for DNA and mRNA, while miRNA is exempt from Itering due to

its limited number of features. All datasets in the experiments use this variance threshold.
A higher threshold risks removing informative features and reducing diversity, whereas a
lower threshold increases the number of features and expands the computational search
space, which requires more computational resources. Table 4.1 summarizes the dataset
characteristics after completing these phases. To facilitate reproducibility, the processed

datasets are available in the GitHub reposifory.

Ihttps://github.com/SinaTabakhi/HeteroGATomics/tree/main/raw_data
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4.4.3 Baselines

We compare the performance of the feature selection modidetfoGATomicqthat is,
HeteroGATomicgas) with four baseline methods: (1) mutual information (MlI) (Theodor-
idis and Koutroumbas, 2008) quanti es the dependency between two random variables,
yielding a non-negative value that is often used to select features with the highest information
shared with the target class; (2) recursive feature elimination (RFE) (Guyon et al., 2002)
recursively removes the least important features based on an estimator's weights, starting
with all features and stopping at the desired number; (3) minimal-redundancy—maximal-
relevance (MRMR) (Peng et al., 2005) selects features that have the highest relevance with
the target class and are minimally redundant with each other, balancing the trade-off be-
tween relevance and redundancy; (4) minimal-redundancy—maximal-relevance multi-view
(mRMR-mv) (EI-Manzalawy et al., 2018) is an adaption of mMRMR to multiomics integration
setting. Notably, mMRMR-mv is speci cally designed for multimodal feature selection within
multiomics datasets. To evaluate the performance of MI, RFE, and mRMR, we concatenate
the selected features from each modality to serve as the input for a classi er.

Furthermore, we compare the classi cation performanddeteroGATomicswith that of
eight multiomics integration methods. We adopt early fusion using ve classi desiearest
neighbors (KNN) (Theodoridis and Koutroumbas, 2008), multilayer perceptron (MLP)
(Theodoridis and Koutroumbas, 2008), random forest (RF) (Ho, 1995), Ridge regression
(Ridge) (Hoerl and Kennard, 1970), gradient tree boosting (XGBoost) (Chen and Guestrin,
2016)—concatenating 100 features from each modality selected by MI. We also apply
multimodal feature selection using mMRMR-mv, a method speci cally designed for multiomics
data integration, to collectively select 300 features across all modalities based on its selection
strategy. Moreover, we use multi-omics graph convolutional networks (MOGONET) (Wang
et al., 2021b), a supervised late fusion method for classi cation tasks, which leverages GCN
for omics-speci ¢ patient classi cation and employs VCDN to combine initial predictions
from each omics modality into a nal label. In addition, we employ the recently developed
multiomics method MOSGAT (Wu et al., 2024a) for cancer classi cation, which leverages

speci city-aware GATs for omics-speci ¢ learning and a cross-modal attention mechanism
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to capture inter-omics associations. For both methods, 100 features from each modality are

selected using Ml for a fair comparison.

4.4.4 Evaluation Metrics

To evaluate model performance for binary classi cation tasks, we use six metrics, including
area under the receiver operating characteristic curve (AUROC), accuracy, negative predictive
values (NPVs), positive predictive values (PPVs), sensitivity, and speci city. For multi-class
classi cation, we use six metrics, including accuracy, macro-averaged F1 score (Macro F1),
micro-averaged F1 score (Micro F1), weighted-averaged F1 score (Weighted F1), precision,

and recall.

4.4.5 Evaluation Strategies

We evaluate the classi cation performance on three datasets using strati ed 10-fold cross-
validation. This approach ensures robust performance evaluation by splitting each dataset
into training and test sets while maintaining a balanced class representation. In each fold,
nine sets are used for training, further split into training and validation sets at a 9:1 ratio,
while the remaining set is used for testing. This process is repeated ten times, ensuring each
set is used for testing exactly once. We report the mean and the standard deviation of the
evaluation metrics calculated on the test sets across experiments. For the hyperparameter
con guration of HeteroGATomicswe report the mean of the evaluation metrics calculated

on the validation sets. To ensure a fair comparison across different methods, we maintain

identical splits for all evaluations.

4.4.6 Implementation Details

HeteroGATomicshas been developed using Python 3.10 and PyTorch Geometric 2.4.0 (Fey

and Lenssen, 2019), incorporating essential functionalities from PyTorch 2.1.0 (Paszke et al.,
2019), scikit-learn 1.3.0 (Pedregosa et al., 2011), NumPy 1.26.0 (Harris et al., 2020), pandas
2.1.1 (The pandas development team, 2023), and SciPy 1.11.3 (Virtanen et al., 2020). The
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training process for the GAT module and VCDN utilizes the PyTorch Lightning 2.1.3 (Falcon
and The PyTorch Lightning team, 2023). For the training of omics-speci ¢ encoders using
the GAT module and the VCDN, the Adam optimizer (Kingma and Ba, 2015) is employed
with the StepLR learning rate scheduler strategy, which reduces the learning rate by a factor
of 0.8 every 20 epochs. Each omics-speci ¢c encoder comprises a three-layer GAT model
with hidden dimensions set to [100, 100, 50], incorporating LeakyReLU nonlinearity with a
negative slope of 0.01 after each layer. The decoders for each omics type utilize a single-layer
fully connected neural network to map the nal 50-neuron hidden layer to the output labels.
The omics-speci ¢ encoder-decoder pairs is pre-trained for 500 epochs, followed by a full
training of the entire architecture for an additional 500 epochs.

For the multimodal feature selection modutsteroGATomicgas, the following pa-
rameters are used: the maximum number of iterafions50, the number of agents per omics
modalityNa = 10, node decay coef cienty = 0:1 in Equation (3.5), edge decay coef cient
re = 0:1in Equation (4.5), omics importance decay coef cignt 0:1 in Equation (3.8),
the initial dynamic node score for each nd@eO) = 0:2, the initial dynamic edge weight for
each edgeL\,(O) = 0:2, and the state transition rule control paramegger 0:8.

The source code and implementation detailsleferoGATomicsare available in the
GitHub repositony

When performing baseline feature selection methods, we remove ve features at each
iteration in RFE and employ the recommended hyperparameter values for mMRMR-mv as
speci ed in its original paper, ensuring a uniform comparison wdteroGATomIC§as.

We utilize the scikit-feature package (Li et al., 2018) for implementing mRMR, and scikit-
learn for implementing Ml and RFE.

For classi cation tasks, we use scikit-learn for KNN, MLP, RF, and Ridge with their
default settings, except for the number of iterations in MLP, which is set to 500 epochs.
XGBoost is implemented using the XGBoost package (Chen and Guestrin, 2016), with
its default con gurations. For MOGONET and MOSGAT, we follow the hyperparameter

settings recommended in their original publications. To ensure a fair comparison, both

2https://github.com/SinaTabakhi/HeteroGATomics
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Table 4.2 Classi cation performance comparison with meastandard deviation over 10-
fold cross-validationlfest second-bejt

Dataset Metric KNN MLP RF Ridge XGBoost mRMR-mv MOGONET MOSGAT  HeteroGATomics

BLCA AUROC 0.779 0.191 0.744 0.194 0.684 0.149 0.720 0.129 0.760 0.175 0.683 0.146 0.884 0.160 0.961 0.029 0.961 0.065
Accuracy 0.955 0.027 0.962 0.026 0.955 0.022 0.962 0.016 0.964 0.016 0.952 0.018 0.948 0.023 0.955 0.017 0.964 0.027
NPV 0.978 0.020 0.973 0.023 0.968 0.016 0.971 0.018 0.976 0.019 0.968 0.015 0.961 0.019 0.966 0.019 0.983 0.016
PPV 0.517 0.329 0.583 0.417 0.600 0.436 0.650 0.391 0.650 0.369 0.500 0.387 0.292 0.407 0.400 0.382 0.673 0.360

Sensitivity 0.583 0.382 0.500 0.387 0.383 0.299 0.450 0.269 0.533 0.356 0.383 0.299 0.250 0.335 0.350 0.320 0.667 0.316
Speci city 0.975 0.020 0.987 0.017 0.985 0.020 0.990 0.017 0.987 0.013 0.982 0.020 0.985 0.023 0.987 0.017 0.980 0.027

LGG AUROC 0.670 0.052 0.697 0.043 0.704 0.055 0.650 0.049 0.679 0.078 0.687 0.051 0.716 0.050 0.742 0.054 0.766 0.046
Accuracy 0.667 0.053 0.695 0.044 0.703 0.056 0.649 0.049 0.678 0.078 0.686 0.053 0.674 0.060 0.682 0.063 0.711 0.042
NPV 0.630 0.056 0.673 0.050 0.686 0.071 0.634 0.048 0.657 0.076 0.670 0.069 0.674 0.073 0.675 0.071 0.675 0.054
PPV 0.737 0.066 0.726 0.043 0.735 0.058 0.671 0.059 0.715 0.108 0.716 0.047 0.681 0.057 0.692 0.060 0.783 0.067

Sensitivity 0.552 0.116 0.653 0.084 0.664 0.118 0.631 0.073 0.638 0.107 0.645 0.126 0.689 0.102 0.683 0.094 0.619 0.120
Speci city 0.788 0.077 0.740 0.050 0.745 0.083 0.670 0.078 0.721 0.114 0.729 0.072 0.657 0.079 0.682 0.061 0.808 0.088

RCC Accuracy 0.946 0.028 0.954 0.024 0.950 0.026 0.954 0.024 0.955 0.022 0.954 0.021 0.952 0.025 0.950 0.022 0.961 0.019
Macro F1 0.944 0.025 0.953 0.024 0.950 0.020 0.949 0.025 0.955 0.019 0.953 0.018 0.953 0.022 0.950 0.017 0.957 0.026
Micro F1 0.946 0.028 0.954 0.024 0.950 0.026 0.954 0.024 0.955 0.022 0.954 0.021 0.952 0.025 0.950 0.022 0.961 0.019
Weighted F1  0.947 0.028 0.953 0.025 0.950 0.026 0.954 0.024 0.955 0.022 0.954 0.022 0.952 0.026 0.950 0.022 0.961 0.019
Precision 0.949 0.027 0.958 0.021 0.953 0.025 0.956 0.024 0.959 0.020 0.956 0.021 0.956 0.023 0.954 0.021 0.964 0.019
Recall 0.946 0.028 0.954 0.024 0.950 0.026 0.953 0.024 0.955 0.021 0.954 0.021 0.952 0.025 0.950 0.022 0.961 0.019

MOGONET and MOSGAT models are run for 500 epochs of pre-training for each omics-
speci ¢ GCN, and then for an additional 500 epochs for training the entire architecture,

similar to theHeteroGATomicssetup.

4.4.7 Classi cation Performance Comparison

We compare the classi cation performanceHtéteroGATomicswvith multiomics integration
methods. Table 4.2 presents the detailed classi cation comparisons for the BLCA, LGG,
and RCC datasets. From Table 4.2, we observeHb&troGATomicoutperforms baseline
multiomics integration methods for the binary classi cation task on BLCA and LGG in terms
of AUROC, accuracy, NPV, PPV, sensitivity, and speci city, except for speci city in BLCA,
and NPV and sensitivity in LGGHeteroGATomicsstill achieves the second-bestin NPV for
LGG. Furthermore, Table 4.2 demonstratieteroGATomicssuperiority for the multi-class
classi cation task on RCC, excelling in all the evaluated metrics.

The outstanding performance ldeteroGATomicdgndicates that the combined power
of its HeteroGATomicgas module andHeteroGATomicgar module trained on generated
heterogeneous graphs signi cantly enhances the capabilities of a deep learning model for

multiomics integration.
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Fig. 4.2Performance comparison of feature selection methods for random forest classi-
cation on LGG . The averaged values from 10-fold cross-validation are reported for each
metric.

4.4.8 Ablation Studies

We conduct ablation studies to examine the impact of individual modules wittieroGATomics
and assess its effectiveness in integrating different modalities. First, we investigate the
effectiveness of the standaloReteroGATomicgas module. Figure 4.2 presents the classi-
cation results of different feature selection methods on LGG using RF, with logarithmically
spaced selected feature sizéeteroGATomicgas has consistently outperformed other
methods in terms of AUROC and accuracy. Ml, a univariate method, achieves the second-
highest performance, even against multivariate methods. This suggests that LGG may contain
individual features with signi cant independent predictive power, and the complex interac-
tions identi ed by multivariate methods may not signi cantly enhance performance. This
nding highlights the effectiveness dieteroGATomicgas in identifying discriminative
features despite its multivariate nature. Interestingly, both AUROC and accuracy metrics
yield remarkably similar trends across all methods, indicating a well-balanced trade-off
between true and false positive rates.

Figure 4.3 further validates the generalizabilityldéteroGATomicgas by compar-
ing its performance across three datasets. The gure compares results for 100 selected
features from each modality, evaluated with two classi ers, RF and Ridge. On BLCA,
HeteroGATomicgas outperforms all baselines across both evaluation criteria with both

classi ers, surpassing the best-reported baseline by 2.8% with RF and 4.2% with Ridge in
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Fig. 4.3Performance comparison of feature selection methods for random forest and

Ridge classi cation (mean and standard deviation over 10-fold cross-validation). ,a
Results for the BLCA datase, Results for the LGG dataset. Results for the RCC dataset.

The results are presented based on 100 selected features for each modality. The vertical
bars show the mean, the black lines represent error bars indicating plus/minus one standard
deviation, and each dot is a model's performance on eachiftdteroGATomicgas denotes

the feature selection module withieteroGATomics

AUROC (Figure 4.3a). For LGQG;leteroGATomicgas continues to excel in identifying
high-quality features, leading to superior evaluation metrics with RF (Figure 4.3b). While
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M1 slightly outperformsHeteroGATomicgas by less than 0.5% in AUROC and accuracy
with Ridge,HeteroGATomicgas remains the top performer in both metrics when using
RF, even surpassing Ridge's results. RCC, known for its relatively straightforward nature in
the classi cation task (Wang et al., 2021b), sees all methods achieving high performance in
both metrics with both classi ers (Figure 4.3¢jeteroGATomicgas remains competitive
on RCC when using RF, with mRMR only outperforming it under Ridge. Additionally, we
observe that the ef cacy of a given feature selection technique is highly dependent on the
dataset. mRMR, for example, is the superior method for RCC, yet it signi cantly under-
performs compared to baselines for BLCA when Ridge is used. These analyses highlight
HeteroGATomicgas's ability to effectively identify discriminative features across different
datasets and classi ers.

Next, we highlight the crucial role dfleteroGATomicgar in augmenting the pre-
dictive capabilities oHeteroGATomicsarchitecture for classi cation tasks, beyond what
its HeteroGATomicgas can achieve. Figure 4.4a compares the whitdéeeroGATomics
pipeline againdteteroGATomicgas on BLCA, LGG, and RCC. We shotteteroGATomicgas's
performance using KNN, MLP, RF, Ridge, and XGBoost classi ers. Figure 4.4a shows
the addition of the heterogeneous GAT modideteroGATomicgar) signi cantly boosts
HeteroGATomic% performance with an improvement of 16.7%, 5.7%, and 0.4% in AUROC
on BLCA, LGG, and RCC, respectively. These results highlight the value of the heteroge-
neous GAT module itHeteroGATomicdo enhance its multiomics integration capabilities.

Then, we demonstrate the effectiveness of heterogeneous graphs and their impact on GAT
performance. We conduct several modi cations: removing the feature similarity network
to simulate a homogeneous graph scenario (denoted as Homogeneous), removing static
and dynamic edge weights derived from the MAS module as edge attributes (denoted as
Heter@eaturd, and excluding static and dynamic node scores derived from the same module
as node attributes (denoted as Hegggg. We refer to the fulHeteroGATomicsarchitec-
ture, incorporating both node and edge attributes, as Hglgl@+edge The results of this
comparative study on LGG in Figure 4.4b show tHateroGATomics when leveraging

heterogeneous graphs, outperforms its homogeneous graph counterpart, achieving improve-



4.4 Experiments 87

Fig. 4.4 Ablation studies on HeteroGATomicsperformance. a Evaluation of the fea-

ture selection module across ve classi erbleteroGATomicgas + [classi er] denotes

the results of the feature selection module witHeteroGATomicdor a classi er, while
HeteroGATomicgepresents the results derived from the erttiederoGATomicsarchitec-

ture. b, Evaluation of heterogeneous graph elements using the LGG dataset. Homogeneous
refers toHeteroGATomicswithout the feature similarity network, Heterg,rerfemoves edge
attributes (static and dynamic edge weights), Heigjoexcludes node attributes (static and
dynamic node scores), and Hetesgure+edgdepresents the fulieteroGATomicssetup.c,
Evaluation of the impact of different omics combinationsHeteroGATomicgerformance

using the LGG dataset. DNA, mRNA, and miRNA refer to the single-modality classi ca-
tion performance. Two-modality combinations refer to DNA+mRNA, DNA+miRNA, and
MRNA+mMIiRNA, while DNA+mRNA+miRNA refers to the classi cation performance across
three modalities. In each case, 300 features are selected and divided equally among the
modalities. The vertical bars show the mean over 10-fold cross-validation, the black lines
represent error bars indicating plus/minus one standard deviation, and each dot is a model's
performance on each fold.

ments of 2.3%, 1.6%, 2.3%, and 2.4% in accuracy, AUROC, sensitivity, and speci city,

respectively. Furthermore, the enhancememteteroGATomicsperformance comes not
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only from the feature similarity network but also from the contributions of each individual
network element, including feature and edge attributes.

To evaluate the impact of different omics modalitiesHteteroGATomicSperformance
and to determine the benet of integrating multiple omics, we trideteroGATomics
using seven modality combinations: individual modalities without the VCDN module
(DNA, mRNA, and miRNA), combinations of two modalities (DNA+mRNA, DNA+miRNA,
MRNA+mMiRNA), and all three modalities together (DNA+mMmRNA+miRNA). The perfor-
mance of these con gurations is assessed on LGG in AUROC, accuracy, sensitivity, and
speci city. The results in Figure 4.4c show that integrating additional omics modalities with
HeteroGATomicsenhances its performance across various evaluation metrics, except for
speci city. In the context of single-modality learning, mRNA contributes signi cantly to the
performance, particularly in AUROC and accuracy. Notably, integrating all three modali-
ties outperforms single or dual-modality combinations, further highlighting the bene ts of

multiomics integration viddeteroGATomics

4.4.9 Analysis of Identi ed Biomarkers for Cancer Diagnosis

To understand the decision-making process withateroGATomicswe utilize a biomarker
importance extraction technique to identify and analyze the key biomarkers that signi cantly
in uence the classi cation results. This process is essential for interpreting the architecture's

effectiveness and pinpointing the most informative features serving as cancer biomarkers.

Biomarker identi cation and interpretation techniques

We leverage an ablation approach commonly used in deep learning-based methods for
biomarker selection (Wang et al., 2021b; Setiono and Liu, 1997; Amjad et al., 2022). This
approach involves systematically removing each feature to observe its impact on the model's
performance. Speci cally, for each feature within a given omics, we temporarily remove the
feature by setting its value and its attributes (i.e., static and dynamic node scores) to zero in
both the feature and patient similarity networks. Then, we evaluate the model's classi cation

performance on the test set without this feature. Features whose removal leads to the
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most signi cant decrease in classi cation performance are considered top biomarkers. This
decrease indicates the feature's substantial impact on the model, highlighting its importance.
We apply a 10-fold cross-validation strategy, indicating that the set of input features to the
GAT module may vary across different folds. Therefore, we assess the model's classi cation
performance for each feature in every fold. To rank features from each omics modality, we
measure the cumulative reduction in classi cation performance, which is then normalized
according to the frequency of their occurrences across all folds. To evaluate the performance
of HeteroGATomicswe use AUROC for binary classi cation tasks in BLCA and LGG.

GO enrichment analyses are performed with GOseq in R, using GO biological process
(GO BP), molecular function (MF), and cellular component (CC). The top 30 biomarkers
for mMRNA and DNA omics categories are used as enrichment sets with the remaining 300
biomarkers as the background set. Protein-protein interaction networks are generated in
Cytoscape, using string-db (Szklarczyk et al., 2023) and ConsensusPathway (Kamburov
and Herwig, 2022) databases for known physical interactions. Only direct two-by-two
interactions are used, with an interaction con dence ef 7 for string-db and> = 9.5 for
ConsensusPathway (reported as high con dence interactions). Known cancer-related genes
are fetched from the Cancer Gene Census database (Sondka et al., 2024), OnhCalkiBer
Gene List (Chakravarty et al., 2017), and the Network Cancer Genome (Repana et al., 2019).
Target mMRNAs for miRNA biomarkers are inferred from starBase (Li et al., 2014), keeping
only targets with at least one CLIP experiment evidence and predicted by at least two miRNA

target predictor tools (e.g. miRanda and/or TargetScan).

Analysis of identi ed biomarkers

Table A.1 in Appendix A presents the 30 most important biomarkers identi dddtgroGATomics
on BLCA and LGG. RCC is excluded from further biomarker identi cation, serving only as
a proof-of-concept for multi-class classi cation tasks (Wang et al., 2021b).

Top ranking biomarkers for LGG consist of 16 DNA methylation features, 13 mRNAs,
and 1 miRNA. BLCA consists of 14 mRNA features, 11 DNA methylation features, and 5
MiRNAs. Gene ontology (GO) enrichment analysis on the top 30 DNA and mRNA biomark-
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ers highlights terms related to synaptic and signal transduction for LGG (G0O:0097060,
p=0.009 and GO:0007169=0.012, see Figure A.1la in Appendix A). Belonging to those
categories is PTPRA, a protein tyrosine phosphatases with known roles in tumorigenesis
(Lv et al., 2023). CHRND and KCNC2, ion channels genes, also belong to both categories.
Numerous ion channels are dysregulated in glioma and signi cantly impact prognosis. Xu
et al. (2017) have previously identi ed KCNC2 as downregulated in malignant gliomas,
while CHRND has been identi ed as a biomarker for treatment and prognosis of head and
neck cell carcinomas (Li et al., 2021a).

GO terms related to the top BLCA biomarkers include several developmental processes
(e.g. Regionalizationp=0.008, see Figure A.1b in Appendix A). This emphasises top
biomarkers that are Transcription Factors (TFs), essential regulators of gene expression:
YBX2, HOXB2 and 3, FOXH1, FOXA3, DMRTA2, TEX15 and MAGEA10. These have
diverse functions: DNA repair, cell differentiation and migration, cell cycle and organo-
genesis to cite a few, all relevant in the context of cancer. Among them, TFs of the Fox
superfamily FOXH1 and FOXAS3 are identi ed as mRNA biomarkers. FOX family proteins
have been shown to be involved in bladder development and cancer progression, for instance
FOXAL expression has been correlated to poor survival (Yamashita et al., 2017). For DNA
methylation features, HOXB2 has recently been shown to be upregulated in some subtypes
of BLCA and to act as a tumor promoter (Liu et al., 2019). All of the following genes
identi ed by HeteroGATomicshave been previously agged as potential biomarkers for
BLCA: YBX2 (Yuan et al., 2024), DMRTAZ2 (Deng et al., 2022), TEX15 (Mantere et al.,
2017) and MAGEA10 (Verma et al., 2024).

Notably, the top 5 biomarkers of BLCA are all miRNAs, small RNAs known for regulat-
ing gene expression post-transcriptionally by binding target mRNAs and preventing their
translation via degradation or translational silencing. As such they play a central role in cell
maintenance and in tumorigenesis. Numerous studies have pointed out the importance of
MiRNAs in bladder cancer and their potential use in cancer diagnosis and prognosis (Das
et al., 2023; Sequeira et al., 2023). All 5 miRNAs have been studied in the context of other

cancers, for example pancreas and liver (Lee et al., 2023) or breast (Khodadadi-Jamayran
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et al., 2018). Three of our ve (hsa-mir-1-3p, hsa-mir-708-5p and hsa-mir-16-2-3p), have
been previously linked to bladder cancer (Tan et al., 2022; Song et al., 2013; Ware et al., 2022).
Zhang et al. (2018a) demonstrated that hsa-mir-1-3p is downregulated in bladder cancer tis-
sues and is able to inhibit cancer proliferation and tumorigenesis in MigteroGATomics

is able to not only identify known miRNAs related to bladder cancer but also identify new
potential MiIRNAs, hsa-mir-1976 and hsa-mir-24-3p, involved in oncogenesis.

We further investigate the interaction network of the top biomarkers, including protein-
binding partners of protein coding biomarkers and targets of miRNAs biomarkers (Figure 4.5
and Figures A.2 and A.3 in Appendix A). Interestingly, the BLCA miRNA biomarker hsa-
mir-708-5p targets four of the protein-coding biomarkers, while hsa-mir-1-3p targets three.
This includes partners such as HOXB2 and YBX2, suggesting a possible regulation between
them (Figure 4.5a). Examining the protein-protein interactions of the LGG biomarkers
shows that RAD9A has numerous protein partners and many are known genes related to
cancer (Figure 4.5b and Figure A.3 in Appendix A). RAD9A itself is involved in DNA
repair, interacts with several components of the DNA damage response pathways that is
targeted for glioblastoma treatment (Ferri et al., 2020). For instance, RAD9A interacts
with ATR to mediate DNA repair and several ATR inhibitor drugs have been developed for
treating Glioblastoma (Ferri et al., 2020). RAD9A also interacts with HDAC1, a mediator
of chromatin compaction, known to be frequently overexpressed in LGG and also targeted
for therapy (Cascio et al., 2021). Interestingly, another biomarker, MIDEAS, also interacts
with HDAC1, as well as with HDAC2 (Figure 4.5b), forming part of the mitotic deacetylase
(MiDAC) complex, which is important for neuronal development (Mondal et al., 2020).

The homeobox TF CUX1 is another important component of LGG. Like MIDEAS, CUX1
is also a target of the miRNA biomarker hsa-mir-363-3p (Figure 4.5b). Moreover, CUX1
has been previously identi ed as widely expressed in glioma. CUX1 seems to promote
tumorigenesis via the Wnt/b-Catenin pathway. Another biomarker, RBMS3, is an RNA
binding protein that regulates crucial cellular processes such as transcription, cell apoptosis
or cell cycle progression. Its expression correlates with good or poor prognosis depending on

cancer type. Ruan et al. (2023) recently discovered that RBMS3 downregulation leads to
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Fig. 4.5Known partners of selected top biomarkers. aResults for the BLCA datasdb,
Results for the LGG dataset. Direct protein-protein interactions are recovered for DNA and
MRNA omics. For the miRNA omics, known mRNA targets are recovered from starBase.
The different omics categories from which the biomarkers originate are indicated as blue
(DNA), green (mRNA) and orange (miRNA). Known cancer-related genes are circled in red.

increased proliferation of glioblastoma cells by interacting with circHECTD1. Subsequently
increasing VE-cadherin levels and promoting vasculogenic mimicry, which has a deleterious
effect on anti-vascular therappleteroGATomicsalso highlights deletion of BRINP1, also

known as DBCL1 for deleted in bladder cancer 1. Silencing of, or deletions on, chromosome

9 are known in the context of bladder cancer and include silencing of BRINP1. BRINP1
has been shown to suppress cell cycle progression and to be a candidate tumor supressor

(Nishiyama et al., 2001).

4.4.10 Discussion

The development of cancer involves multiple biological layers. The availability of diverse
biological data, multiomics, offers detailed insights into various cancer mechanisms. How-
ever, integrating multiple heterogeneous omics datasets for cancer diagnosis and biomarker
identi cation remains a signi cant challenge, especially in small patient cohorts with high-
dimensional feature spaces. HeteroGATomicss a GAT-based method enhanced with
heterogeneous graphs to integrate multiomics data for cancer diagnosis. To construct these

heterogeneous graphs, we employ a novel dual-view representation leveraging feature and
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patient similarity networksHeteroGATomicautilizes a multimodal feature selection ap-
proach using a multi-agent system, effectively addressing the high dimensionality of the
feature space.

Experimental results demonstrate that the standalone multimodal feature selection mod-
ule of HeteroGATomicsconsistently outperforms baseline feature selection methods and
achieves competitive performance in the remaining cases. This suggests that employing an
effective multimodal feature selection strategy across multiple modalities can outperform in-
dependent feature selection for each modality. Another key innovatibiet@roGATomics
is the construction of heterogeneous graphs through our proposed dual-view representa-
tion. Leveraging these heterogeneous graphs has signi cantly enhanced the performance
of HeteroGATomicsover the feature selection module across all datasets in the experi-
ments, particularly in terms of AUROC. Furthermore, experiments show that, on average,
HeteroGATomicoutperforms both conventional and state-of-the-art multiomics integration
methods in cancer classi cation tasks across six evaluation metrics.

Ablation studies demonstrate that each component of the heterogeneous graphs positively
impactsHeteroGATomicsperformance compared to homogeneous graphs. This highlights
the importance of leveraging auxiliary information inherent in multiomics datasets for
cancer classi cation andHeteroGATomics superiority when utilizing this information
compared to other methods. Additionally, ablation studies reveal the advantage of training
HeteroGATomicswith multiple omics over fewer omics, re ecting the complementary
information each omics provides to the moddeteroGATomicds exible, enabling the
integration of additional omics that contribute to understanding cancer progression.

Interpretability is another crucial aspect of this chapter, essential for building trust in
HeteroGATomics We enhance interpretability through a biomarker identi cation process
that explains which genes and features have the most signi cantimpact on the classi cation of
BLCA and LGG cancerddeteroGATomicssuccessfully predicts known biomarkers in each
cohort, including known genes involved in tumorigenesis, diagnosis and/or treatment. We
show via interaction networks that several biomarkers are associated and highlight important

functions that are or could be targeted for therapy (e.g. DNA damage repair pathwyas in
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LGG). HeteroGATomicsalso identi es genes that were not previously studied in LGG or
BLCA, with several known oncogenes in other cancers. Examples of novel therapy target
candidates for LGG include ion channels genes CHRND and KCNC2. For BLCA, the
top ve miRNAs biomarkers can progress miRNA pools used for diagnosis and prognosis.
We highlight two network clusters of either interconnected markers, or markers that share
common interactors. These may well be highlighting key regulatory processes, where a
single process can be disrupted in multiple way to achieve oncogelhigitgroGATomics

also uncovers non protein coding genes of interest like pseudogenes including long non
coding RNAs (IncRNAs, e.g. RNF126P1 and TTTY14 in LGG). Their relevance in cancer
has been more recently investigated. For instance dysregulation of IncRNAs has been shown

to impact glioma development (Wu et al., 2022).

4.5 Summary

In this chapter, we presentéteteroGATomics a novel deep learning framework based
on GATs for integrating multiomics data in cancer diagnosis and biomarker identi cation.
The model incorporates a multi-agent system for multimodal feature selection, which also
provides auxiliary structural information derived from the selected features. Furthermore, we
introduced a dual-view representation for constructing heterogeneous graphs that capture
both patient-level and feature-level structures, enabling a holistic approach to graph repre-
sentation learning. Comprehensive experiments on three public cancer multiomics datasets
demonstrated the superiority BeteroGATomicover baseline methods. In addition, ab-
lation studies validated the contribution of each module, and the biomarker identi cation
results highlighted the model's effectiveness in discovering cancer-related biomarkers.
Future work may extend the exible architecture lééteroGATomicso incorporate
additional modalities beyond biological omics, such as medical imaging and electronic health
records. This extension would enable the model to learn more complex relationships across
multiple modalities. Moreover, the dual-view representation concepeteroGATomics

is broadly applicable, extending beyond the speci ¢ problems and datasets used in this
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study. This approach can be adapted to tabular-structured datasets and applied to other
domains beyond cancer genomics, wherever explicit or implicit meaningful relationships
among features exist. FinallijeteroGATomics like many existing methods, currently
requires patients to have all omics available and cannot handle missing modalities. Enabling

HeteroGATomicgo learn from partial modalities would further enhance its applicability

and performance.






Chapter 5

Multimodal Learning with Missing

Modalities

So far in this thesis, we have assumed that all omics modalities are available for each patient.
However, a key challenge in learning from multimodal biological data is the presence of miss-
ing modalities, where all data from some modalities are missing for some patients. Therefore,
in this chapter, we addreg®esearch Question 3as outlined in Section 1.2. We propose
MAGNEM issing-modalityAwareGraph neuraNETwork) for direct prediction with partial
modalities, which introduces a patient—-modality multi-head attention mechanism to fuse
modality embeddings based on their importance and missingh&NETcomplexity
increases linearly with the number of modalities while adapting to missing-pattern variability.
To generate prediction8)AGNHUirther constructs a patient graph with fused multimodal
embeddings as node features and the connectivity determined by the modality missingness,
followed by a conventional graph neural network. Experiments on three public multiomics
datasets for cancer classi cation, with real-world instead of arti cial missingness, show that

MAGNBLtperforms state-of-the-art fusion methods.
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5.1 Introduction

Cancer development is a complex process driven by interactions across multiple molecular
layers (Swanton et al., 2024; Yang et al., 2025; Su et al., 2025). To unravel this complexity,
cancer research increasingly pro les patients using these molecular modalities, known as
multiomics. Each omics modality provides unique value individually while multimodal
fusion can offer complementary insights (Karczewski and Snyder, 2018; Acosta et al., 2022).
Multimodal machine learning approaches integrate these biological modalities to construct
a comprehensive patient pro le for improving downstream predictive tasks, such as cancer
classi cation and subtyping (Zitnik et al., 2019; Bi et al., 2025; Cantini et al., 2021).

Despite the effectiveness of multimodal biological data fusion, conventional approaches
often assume that all omics modalities are available for each patient (Wang et al., 2014,
2021b). However, missing modalities, characterized by structured missingness where all
data from some modalities are missing for some patients, are an unavoidable challenge in
biomedical applications (Mitra et al., 2023). For example, some patients may have missing
transcriptomic pro les due to sample degradation or insuf cient RNA quality, while others
may lack proteomic data because of cost constraints or technical limitations (Song et al.,
2020; Vitrinel et al., 2019). Therefore, robust and effective multimodal fusion models are
important for handling partial modalities.

As discussed in Section 2.4, there are three main approaches to handling missing modal-
ities. We adopt the direct prediction approach, the most recent of the three. The direct
prediction approach refers to learning a model that can make predictions directly from
the available modalities without explicitly imputing or reconstructing missing ones (Wu
et al., 2024b; Yao et al., 2024). Compared to approaches that exclude patients with missing
modalities, direct prediction retains all available patients and avoids discarding valuable
patient information. Compared to imputation-based approaches, which aim to recover miss-
ing modalities before prediction, direct prediction avoids potential error propagation from
inaccurate reconstruction and simpli es the overall pipeline. This is particularly important
in multiomics settings, where the number of patients is small and modalities are dif cult to

accurately infer. Therefore, direct prediction provides a more practical and robust solution
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Fig. 5.1Different missing-modality patterns across 10 patients with three modalities

Each colored row within a modality shows a patient's respective data, while a gray row
indicates a missing modality for that patient. Moreover, both training and test data can have
missing modalities. With three modalities, each patient's data can2favd = 7 possible
missing patterns.

for real-world clinical scenarios with partial modality availability. However, there are three

less-explored challenges for this approach that deserve attention:

» Challenge 1: scalability with combinatorial missing-modality patterns.In multi-
omics cancer studies, missing modalities arise in various patterns across both training
and test data due to data collection constraints (Wu et al., 2024bM Roodalities,
there areM 1 missing patterns (see Figure 5.1). Direct methods often construct
separate sub-models for each pattern (Yun et al., 2024; Yao et al., 2024), or assume
missingness occurs in a single modality (Hayat et al., 2022; Yao et al., 2024) or only
at testtime (Ma et al., 2021; Reza et al., 2024). Such designs do not scale to general

missing-modality patterns and therefore present a challenge for cancer pro ling.

» Challenge 2: in exible modality fusion. Existing multimodal strategies often assign
the same xed weight to every modality for every patient (Yang et al., 2023), learn
a global attention weight for each modality applied to all patients (Ma et al., 2022a;
Caruso et al., 2025), or apply attention across patients in a way that treats each
patient's fused representation uniformly (Chen et al., 2021b; Keicher et al., 2023).
However, in clinical settings, modality importance can vary across patients due to

clinical heterogeneity (Yuan et al., 2011) (see Figure 5.2).

» Challenge 3: arti cial missingness evaluation.A common practice for evaluating

missing-modality handling methods involves arti cially introducing missingness into
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Fig. 5.2Comparison of multimodal fusion strategies Existing multimodal approaches
either use equal weighting across modalities or apply the same attention weights across
modalities or patients. However, in real-world clinical settings, modality importance usually
differs across patients. For clarity, missing-modality patterns are not shown in these examples.

otherwise complete datasets (Schouten et al., 2018). However, this evaluation approach
can oversimplify or misrepresent real-world missingness patterns, particularly when
complex, multivariate dependencies are ignored (Mitra et al., 2023). Moreover, it is
susceptible to training-time bias, where knowledge about the missing modalities is
unintentionally utilized during model training. As a result, this arti cial-missingness

evaluation approach may fail to re ect real-world missingness challenges.

To address these challenges, in this chapter, we praydd€eNEadr direct prediction with
partial omics modalities. To tackle challenges 1 antMAGNEtroduces gatient-modality
multi-head attentiofPMMHA) mechanism to fuse modalities into a shared multimodal
representation by learning patient-speci ¢ modality weights. This design alldvirsaay
modality masko handle missing modalities by zeroing out their contributions. While adding
a new modality typically introduces an exponential increase in missing-modality patterns,
MAGNEEquires only one additional learnable attention weight per patient, effectively
eliminating the need for separate pattern-speci c models. ConsequBiIgNESCales
linearly with the number of modalities, keeping the model simple and expandable. To preserve
inter-patient similarities during fusion, we introduc&allback-Leibler (KL) divergence-
based losshat minimizes the misalignment between patient similarity distributions before
and after fusion, even in the presence of missing modalities. After multimodal fusion,
MAGNHTirther aligns with real-world clinical practice, where doctors often rely on the

insight that patients similar in available modalities are likely to share characteristics in
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missing ones (Zhang et al., 2022a). Motivated by this principle, we constip@atient
interaction graphwhere nodes represent patients with fused representations as their features,
and edges connect patients who share at least one available modality, thereby leveraging
missing-modality information. A GNN learns patient representations from this graph to
generate nal predictions.

To address challenge 3, we evalustAGNEh multiomics datasets for cancer classi -
cation with real-world beyond arti cial missingness. The results demonstratéth&NET

consistently outperforms state-of-the-art fusion methods across multiple evaluation metrics.

5.2 Contributions
Our main contributions can be summarized as follows:

» We develop a direct prediction method that operates effectively in the presence of
missing modalities and scales linearly with different missing patterns as the number of
modalities increases. This is achieved by introducing a patient-modality multi-head

attention mechanism that handles diverse missing-modality patterns.

» We propose a new way of constructing the patient interaction graph, which directly

incorporates missing-modality patterns into its structure.

» We incorporate KL divergence to preserve relationships among patients, even in the

presence of missing modalities.

5.3 Methodology

In this section, we present the architecturéVdGNEWhich is built upon the initial de -
nitions of supervised multimodal omics learning and multiomics with missing modalities
introduced in Section 2.2.5 (De nition 2.2.1 and De nition 2.2.2). Figure 5.3 illustrates
the overall architecture WIAGNETonceptuallyMAGNEDnNsists of three modules. The
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Fig. 5.3MAGNErchitecture. MAGNERIBes a patient-modality multi-head attention mech-
anism with learnable parameters,f;) over patient embeddingsif and a modality mask

(M) to compute patient-speci ¢ modality attention weights'(:::; AK). These weights are

used to aggregate patient embeddings into a fused embed)ind\ (patient interaction

graph is then constructed, where nodes represent patients with fused embezldiags (

node features, and edges connect patients sharing at least one available modality, with cosine
similarity used as the edge featueg. A GNN learns from this graph to perform prediction.

The model is optimized using cross-entropy Idsgg) for classi cation and KL-divergence

loss (kL) to align the similarity distribution of the input spade) {with the fused embedding

space Q).

rst module, Modality-Speci ¢ Encoderencodes each omics-speci ¢ modality into a lower-
dimensional representation. The second modeddient-Modality Multi-Head Attention
Integration assigns different weights to each modality for each patient using a binary modal-
ity mask and fuses all patient embeddings across modalities into a single uni ed embedding.
The third modulePatient Graph Construction and GNN Classi catioronstructs a graph

to represent interactions between patients while accounting for missing modalities. Then, a
GNN classi er learns from this constructed graph to make the nal prediction. Each module,
along with the training strategy, is detailed in the following sections. Furthermore, we discuss

the key strengths dIAGNET

5.3.1 Modality-Speci ¢ Encoder

Since each omics modality consists of high-dimensional data with varying dimensionalities,

we rst transform each modality into a lower-dimensional embedding of the same size
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using multilayer perceptron (MLP) encoders. Speci cally, for modalityre corresponding

embedding space is constructed as follows:
H' = MLP'(X"; Wiy.p); (5.1)

whereH' 2 RN 9 s the resulting embedding fdt pateints with a xed dimensionalitgl,
MLP!( ) represents the MLP encoder for modalitandW\, » represents the learnable
parameter of the encoder. This ensures that all modalities are projected into the same size

embedding space, facilitating subsequent integration and learning tasks.

5.3.2 Patient-Modality Multi-Head Attention Integration

To address missing modalities and enable the integration of patient embeddings across
available modalities, we introduce a PMMHA mechanism. This mechanism calculates
attention weights for each modality speci c to each patient, enabling selective weighting of
modality contributions based on their importance and availability.

In a patient-modality single-head attention (PMSHA) mechanism, the modality-speci ¢
embeddings are rst stacked to form the tensb2 RN M 9. A linear transformation is then
applied to transform this tensor into higher-level features using a learnable weight matrix
Wiin 2 RY 9,

Next, an attention coef cient matrix is calculated to evaluate the importance of each
modality for each patient. To ensure comparability across modalities, the coef cients are
normalized using aasked softmaaperation based on the binary modality magkThe

process is de ned as:
A = MaskedSoftmaf . INEAR(H; Waty); M); (5.2)

whereA 2 RN M represents the attention coef cient matrix, amgl is a learnable parameter.
Here,MaskedSoftmak; M) applies a softmax over modalities while assigning to entries

corresponding to missing modalities indicated by the binary nvasknsuring that missing
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modalities receive zero attention weight prior to normalization. Finally, the embeddings for
each patient are fused using a weighted sum, where the attention coef cients determine the

contribution of each modality. This is performed as:

Z= g_ an H™ (5.3)
m=1
whereZ 2 RN 9 s the fused embedding for all patients, a2 RN 1 is the attention
weights for modalitym extracted fromA.

To enhance the model's ability to capture diverse patterns in the data, PMMHA allows
each head to focus on different aspects of the modality. Therefore, building on PMSHA, the
transformed embedding is divided acrosK heads, wher& is the number of attention
heads. The attention process is then applied independently to each head. Speci cally,
the embedding dimension for each headys d=K, andH is reshaped int®RN M o K,

The normalized attention coef cients for each hdadre then calculated as, and the
embeddings for each head are fused separately based on these coef cightsamlly,

the fused embeddings from all heads are concatenated and projected back into the input
embedding space as:

Z = CoNcAT(ZY;Z2%;:::ZF) Wout, (5.4)

whereW,:2 RY 9 is a learnable weight matrix, ati2 RN 9 represents the nal fused

embedding for all patients.

5.3.3 Patient Graph Construction and GNN Classi cation

With the fused embeddings generated for patients, we aim to make predictions by leveraging
both relationships from the input multiomics data and holistic patterns captured in the fused
embeddings.

MAGNEEDBnNstructs a patient interaction gra@h= ( V; E), whereV represents a set of
nodes corresponding to patients, &dV V represents edges connecting patients. Edges

are formed using the binary modality mdgk where an edge exists between two patients if
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they share at least one available modality. The fused embeddings serve as the initial node
features of the graph. Moreover, we assign the cosine similarity between patients as the
edge feature, computed from the input multiomics data based only on shared modalities.
To ensure the graph focuses on the most relevant patient correlations, we retain only edges
whose cosine similarity exceeds a speci ed threshml@ror nodes without any edge after
thresholding, we connect them to their most similar neighbor to preserve graph connectivity.
Given the constructed gras MAGNEMmploys a multi-layer GNN, utilizing the graph
sample and aggregation (GraphSAGE) operator (Hamilton et al., 2017), to encode the graph.
At each layer, the GNN updates a patient's representation by aggregating feature information
from its neighbors, allowing the model to incorporate local structural context and capture
relationships between patients. This design also enables generating embeddings for unseen
patients, as long as their neighborhood information is available (Hamilton et al., 2017;

Hamilton, 2020). The GNN stacks multiple GraphSAGE layers, with each layer de ned as:

mﬂ)\,: W%)Sg CONCAT zf,');aJV ; (5.5)

mh = L 8 md, (5.6)
NN (W e

A9 = ReLu Wil + Wil )

21 is a row ofz(, representing the embedding of nages,, is the edge feature between
nodesu andv, andWﬁ'o)ot, Wg&g, andWﬁ,'?sg are learnable weight matrices. In Equation (5.6),
N (u) is the set of directly connected neighbors of nadand in Equation (5.5)CONCAT( )
is the concatenation operation. The initial node representations are the fused embeddings
obtained from the previous module, givenb{) = Z.

Finally, we use the embedding generated at the last lay2f"), as input to an MLP
decoder to produce the nal predictions, de ned¥s MLP(Z(®); Wp).
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5.3.4 Learning Obijective

We optimize the model parameters via backpropagation by minimizing a combined loss that
balances prediction accuracy and representation quality. The rst componesijee/ised
cross-entropy losswvhich encourages the model to correctly classify each patient based on
their graph-informed fused embedding. The second componeilisdivergence-based
lossdesigned to preserve the structure of patient relationships during fusion. Speci cally, it
ensures that similarities between patients in the fused embedding space remain consistent
with those computed from the input data, despite missing modalities. This encourages the
model to maintain meaningful relational information while learning from partially observed

data. The supervised cross-entropy loss is de ned as:

Lee= CE(Y;Y)= &  CE(yufu):; (5.8)
(Xu;yu)2Dtr
whereDy, represents all the training patients, & ; ) is the cross-entropy loss function
between true label, and predicted labs}, for pateintu. To preserve patient-level similarity
structure in the fused embedding space, we use a KL divergence-based loss:
\ Fij .
a pijlog—; (5.9

1j=1 Qi
j6i

Qo=

Lke = KL(PkQ) =

whereP is the normalized cosine similarity matrix computed in the input spaceQeisdhe
normalized similarity matrix in the fused embedding space. Each eleipaatcomputed

using a Studentkernel (Van der Maaten and Hinton, 2008) as:

1+ kz ij2 !

8161 (1+ kze zkd)

gij = (5.10)

wherek k? denotes the squared Euclidean distance between the fused embeddings of two

patients. The total loss is de ned as:

L=Lcg+!| Lk; (5.11)
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Algorithm 5.1 MAGNEModel Training Algorithm
Input
D =< (X1;X2:::::XM): Y > : multiomics dataset witM omics modality
M: binary modality mask
Tirain: NUMber of epochs for training
Output
Y 2 RN C: nal predicted labels

1. Construct patient grap8 with edges formed usiniyl
2. Set edge feature i@ from patient similarities irb
3: for t = 110 Tiain dO
4 fori= 1toM do

Encode modality using Equation (5.1)
end for
Compute attentiod for each head using Equation (5.2)
Fuse patient embeddings to obtaiusing Equation (5.4)
Initialize graph node features with Z
10: Apply GNN to Gto learn embeddings via Equation (5.7)
11:  Predict label&f using the MLP decoder
12: Compute the cross-entropy loss using Equation (5.8)
13: Compute the KL divergence loss using Equation (5.9)
14: Update model parameters using the total loss in Equation (5.11)
15: end for

wherel is a balancing coef cient.

5.3.5 Training Process

We trainMAGNHISing an inductive learning approach, ensuring that patients in the test
set are not utilized during the training phase. When constructing the patient graph, all
edges connecting patients in the training set to those in the test set are excluded. Moreover,
loss computation is performed exclusively on the patients in the training set. A detailed
description ot MAGNES provided in Algorithm 5.1.
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5.3.6 Discussion
Architectural design choices

The design of the MAGNET architecture combines multiple components to enable effective
and exible integration of multiple omics modalities while handling diverse missing-modality
patterns in clinical multiomics learning.

MLP encoders are widely used for high-dimensional data as an initial step, as they effec-
tively capture nonlinear relationships between features without requiring additional structural
assumptions. This choice is intended to perform independent patient-level feature extraction,
projecting raw data into a uni ed latent space. By avoiding cross-patient interactions at this
stage, we ensure that the initial embeddings are purely representative of each individual's
biological pro le, which simpli es subsequent learning and integration tasks.

PMMHA introduces a patient-speci ¢ attention mechanism to assign modality importance
for each individual patient through masking, unlike existing methods that use xed weights
across patients or modalities. This is important in clinical settings, where omics modality
importance can vary across patients due to clinical heterogeneity. This differs from traditional
attention mechanisms that operate between entities of the same type (e.g., patient-to-patient
or modality-to-modality) and enables exible handling of missing-modality patterns in both
training and test data.

In clinical multiomics settings, different omics modalities (e.g., DNA vs. mRNA) capture
distinct and non-comparable biological aspects, and patients are meaningfully compared
only when they share compatible modalities. Accordingly, MAGNET connects patients only
when they share at least one modality, ensuring comparisons within a consistent context.
This provides a biologically meaningful graph construction strategy that explicitly accounts
for missing modalities.

To further ensure the integrity of the fused representations, MAGNET applies a KL
divergence loss to patient similarity distributions. This acts as a regularization mechanism,
ensuring that even when modalities are missing, the fused latent embeddings remain aligned

with the input distributions and preserve the underlying structure of the clinical cohort.



5.3 Methodology 109

Robustness to missing modalities

Conventional fusion methods often aggregate embeddings across modalities without con-
sidering their varying importance. In contraBtAGNHEftroduces PMMHA to calculate
modality importance for each patient, enabling weighted aggregation of available modalities.
To handle diverse missing-modality patterns, we introduce a binary modality mask matrix
M, which zeros out attention weights for missing modalities. For example, if only one
modality is available for a patient, its attention weight becomes one, and its embedding is
used. Similarly, if two modalities are available, attention weights are computed for those,
and their embeddings are fused accordingly. Even when no modalities are mAIGHNET
performs effectively. This design ensures robust handling of missing-modality patterns in

training and testing data.

Linear complexity with modality growth

MAGNEHEfaps each modality to a lower-dimensional space and generates fused multimodal
embeddings through the introduced PMMHA mechanism. Adding a new modality requires
only an additional encoder for its embeddings and extendimgth one additional column to
represent its importance for each patient. Once fused multimodal embeddings are obtained,
GNN operates independently of the number of modalities, relying on the number of patients.
Thus, the model achieves linear complexity with respedf tmodalities,O(M), making it

ef cient for multimodal learning. Details of the experimental execution time analysis are

provided in Section 5.4.11.



110 Multimodal Learning with Missing Modalities

5.4 EXxperiments

5.4.1 Data Collection

To evaluatdMAGNEWe use three publicly available multiomics datasets from TCGA (Wein-
stein et al., 2013), obtained via the UCSC Xena fomhich present real-world missingness

at varying rates:

» Breast invasive carcinoma (BRCA): This dataset uses the PAM50 classi er, a 50-gene
signature, to categorize BRCA into ve subtypes based on gene expression: Luminal
A, Luminal B, basal-like, HER2-enriched (HER2), and normal-like (Raj-Kumar et al.,
2019).

» Bladder urothelial carcinoma (BLCA): This dataset includes bladder cancer cases,
classi ed as low-grade or high-grade for grade classi cation (The Cancer Genome
Atlas Research Network, 2014).

» Ovarian serous cystadenocarcinoma (OV): This dataset contains ovarian cancer sam-
ples, divided into long-term (survival time 3 years) and short-term (survival time

< 3years with 'DECEASED' status) survivors (EI-Manzalawy et al., 2018).

We analyze three omics modalities across all datasets: DNA methylation (DNA), gene
expression RNAseq (mMRNA), and miRNA mature strand expression RNAseq (miRNA). For
the DNA modality, we use the Illumina In nium HumanMethylation27 for BRCA and QV,
and the HumanMethylation450 for BLCA. The mRNA modality uses the Illlumina HiSeq
pancan normalized version, and the miRNA modality includes lllumina HiSeq data. Further

details are available on the UCSC Xena platform (Goldman et al., 2020).

5.4.2 Data Preprocessing

To prepare datasets for analysis, we preprocess each omics modality separately. First,

we remove features with more than 10% missing values and Il the remaining missing

Ihttps://xenabrowser.net/datapages/
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Table 5.1 Summary of the multiomics data characteristics used MA@GNEKkperiments.

Dataset #PatientClasses #Patients in Omics (Missing Rate %) #Selected Features
DNA mRNA miRNA DNA  mRNA miRNA

BRCA 956 Luminal A: 434, Luminal B: 194, 328 (65.69) 956 (00.00) 584 (38.91) 1,000 1,000 436
Basal-like: 142, Normal-like: 119,
HER2-enriched: 67

BLCA 433 High-grade: 412, Low-grade: 21 431 (00.46) 423(02.31) 426(01.62)1,000 1,000 471

ov 360 Short-term survivors: 184, 356 (01.11) 184(48.89) 302(16.11)1,000 1,000 448
Long-term survivors: 176

values using the feature-wise mean. This threshold is chosen to remove features with
excessive missingness that may lead to unreliable estimates, while retaining features with
limited missing values. While mean imputation may reduce variance and weaken feature
relationships, imputing only a small subset of missing values provides a simple strategy
that can still maintain the overall structure of the data and has been used in practice (Zhang
et al., 2021; Kong et al., 2022). Second, we normalize each feature to the [0, 1] range using
min-max scaling (You et al., 2020) to ensure comparability across features with different
scales (Schulte-Sasse et al., 2021; Wu et al., 2024a). Third, we exclude low-variance features
with limited discriminatory ability, applying modality-speci c thresholds: 0.04 for DNA

in BRCA and OV, 0.08 for DNA in BLCA, and 0.03 for mRNA across all datasets. These
thresholds are chosen to remove near-constant features while retaining suf cient variability,
balancing feature reduction and information preservation. No variance ltering is applied to
MIiRNA due to its smaller number of features.

Given the high dimensionality of each omics modality, we further reduce irrelevant and
redundant features using ANOVA (Girden, 1992), implemented in scikit-learn. For DNA
and mRNA, we retain the top 1,000 selected features to focus on the most discriminative
features while keeping the feature space manageable for downstream learning tasks, whereas
no feature selection is applied to miRNA due to its limited number of features. This differs
from Chapters 3 and 4, where feature selection is part of the proposed methodology. In
this chapter, the focus is on the multimodal learning process under missing modalities, and
therefore, feature selection is used as a preprocessing step rather than a methodological

contribution. Similar feature selection strategies that retain a relatively small subset of
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top-ranked features have been adopted in prior multiomics studies (Wang et al., 2021b; Wu

et al., 2024a). Table 5.1 presents an overview of the dataset statistics.

5.4.3 Baselines

We compareMIAGNEWith ve state-of-the-art multimodal fusion methods. MUSE (Wu et al.,
2024Db) is a recent method that leverages bipartite graphs for direct prediction. MRGCN
(Yang et al., 2023) uses an encoder-decoder framework based on GCNs for direct predictions
with missing modalities. M3Care (Zhang et al., 2022a) is an imputation-based method that
reconstructs missing modalities in the latent space by leveraging similarity between patients.
MOGONET (Wang et al., 2021b) is a supervised multiomics integration method based on
GCN that requires complete modalities. To address missing modalities for MOGONET, we
apply two imputation strategies, zero imputation &ntkearest neighbok{N), and refer to

them as MOGONET-Zero and MOGONENN. We setk = 10due to the limited number

of patients in the multiomics datasets.

5.4.4 Evaluation Metrics

We evaluate the performance of fusion methods on the BLCA and OV datasets for binary
classi cation using accuracy, area under the precision-recall curve (AUPRC), area under
the receiver operating characteristic curve (AUROC), and Matthews correlation coef cient
(MCC). For multi-class classi cation on the BRCA dataset, we assess performance using
accuracy, macro-averaged F1 score (Macro F1), weighted-averaged F1 score (Weighted F1),
and MCC.

5.4.5 Evaluation Strategies

To evaluate classi cation performance, we divide each dataset into matched data (patients
with all modalities available) and unmatched data (patients with missing modalities). Each
subset is further split into training, validation, and test sets with a ratio of 7:1:2, ensuring

diverse missing patterns in training and test data. Matched and unmatched subsets are then
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combined to form the nal training, validation, and test sets. For hyperparameter tuning,
models are trained on the training set, and the best parameters are selected by monitoring
performance on the validation set. Due to the limited sample size, the training and validation
sets are combined after hyperparameter tuning to form the nal training set. All methods are
trained on this combined training set, and performance metrics are evaluated on the test set.
To ensure robustness, all evaluations are performed ve times, with results reported as the
mean and standard deviation of the metrics. For consistency, the same data splits are used

across all methods.

5.4.6 Implementation Details

We implemenMAGNET Python 3.10 using PyTorch 2.1.0 (Paszke et al., 2019) and PyTorch
Geometric 2.4.0 (Fey and Lenssen, 2019). The Adam optimizer (Kingma and Ba, 2015) is
used for training, with a step decay learning rate scheduler that reduces the learning rate by a
factor of 0.8 every 20 epochs. We x the number of layers in the MLP encoder, GNN, and
MLP decoder to two across all datasets. Thparameter in Equation (5.11) is set to 0.1. All
models are trained for 200 epochs, with the batch size set to the total number of patients in
each dataset due to the limited number of patients. For MOGONET, which includes both a
pretraining and training phase, we allocate 100 epochs for pretraining and 100 epochs for
training. All baselines are implemented using an inductive learning approach, where test
sets are excluded during the training phase. All experiments are run on an Ubuntu 24.04
machine with an NVIDIA GeForce RTX 4090 GPU. The source coddlAGNET publicly
available?

To ensure a fair comparison, we perform hyperparameter tuniniylAS6NEANd all
baseline methods using the Ray Tune library (Liaw et al., 2018). We tune key hyperparameters
that signi cantly in uence model performance. For all methods, we run 100 trials with
the Asynchronous Successive Halving Algorithm scheduler (Li et al., 2020) to prioritize
promising con gurations. Each trial runs for up to 100 epochs, with training on the training

set and evaluation on the validation set. To ensure robustness across data splits, we repeat

2https://github.com/SinaTabakhi/MAGNET
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Table 5.2 Classi cation performance comparison on the BRCA, BLCA, and QV datasets,
reported as the mean standard deviation over ve independent rubegt second-be¥t

Dataset  Metric MOGONET-Zero MOGONHMNN MRGCN M3Care MUSE MAGNET
BRCA  Accuracy () 0.795 0.025 0.847 0.015 0.844 0.009 0.899 0.016 0.8950.021 0.918 0.012
Macro F1 () 0.638 0.062 0.794 0.035 0.826 0.014 0.872 0.018 0.880 0.014 0.902 0.019
Weighted F1%) 0.758 0.036 0.838 0.018 0.842 0.008 0.898 0015 0.894 0.022 0.917 0.011
MCC () 0.706 0.035 0.781 0.022 0.778 0.012 0.858 0.022 0.851 0.031 0.884 0.016
BLCA Accuracy (%) 0.952 0.005 0.952 0.005 0.955 0.000 0.968 0.011 0.966 0.014 0.970 0.006
AUPRC (%) 0.652 0.106 0.688 0.098 0.617 0.os6 0.686 0.114 0.653 0.085 0.724 0.101
AUROC () 0.898 0.142 0.902 o0.162 0.944 0.033 0.949 0051 0.939 0.046 0.956 0.025
MCC () -0.005 0.009 -0.005 0.009 0.000 0.000 0.597 0.164 0.509 0.294 0.642 0.072
ov Accuracy (%) 0.581 0.027 0.573 0.051 0.597 0.014 0.597 0.031 0.608 0.036 0.614 0.052
AUPRC () 0.630 0.030 0.594 0.044 0.646 0.022 0.607 0.051 0.628 0.078 0.646 0.046
AUROC () 0.621 0.037 0.603 0.062 0.655 0.025 0.630 0.040 0.652 0.067 0.652 0.056
MCC () 0.199 o.071 0.126 0.138 0.201 0.029 0.199 0.060 0.225 0.073 0.228 0.104

each con guration ve times and use the average performance for selection. Hyperparameter
ranges are similar across methods unless otherwise speci ed in their original papers, in which
case we adopt the recommended ranges. Table B.1 in Appendix B lists the search spaces and

the best-performing values for each dataset and method.

5.4.7 Classi cation Performance Comparison

Table 5.2 presents the classi cation performance of fusion methods on the BRCA, BLCA,
and OV datasetsMAGNEDnsistently outperforms baseline multimodal fusion methods
across all datasets and evaluation metrics, except for AUROC on QV, where it achieves the

second-best result. Below, we provide detailed observations for each dataset.

Results on BRCA

MAGNEErforms better than the best-performing direct prediction counterparts, MRGCN
and MUSE, with improvements of 2.3% in accuracy, 2.2% in Macro F1, 2.3% in Weighted F1,
and 3.88% in MCC. The weaker performance of MUSE may be due to overlapping feature
distributions among certain BRCA classes, as it does not explicitly model direct patient-
to-patient connections. Similarly, MRGCN fuses patient embeddings across modalities
by assigning equal contributions, which may overlook the varying importance of different

modalities. Moreover, both methods may struggle to handle severe modality missingness,
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as their design assumptions might not effectively capture complex missing patterns. This
limitation is further re ected in the performance of MOGONET-Zero, which shows the worst
results across all metrics, suggesting that simple zero imputation is ineffective under such

missingness.

Results on BLCA

MAGNHiaintains its superior performance, achieving a 3.6% improvement in AUPRC and
a 7.54% relative improvement in MCC over the best baseline, a particularly notable gain
given the dataset's class imbalance. In contrast, MOGONET with imputation yields the worst
results across nearly all metrics for BLCA. This may be due to BLCA's relatively low rate of

missing modalities combined with a highly imbalanced class distribution, where even minor

imputations can introduce errors that especially affect the already limited minority class.

Results on OV

On this well-balanced dataséflAGNEIemonstrates strong overall classi cation perfor-
mance, achieving the highest accuracy, AUPRC, and MCC. However, its focus on correctly
identifying the positive class may slightly affect ranking performance across all thresholds,
leading to a marginally lower AUROC. Despite this, the overall results con rm the robustness
of the method. Notably, while M3Care performs well on BRCA and BLCA, it ranks among
the worst on QV, highlighting the dif culty for baselines to generalize across datasets with
varying characteristics.

MAGNETsuperior results highlight the effectiveness of its PMMHA mechanism and

graph-based modeling, enhancing multimodal fusion in the presence of missing modalities.

5.4.8 Analysis of Learned Representations

To further evaluate the effectiveness MAGNEWe measure the separability of patient
representations using two clustering metrics: Silhouette Score (SS) (Rousseeuw, 1987),

where higher values indicate better-de ned clusters, and Davies-Bouldin (DB) index (Davies
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Table 5.3 Separability evaluation of patient representations on test data using Silhouette
Score (SS) and Davies-Bouldin (DB) indebest second-bet

Method BRCA BLCA oV
SS¢) DB() SS() DB() SS() DB()

MOGONET-Zero 0.214 1.447 _0.8360.741 0.024 4.491

MOGONETKNN 0.354 1.078 0.870 0.757 0.034 4.395

MRGCN 0.145 1.658 0.261 0.700 0.006 8.808
M3Care 0.437 0.826 0.330 0.670 0.040 4551
MUSE 0.408 0.879 0.295 0.793 _ 0.0473.900
MAGNET 0.440 0.789 0.578 0.642 0.048 4.433

and Bouldin, 1979), where lower values re ect better class separation. We extract the
representations from the last layer of each trained model before generating predictions.
Table 5.3 presents the results on the test data for three datasets.

On BRCA,MAGNHEMproves SS and reduces DB, demonstrating its ability to separate
classes effectively in a multiclass classi cation task. On BLCA, an imbalanced dataset,
MAGNEaEhieves the lowest DB index, indicating strong global class separation. However,
its SS is moderate, likely due to minority class patients being closer to decision boundaries.
In contrast, imputation-based methods yield a higher SS by estimating missing values based
on dominant patterns, which results in more compact clusters and improved local cohesion.
On OV, a well-balanced datasAGNE&Ehieves the highest SS, highlighting well-clustered
patient representations. However, its DB index remains average, likely because balanced
class distributions result in uniform cluster compactness, reducing the inter-cluster contrast
that DB emphasizes.

These results shoMAGNETbility to enhance class separability across datasets while

balancing local cohesion and global structure in learned representations.

5.4.9 Studies on Simulated Missing-Modality Scenarios

To further evaluate the impact of missing modalities, we use a publicly available simulated
multiomics cancer dataset generated by the InterSim CRAN package, consisting of 500

samples across 15 clusters of varying sizes, re ecting realistic clinical scenarios. The
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Fig. 5.4Effect of varying missingness ratios on simulated cancer data using Macro F1,
averaged over ve independent runs per ratio. @ One modality remains intact while the
other two are uniformly subsamplel, A subset of patients is shared across all modalities,
with the rest uniquely assigned to individual modalitiesModalities are randomly masked
with different probabilities.

dataset includes three omics modalities: DNA methylation, mRNA expression, and protein
expression. The data is available on Zenodo (Ma, 2024), and further details about the data
generation process can be found in the original publication (Ma et al., 2025).

To prepare the dataset for analysis, we normalize each feature to the [0, 1] range using
min-max scaling, applied separately to each omics modality. The data is then split into
training and test sets with a ratio of 8:2. We compsi&GNEWith two top-performing
baselines: M3Care and MUSE. We evaluate performance under three missing modality
scenarios, and the results are presented in Figure 5.4.

In the rst scenario, we keep one omics modality intact while uniformly subsampling
the other two at missingness ratios ranging from 0.2 to 0.8, with the zero-missingness case
representing the complete dataset (Figure 5.4a). The results shaWAKE EEDnsistently
outperforms the baselines across all missingness levels. Moreover, we observe that when

DNA or protein modalities are kept intact, performance remains relatively stable, indicat-
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ing that they are more informative. In contrast, when mRNA is the only intact modality,
performance drops signi cantly, suggesting it is less predictive on its own.

In the second scenario, we retain a subset of patients that are shared across all three
modalities and evenly assign the remaining patients to individual modalities. The missingness
ratio varies from 0.2 to 0.8 (Figure 5.4b). We observe MAIGNEDnNsistently achieves the
highest performance across most settings. Notably, as the missingness ratio increases, the
performance gap betwe®hAGNENd the baseline methods also grows, highlighting the
model's robustness to missing modality information.

In the third scenario, we adopt a more complex setup where no omics modality is kept
fully intact. Modalities are randomly masked with probabilities ranging from 0.2 to 0.8
(Figure 5.4c). Performance results show th&GNEDnNsistently outperforms the baselines
across all missingness levels. We also observe that as the masking probability increases, the
performance gap betwe®hAGNENd the baselines gets larger. For example, under severe
missingness (80%MAGNHEMproves performance by around 20% and 26% compared to
M3Care and MUSE, respectively, demonstrating strong resilience to high levels of missing
modalities. We also observe that M3Care, as an imputation-based method, experiences a
much larger performance drop than the other methods as the missing probability increases.
This may be because imputation-based methods rely on reconstructing missing data, which

becomes increasingly dif cult and error-prone as more information is missing.

5.4.10 Ablation Studies

We conduct ablation studies to evaluate the impact of individual componeMa@iNEhd

assess its effectiveness.

Classi cation performance analysis

We evaluate the contribution of each componeniliGNERrough seven modi cations:
(Al) removing the PMMHA mechanism and assigning equal contributions to modalities,
(A2) removing the GNN architecture and applying the MLP decoder on the fused embedding,

(A3) removing the edge feature from the patient interaction graph, (A4) removing the
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Table 5.4 Ablation study on the impact of each individual componeMlAGNEDest,
second-best

ID Method BRCA BLCA ov

Al MAGNEWo PMMHA 0.9050016 0.68100s2 0.600 0.040
A2 MAGNEAW/o GNN 0.907001e 0.675006s 0.600 0,041
A3 MAGNEW/o Edge Feature 0.910:s 0.719013s 0.600 0.064
A4 MAGNEAW/o KL Loss 0.91100:3 0.686010s 0.592 0071
A5 MAGNEW GAT 0.71100ss 0.6060127 0.551 0020
A6 MAGNEW GCN 0.8230002 0.6090110 0.567 0.041
A7 MAGNBEWV GIN 0.5600173 0.4900157 0.5290.07
- MAGNET 0.91800:2 0.7240100 0.614 0052

KL loss and using only the cross-entropy loss, and (A5)-(A7) replacing the GNN with a
GAT (Velickovict et al., 2018), GCN (Kipf and Welling, 2017), and GIN (Xu et al., 2019),
respectively. Table 5.4 presents the results. We observe a signi cant performance drop
when the PMMHA mechanism and GNN are removed, indicating that simple aggregation
is insuf cient for effective fusion in the presence of missing modalities, and that graph-
based interactions are essential for capturing relational structure among patients. This is
further supported by (A5)-(A7), where replacing the original GNN leads to a consistent
drop, highlighting the suitability of GraphSAGE with the edge feature. Overall, these results
validate the effectiveness MAGNET

Learned representation analysis

We evaluate eight types of representations used iMAGNEFchitecture by measuring

the separability of patient representations in the test data using SS and DB index: three
input modalities, their learned representations from omics-speci ¢ encoders, the fused
representation from PMMHA, and the nal-layer representation produced by the GNN.
Table 5.5 presents the results, showing that in all cases across the three datasets, the nal-
layer representation learned MAGNEAChieves the highest separability. Moreover, the

representation learned from PMMHA alone achieves nearly the second-best result across all
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Table 5.5 Separability evaluation of patient representations learnedMil@@NEiodules on
test data using Silhouette Score (SS) and Davies-Bouldin (DB) irzkst Gecond-bekt

Module BRCA BLCA oV

SS¢) DB() SS() DB() SS() DB()
Input DNA 0.035 2.635 0.231 0987 0.002 7.833
Input MRNA 0.105 2.276 0.120 1.531 0.006 5.264
Input MiRNA 0.046 3.307 0.024 2.331 0.005 6.961

DNA Embedding 0.017 2522 0.264 0.977 0.002 7.807
MRNA Embedding 0.246 1.17/0 0.188 1.284 0.0181.618
miRNA Embedding  0.018 3.571 0.004 2421 0.006 6.897

PMMHA Embedding _0.295 0.983 0.345 0.865 0.009 6.585
GNN Embedding 0.440 0.789 0.578 0.642 0.048 4.433

datasets compared to individual omics representations, suggesting that each added component
in MAGNEEDNtributes to producing more informative representations.

To further validate the effectiveness of fusing input omics modalities WAGNEWe
visualize the input omics modalities and the representations learned by the last layer of the
GNN module inMAGNHIBIng uniform manifold approximation and projection (UMAP).
Figure 5.5 shows the UMAP visualizations for the BRCA dataset, which contains a larger
number of patients, providing better clarity compared to the other two datasets. We observe
that among the individual omics modalities, MRNA demonstrates greater class separability
on both the training and test data, whereas DNA and miRNA provide limited separability,
with patients within the same classes overlapping signi cantly. Speci cally, for the mRNA
modality, while patients within the Normal-like and Basal-like classes are relatively well
separated, there is some overlap between patients in the Luminal A and Luminal B classes.
In contrastMAGNEEffectively integrates these modalities, enhancing class separability. The
fused representation not only distinguishes patients with similar classes more clearly but also
achieves better separation between the Luminal A and Luminal B classes compared to the

MRNA modality alone.
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Fig. 5.5UMAP visualization of the training and test data from the BRCA dataset. For
each omics modality, UMAP is generated from the input data, whil&faGNEIT shows
the patient representations learned by the GNN modup: Training data visualization.
Bottom: Test data visualization.

Impact of multiomics data integration

There are two key reasons for integrating multiple omics modalities. First, relying on a
single modality limits prediction for patients missing that modality. For example, as shown
in Table 5.1, the BRCA dataset has approximately 66% missing DNA data. Using only DNA
would exclude over half of the patients, highlighting the need to leverage other available
modalities. Second, additional modalities can provide complementary information that
enhances model performance beyond what a single modality can achieve. Although whether
multiomics integration consistently improves performance remains an open question, our
focus is on scenarios where integration offers improvements over single-modality models.
To explore this, we conduct an additional ablation study on the BRCA dataset. Specif-
ically, we select patients who have data available for all three modalities, ensuring that
when one or two modalities are removed, the remaining modalities are still present for every
patient. We trairMAGNRiBing seven different modality combinations: individual modalities,
pairwise combinations of two modalities, and the full set of three modalities. When removing

a modality, we mask it for the corresponding patients, treating it as a missing modality. The
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Fig. 5.6Performance of MAGNEdveraged over ve runs, across different combinations
of omics modalities on the BRCA dataset.

results of this experiment are shown in Figure 5.6. The results show that although mRNA
alone has the strongest predictive power among the three modalities, combining it with DNA
further improves performance. Moreover, using all three modalities together yields the best

overall results across all evaluation metrics.

5.4.11 Execution Time Analysis

We rst evaluate the execution time versus classi cation performance of all methods during
training on the BRCA, BLCA, and OV datasets. The results, averaged over ve runs, are
presented in Figure 5. MAGNEEhieves the best prediction performance among all methods,
although its execution time is relatively higher than some baselines. This demonstrates that
MAGNEdffers a favorable trade-off between predictive performance and computational
ef ciency. Among the baselinesIAGNESxecution time is slightly higher than that of
the recent method MUSE. In contrast, M3Care as an imputation-based method shows the
worst computational time which is almost double thaM#GNEThis highlights the high
computational cost of imputation-based approaches. The lightweight computational time
of MOGONET-Zero and MOGONEKENN is attributed to the fact that their imputation is a
simple procedure performed before training. However, this simplicity comes at the cost of
signi cantly worse classi cation performance in almost all cases.

We next present the execution time MAGNEA®ith an increasing number of input

modalities. To conduct this experiment, we retain only patients with all modalities available,
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Fig. 5.7Comparison of classi cation performance and execution time, averaged over
ve runs.

Fig. 5.8Average execution time oMAGNBVer ve runs across different omics modality
combinations.

ensuring that all modality combinations have the same number of patients, which allows a fair
comparison. We report the average execution time over ve runs for different combinations
of modalities, and the results are shown in Figure 5.8. We observe that, across all datasets,
the runtime increases approximately linearly as more modalities are added. This indicates

that the computational cost MAGNEEales linearly with the number of input modalities.

5.5 Summary

In this chapter, we proposedAGNE®& novel method for direct prediction using partial
omics modalities, without the need for imputation or patient exclusion, for cancer classi ca-
tion. MAGNHftroduced a patient-modality multi-head attention mechanism to fuse patient
representations by learning the importance of each modality for a patient while adaptively
masking out missing modalities. It also constructed a patient interaction graph using the

input data with missing modalities for connectivity and the learned embeddings as node
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features. To preserve patient-level structure during fusRGNEiirther incorporated a

KL divergence-based loss that aligned similarity distributions before and after fusion. Key
strengths oMAGNHficlude its linear complexity and extensibility with new modalities, as
well as its robustness to diverse missing-modality patterns in both training and test data.
Experimental results on three multiomics datasets with real-world missingness demonstrated
its superiority over baseline methods. Furthermore, quantitative analysis of the learned
representations validated its effectiveness.

This chapter focused on biological datasets, speci cally multiomics data for cancer
classi cation, allowing targeted evaluation in a clinically relevant context. Future work
will explore the integration of fundamentally different modalities, such as imaging and
text, to support broader applicability. Although our experiments were limited to cancer-
related applications, the proposed method is general and has the potential to be applied to

non-biomedical domains.



Chapter 6

Multimodal Feature Selection with
Missing Modalities: A Study of Diet and

Metformin Effects on the Mouse Brain

In Chapter 5, we introduced a multimodal learning method to tackle missing modalities.
However, missing modalities can also be mitigated during feature selection preprocess-
ing before the learning stage. As we described multimodal feature selection methods in
Chapters 3 and 4, we assumed complete omics modalities in those settings. Therefore, in
this chapter, we addresesearch Question 4as outlined in Section 1.2, and extend our
multimodal feature selection strategy by handling of missing modalities into its process.
We proposeMMAgentOmi¢cdissing-modality-aware multimodal feature selection using

a Multi-agentsystem foromicsintegration. In this method, we consider missingness in
the computation of static edge weights for within- and cross-modality interactions where
missingness can occur. We appfMAgentOmid® a multiomics dataset collected from
mice with diet-induced obesity, with and without metformin treatment. This case study is
motivated by the fact that chronic obesity is a major global health concern and is associated
with an increased risk of diabetes. Metformin is the most widely prescribed drug for the

treatment of diabetes. However, the effects of chronic obesity and metformin treatment on
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the brain remain poorly understood. In this context, our analysis examines molecular changes

associated with diet-induced obesity and metformin treatment.

6.1 Introduction

Metabolic dysfunction associated with obesity is increasingly recognized as a contributor to
altered brain physiology and cognitive decline (Schmitt and Gaspar, 2023; Kullmann et al.,
2016). High-fat diet (HFD) exposure disrupts metabolic signalling, induces neuroin amma-
tion, and interferes with neuronal function and synaptic regulation (Gonzalez Olmo et al.,
2023; Cavaliere et al., 2019). Metformin, a widely used metabolic therapy, has been reported
to modulate systemic energy metabolism and has emerging evidence for brain-related effects
(Foretz et al., 2014; Sood et al., 2024). However, the molecular pathways through which
diet-induced metabolic stress and metformin intervention in uence the brain remain poorly
characterized (Li et al., 2022b; Dionysopoulou et al., 2021).

Single-omics analyses often fail to capture the full spectrum of biological alterations
underlying complex metabolic and neurological processes. In particular, transcriptional
changes alone may not fully re ect metabolic pathway activity, and lipid-mediated signalling
plays a key role in neuroin ammation, energy homeostasis, and neuronal function (Bazinet
and Layé, 2014). Integrating transcriptomics and lipidomics data therefore provides a more
comprehensive molecular view of diet- and drug-related effects in the brain.

A key challenge in this setting is identifying the most informative molecular features
from high-dimensional omics data. The problem becomes even more dif cult when all data
from some modalities are missing for some samples, leading to a missing-modality setting.
While several studies have addressed missing modalities during model training, incorporating
modality missingness directly into the feature selection process remains much less explored.

In this chapter, we introduddMAgentOmics multimodal feature selection framework
based on a multi-agent system that operates effectively in the presence of missing modalities.
Unlike existing methoddyIMAgentOmiaxplicitly handles partial omics modalities by en-

abling agents to explore a feature space de ned by both within- and cross-omics interactions



6.2 Contributions 127

while accounting for modality missingness during state transitions. Moreover, instead of
early fusion, the method evaluates candidate feature subsets using a late fusion strategy,
where predictions are aggregated only across the modalities available for each sample.

We assess the performanceMdiAgentOmiosn a multiomics dataset collected from
mice with diet-induced obesity, with and without metformin treatment. This work is moti-
vated by two biological questions: (i) whether diet or metformin directly in uence the brain,

and (i) how chronic obesity or metformin exposure alters brain molecular signatures.

6.2 Contributions

Our main contributions can be summarized as follows:

» We proposeMiMAgentOmican extension of the multimodal feature selection module
of HeteroGATomicswhich can handle missing modalities in its process. It is incorpo-
rated into the computation of static edge weights, where missing modalities affect the

results.

* We applyMMAgentOmids a real multiomics dataset to study how diet and metformin
affect brain molecular pro les in mice. The results show that the features selected by the
model align with known biological mechanisms: metformin-associated signatures are
consistent with AMPK-mediated energy regulation, while HFD signatures correspond

to pathways related to insulin resistance and lipid metabolism.

6.3 Methodology

MMAgentOmids an MAS-based architecture designed for feature selection, in which agents
collaboratively explore a network representation of multiomics features to identify the most
informative ones in the presence of missing modalities. In the following, we rst describe
the multiomics feature network representation used as the search space and then explain how
the components of thelIMAgentOmicalgorithm differ from those of the multimodal feature

selection module itHeteroGATomics
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Fig. 6.1Static edge weight computation for feature relationships Within-omics static

edge weights are computed between features of the same omics modality using all available
mice. Cross-omics static edge weights are computed between features from different omics
modalities using only matched mice. A gray row within a modality indicates a missing
modality for that mouse. Gray cells are excluded from the calculation.

6.3.1 Multiomics Feature Network Representation

We consider the same multiomics feature network described in Section 4.3.1. In that section,
we assumed that all omics modalities were available for each sample. Here, we modify the
de nition of the static edge weight to account for missing modalities. Speci cally, when
calculating the static edge weight between pairs of features within an omics modality, we
exclude mice for which that modality is missing. When computing cross-modality edge
weights between two features from different omics modalities, we only consider mice that
have data available for both modalities. Figure 6.1 provides an example of the computation

of both within-omics and cross-omics static edge weights.
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6.3.2 TheMMAgentOmidsgamework

MMAgentOmidellows the multimodal feature selection procedure described in the frame-
work of HeteroGATomicgSection 4.3.1). The overall algorithmic structure remains the
same, including the state transition rules, dynamic value updating rules, and omics impor-
tance updating rule, which are adopted without modi cation. The only difference is the
tness function, where&UALITY () quanti es the classi er's performance on the selected
feature subsets using a late fusion strategy.

For each modality, we rst reduce the training data to the features selected for that
modality. We then train and evaluate a classi er independently on each modality using
K-fold cross-validation on the training data to obtain class-probability predictions for each
mouse (no test data are used at this stage). Because some mice may have missing modalities,
predictions are aggregated across the available ones by averaging their probability vectors.

The nal label for each mouse corresponds to the class with the highest averaged probability.

6.4 Experiments

6.4.1 Data Collection

Data were provided by Dr. Edward C. Harding and Dr. Florian T. Merkle, University of
Cambridge. In vivo work was performed under a Home Of ce licence and approved by
the institutional AWERB committee. Brie y, data were collected as follows: Forty male
C57BL/6J mice were purchased at 7 weeks old and housed in individually ventilated cages,
ve per group. They were acclimatized to the facility for 1 week and then habituated to a
composition-matched control diet of 10 kcal% fat (D12450J — Research Diets) for a further 1
week before randomization to treatment factors. For the diet factor, mice were randomized
to either remain on control diet or switch to a composition-matched 60 kcal% high-fat diet
(D12492 — Research Diets). One week later, mice in both control diet and high-fat diet groups
were further randomized to treatment arms of vehicle (water) or drug (metformin) for 20

weeks before cardiac blood withdrawal under terminal anaesthesia, concluding with schedule
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one culling and tissue collection. Hippocampal samples were freshly micro-dissected and
frozen on dry ice. Blood was collected in lithium-heparin-coated tubes and centrifuged at
800 gto yield plasma, which was frozen on dry ice. Each hippocampal sample from the
same hemisphere was homogenized in a bead homogeni2@d m cold PBS and then

split in half for lipidomics and RNAseq using standard protocols at the Institute of Metabolic
Science (IMS), University of Cambridge, Lipidomics and Genomics Cores, respectively.
Plasma was processed for metabolites and cytokines at the IMS Core Biochemical Assay

Laboratory.

6.4.2 Data Preprocessing

Before analysis, we perform four preprocessing steps on the two omics modalities: RNAseq
and lipidomics. It is important to note that, unlike the TCGA-based datasets used in previous
chapters, this dataset is smaller in terms of sample size and involves different data modalities,
which require a different preprocessing strategy and threshold choices to re ect its speci ¢
characteristics. First, features in RNAseq with more than 50% missing values are removed,
while the lipidomics data contain no missing values. The remaining missing values in
RNAseq are imputed using scikit-learn's multivariate feature imputation (Pedregosa et al.,
2011) with 1000 features used for imputation and a maximum of 5 iterations. Compared
to mean imputation used in Chapters 5, multivariate imputation is adopted here to better
capture feature dependencies in RNAseq data in smaller number of samples. Second,
features with more than 50% zero values are removed across all modalities, as highly sparse
features provide limited discriminatory power and may introduce noise. Third, all features are
normalized using min-max scaling (You et al., 2020) to the range [0,1] to ensure comparability
across features and to meet the requirements diitfidgentOmiawnodel. Fourth, feature
selection is performed based on variance thresholds, retaining those with the highest variance,
set to 0.075 for RNAseq and 0.04 for lipidomics. These modality-speci c thresholds re ect
differences in data distributions and are chosen to balance feature reduction and information
preservation. Table 6.1 presents the characteristics of the multiomics dataset following each

stage of preprocessing.
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Table 6.1 Multiomics data characteristics at each preprocessing stageMitAgentOmics
experiments.

Omics #Samples #Original features  #Features after missing #Features after zero #Features after variance
value removal value removal Itering

RNAseq 24 34,732 34,391 25,146 6,870

Lipidomics 40 1,073 1,073 717 666

6.4.3 Baselines

We comparéViIMAgentOmiaosith three feature selection methods: mutual information (Ml)
(Theodoridis and Koutroumbas, 2008), recursive feature elimination (RFE) (Guyon et al.,
2002), and minimal-redundancy-maximal-relevance (MRMR) (Peng et al., 2005). To evaluate
MI, RFE, and mRMR, we employ the same late fusion strategy described in Section 6.3.2,
except that classi ers are trained on the training data and evaluated on the test data. Feature
selection is performed independently for each modality using the training set, and both the

training and test sets are reduced according to the selected features.

6.4.4 Evaluation Metrics

We consider three tasks in this study. The rst task examines the effect of diet, comparing
high-fat diet (HFD) mice with control diet (CD) mice. The second task focuses on the
effect of the drug, comparing metformin and vehicle groups. The nal task is a multi-class
classi cation problem that combines both diet and drug conditions for a more comprehensive
analysis. This results in four classes: CD + metformin (CM), CD + vehicle (CV), HFD +
metformin (HM), and HFD + vehicle (HV).

The evaluation is performed using accuracy and F1 score for binary classi cation tasks,
and accuracy and weighted F1 score for the multi-class classi cation task. We report the

mean and standard deviation of these metrics across all experiments.

6.4.5 Evaluation Strategy

We evaluate the performance of feature selection methods on the preprocessed dataset, which

contains real-world missing modalities. The dataset is rst partitioned into matched mice
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Fig. 6.2Data splits for feature selection methods with missing modalitiesThe input
multiomics data is divided into a matched group, consisting of mice with available data for
all omics modalities, and an unmatched group, consisting of mice with missing modalities.
Each group is then split into an 80% training set and a 20% test set. Finally, matched and
unmatched mice within each split are combined to form the nal training and test sets.

Dmatched Which have both RNAseq and lipidomics modalities available, and unmatched mice
Dunmatched Which lack one of these modalities. Each group is then split separately into a
training set (80%) and a test set (20%) using a strati ed sampling strategy. The matched and
unmatched mice within each split are then combined to form the nal trainin® %eind

test seD'®. To ensure robust performance estimation, this procedure is repeated 10 times,
each with a different random partition of the training and test sets. Figure 6.2 illustrates the

data splitting process.

6.4.6 Implementation Details

MMAgentOmidsas been developed using Python 3.10, incorporating essential functionalities
from scikit-learn 1.3.0 (Pedregosa et al., 2011), NumPy 1.26.0 (Harris et al., 2020), pandas
2.1.1 (The pandas development team, 2023), and SciPy 1.11.3 (Virtanen et al., 2020). For
MMAgentOmicghe following parameters are used: the maximum number of iterations

T = 50, the number of agents per omics modahty= 10, node decay coef cienty = 0:1

in Equation (3.5), edge decay coef cieng = 0:1 in Equation (4.5), omics importance
decay coef cientg = 0:1 in Equation (3.8), the initial dynamic node score for each node
t!(0) = 0:2, the initial dynamic edge weight for each edgg(0) = 0:2, and the state
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transition rule control parametgp = 0:8. We setK = 5 in theK-fold cross-validation used
within the late fusion strategy for computing the tness function.
We utilize the scikit-feature package (Li et al., 2018) for implementing mRMR, and

scikit-learn for implementing Ml and RFE.

6.4.7 Feature Selection Performance Comparison

Figure 6.3 shows the performance of the feature selection methods using the RF classi er with
different numbers of selected features (from 10 to 100) across three tasks. In the diet factor
classi cation task (Figure 6.3aMMAgentOmiasutperforms all baselines in both accuracy
and F1 score for most feature sizes. In the drug factor classi cation task (Figure 6.3b),
MMAgentOmiosontinues to excel in identifying informative features, surpassing the best
performance of Ml by 5.5%, RFE by 3.3%, and mRMR by 7.7% in accuracy, and the
best performance of Ml by 7.0%, RFE by 0.7%, and mRMR by 7.1% in F1 score. In
the combined diet and drug factor classi cation task (Figure 6.3c), although MI performs
better tharMMAgentOmicat certain feature sizeBjMAgentOmiagemains the top overall
performer, achieving the highest classi cation accuracy and weighted F1 score compared
with the baselines. Notably, as the number of selected features incrsidagentOmics
tends to show improved performance, whereas MI exhibits less consistent behaviour. This
can be attributed to the fact thetMAgentOmics designed to capture complementary
interactions among features, allowing it to bene t from a larger feature subset, while Ml
evaluates features independently and may include redundant or less informative features as
the feature set grows. Additionally, we observe that the effectiveness of a feature selection
method strongly depends on the classi cation task. For example, Ml performs well in the
combined diet and drug factor classi cation task but is among the weakest in the drug factor
classi cation task, which is the most challenging classi cation problem among the three.
These results highlighttMAgentOmitssability to identify discriminative features effectively
across different tasks.

To further assess the discriminative ability of the features selectd&tM¥xgentOmics

we conduct a receiver operating characteristic (ROC) analysis for the diet and drug factor
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Fig. 6.3Performance comparison of feature selection methods using the RF classi er.
a, Diet factor classi cationb, Drug factor classi cationc, Combined diet and drug factor
classi cation.

classi cation tasks. Figure 6.4 presents the ROC analysis of classi cation performance across
three classi ers using 60 selected features identi edMilylIAgentOmiasver 10 independent

runs. The ROC curve plots sensitivity against 1 — speci city, providing an overview of how
well each classi er separates classes at different decision thresholds. The diet factor task
shows near-perfect discrimination, with a mean AUC of 0.99 across all three classi ers,
whereas the drug factor task shows lower and more variable performance, with mean AUC
values of 0.65, 0.65, and 0.61 for R&NN, and SVM, respectively. These results indicate

that the diet factor classi cation is substantially easier and more reliable, while the drug
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Fig. 6.4ROC analysis of the classi cation performance for the diet and drug factors

using 60 selected features identi ed byMMAgentOmicscross 10 independent runs. a

RF classi er resultsb, KNN classi er results.c, SVM classi er results. The dashed diagonal
curve represents chance-level performance, corresponding to a classi er with no ability to
discriminate between classes.

factor task remains more challenging. This observation is consistent with previous ndings.
The ROC analysis therefore supports placing greater interpretive weight on the diet factor

results, as the model achieves a higher level of con dence in that setting.
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6.4.8 UMAP Visualization of Feature Representations

In order to evaluate the effectiveness of the features selectbtMAgentOmicas a multi-

modal feature selection method, we visualize the UMAP representations of samples for three
tasks under four conditions: original features from each individual omics modality (RNAseq
and lipidomics), concatenation of the all features from both modalities, and concatenation
of the 60 features selected across both modalities MMégentOmics-igure 6.5 shows

that the original features form a highly entangled structure with dispersed sample distribu-
tions, making class separation challenging. Even after concatenating features from both
modalities, the integrated feature space still does not achieve clear separation. In contrast,
MMAgentOmicschieves clear class separation across all tasks, as evidenced by higher intra-
cluster compactness and greater inter-cluster separation, highlighting the effectiveness of
multimodal feature selection in capturing meaningful biological patterns. This visualization
provides qualitative evidence thsltMAgentOmiasffectively captures task-relevant feature

structures that enhance class separability.

6.4.9 Analysis of the Top-ranked Features

To gain insights into feature importance and patterns identi etd/iAgentOmicand to
facilitate biological interpretation, we analyze the top selected features. We geKerate
independent random splits of the dataset and run the feature selection algorithm on the
training set of each split. The resultikgfeature lists are then aggregated into a nal ranked

list (Guyon and Elisseeff, 2003; Pes et al., 2017) using frequency-based feature ranking

strategy (El-Manzalawy et al., 2018; Zucknick et al., 2008).

Top-ranked feature identi cation technique

We employ a frequency-based feature ranking technique (El-Manzalawy et al., 2018; Zuck-
nick et al., 2008) to identify the most consistently selected features across multiple runs. This
technique rst identi es the top-ranked features selectedMiAgentOmias each split.

Since the selected feature lists may vary across runs, the strategy ranks features by their
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Fig. 6.5UMAP visualization of training samples based on original and selected features,
colored by sample type. aDiet factor representatiorb, Drug factor representatiort,
Combined diet and drug factor representation. From left to right: original RNAseq features,
original lipidomics features, concatenation of original RNAseq and lipidomics features, and
concatenation of 60 selected RNAseq and lipidomics features identi eédNdgentOmics

selection frequency—how often they are chosen across all splits. A feature's importance is
therefore re ected by its frequency, where features selected more consistently are considered

more relevant. The score of a featutds computed as follows:

K
a 1(fu2Sv(K) (6.1)
k=1

x| =

FREQUENCY(f) =

whereK is the total number of runsSy(K) is the set of selected features in rignand
I(fy 2 Sy(K)) is an indicator function that equals 1 if featufigis selected in ruk, and 0

otherwise.
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Results and analysis

Table A.2 in Appendix A presents the results of the frequency-based ranking strategy,
highlighting the top-ranked features identi ed across 10 runs. We consider the top 60
features selected lWMAgentOmids each run and, in the end, retain only those with high
con dence of being expressed coding genes.

The top-ranked coding genes highlight biologically meaningful patterns across the diet
and drug tasks. Diet-associated genes such as | tm7, Hmga2, and Adcy4 are linked to
immune activation (Friedlova et al., 2022), neuronal signaling (Devasani and Yao, 2022), and
metabolic regulation (Xi et al., 2016), consistent with known effects of chronic HFD—induced
obesity on in ammation and brain metabolism (Evans et al., 2024). Metformin-associated
genes, including Banp and Sh3bp5, relate to mitochondrial activity, cell-cycle control (Babu
et al., 2022), and intracellular signaling pathways (Mansouri et al., 2018), aligning with met-
formin’'s reported effects on cellular energy metabolism and AMPK-mediated mechanisms
(Goel et al., 2022; Ma et al., 2022b). Genes shared in the combined task (Cptlb, Acot3,
Slc2a2) are predominantly involved in fatty-acid oxidation (Wang et al., 2021a) and glucose
transport (Morrice et al., 2023), suggesting integrated regulation of energy and nutrient
metabolism when both diet and drug factors are considered.

To evaluate the biological relevance of the features selecteddMpgentOmicsve
perform pathway enrichment analysis on the top-ranked genes for each task. This analysis
examines whether the identi ed molecular signatures align with known pathways related
to HFD, metformin, and their combined effects. Pathway enrichment is conducted using
ShinyGO v0.85 (Ge et al., 2020) with KEGG as the reference database, and enriched

pathways are ranked by fold enrichment. Results are shown in Figure A.4 in Appendix A.

Diet factor enrichment. For the diet task (Figure A.4a), the most enriched pathways are

primarily associated with metabolic and hormone-regulated signaling processes, including
insulin secretion, GABAergic and cholinergic synapse signaling, circadian regulation, and
lipid metabolism. These enrichment patterns align with established effects of HFD exposure,

which has been reported to disrupt central insulin signaling, alter hypothalamic nutrient-
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sensing circuitry, and in uence synaptic and circadian processes (Cai and Liu, 2011; Timper
and Bruning, 2017; Thaler et al., 2012). These ndings suggest that the model may capture
brain-relevant molecular signatures associated with HFD-induced metabolic and neuronal

rewiring.

Drug factor enrichment. For the drug task (Figure A.4b), fewer pathways reach signif-
icance, indicating that metformin-related effects are less clearly captured in this dataset
compared to diet-related changes. The top enriched pathways include glycosaminoglycan
biosynthesis, unsaturated fatty-acid biosynthesis, folate metabolism, and steroidogenesis.
These patterns are consistent with reported effects of metformin on metabolic signaling
and mitochondrial function, including its role in modulating lipid handling and one-carbon
metabolic processes through AMPK-related mechanisms (Foretz et al., 2019; Rena et al.,
2017). Overall, while some pathways align with known metformin biology, the metformin-

related effects in this dataset remain unclear.

Combined diet and drug enrichment. For the combined task (Figure A.4c), the enriched
pathways span metabolic and endocrine processes, including fatty-acid metabolism, adipocy-
tokine and insulin-related signaling, amino-acid biosynthesis, and glucagon signaling. These
results show that pathways associated with both diet and drug conditions appear in the
combined setting, without implying direct interaction between the two. Such patterns are
broadly consistent with reports that diet-induced metabolic stress and metformin-mediated
energy regulation in uence overlapping nutrient-sensing and metabolic pathways (Newgard
et al., 2009; Pernicova and Korbonits, 2014). This enrichment suggests that the model may
capture shared molecular signatures associated with chronic HFD exposure and metformin
treatment in this dataset.

Taken together, these results indicate thi&iAgentOmicsot only distinguishes ex-
perimental groups, but also identi es feature patterns enriched in biologically meaningful
pathways consistent with reported diet- and metformin-related metabolic effects. This sug-
gests that the model may capture relevant molecular structure rather than relying solely on

statistical separation.
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6.5 Summary

In this chapter, we presentédMAgentOmi¢cs multimodal feature selection framework
designed to operate under missing-modality conditions. The method uses a multi-agent
system with a late fusion evaluation strategy to identify informative features when only partial
omics data are available, incorporating both within- and cross-omics interactions during
state transitions. Across the diet and drug classi cation taddkéAgentOmiasutperforms
baseline feature selection approaches across most feature sizes and demonstrates improved
robustness to missing modalities. In the combined diet and drug classi cation task, its
performance is comparable to M, y&iMAgentOmiagmains the overall best performer,
achieving the highest accuracy and weighted F1 score. Applied to a real multiomics mouse
datasetMMAgentOmidslenti es molecular signatures consistent with known biological
effects of dietary and metformin interventions on the brain. The selected features and
enriched pathways re ect AMPK-related metabolic regulation under metformin treatment and
insulin- and lipid-related alterations under HFD exposure, supporting biologically coherent
interpretation of model outputs. Future work will involve applyiilAgentOmids larger

multiomics datasets to further assess its scalability and translational potential.



Chapter 7

Conclusion and Future Work

In this thesis, we proposed four methods for multimodal learning with graphs to improve
cancer classi cation using multiomics data. Overall, our work explores three main challenges
in the general work ow of multimodal learning with graphs (Figure 1.1) and addresses four
research questions (Section 1.2) formulated to overcome these challenges. We summarize
our contributions in addressing these research questions in Section 7.1 and outline promising

directions for future research in Section 7.2.

7.1 Conclusion

This thesis aimed to address four key research questions in multimodal learning with graphs.

Research Question 1:How can we develop a multimodal feature selection method that
reduces omics feature dimensionality while accounting for both intra- and inter-omics
relationships?

With the availability of high-dimensional omics data, feature selection plays an important
role in enabling models to learn from informative features. However, existing methods
are often applied independently to each omics modality, thereby overlooking potential re-
lationships across modalities. In Chapter 3, we addressed this limitation by introducing
MAgentOmicsa multimodal feature selection method based on a multi-agent system. We

constructed a multiomics feature network, a graph-based framework in which features from
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different modalities are represented as nodes and their relationships as edges. This represen-
tation enables the multi-agent system to explore the feature space while accounting for both
intra- and inter-omics relationships, ultimately leveraging complementary information across

modalities to identify more informative and biologically meaningful features.

Research Question 2How can we construct heterogeneous graphs to learn holistic graph
representations that capture diverse structures in multiomics data?

While homogeneous graphs can lose structural information and the diverse nature of mul-
tiomics data, heterogeneous graphs model multiple types of nodes and edges, thereby better
re ecting the complexity of multiomics relationships. However, the construction of heteroge-
neous graphs in existing works typically relies on pre-existing knowledge graphs, which are
not always available or may be costly to build. In Chapter 4, we introdtiegdroGATomics
a dual-view framework that automatically constructs heterogeneous graphs by leveraging
auxiliary information inherent in multiomics data. The heterogeneous graph is formed by
combining a patient similarity network that captures interactions among patients and a feature
similarity network that captures relationships among features. Predictions are then generated
on the modality-speci ¢ heterogeneous graph using a GNN, and late fusion integrates these
predictions in a supervised manner. This framework facilitates cross-modality interactions at

both the feature and label levels.

Research Question 3How can we integrate multiomics data in the presence of different
missing-modality patterns, enabling predictions directly from partial modalities?
Graph-based multimodal methods often assume that all omics modalities are available
for each patient. However, missing modalities are common in real-world multimodal biomed-
ical settings. While prior approaches address this challenge, many cannot handle different
missing-modality patterns across training and test data or scale with the number of modal-
ities. In Chapter 5, we present@AGNE& framework for direct prediction with partial
modalities.MAGNEiitroduces a patient-modality multi-head attention mechanism to fuse
modality embeddings based on their importance and missingness. Its complexity scales

linearly with the number of modalities, allowing adaptation to missing-pattern variability.
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We also incorporated modality missingness to construct a patient interaction graph, with
fused multimodal embeddings as node features and connectivity determined by modality
availability. This aligns with clinical reasoning, where patients who share characteristics in

available modalities are likely to show similarities in missing ones.

Research Question 4:How can we develop a multimodal feature selection method that
explicitly incorporates missing modalities into the selection process?

With the presence of missing modalities, feature selection is still often performed only on
complete data, thereby excluding cases with missing modalities. In Chapter 6, we developed
MMAgentOmide enable multimodal feature selection in the presence of missing modalities.
This method extends our multimodal feature selection strategy based on a multi-agent system
by adapting the selection of features within and across modalities to account for missing
modalities. We validated this algorithm on a real multiomics case study investigating the
effects of diet-induced obesity and metformin treatment on molecular changes in mice. The
selected features were consistent with known biological mechanisms, demonstrating the

biological relevance of our method.

7.2 Future Work

The development of new architectures for multimodal learning with graphs remains a broad
and evolving research area. In this thesis, we introduced novel methods and ndings that open
several promising directions for further investigation. In this section, we outline potential

avenues for future work.

7.2.1 Deep Learning-Driven Multimodal Feature Selection

In Chapters 3 and 6, we introduced multimodal feature selection frameworks that extend
the concept of MAS to multimodal settings. This formulation provides a foundation for
adapting other feature selection algorithms originally designed for unimodal data to multi-

modal learning scenarios. While the multi-agent paradigm can be parallelized to mitigate
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computational cost, adding more modalities with high dimensional features increases the
number of nodes and edges, which may still lead to scalability challenges. A potential
future direction is to explore deep learning for multimodal feature selection, where neural
networks assist agent decisions to ef ciently navigate large feature graphs. Inspired by the
progression from classical reinforcement learning based feature selection (Liu et al., 2021) to
deep reinforcement learning (Potharlanka and M, 2024; Liu et al., 2023), such an approach

can reduce search cost and make the process more scalable for large multimodal graphs.

7.2.2 Constructing a Uni ed Multi-Relational Graph Framework

In Chapter 4, we constructed modality-speci ¢ heterogeneous graphs and applied GNNs
to learn patient representations from each modality, followed by late fusion to obtain nal
predictions. While this approach demonstrated the advantages of graph-based modeling, it
treats modalities independently and only combines information at the prediction stage. A
promising future direction is to develop a single uni ed heterogeneous graph that jointly
represents patients and multiomics features within one structure. Such a graph would include
multiple node types (e.g., patients, genes, proteins) and edge types (e.g., feature—feature as-
sociations within a modality, cross-omics feature interactions, patient—patient similarity, and
feature—patient relationships). By capturing both intra- and cross-modal biological dependen-
cies within one graph, a uni ed model can propagate richer information between molecular
features and patients, enabling a more holistic and biologically grounded representation. A
single GNN operating on this uni ed graph could therefore learn more expressive and inte-
grated patient embeddings, potentially improving predictive performance and interpretability

compared to late fusion schemes.

7.2.3 Modeling Missing Values Within Heterogeneous Graphs

Although the primary focus of this thesis was handling missing modalities, addressing
missing values within each modality is an important extension. The framework introduced in

Chapter 4 provides a foundation for this direction, as it naturally supports missing values in
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multiomics data without requiring imputation or discarding patients. In this thesis, however,
missing values were removed during preprocessing, and the feature—patient relationships
in the graph assumed that every feature was observed for every patient. A valuable future
direction is to extend this framework to operate directly on raw data containing missing
values. In this setting, edges between a feature node and a patient node would be removed
whenever that feature is missing for that patient. This yields modality-speci ¢ heterogeneous
graphs in which only edges corresponding to observed values remain. A GNN operating
on this structure could then learn patient representations while inherently modeling missing
values, eliminating the need for imputation and preserving the original data structure. Such an
approach would enable more principled learning from sparse multiomics datasets, a common

scenario in biomedical applications.

7.2.4 Integrating Additional Data Modalities

Multiomics data include molecular, imaging, and phenotypic information. This thesis
primarily focused on molecular omics data, enabling controlled evaluation of the proposed
methods within a cancer classi cation context. However, human diseases arise from complex
interactions across biological, spatial, and clinical dimensions. Incorporating fundamentally
different data types, such as histopathology or radiology images, electronic health records,
and clinical notes, would provide a more comprehensive view of disease processes and
strengthen clinical relevance (Acosta et al., 2022). Future work can therefore extend the
current framework to integrate modalities beyond molecular pro les, enabling multimodal
reasoning across structured omics data, unstructured clinical text, and medical imaging. Such
extensions would broaden the applicability of the proposed models and support their use
in translational and real-world settings beyond oncology, including general biomedical and

potentially non-biomedical domains.
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7.2.5 Multimodal Fusion with Modality Selection

As an increasing number of diverse data modalities become available, an important ques-
tion in multimodal analysis is whether incorporating additional modalities truly improves
biological insight and predictive performance. Different modalities have distinct structures
and information content, and combining them randomly can introduce redundancy or even
degrade model performance. This motivates the development of approaches for modality
selection, determining when and how each modality should contribute to the learning process.
Future work will explore adaptive multimodal fusion strategies that selectively integrate
the most informative modalities and identify optimal modality combinations for speci c

biological tasks.
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