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Abstract

Early Artificial Intelligence (AlI) systems encoded domain-specific knowledge using knowledge
representation techniques, such as expert systems. In contrast, modern Al paradigms like
Deep Learning have thrived due to the abundance of data and computational resources,
shifting toward a data-driven approach to decision-making. However, relying solely on this
kind of approach can pose risks in certain fields, particularly in medicine and biomedical
research where expert knowledge plays a crucial role. Life sciences are inherently guided by
curated, domain-specific expertise, which is empirically integrated with experimental data.
A promising direction is offered by the adoption of hybrid AI approaches that combine
structured knowledge, such as medical understanding of specific phenotypes or known rela-
tionships among patient variables, with data-driven models. This integration can bridge the
gap between structured knowledge representation and the flexibility of learning from data.
The feasibility of hybrid methods is supported by the growing availability of structured
biomedical knowledge, including knowledge bases (KBs), terminologies, and domain-specific
bioinformatics repositories focused on areas such as precision medicine and pharmacology.
Graph Representation Learning (GRL) has gained increasing attention in biology and
medicine due to its ability to model complex relationships using graph structures. Graphs
offer an efficient way to represent entities, their interconnections, and associated attributes
as informative signals. GRL is especially valuable because it allows for the integration of
heterogeneous data sources, such as real-world patient data or public available data reposi-
tory, with pre-existing biomedical knowledge. Knowledge Graphs (KGs), in particular, are
effective in this context, as they harmonize diverse biomedical knowledge resources within a
unified graph-based framework, facilitating comprehensive analysis in specialized domains.
The objective of this thesis is to proposes Al frameworks based on GRL paradigms
and integrating pre-existing knowledge, to address the analysis of biomedical data from the
INTESTRAT- CAD projects and computational toxicology. A Methodological Background
reported in Chapter 2, starts by describing the graph notation and the Machine Learning
(ML) tasks formulations on graph structures. Then, the chapter proceeds by introducing
GRL methods including traditional graph statistics, manifold learning, Topological Data



Analysis (TDA) and graph embedding models learned with Neural Networks (NN) architec-
tures. In the following chapters three case studies are reported, each addressing a specific
biomedical task by adopting a suitable GRL paradigm, and identifying a thesis’s aim: strat-
ification and computational phenotyping (Aim 1), prediction of coronary artery stenosis for
risk stratification (Aim 2), and small molecules toxicology prediction (Aim 3). Specifically,
Aim 1 and Aim 2 use real-world data from the INTESTRAT-CAD project, with a patients’
population belonging to the Epifania trial, while Aim 3 uses Tox21, a public available toxicol-
ogy repository. In addition, Aim 1 considers as pre-existing knowledge the initial phenotypic
medical definition assigned to the population in study, while Aim 2 and Aim 3 share similar
sources of biomedical knowledge, by leveraging semantic relations from KGs.

Chapter 3 describes Aim 1, that deals with the Computational Phenotyping of Coro-
nary Artery Disease (CAD) patients, on the basis of clinical data, and the domain medical
knowledge defined as the initial CAD severity, assigned to the patients when enrolled in the
study. A cohort of 725 patients is used to create a dataset made by clinical variables such as
demographics, medical history, laboratory exams and drug prescriptions, and comprising the
initial CAD definition assigned by the clinicians. The contribution is a TDA-based frame-
work for semi-supervised computational phenotyping, where the Mapper hyper-parameters
tuning is guided by the initial CAD label, and the characterization of the new subgroups is
performed with the most discriminative features extracted from ML predictive models.

Chapter 4 reports Aim 2, dealing with the developing of a predictive risk model for
CAD, by combining omics and clinical dataset variables with PrimeKG, a precision medicine-
oriented KG. A different cohort from the previous Aim is considered, and consisting in 723
patients, with a wider set of clinical variables and the RNA-sequencing (RNA-seq) data. By
first mapping the dataset features with PrimeKG nodes, and then using Knowledge Graph
Embedding (KGE) models to learn the KG entities representations, this study shows how to
contextualize real-word data with pre-existing medical knowledge, in order to create a new
patient representation to be used for Coronary Artery Stenosis prediction.

Chapter 5 reports Aim 3, which objectives is to augment a toxicity prediction model with
semantic knowledge deriving from ComptoxAl, a computational toxicology KG. Specifically,
Graph Neural Networks (GNNs) are adopted to learn small molecules representation, by
leveraging their 2-dimensional (2D) structure, atoms and edges attributes. In addition, this
representation is updated with the knowledge between chemicals, genes and Tox21 assays,
extracted from ComptoxAl, all combined to create a computational toxicology predictive
pipeline.

Finally, the main motivation behind the thesis are highlighted, and the major findings

with and possible future developments are discussed in Chapter 6.
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Chapter 1

Introduction

1.1 Knowledge in the context of Artificial Intelligence

in medicine

1.1.1 The evolution of medical knowledge in Al

A traditional definition of knowledge from the field of knowledge engineering is given by
first defining the difference with data and information. While data are essentially uninter-
preted signals, and information is data equipped with a particular meaning, the knowledge
is context-dependent and represent the entire body of data and information to be brought
into practical use in task action [191]. This definition is linked to the way firsts applications
of Artificial Intelligence (AI) from the 1970s, are created from knowledge engineer, a figure
that is responsible to elicit, or externalize, the knowledge from a specific domain, that is
usually tacit, or implicit, from knowledge provider such as expert in the field [151]. The
knowledge acquired is made available to the possible needs of a user, such as decision maker,
through information systems called knowledge- or expert-systems, where the set of facts that
constitute the knowledge on the specific domain resides in special informatics repository
generally named Knowledge Bases (KBs) [238].

One of the most famous example of expert system, that was first proposed in the medical
field, is MY CIN, which encapsulate knowledge trough logical rules, and addresses the diagno-
sis and treatment of infectious diseases [195]. This kind of first Al tool privilege a deductive
approach to face decision making, in which the knowledge is used to create hypothesis that
drive conclusions, without generating explicitly new knowledge [92].

With the rapid development of information technology that generate massive amounts

of data globally, the boundaries between data, information and knowledge seems nowadays
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thinner in the biomedical field. Indeed, modern medical Al applications such as founda-
tional models, leverage paradigm closer to an inductive approach, e.g. Deep Learning (DL),
to extract information from a big amount of unstructured data, especially if coming from
different types, or modalities, to be able to solve different tasks but from the same medical

domain of interest [22].

1.1.2 Why adopting a hybrid AI approach in medicine?

Many types of research question in medicine can be addressed even before understanding
the direct cause of a specific therapeutic or pathologic mechanism. For example, the identi-
fication of clusters of patients can empirically reveal new taxonomy of the disease, suggests
insight about the selection of the treatment strategies and predicting outcomes, generating
insight about the underlying mechanism of the disease itself [115].

However, working exclusively by adopting a data-driven approach is recognized as to
be at strong risk, since accumulating data without knowledge extraction can led to poor
formalization of novel discoveries. Albeit, an approach that rely only on pre-defined guideline
may strongly suffer from a lack of flexibility [159]. These considerations are especially valid
for the biomedical research, a field driven by expert knowledge, and that combines insight
derived empirically from existing data with the ones based on theory and experiment [115].

The adoption of hybrid Al approach in the biomedical research ,that combines knowledge
with data-driven methods, is supported by the abundance of structured biomedical knowl-
edge, available through KBs that are specialized on different biological domains, such as
the pharmaceutical [113, 232], bioinformatics [105] and molecular biology [207, 11], clinical
terminology [21, 198], and initiatives from the scientific community, such as the creation of
publicly datasets [211].

1.2 Graph Representation Learning in biomedical re-

search

1.2.1 Representation Learning

Representation learning (RL) is a sub-field of Machine Learning (ML) which object is to
learn an efficient representation of the input data to be subsequently used for a downstream
task, such as predictions or patterns discovery [18]. While RL has gained popularity thanks
to the advent of DL [80], it can be generally considered as the application of computational

methods suitable for the geometrical structure of the input, offering efficient alternative to

10
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the traditional methods based on domain statistics.

For example, in Natural Language Processing (NLP), that is the field that study the
natural language and the way machines manipulate it, a simply approach when analyzing a
text document could rely on frequency statistics such as the Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) [24]. From a representation learning prospective, text can be
considered as a 1-dimensional (1D) grid where elements have a sequential dependencies, and
similarly as a time series, this representation cen be analyzed through the use of DL models
such as Recurrent Neural Networks (RNN) architecture [126].

Computer Vision (CV), that study how to acquire, process and analyze digital images, can
approach the analysis by studying the distribution and the co-occurrence of the gray-levels
of the pixel [122]. A more natural approach can be to consider the images as 2-dimensional
(2D) grid where elements have local positional dependencies, allowing the usage of DL models
such as the Convolutional Neural Networks (CNN) to perform more fine segmentation [107].
NLP and CV both have benefited from the rise of Transformers [219] that allows to deeply

discover the intrinsic dependencies of the considered input grid structures [117, 194].

1.2.2 Representing data with graphs

Graphs are a data structure that offer a systematic way to represent entities (as nodes)
and explicitly model their relational structures (as edges), providing them with a different
meaning depending on the domain of interest. The terms graph and network are sometimes
used interchangeably, however, a network generally refers to the connection between some
entities in real systems, such as a document connected by URL in the World Wide Web
(WWW), while graph is used to discuss the mathematical representation of networks [15].

The extraction of structural information to obtain graph-related features has historically
been associated with graph statistics from the field of graph theory. These measures are
primarily used to characterize the role and the importance of the graph elements [79, 85],
to find similarity between them according to their proximity in the graph [135, 84|, and to
identify substructures of interest from the graph itself [2, 139].

The introduction of new graph-centered computational models has revolutionized the way
graph structures are processed in ML applications, introducing the field of graph represen-
tation learning (GRL) [87]. GRL makes the same consideration made by RL model applied
on grid-structured data, that are interested in learning a representation from a structure in
which the domain is fixed, and extend the paradigm to graph structures, where both the
domain and the signals, defined on it, e.g. node attributes, play a crucial role [27].

GRL paradigms have achieved remarkable results in biology and medicine [121]. Topo-

11
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logical Data Analysis (TDA) aims to extracting relevant information from the underlying
topology of data projections, and has been successfully used to infer structural phenotypes
from complex biomedical datasets by linking patients affected by the same disease according
to their similarities [149, 120]. Knowledge Graph Embedding (KGE) models are suitable for
learning the representation of Knowledge Graph (KG), a graph data structure that resulted
by the harmonization of different biomedical knowledge repositories [35, 181]. By preserving
the semantic similarity encoded in biomedical KG, KGE-based learning technique can be
used to combine different biomedical entities and to contextualize data representation using
medical knowledge [104]. Graph Neural Networks (GNN) are a type of DL architecture that
learn graph representation by combining the structural information and the graph element
attributes, mostly optimized according to a supervised task, and employed as a predictive

model, such as drug activity [203, 46], and disease classification [173, 167].

1.2.3 The Potential of Graph Representation Learning in Biomed-

ical Domains

GRL has becoming a transformative technique in medical informatics and bioinformatics
where data are inherently relational and often structured as networks, such as, protein-
protein interaction (PPI) and gene regulatory networks [121]. In these domains, integrating
structured biomedical knowledge from application-oriented KGs, such as PrimeKG for pre-
cision medicine [35] and ComptoxAl [181] for computational toxicology, or from domain
medical knowledge, such as an identified disease phenotype given by medical examination,
with real-world data is essential for robust inference and discovery.

In patient risk stratification, GRL data-driven models can be applied on real-world data
deriving from clinical studies such as EHR, and augmented with the phenotypic medical
definition as a semi-supervised signal, to discover patterns while considering the patients’
initial clinical evaluation. When dealing with phenotype classification, GRL models can
combine real-world data such as EHR and omics data, and provide a new contextualized pa-
tients’ representation, by leveraging knowledge from KGs and incorporating prior biomedical
understanding between the variables. Similarly, when considering predicting drug activity,
GRL enables to embed molecular structure, atom and edge attributes, and to combine them
with known molecular pathways and high-throughput screening data, fusing the domain data
space with semantic information space from KGs in a hierarchical way.

By bridging knowledge structural representation with data-driven methods, GRL offers
a scalable and flexible framework for tackling complex biomedical tasks dealing with real-

world data from clinical variables(Aim 1), their combination with omics data (Aim 2), and

12
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from publicly available toxicology repository (Aim 3), offering to improve model predictive
performances and the interpretability of the results, supporting decision-making in healthcare
and life sciences [62, 104].

1.3 The INTESTRAT-CAD project

This project has been funded by Fondazione Regionale per la Ricerca Biomedica (FRRB),
Research Grant no. CP2 14/2018, PI: Gualtiero I. Colombo. The INTEgrated STRAtifica-
tion Tools in Coronary Artery Disease (INTESTRAT-CAD) project involves different Italian
partner, comprising the University of Pavia, and guided by the Monzino Heart Center, in
Milan. The project has the goal to integrate different tools for the stratification of the CAD,
with main hypothesis that the combination of biomarker identification and the use of imaging
analysis, make it possible to monitor the development of atherosclerotic lesions, potentially

prevent fatal outcomes.

1.3.1 Coronary Artery Disease

Calcified

artery § \
External layer -
. Coronary
4 / Medial layer arteries
="

Intimal layer

Plaque Calcification i

Figure 1.1: Coronary arteries are the vessels that supply oxygen and nutrients to the my-
ocardium (right); the calcification accumulated in the coronary lumen leads to a formation

of a atheromatous plaque (left) [45].

Coronary Artery Disease (CAD) are various pathological conditions that affect the coro-

nary arteries. The main cause of CAD is atherosclerosis, involving the formation of athero-
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matous plaques in the vessels. The diagnostic management of suspected CAD starts with
the assessment of symptoms and traditional risk factors, continues with the execution of
basic examinations, e.g. electrocardiogram, stress test, and biochemical tests, and finally es-
timates the clinical likelihood of obstructive CAD, i.e. high-grade coronary lumen stenosis,
to select patients who could benefit from myocardial revascularization [223].

Coronary Computed Tomography Angiography (CCTA) constitutes the state-of-the-art
(SOTA) tool for the noninvasive evaluation of CAD [138], enabling the early quantification of
coronary artery stenosis (CAS) [145], showing remarkable prognostic values in asymptomatic
patients [208]. However, coronary lesions that are not hemodynamically significant may be
responsible for acute coronary syndromes, and it became necessary to understand which
factors contribute to triggering the acute event or vice versa [140].

Beyond the single coronary plaque, the assessment of the global atherosclerosis burden
has been suggested to have prognostic value. Current algorithms to estimate the pretest
probability of CAD are largely based on a set of well-defined clinical risk factors [156, 193].
However, traditional risk scores show sub-optimal predictive capacities, and the accurate
identification of “at-risk” individuals remains a major challenge [77]. The identification of
biomarkers, e.g. from RNA-sequencing (RNA-seq), gives a prominent objective for develop-
ing strategies for CAD diagnosis since these are related to the injured tissue [146]. Specif-
ically, peripheral blood gene expression profiling is an informative approach to investigate
disease-specific states, study inflammatory responses, and identify biomarkers that reflect

disease severity and activity [103].

1.3.2 The INTESTRAT-CAD study design

The INTESTRAT-CAD project is based on an ongoing prospective, observational study,
called [13], aimed at predicting the first clinical manifestation of non-obstructive coronary
atherosclerosis in an individual. The cohort involved in this trial comprise more than 1,000
adult patients with suspected CAD and without history of coronary events, or revascular-
ization, enrolled at the Monzino Heart Center between the 2016 and the 2021.

The INTESTRAT-CAD project’s Population-Investigation-Comparison-Outcomes (PICO)

framework, generally used to describe evidence-base medical studies [176], is the following:

e P: patients enrolled in Epifania, comprising subjects with non-obstructive (at least one
stenosis between 25-50%), subclinical (at least one stenosis between 50 and 70% clini-
cally silent or with inconclusive provocative myocardial ischemia tests), and obstructive

coronary CAD (at least one stenosis more than 70%);

e I: the initial CAD phenotype is assessed during a first visit with SOTA diagnostic tool,

14
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then this evaluation is repeated in a second follow-up visit a 2-3 years to investigate
the progression of the CAD;

e C: the Epifania’s cohort comprises subjects without coronary atherosclerosis that are
used as negative controls, in addition obstructive CAD patients are used as positive

controls;

e O: the INTESTRAT-CAD project has the aims of identify sub-classes of patients
within CAD, integrate data from different source such as clinical examination, multi-
omics and imaging, to achieve a better and more complete characterization of CAD
patients, and develop technologies for the analysis and subsequent validation of the
huge amount of data generated by the study, consisting in a unique bio-bank of CAD
patients undergoing deep phenotyping and genotyping.

During the enrolment visit, CCTA is used to assess the clinical suspicion of CAD for
each patient, and the value of the most clinically relevant CAS is computed, identifying the
patient’s CAD phenotype. Baseline clinical information, comprising demographics, medical
history, questionnaires assessing diet habits, social support and depressive status, and blood
laboratory measurements, is collected and saved into the REDCap Case Report Form (CRF).
RNA-sequencing (RNA-seq) from a peripheral venous blood sample is performed to obtain

gene expression data.

1.4 Computational Toxicology for small molecules

1.4.1 Small molecules as potential drugs candidates

Small molecules are organic compound with a low molecular weight < 1000 Daltons (Da)
and a size on the order of 1 nm. Giving their low weight structure, these molecules can
be rapidly diffuse across cell membrane to reach intracellular sites of action, making them
suitable drug candidates that can be tailored to achieve specific therapeutic targets [200].
About 90% of all drugs sold are small molecules, which, thanks to their low weight, are
cheaper and easier to synthesize than biologic drugs and can be administered orally [128].
However, even if small molecules are easy to synthesize, traditional drug discovery and
development is known to be time consuming and cost-intensive, with a reported low rate of
success of those drugs undergoing clinical trials [57]. Evaluate possible drug adverse effects
in an early stage of the drug development process became important to increase the success

rate as well as reduce time in screening candidates [189].
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1.4.2 Tox21 consortium

ADMINISTRATION
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Figure 1.2: Toxicology in the 215 century (Tox21) is a U.S. consortium with partners that
bring different expertise, including animal toxicology from the National Toxicology Program
(NTP) at the National Institute of Environmental Health Sciences, Computational toxicology
from the Environmental Protection Agency (EPA), human toxicity data from the Food and
Drug Administration (FDA), and in vitro cell-based assays, quantitative high-throughput
screening and informatics (QHTS) from the National Center for Advancing Translational
Sciences (NCATS) [214].

Toxicology in the 215 Century (Tox21) is a U.S. federal research consortium formed in
2009, with the general objective of developing method to rapidly and efficiently evaluate
the safety of commercial chemicals, pesticides, food additives, contaminants, and medical
products [211]. This consortium allows the construction a of compound library that today
contains approximately n = 9,000 tested chemicals, which adverse effects is evaluated with
more than n = 80 quantitative high-throughput screening (¢qHTC) in vitro assay [174].

Each assay has a biological molecule or pathway to monitor or perturb, that defines its
target and the assay type, and is performed on a specific cultured cell that reflect different
tissue or organ systems of interest. For example, cytotoxicity assays measure the ability of
compounds to cause cell damage or cell death. Apoptosis is a process of programmed cell
death, and plays a central role in the development of multicellular organisms; this is a highly
regulated process and induces cell death by activating members of cysteine aspartic acid-

specific protease (caspase) family of enzymes. Caspases involved in apoptosis are classified
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by their mechanism of action as initiator caspases and executioner caspases. Inhibition of
apoptosis results in number of cancers, autoimmune diseases, inflammatory diseases and viral
infection. The tox21-casp3-cho-p1 assay is used to identified small molecules that induce
apoptosis, where wild type CHO-K1 hamster cells are used to scree the Tox21 libraries for
identifying caspase-3/7 activity inducers [212].

The data are publicly available [213], making more accessible the exchange of qHTS
activities, that are traditionally considered as the primary domain of the pharmaceutical

industry.

1.4.3 Evaluate the chemicals toxicologic effects with computa-

tional methods

Assessing the toxicologic effects of chemical substances can be expensive and time consuming
considering the vast number of chemicals of toxicological concern [165].The field of compu-
tational toxicology has emerged, giving new approaches to evaluate chemical toxicology in
silico [172].

The most widely used method to evaluate toxicity of chemicals in silico is Quantitative
Structure-Activity Relationship (QSAR) modeling [59], where quantitative descriptors of
molecules’ structures are used as input to train a computational model in predicting toxic
endpoints of interest. The descriptors that are typically used include simple molecule proper-
ties, such as number of rings and molecular weight, molecular fingerprints[141, 60, 178] (i.e.,
bitstrings that indicate the presence of particular molecular substructures or fragments),
or high-dimensional vector representations, called embeddings, obtained using DL [233] or
similar techniques. Considering this kind of input, QSAR is often criticized to not capturing
relevant structural features of chemicals and model interpretability, demanding the need for
new methodological innovations [42].

Most current research including toxicity predictions adopt exclusively data-driven meth-
ods, thus neglecting the wealth of external semantic knowledge resources that have the
potential to improve prediction performance and interpretability of the results [180]. These
resource are informatics KBs containing the scientific evidence related to known toxicity
outcomes, such as the Comparative Toxicogenomics Database (CTD) [53] and Adverse Out-
come Pathway Database (AOP-DB) [143], and suitable frameworks that combine them such
as ComptoxAl [181].
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1.5 Objectives and aims of the thesis

The objective of the thesis is to propose Al frameworks based on GRL methods and in-
tegrating pre-existing knowledge, to address the analysis of biomedical data from the IN-
TESTRATCAD projects and computational toxicology. The main motivation behind the
choice of GRL is that it provides methods that balance between the flexibility of data-driven
methods, such as clustering algorithm and predictive models, and the structured data repre-
sentation, that is an advantage for the integration of multiple data types [62] and the medical
knowledge [104].

Aims are reported in Figure 1.3, where for each of them are reported the type of data
used, the kind of knowledge integrated in the analysis, the method employed to implement

the aim in blue, and the task performed in red.

Data Knowledge Method Task

Aim 1 H

Phenotypic medical definition Topological Data Analysis Coronary Artery Disease
Computational Phenotyping

08 A 2ecma

Knowledge Graph Embeddings Coronary artery stenosis

E = prediction
Aim 2 LIS 'Y 00
)
Q.
& A A e0®@6®
2
£
i = Graph Neural Networks Small molecules toxicology
. ® prediction ____
Aim 3 o

Figure 1.3: Aim 1 and Aim 2 rely on real-world data from the INTESTRAT-CAD project,
which includes a patient dataset with labelled CAD phenotypes. Aim 1 applies a semi-
supervised TDA framework guided by the medical knowledge of the initial CAD phenotypic
definition to perform computational phenotyping. Aim 2 and Aim 3 both integrate KGs; Aim
2 employs PrimeKG and KGE model to contextualize with pre-existing medical knowledge
the CAD patients’ representation, therefore used to predict coronary artery stenosis, while
Aim 3 uses public chemical compounds data enriched with ComptoxAl KG and applies
GNNs for molecular embedding and toxicity prediction.

Three different applications are reported, each addressing a specific biomedical task,
from stratification and computational phenotyping (Aim 1) to prediction of coronary artery

stenosis for risk stratification (Aim 2), and small molecules toxicology prediction (Aim 3).
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In particular, Aim 1 and Aim 2 use both real-world data from the INTESTRAT-CAD
project, defined as the patients’ dataset variables and the initial CAD phenotype assigned to
the CCTA images, while Aim 3 uses Tox21 data that is a public repository on compounds
data.

However, the initial phenotypic medical definition is used as pre-existing knowledge in a
semi-supervised framework for computational phenotyping (Aim 1), and true label to train
a predictive model in coronary artery stenosis prediction (Aim 2). In addition, Aim 2 and
Aim 3 share the same source of biomedical knowledge, by leveraging KGs. Aim 2 uses
a precision medicine-oriented KG, i.e., PrimeKG, to contextualize the patients’ clinical and
omics variables with medical knowledge, while Aim 3 adopt ComptoxAl, to augment the
chemical data with semantic relation between molecules, toxicological assay and genes.

Identifying these set of data and knowledge bases to adress the tasks, these thesis reaches
its objective adopting specific GRL paradigm for each one of the Aims, from Topological
data representation (Aim 1) to graph embedding, specifically shallow method suitable for
knowledge graph (Aim 2) and neural networks-based models (Aim 3). The integration of

pre-existing medical knowledge is formulated according to the application considered:

e Aim 1.To perform CAD computational phenotyping on the basis of clinical
studies data and domain medical knowledge with TDA: considering real-world
dataset, the label expressing an initial phenotypic medical definition can be used to
adapt data-driven method GRL such as TDA, in a semi-supervised fashion. The idea is
proposed in a tool called pheTDA, presented during the 21st International Conference
of Artificial Intelligence (AIME) 2023 [7]. pheTDA is a semi-supervised TDA-based
framework to assist the computational definition of novel phenotypes. Considering a
patients populations affected by the same disease, phe TDA guides the hyperparameter
tuning of the TDA Mapper pipeline by evaluating the graph entropy, measured by aver-
aging the node entropy that measure the presence of patient initial phenotypes in each
node. The tool identifies subgroups of patients from the topology by using community
detection methods, and assess discriminative features for each subgroup of patients via
predictive models. pheTDA is applied on a subset of the initial INTESTRAT-CAD
cohort, by considering their clinical variables, and identifying five novel subgroups, one

of them only comprised diabetics patients with a higher CV.

e Aim 2.To develop a predictive risk model of CAD combining omics and
clinical data with a precision medicine oriented KG and KGE: the accu-
rate diagnosis of CAD should ideally combine multimodal information from clinical,

laboratory, and omics-based data streams. GRL methods are particularly promising,
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integrating data-driven approaches with prior biomedical knowledge. In particular, a
work that will be presented during the 23st International Conference of Artificial In-
telligence (AIME) 2025, investigates the use of PrimeKG, a KG proposed for precision
medicine, to address the classification of CAS. Specifically, clinical variables and whole
blood transcriptome profiles, belonging to the INTESTRAT-CAD cohort are mapped
to the PrimeKG entities, while KGE models are adopted to learn graph representation.
This strategy acts as a fusion strategy for the patients variables, considering represent-
ing each patients as a combination of the entity embeddings corresponding to the value
of his/her feature in the dataset. The application show that this knowledge-enriched
patient representation is useful in the classification of CAD severity when used as input
to predictive models, by improving the classification performance when compared to

classic data-driven strategies in both single and multi-modal settings;

Aim 3.To augment a toxicity prediction model for small molecules com-
bining semantic knowledge between chemicals, gene and Tox21 assays with
a computational toxicology KG and GNN: considering recent advances in pub-
licly available computational toxicology knowledge resources, the object of this study,
that is currently under revision, is to investigate the effect of adding semantic data
to QSAR modeling for toxicity prediction. ComptoxAl is one recently published KG
for computational toxicology, and it is used to first build a dataset of 2D molecular
structures, and second to create a heterogeneous graph with chemicals, Tox21 assay
and genes nodes, that are connected with semantic relations. GNN are used to: i) learn
the molecules embedding, by leveraging its graph structure, ii) propagate the semantic
knowledge in the graph, iii) to make the small molecules toxicology predictions for the
selected assay, and iv) infer the most informative chemical substructures pertaining to
the assay of interest. The predictive performance of these strategies are compared with
baseline MLL models and GNN ones that do not use the semantic knowledge, showing
that the proposed strategy improve both discrimination and calibration. Lastly, the
application shows some examples of explanations obtained with a graph-based XAI

method, identifying the most important subgraph involved in the prediction task.

1.5.1 Thesis structure

In Chapter 2, it is given first a definition of graphs, some types of them according to specific

characteristics, by reporting some examples in Section 2.1, and the main ML tasks formu-
lated on these data structures in Section 2.1.1. Then, the GRL methods adopted in this

these are introduced, starting from traditional methods based on statistics, i.e. graph the-
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oretic techniques (Section 2.2), non-linear graph-based dimensionality reduction techniques,
i.e. Manifold Learning methods (Section 2.3), Topological Data Analysis (Section 2.4) and
methods based on Neural Networks (NN) for learning the graph embeddings, comprising
both Shallow methods (Section 2.5.1) and Graph Neural Networks (Section 2.5.2), with an
additional focus on Knowledge Graph Embedding methods (Section 2.5.3). For each of the
method introduced, it is also reported a section containing a literature review with some
biomedical application of interest.

Following, each application is described in detail in a dedicated chapter, composed by a
brief Introduction section, a Material and Methods section in which the study framework,
the data used and the method implemented are described, a Results section reporting the
different results of the study, and a Discussion section in which the findings of the study,
the limitations and the future works are reported and discussed. These chapters are: Chap-
ter 3 describe how to perform CAD computational phenotyping with a TDA-framework,
by considering as input data the clinical variables, and the CAD phenotypic definition as
pre-existing medical knowledge (Aim 1), Chapter 4 deals with the develop of a CAS predic-
tion model that combine clinical and omics patients’ data through the use of KGE models
(Aim 2), and Chapter 5 describes the augmentation of a toxicology predictive model perfo-
mance and interpretability of its results, with the use of GNN to both incorporate semantic
knowledge and to learn small molecules (Aim 3).

Lastly, in Chapter 6, the conclusions are reported, by highlight the motivations that lead
to the choice of adopting GRL methods to build AI models that combine data-driven with
structured knowledge 6.1, then summarizing the main findings in Section 6.2, and finally by
discussing some possible future developments of the Al framework developed, by considering

both applicative opportunities and methodological improvements in Section 6.3.
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Methodological Background

2.1 Graph definition and notation

A graph is a data structure defined as G = (V, ), in which V = {vy, v9,...,uy} constitutes
the set of the vertices, or nodes, with |V| = N defining the number of the nodes, and
E ={e1,ea,...,ep} is the set of the edges, or relations, with || = M defining the number of
the edges. The term subgraph refers to a subset S = (Vg, Eg) of the graph G, where Vg C V
and £ C £. In addition, a sequence of nodes with a specific length [ and connecting two
nodes v; and v;, indicated as (v; = ... — v;);, is called a walk; specifically the sequence is
defined a path when made by distinct nodes.

Given a node v;, its neighbor is defined as the collections of nodes connected to it, while
the k-hop neighbor is the set of nodes that distance exactly k connection or hops from the

node, defined as:
NZZ = {'Uj|d('l)i,?]j) = k}, (21)

where d(v;,v;) is the distance between two nodes v; and v;.
A graph G can be represented by its adjacency matrix A € RV*V in which each element
a;; 7 0 if an edge exists between the nodes v; and v;. It is also convenient to define the

RNXN

Laplacian matrix L € , in which each element [;; is defined as:

ko ifi=j
lij=4q -1 ifi+#jandv; is adjacent to v; , (2.2)

0 otherwise

with k,, represent the degree of the node v;, i.e. the number of nodes that have a direct
connection to it. Note that L = K — A, where K € R¥*¥ is the diagonal degree matrix,
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where each element represent the degree of a node in the graph.

Depending on specific properties, a graph can be defined:

e directed: if the edge have a direction, otherwise the graph is defined undirected;

e weighted: depending on whether the set of edges is associated with single-dimensional

weights, used to emphasize specific connections. Otherwise a graph is defined simple;

e attributed: if the nodes and/or the edges hold single- or multi-dimensional attribute,

or features, describing node or edge properties. In case the graph holds node features

with dimension F, these are represented by a matrix X € RV*F while edge features
with dimension Fg are represented by a matrix E € RM*Fe;
N
[
C Cellular Y Molecular
\ C / / Function
/ a q
N C Biological
N N s
N
c y
(a) Molecular structure of Metformin with
the hydrogen atoms omitted, obtained with T:)"I’;';i
the RDKit Python package[170]. Class

INSR

DIEER-E  resembles

PIK3R1

Side Effect

(c) The metagraph, or graph schema of the Het-
(b) PPI network extracted by querying the ionet KG, having as nodes the semantic types of
STRING DB with Insulin receptor substrate the KG nodes and the name of the relations be-
1 (IRS-1) as input [207]. tween them with an arrow between nodes [89].

Figure 2.1: Examples of graphs in the biomedical field: molecular structure of Metformin
is an example of ndirected, homogeneous, and attributed graph (a); a small PPI network
extracted from the STRING DB can be viewed as an undirected, heterogeneous and weighted
graph (b); the metagraph of Hetionet KG, an heterogeneous graph containing biomedical
knowledge (c).
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e heterogeneous: this adjective is used to define graph in which the nodes and/or the
edges belong to different types. In this case, the set of the node types is defined by
A while the set of relation types is defined by R. A special case is when the graph
comprises two types of nodes and edges connect node from different type, defining a
bipartite graph. In case of nodes and edges with the same type the graph is defined

homogeneous;

e knowledge graph (KG): this is a kind of heterogeneous graph which definition recall the
atomic data entity of the Resource-Description framework (RDF) [131], and consider
the graph as made by a set triples of the form (v;,r,v;) € V x R x V, in which head

entity v; and the tail entity v; are connected with a relation of the type r € R.

As an example, a molecular structure can be intuitively described as an undirected,
homogeneous, and attributed graph (Figure 2.1a), in which the nodes and the edges, atoms
and bonds, respectively, belong to the same semantic types, but characterized with different
attributes that specify their structural types (e.g. atomic number, type of bond). Differently,
the protein-protein interaction (PPI) network reported in Figure 2.1b, can be view as an
undirected, heterogeneous, and weighted graph, in which the proteins are connected with
different types of interactions, resulting from different empirical evidence, reported with
different edge colours, and weighted with the degree of scientific evidence. Lastly, Figure
2.1c reports an example of KG, used in the biomedical field to capture the knowledge from
literature and biomedical repositories. In this kind of graph structure, the nodes represent
biomedical entities, these are connected with directed relations that represent functional

interactions between them, such as Compound binds Gene and Gene participates in Pathway.

2.1.1 Machine learning task on graph structure

Given a graph G = (V, ), it is possible to define some ML task, that can be divided in four
broad categories: graph prediction, subgraph detection, latent graph learning and graph

generation:

e graph prediction aims at predicting a true label that can be defined on the nodes,
edges, to the graph itself or to a subgraph from it. Specifically, for each of them it is
possible to learn a function f : x — ), where the symbol * indicates the input space,
and ) the set of labels; toghether, these elements define the prediction task, that can
be a classification or a regression, depending if the label to predict is categorical or
numerical. For example, in node classification the learned function f maps the set of

the nodes to a set of categorical label, while in graph regression f maps a set of graphs

24



CHAPTER 2. METHODOLOGICAL BACKGROUND

to a set of numerical label. In addition, it is possible to define the link prediction task,
where the function to learn is of the form f : EUEY — {0, 1}, and the task consists of
predicting the existence of a link between two nodes. Note that all the graph prediction

task previously mentioned involves a label and are defined supervised in ML.

o subgraph detection is the task in which a set of substructures & = {54, Ss, ..., S5} are
identified in the graph. Generally, the substructures identified are called modules, when
they contribute to a specific variable or if their union does not constitute the entire
graph but a part of it, meaning that {S; US,U...US,} C G. Differently, the subgraph
identified are referred as communities when each of them contains similar nodes or
if their union make the overall graph, that is G = {S; U S; U ... U S,}. The task of
identifying communities is called community detection but is also referred as graph
clustering, for which is not defined an a-priori ground truth partition, i.e. the label
task, and for that this task is defined unsupervised in ML.

e [atent graph learning learn a function f : V — &£ that map the set of the nodes
with the edges, meaning that learn the underlying graph structure. The learned graph
can be used to perform prediction task, obtain the data topology, and generates low
dimensional representation of the feature attributes. The task of latent graph learning
can be formulated both as a supervised task, if the edges are given, or unsupervised

task, if they are not.

e graph generation considers the objective of generating new graph structures with some
properties of interest. In particular, given G a set of training graphs {G1, G, ..., G4},
the task is to learn a function f : G — Dg that obtains a distribution Dg, char-
acterizing the training graphs, that can be used to generate new graphs G. Being a

generative task, this is an unsupervised task for its nature.

Note that for each of the introduced task, the function f learned is reported for simplicity
as acting act on graph structural units, such as node and edges, but can also include their

feature matrix as inputs.

2.2 Graph theoretic techniques

The study of graphs is referred as the field of graph theory or network science [15]. Tradition-
ally, the role of the nodes, the edges and the different graph substructures, can be assessed

by using graph theoretic techniques, that are functions that map the graph component to
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real values, representing different aspects of the graph. These measures can be categorized

depending which graph element is considered, and are described in the following sections.

2.2.1 Node-level

The roles of the nodes in a graph can be generally addressed by evaluating its centrality,
that is a concept that relates the importance of a node to its position in the graph. Node
centrality can be defined according to different criteria, as showed in Figure 2.2, leading to

different centrality measures. The most popular ones are reported in Table 2.1.

Betweenness

Figure 2.2: Statistics to evaluate node centrality are based on different criteria, such as the
direct connection with adjacent nodes (Degree centrality represented in red), the number of
times it appears in a short path (Betweenness centrality in blue), or by looking at high-order
connection than the first (Eigenvector centrality indicated by the change of colour from red
to yellow).

An intuitive way to consider the centrality is by counting the number of connections a
node has, defining the node degree, reported in Eq. 2.4. Differently, betweenness centrality

computes the centrality of a node using the concept of shortest path, indicated as:
min(v; = ... = vj), (2.3)

and defined as the minimum sequence of nodes (and edges) that connect two given nodes. In
particular, the betweenness for a node v;, reported in Eq.2.5, compute #min(v; — v; — v,),
that is the the number of shortest paths between the nodes v; and v, that pass through
v;, out of #min(v; — ... — v,), that is the total number of shortest paths between the
nodes v; and v,. The nodes with high degree are usually called hubs, and identify centers of
connections in the graph, while the nodes with high betweenness are called bottlenecks since
controls the flow of information in the graph.

A different category of measures is based on the eigenvector and eigenvalues transforma-

tion of the matrix underlying the graph structure. For example, for the adjacency matrix A
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the transformation is At = At, from which the centrality for node v; can be defined as the
-th element of a left eigenvector t associated with the largest eigenvalue A\ of A. This is the
main idea behind Eigenvector centrality, that is originally formulated for undirected graphs
but can be extended in the directed case, that simply computes the centrality of a node v;
by computing the centrality of the nodes connected to its beyond the first connection, while

applying an iterative procedure to resolve the Eq. 2.6.

Centrality measure name Equation
Degree ki = Zjvzl g (2.4)
Betweenness BC; = Z##q % (2.5)
Eigenvector ti=1 > iy ijt; (2.6)
Laplacian CL; = %(EG?(G’) (2.7)
PageRank PRi=7) v %PR]- + 12 (2.8)

Table 2.1: Principal centrality measures used to characterize the role of the nodes in a graph.

PageRank centrality (Eq. 2.8) is created to rank web pages in Google retrieval [155],
and is a modification of the Eigenvector centrality suitable for directed graphs, in which
the contribution of each node v; is weighted by its out-degree k:j-“t, that is the number
of edges that originate from the node, and the dumping factor v € [0,1) is introduced.
Laplacian centrality (Eq. 2.7) is proposed for weighted graphs, and it is based on the drop
of the Laplacian energy E(G) resulting after deleting the node v; from the graph G, with
EL(G) =71, A7 and \; the i-th eigenvalues of L [164].

Biomedical application of centrality measures

Centrality measure can be used to characterize the roles of the nodes in biomedical graph.
For example, when dealing with comorbidity networks, where nodes represent pathological
condition shared between patients, through centrality measures it is possible to identify the
most prevalent ones characterizing the population in analysis [85].

Starting from a knowledge repository, such as the Online Mendelian Inheritance in Man
(OMIM) [11], that collects literature and evidence about disorder and genes, it is first possible
to create a bipartite networks between these entities, and then use centrality measure to
identify hub disease, expressing common phenotypic condition between several disorders
[79]. When considering PPI networks, centrality measure are often used to identify hub
nodes, however, the role of bottleneck has been suggested to be essential, since act as a key

connection for functional and dynamic properties between the genes [241].
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While centrality measures showed to be positively correlated for a broad range of networks
from different domains [152], some of them found specific fields of applications. PageRank
centrality is widely adopted in the analysis of biological networks [101], for example can be
used in bioinformatics pipeline for the identification of gene biomarkers, involved in latent
regulatory changes and that are in common between different diseases [12]. Eigenvector
centrality is widely adopted when dealing with networks in which an higher number of high
degree nodes is connected to lower degree nodes, or vice-versa, and can be used when working
with networks expressing functional brain regions [186]. However, since there is no general
rule when choosing a measure, in practice one could employ several of them to identify nodes

with different functionality and then assess the overall node centrality [225].

2.2.2 Edge-level

Edge-level statistics can be derived from node centrality measure; however, it could be more
interesting focus on statistics that evaluate the proximity, a concept that is close to the
meaning of the distance between two nodes in a graph. The most popular metrics used to

assess nodes proximity are reported in Table 2.2.

Geodesic

distance Neighbour

Figure 2.3: Nodes proximity is evaluated at a edge-level by using statistics that are based
on the geodesic distance between two nodes (in blue), that is the length of the shortest path
connecting them, or by assessing the similarity according to their neighboring nodes (the
two red nodes interstate in their 2-hop neighbours in the purple node).

Traditional statistics, consider the neighbors of the nodes to assess the proximity. Note
that for simplicity a 1-hop neighbor is considered in the measures reported in Table 2.2,
omitting the k from the Eq. 2.1. The Jaccard coefficient reported in Eq. 2.9, is a popular
measure used to evaluate the similarity between sets, and can be used to evaluate the prox-
imity of two nodes v; and v;, computed as the ration between the size of the intersection
between neighbors N, and N, and their union. The Overlap coefficient (Eq. 2.10) only con-

siders the intersection between the neighbors, diving it for the size of the smallest neighbors
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between the two. Similarly, the Adamic-Adar index [1] reported in Eq. 2.11, is computed
as the sum of the inverse logarithmic degree centrality for each node v, that belong to the

intersection of the two neighbors.

Name Equation
Jaccard coefficient Jace;; = % (2.9)
Overlap coefficient OC;; = #{% (2.10)
Adamic-Adar index Adij =3¢ Ny, m (2.11)
Closest av., V') = ﬁ Zv;’ev” minyecy| min(v; — ... = 0f)[  (2.12)
Shortest av'., v’ = ﬁ Zv;/ev" ﬁ Dvrew | min(v; = . = i) (2.13)

Table 2.2: Principal measures used to characterize the proximity of a pair of nodes in a
graph.

Alternatively, the proximity between two nodes can be computed in a more direct way
by considering the geodesic distance between a pair of nodes, defined as the length of the
shortest path (Eq. 2.3), and indicate as:

imin(v; = ... = v;)|. (2.14)

From these consideration, it is possible to build different measures, suitable to asses the
proximity of two different subsets of nodes V' C V and V’ C V. For example in Eq. 2.12 is
reported the closest measure, defined as the average length of the shortest paths connecting
each node in V' with its nearest node in V", while in Eq. 2.13 is reported the shortest
measure, representing the average length of the shortest paths connecting each node in V'
with each node in V" [84].

Biomedical application of node proximity measure

A relevant example of use of proximity measures in the biomedical field is the one related to
the interactome based approach to study of human disease. This approach considers creating
a large interactome network by combining several PPI networks, and then to identify entities
of interest by leveraging known molecular mechanism that are extracted from specialized
biomedical repositories [29].

For example, disease-gene annotations extracted from OMIM, can be used to relate dis-
eases to the set of gene nodes, and measuring the diseases neighbors overlap allows one to

identify and describe shared and similar pathological mechanism between them [135]. In
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addition, repository containing drug-drug interactions, e.g. DrugBank [113], can be used
to identify drugs entities in the interactome network, and proximity measures between set
of drugs can be used to make hypothesis about possible new therapeutical target shared
between them [41].

Proximity measures are recognized as a well-established approach when dealing with the
task of link-prediction, for example in drug-repurposing, i.e. find potential new therapeutical
indication of already approved drug. For example, shortest distance can be used as a measure
to link drug and disease in a newly proposed KG, to assess its potential capabilities to drug
repurposing [35]. With a different approach but with the same purpose, proximity measures
can be used to extract features that are subsequently used as input to ML classifier models
trained for link-prediction task, for example to obtain Alzheimer’s Disease (AD) possible new
treatment, that are actually under investigation with already approved clinical trials [182].
However, when compared with more complex approach based on graph-centric predictive

models, the use of proximity measure in drug repurposing has shown lower performance

142)].

2.2.3 Subgraph-level

Motif
identification

Community

detection

Figure 2.4: Considering to identify subgraphs in a network, it is possible to differentiate the
identification of motifs, that are patters that recurr in the graph (e.g., the subgraph reported
in green), with the task of community detection, in which graph is partitioned according to
specific algorithm (in grey).

The characterization at a subgraph-level starts with the identification of specific sub-
structures of interest in the graph. A subgraph that have specific characteristics and recur
with a pattern in the graph, is defined motif. These are considered to be the basic block
of more complex biological network. For example, a motif defined by a feedforward loop

of three nodes identify transcription in a gene regulatory network [139]. In addition, the

30



CHAPTER 2. METHODOLOGICAL BACKGROUND

identification of a specific subgraph can be directly suggested by the domain of interest, for
example when considering the fragment or functional groups of a molecules [63].

A series of algorithms are proposed in literature for the task of community detections.
Generally, these algorithms start by assigning to each node an initial community, then they
make a partition or a merging, by deleting or adding an edge, respectively, and a specific
metric is evaluated. This process is repeated iteratively until the metric reaches conver-
gence. Community detection algorithm varying primary according to the metric considered.
For example, one of the most used method is the Girvan-Newman algorithm [147], which
computes, for each edge the betweenness centrality, then removes the edge with the highest
value, and repeats the process until the centrality’s value is equal for each edge.

A category of community detection algorithms is based on the maximization of a measure
called modularity [147], that is computed defined for a pairs of node v; that belongs to a
community ¢;, and a node v; that belongs to a community c¢;, as the following:

1 kik;
Q= Wizj[aij—’sz] '5(%%‘)7 (2-15)

where 7 is the resolution parameters, which value is used to weight differently the intra-group
and the inter-group edges, and d(c;, ¢;) is the Kronecker delta function that evaluates to one
if v; and v; belongs to the same community, otherwise evaluates to zero.

One of the first proposed algorithm that belong to this category is the Greedy Modularity
Optimization method [44], which iteratively merges the pair of communities that yield the
highest increase in modularity. This method evaluates the change in modularity for all
possible community pairs and greedily selects the one that provides the best improvement.
However, this strategy is prone to getting stuck in local optima, often failing to recover the
globally optimal community structure.

To address this, the Louvain algorithm [20] introduces a more efficient and scalable
approach based on two phases: the local movement phase, where each node is moved to
the neighboring community that maximizes modularity gain, and the aggregation phase,
where the graph is reduced by collapsing communities into super-nodes. While Louvain
improves both speed and the modularity score compared to the greedy approach, it tends
to overlook small communities in networks with heterogeneous community sizes, due to its
coarse aggregation.

The Leiden algorithm [215] extends Louvain by incorporating an additional refinement
phase between the local movement and aggregation steps. In this phase, each community
is checked for internal connectivity and, if needed, split into sub-communities before aggre-

gation. This refinement ensures that the resulting partitions are more internally connected
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and well-defined, overcoming key limitations of the Louvain method, especially in complex
and large-scale networks.

A different family is based on the Label propagation algorithm [47], an algorithm origi-
nally proposed as a semi-supervised method to propagate labels from labelled to unlabelled
nodes in a graph, where the node label are updated iteratively according to the label of its
neighbors [251].

After having identified substructures in a graph, it is possible to characterize their nodes
and edges with graph theoretic technique regarding centrality and proximity, as reported
in Sections 2.2.1 and 2.2.2, respectively, and then average the values for each subgraph to
obtain sub-graph level statistics. Note that this procedure can be generalized to a graph
G, allowing to adopt the notation for it. For example, it is possible to compute the graph
degree as mean node degree, and according to Eq. 2.4, write it as kg = % Zfil Zjvzl Qjj.
In addition, other measures can be extracted by summarizing some general property of the

graph, such as the density of the graph, expressing the number of connections in a graph and

2M
N(N-1)’

and one a complete graph.

computed as where a value of zero indicates a set of data points without connection

Biomedical application at subgraph-level

The identification of recurrent subgraph is of primary interest when dealing with biological
networks. For example, the recognition of motifs in PPI networks can be used to learn a
signature of specific diseases, and by looking at the adjacent protein nodes is possible to
predict the disease-protein association [2]. Without focusing on recurring subgraphs, disease
can be broadly represented as modules of node proteins, and compared through the use of
proximity measures, computed between the modules, in order to find similar mechanism
[135].

Community detection algorithms have found usage in different biomedical fields. Garcia
et al. [73] have explored the use of modularity maximization algorithm in brain network
analysis by considering functional MRI data. In particular, the authors have focused on
how modular structures, identified in brain graphs, correspond to functional and anatomical
brain regions, contributing to a better understanding of neural connectivity and cognitive
function.

When dealing with bipartite networks, for example one made up of gene-drug interactions,
community detection algorithms can be used to reveal clusters of genes and drugs, that
showed potential functional or therapeutic relationships [30]. In a different setting, these
algorithms are used to identify distinct long COVID sub-phenotypes from Electronic Health
Record (EHR) data [52]. By first building a graph where nodes and edges represent patients’
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symptoms and their co-occurrence, respectively, the Louvain method was used to detect
clusters of nodes with similar temporal patterns, revealing seven distinct data-driven sub-
phenotypes of long COVID [52].

2.3 Manifold learning

Manifold learning refers to a collection of methodologies for analysing high-dimensional data
that are based on the manifold hypothesis, assuming that the data tend to near in a lower-
dimensional manifold, defined as a generalization of a curve or a surfaces [67]. Manifold
learning methods are used to obtain a non-linear transformation of the data points, that
becomes essential when the dataset is high-dimensional, and can be applied for different
purposes, such as to facilitate the ML analysis or for simple visualization.

The general pipeline adopted by a manifold learning algorithm is represented in Figure
2.5. The input is a dataset X = {x3,Xa, ..., Xn }, in which each sample x; is represented by
a F-dimensional features. This is also called a point-cloud, considered as a set of attributed
nodes V without edges, and for that the same notation given in Section 2.1 for the node
feature matrix X € RV*F can be used when referring to it. The objective is to find a
mapping X — H to a low-dimensional space, e.g. R — R with F’ <« F.

First a distance matrix D € RV*V

is computed, in which each element d;; represents
the distance between two samples x; and x; in the dataset X'. The distance matrix can
be view as a weighted adjacency matrix of the graph underlying the node set, and defines
an initial edge set £. Manifold learning methods use distance between points to obtain a
low-dimensional representation of the data {hy, hy,...,hx}, generally called embeddings, by
preserving the manifold G, = (V, £)’s estimated intrinsic geometry.

This second step can be conveniently framed as an optimization problem, in which the
general objective is to find the coordinate vectors of the input data in a lower dimensional
space whose dissimilarities are close as possible to the distance d;;. However, manifold
learning algorithm can be broadly categorized into two category. The first are the one-shot
algorithms, which obtain embeddings by using principal eigenvectors of a matrix associated
with the distance or neighborhood graph, or by solving some other global optimization prob-
lem. The second starts with an initial embedding and then through optimization improve it
iteratively [134].

Principal component analysis (PCA) is one of the classical methods for feature extraction,
and can be framed as a simple linear form of manifold learning that belong to the first
category. PCA applies a transformation of the type H = XW, in which each vector x;

in the dataset, is mapped into a new space of uncorrelated variables by using a matrix
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Figure 2.5: Giving in input a dataset A represented by a feature matrix X, this can be
considered in a GRL framework as a point-cloud, which elements belong to a set V of
graph’s nodes without edges. Manifold learning methods compute the pairwise distance
between the elements of the point-cloud, obtaining a distance matrix D, that can be view
as a weighted adjacency matrix identifying an initial set of graph’s edges £. Then, learn a
low-dimensional representation of the node features H, that best preserves the manifold G,
estimated intrinsic geometry.

W e R which columns form an orthogonal basis for the F” orthogonal directions of
greatest variance in the data [18]. Specifically, PCA can be associated with the singular
value decomposition (SVD) of the dataset matrix, in the form of X = UESW ' where X
and U represent the matrix of the singular values, and the matrix which columns are the
singular left vectors of X, respectively. The solution to the SVD is the transformation that
take the form of H = UY, called principal components, consisting in a matrix H € RV*F"
which columns characterize the direction that explain the variance in the data, and are called
principal vectors.

One of the first method proposed for non-linear dimensionality reduction is multidimen-
sional scaling (MDS). MDS belong to the first category of manifold learning methods and
its classical formulation considers the distance between two samples x; and x; to be the

Euclidean distance:

d(xi, %) = [[x; = x5[|2 = \/(Xz’ =) (% = %), (2.16)

while the objective function is called stress and can be write as:

N
argmin Yy (d(x;,%;) — |[h; — hy]])? (2.17)
hi ho,... . hyeRP i#j=1

This MDS version is called metric, and apply a transformation in a similar way to PCA, in
which the matrix X is derived by the eigenvalue decomposition from B = XX . The matrix

B is computed from the distance matrix as B = —%CDQC, with C =1-— %JN the centering
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matrix, I the identity matrix and Jy a matrix of ones. MDS can be generally applied to
other distance metric in a version called non-metric, and through the use of a numerical
optimization method is possible to find local minima [116].

However, this is an hard computational problem to solve, making the generalization the
main limitation of this algorithm. Isomap is an algorithm that uses the major character-
istic of the previous methods, while trying to preserve the intrinsic geometry of the data,
by also considering the geodesic manifold distance [210]. Isomap starts by filtering the dis-
tance matrix computed with Eq. 2.16, with the creation of a K-nearest neighbors (KNN)
graph, in which each point is connected only to the K-top close points, where K is an hy-
perparameter. Then proceed by computing the distance between the points as the shortest
path distance (Eq. 2.14), viewed as a good approximation of the geodesic distance in the
manifold, in particular when considering a neighborhood of data sufficiently dense. Finally,
Isomap applies to the KNN-filtered distance matrix the classical MDS algorithm to obtain
the low-dimensional embeddings.

The second category of algorithms try to overcome some limitations of the previous
category, in particular the problem raised is that most of them are not able to include
both the local and the global structure of the data when mapping in low-dimension. These
algorithms are called also attraction-repulsion addressing a balance between the attraction
of neighbors in the original space and the repulsion of neighbors in the embedding space
[134].

One of most used algorithm that belong to this second category is the t-distributed
stochastic neighbor embedding (t-SNE) [127]. This algorithm starts by converting the dis-
tance obtained from the high-dimensional space into conditional probabilities that represent
similarities. For example, the similarity of the data point j represented by the vector x; to
the point ¢ with the vector x; is:

—d(x;,%5)?
e 207

Pjli = —d(xg,%x)2

k£ € 2

(2.18)

expressing the conditional probability that ¢ would pick j as its neighbors, if these are picked
under the assumption of a Gaussian probability density, centred in x; and with variance o;.
It is possible to define a similar probability according to Eq 2.18 for p;;, and then compute
the joint probability as the symmetrized conditional probabilities p;; = w

Note that t-SNE is a specific version of the stochastic neighbor embedding (SNE) algo-
rithm [91], in which these conditional probabilities are symmetric. The same consideration

be adopted when modeling the conditional probabilities for the points ¢ and j in the low-
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dimensional space, and write the symmetric version as:

(1 + [Mhi — hy|[*)~
Qij = —, (2.19)
T (T [y = hy[2)

by considering a Student t-distribution with a single degree of freedom, that has much heavier
tails, i.e. it is larger than a Gaussian distribution, and allows to map faithfully from the
high-dimensional space. The algorithm proceed by minimizing the Kullback-Leibler (KL)
divergence, that is a measure expressing the difference between two probability distributions,
between the joint probability distribution in the high-dimensional space P and the joint
probability distribution in the low-dimensional space @):

KL(P,Q) = ZZpijlogg—Zj. (2.20)

i

One other popular method of manifold learning is Uniform Manifold Approximation and
Projection (UMAP) [133]. This algorithm has foundation on topology, a branch of mathe-
matics that studies the properties of geometrical objects that are preserved after continuous
transformation.

While the underlying idea behind t-SNE is to match the probability distributions that
models the high- and low-dimensional space, with the objective of preserving the probabilities
of neighbor similarity, UMAP matches the fuzzy (not precise) simplicial sets, defined as a
sequence of points with an internal order structure, by preserving the topological structure
of the data. UMAP computes the one-directed probabilities p;; between a point ¢ and its
neighbor j as:

—d(xi%;)=pi
pji =€ % 5 (2.21)
where d(x;,%;) is the notion distance between the points, p; and o; are the the local con-
nectivity hyperparameters, set to the distance from i to its nearest neighbor and the local
distance around ¢ upon its k-nearest neighbor, respectively.
Then UMAP computes the global probability as p;; = (pj; + psj;) — pjjipi|j- The pairwise

similarity between points in the lower-dimensional space is defined as:
gij = (1 +allh; — hy[[*) ", (2.22)

where a and b are hyperparameters which values are set based on the desired minimum dis-

tance between point in the embedding space. The loss function minimized through gradient
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descent is the cross-entropy loss:

ij L —pi
CrossEntropy — loss = Zpijlog(lg) + (1 — pij)log( Pig ). (2.23)

i#j iJ - dij

Biomedical application of manifold learning

Manifold learning has shown significant utility in the biomedical research, for example in
the analysis of large omics dataset. Tzeng et al. [217] introduced a scalable method based
on MDS and called split-and-combine MDS (SC-MDS), designed to efficiently handle large
genomic datasets. This approach reduced computational complexity and improved the reli-
ability of gene clustering, as demonstrated on yeast cell cycle data.

When I[somap become popular, numerous studies dealing with omics data have demon-
strated that this algorithm has superior perfomance when compared with PCA and MDS,
for example in the analysis of high-density gene expression data [54, 16]. However, MDS still
remains one of the reference method for conducting dimensionality reduction when dealing
with this kind of data, and recent works apply it to the analysis of chromosome conformation
capture (Hi-C) [100] and microbiome data [38].

The second category of manifold learning method have become indispensable tools for
visualizing and interpreting high-dimensional biomedical datasets. T-SNE has proven valu-
able utility in the genomics domain, for example in the visualization of single nucleotide
polymorphism (SNP) data, allowing researchers to detect population structure and genetic
variation in human datasets [162]. Similarly, UMAP is applied to genomic datasets to detect
subtle population structures and phenotypic differences, helping in the identification of hid-
den subgroups from the UK Biobank populations [204], with detailed links between genetics,
location, and phenotypic traits [56].

Beyond omics data, this category of algorithm has proven to be a powerful tool for
visualizing complex clinical data derived from EHR, particularly in patient stratification and
interpretability of predictive models. For example, t-SNE is applied on deep representations
that learned from clinical time series data, revealing distinct clusters that corresponded to
different patient mortality outcomes [185], and similarly, this algorithm is applied to data
from emergency department visits, facilitating the understanding of patient diversity and
giving more interpretable triage strategies [97].

Aligned-UMAP has been introduced as an extension of UMAP specifically designed for
longitudinal clinical datasets, allowing for the visualization of patient trajectories over time,
and capturing disease progression patterns to enable to stratification of patients large-scale

studies such as the Parkinson’s Progression Markers Initiative (PPMI) and the Alzheimer’s
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Disease Neuroimaging Initiative (ADNI) [50].

One recent approach called parametric UMAP, combines UMAP with the optimization
employed by NN, by directly learning a parametric relationship between data and embedding
[187]. This framework can be used to obtain UMAP embedding in a semi-supervised way,
and has successfully employed in computational phenotyping, where an initial phenotype

given by clinicians is used as label and compared with the new defined subgroups [65].

2.4 Topological Data Analysis

Topological data analysis (TDA) is a field of mathematics that uses topology techniques to
extract information from the underlying shape of datasets viewed as a network [32]. The
general input to TDA methods is a set of observations that does not carry any associated
topological information, and similarly to manifold learning methods (Section 2.3), the main
idea is to connect data points to show a global continuous shape underlying the data. The
connections between points are established by adopting a specific notion of distance, or
dissimilarity, between them, and for that it is convenient to consider a dataset in input to
the TDA methods as a discrete metric space or samples of it [37]. This is defined as a tuple
(M, faist) where M is a set of points and fg;s; : M X M — R, a function for which, given

any points x,y,z € M, the following statements are valid:
L faist(x,vy) > 0 and fys(x,y) = 0 if and only if 2 = y;
IL. fdist(x7y) = fdm(%@?

HL faist(®, 2) < faist(@,y) + faist(y, 2).

However, TDA goes beyond the simple connectivity based on the nearest point, and
build a higher-dimensional equivalents of a neighbouring graph, called simplicial complez,
that intuitively represent a mathematical space as a union of K-dimensional objects, called
simplices, defined according to the choose of K, for example for K' = 0 refers to points, K =1
refers to intervals, and K = 2 refers to triangles. Simplices define a simple combinatorial
way to describe a topological space, and are used by TDA to translate a discrete set of
observations in a suitable topological structure called simplicial complex.

Specifically, it is possible to convert an open cover, i.e. a family of open sets whose
unions make the whole space, to a simplicial complex, for example by generally forming
a Cech complex. Since TDA is proposed for the analysis of large dataset, it works with
Vietoris-Rips complexes, that are similar to the Cech complex but only determined by the

0- and 1- simplices and are much easier to compute. In particular, the Nerve theorem
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ensure that the created simplicial complexes encode the topology of continuous space in a
meaningful way [37].
Three properties make topology interesting for data analysis, and make extracting pat-

terns through shape possible [124]:

e coordinate invariance: since the input to TDA methods is a metric space, the topo-
logical construction obtained with TDA does not depend on the choice of coordinate

systems but only on the distance function that specify the shape;

e deformation invariance: this property makes TDA methods less sensitive to noise,
since they extract key topological features from the data that are robust against small

variations or deformation of its shape;

e compression: TDA is able to synthesize the shape of the data while preserving its
overall structure, by identifying shapes using simplicial complexes, that act as a kind

of compression in which some details can be lost but the important features are kept.

Note that invariant is defined in mathematic as the property of an object to remain
unchanged after specific transformations or operations.

The previously defined properties make the two TDA main frameworks, that are the
Mapper algorithm and persistent homology, relevant for the analysis of high-dimensional
biomedical datasets [197]. Persistent homology acts as a features extractor since characterize
the dataset with a vector that quantifies the presence of various topological shapes at different
spatial resolutions. Differently, Mapper generates a graph that characterize and summarize

the topology of the dataset, providing a tool for data visualization and exploration.

2.4.1 TDA Mapper

TDA Mapper [196] is an algorithm that combines dimensionality reduction techniques with
cluster analysis to create a network representation from a high-dimensional data set.
Considering as a starting point a point cloud X = {x;,xa,...,X,}, viewed as a subset
of a metric space with a specific function fz used to measure the distance between the
F-dimensional vector, and represented by a feature input matrix X € R™¥ the steps

performed by Mapper are presented in Figure 2.6 and specified as follows:

1. compute distance matrix D € R™ " between each pair of points in the dataset, by

using the function fy;;

2. apply a continuous lens f : X — Z that project each point in X to the latent space

Z, that is generally simpler, for example with lower dimensionality, and/or meaningful
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for the domain of the features in input. Note that the projection is generally performed

on the distance matrix D, when considering an high-dimensional dataset;

3. divide the projection space with an open cover U = {uy, us, ..., u, }, that is a collection
of open sets whose unions includes Z, by using a series of overlapping bins. The number
of bins to use for each dimension of Z and the percentage of overlap between bins, are

usually called resolution (r) and gain (g), respectively;

4. use a clustering method to perform a clustering step in each of subset of the initial
point cloud that falls in a portion that corresponds to an intersection of bins. Mapper
creates a graph G = (V, £), where the nodes are the identified clusters, and the edges
indicates the intersection between them, i.e. an edge exists between two nodes if they

share at least one data point.

X € R™¥F D € R™ U= {uy, Uz, .., ) G (V.€)
|
— — g { —
— “_ [ ]

Figure 2.6: The Mapper algorithm receives in input a dataset feature matrix X, and first
compute the pairwise distance D between the dataset’s samples. Second, Mapper projects
the obtained distance matrix with a lens function f to a low-dimensional representation
space, e.g., R%2. Third, it divides the projection with an open cover U by using a series of
overlapping bins. Finally, Mapper uses a clustering algorithm to identify the nodes of a new
topological graph, where nodes are the clusters and edges express intersection between them.

The output of Mapper depends on the choice of the distance and lens function, the value
of the resolution and the gain hyperparameters, and which clustering algorithm is adopted.
While the distance function are related to the type of the features in the dataset, the lens
functions, the resolution and the gain hyperparameters are generally manually tuned, and

the choice of the clustering algorithm is more relaxed.

Biomedical application of TDA mapper

The Mapper algorithm has found wide applications in the biomedical field, in particular for
the task of disease sub-typing, i.e. find subgroups of patients within a population, affected
by the same disease but with different characteristics. The first application in disease sub-
typing involved identifying a previously unrecognized subtype of estrogens receptor-positive

breast cancer. By applying Mapper with a lens derived from gene expression deviations from
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healthy tissue, Nicolau et al. [149] are abled to uncover a cluster of tumors with a unique
molecular signature and favourable prognosis, showing that traditional clustering techniques
were not able to lead to the same conclusion.

These results paved the way for the application of Mapper for the analysis of different
disease. For example, in studies of type 2 diabetes mellitus (T2DM), Mapper is used to
analyse high-dimensional data from EHR, and successfully reveals novel subtypes of T2DM,
each associated with distinct clinical profiles and complications [120]. An additional approach
is proposed by combining Mapper with pseudo-time series analysis, proposed for investigating
temporal phenotypes that defined as sequence of clinical events over time. By using this
method it was possible to characterize different trajectories of disease progression, offering
insights into how T2DM may develop differently across patients [51].

Mapper has also shown significant promise in cardiovascular (CV), respiratory and brain
disease, specifically when dealing with heterogeneous data in input. In aortic stenosis, a
Mapper-based approach has identified two distinct progression pathways from mild to severe
disease, each characterized by different echocardiographic variables. This not only enhanced
diagnostic resolution but also demonstrated how treatment move the patients’ positions
within the topological network to less severe phenotypic states [33]. Similarly, when studying
a population of asthmatic patients, Mapper has helped uncover multiple phenotypic subtypes
using diverse data types, from clinical variables to histological and transcriptomic features.
These analyses revealed underlying immunological and molecular distinctions among patient
subgroups, improving understanding of asthma’s complex pathophysiology and suggesting
personalized treatment approaches [90]. In the context of traumatic brain injury, Mapper
is used to integrate clinical, histological, and genetic data, enabling researchers to identify
subgroups of patients with different recovery trajectories and discovering genetic markers

linked to poor outcomes in mild cases [150].

2.5 Graph embedding via Neural Networks model

The term embeddings is generally used to indicate a vectorial representation of objects
represented by a specific data structure, such as text, image, or simply a tabular dataset.
While manifold learning is a method to compute embeddings for the sample in a dataset,
the introduction of computational model suitable for graph structures has introduced the
possibility to obtain directly embedding for a graph, subgraph, node and edges.

In this section, the focus is on the use of Artificial Neural Networks (ANN) or simply NN,
that are a family of learning techniques inspired by the way computation works in the brain,

and their adoption for learning embeddings. The basic unit of a NN, resembles the way
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information is exchanged in the brain, and is called neuron, since receives inputs from the
other similar units while computing its own activation. Each neuron performs only simple
computations, and to allow for more complex ones they are used in layers, i.e. units that
act in parallel.

The way these layers are connected between each other defines a specific architecture of
the NN, that always comprise an input layer, an output layer, and one or more hidden layers
between the input and the output. A NN is said to be fully-connected if all the neurons from
a layer [ have connections with all the neurons from a layer [ + 1, and this is valid for all the
NN layers.

Giving an input vector x € R", a fully connected layer compute a linear combination of

the input, that can be described by the following vector-matrix multiplication:
h' = o(xW + b), (2.24)

where W € R™*? is the matrix of the learnable parameters, b € R" a bias vector, ¢ a non-
linear function. One of the most common used architecture is the feedforward, also called
multilayer perceptron (MLP) [183], where the information flows from the left (input) to the
right (output) of the net. With just one hidden layer MLPs has proven to be universal
approximators, meaning that they can represent combination of steps function, allowing to
approximate continuous function [93].

The term deep learning refers to the general employment of a NN architecture with
many hidden layers [80]. Considering a NN model made by [ layers, its overall computation
is defined by f(z) = fO (4. .(fY(x))). The general objective when developing a DL model
is to learn to approximate a function f*. For example, f* could map the model input to
a categorical label or to a scalar value, if the model is used for classification or regression,
respectively. During the training of a NN, the computation of the function f, parametrized
by the set of parameters 6, is driven to match the desired f* as close as possible. This is

typically achieved by employing stochastic gradient descend (SGD) learning.

2.5.1 Shallow embedding

A first category of graph embedding method proposed in literature is defined with the name
of shallow embedding. Differently from DL methods, shallow methods involve the transfor-
mation of the object of interest with a single layer or in general with simple transformations.
In particular, these methods are proposed to learn node or edge embeddings, by optimizing
the creation of an embedding space that reflect the closeness of nodes and edges in a graph.

Considering for simplicity the task of learning node embeddings, the steps performed by a
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general shallow methods are reported in Figure 2.7.

Giving a pair of nodes v; and vj, these are first mapped through a learnable function
Jf 'V — H to embeddings h,, and h,,, respectively, that belong to the embedding space
H € RY'. Then, the similarity between the nodes fo(vi,v;) and between the embedding
fz(hy,, h,,) is computed, by considering specific similarity functions, for example, f, can be
the distance d(v;,v;) of the nodes in the graph and f, be the euclidean distance. Finally,
a loss function L(f,(vi,v;), fa(hy,, hy,)) is used to quantify the discrepancy between the
computed embeddings and the input similarity in the graph, and it is optimized to reach a
minimum value.

By using an encoder-decoder framework, is it possible to indicate f as the encoder, i.e.
the function that map the objects for which one want to learn embeddings in the embedding
space, and the function f, as the decoder, i.e. the function that quantify structural infor-
mation about the graph from the learned embeddings [87]. Note that shallow embedding

models rely on a function f that constitutes an embedding look-up table encoder.

f:v—H

Figure 2.7: Graph shallow embedding models use a shallow encoder f, represented by a
simple look-up table, i.e. a learnable matrix of parameters, to embed the graph nodes in
V to the latent space H. This latent space embeds the nodes by taking into account their
similarity according to the graph structure, measured by f,, and compare it to f, that
measures the similarity of the embedding h. The difference between the similarities in the
two spaces it is used to compute a loss, which minimization guides the optimization of the
parameters during the training.

Different shallow embedding methods can be defined principally according to the choice of
the similarity functions f, and of the decoder function f,. Early approaches work by applying
matrix factorization (inner product) as decoder, and indeed manifold learning methods can
be included in this category. They consider as similarity between the nodes the adjacency
matrix, such as Graph Factorization algorithm [4], or proximity measures like the the Jaccard
coefficient adopted by the HOPE algorithm [153], with mean squared error (MSE) is the
adopted loss function. In summary, the goal of these methods is to learn node embeddings
such that the inner product between the learned embedding vectors approximates some

deterministic measure of graph proximity:.
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In contrast, other methods employ a stochastic measure of graph proximity, measuring
the similarity between the nodes as their co-occurrences in sequences of random walks, and
use these to create embeddings similarly to Word2Vec [136] with adopting cross-entropy as
loss function [161]. Semi-supervised methods, such as Node2vec [82], which combine depth-
first and breadth-first search, that are two strategies to sampling nodes in the graph that
focus on distant and near nodes, respectively, are employed similarly.

The limitations of the shallow embedding methods reside in the facts that they are
inherent trasductive, i.e. they can not generalize when a new node is added in the graph,
since the learned look-up table that need to be retrained and additionally, and that they

learn embeddings by only considering the graph structure.

Biomedical application of shallow embedding methods

After training shallow embedding models, the learned representations can be used as input
for classification models to perform downstream task like classification or regression. With
the motivation that biological features are not always available and can be hardly to obtain,
the study proposed by Yue et al. [243] evaluates different graph embedding methods on
several biomedical link-prediction tasks, such as drug-disease association, and node classifi-
cation tasks, for example the Unified Medical Language System (UMLS) [21] semantic type
classification. The authors reported that graph embedding methods achieved competitive
perfomance without relying on biological features, in particular random walk-based method
outperform the matrix factorization-based methods.

Nowadays matrix factorization methods are less used, however, they provide an effective
method to integrate multiple heterogeneous data sources. For example, Vitali et al. [222]
developed a method to compute patient similarities that adopt matrix trifactorization to
simultaneously cluster rows (patients) and columns (features or genes) of a dataset, making
it especially powerful for subgroup discovery. This approach involves decomposing a large
relational matrix, which encapsulates associations between various biomedical entities such
as patients, genes, mutations, diseases, and pathways, into three lower-dimensional matri-
ces that capture the latent structure and shared pattern across the different data types.
Specifically, the method is first tested on several synthetic dataset and then applied to iden-
tify subgroups in acute myeloid leukaemia (AML). The resulting patient representations
are showed to be able to identify clinically meaningful AML subgroups with statistically
significant differences in survival time.

Since shallow embedding models are proposed to be applied on homogeneous graph,
their application on heterogeneous graph structure is not straightforward. To overcome this

problem some methods are proposed, in order to take into account the different node and/or
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edge semantic types. For example, metapath2vec is one of the most used method when
dealing with biomedical networks that have different node types [58]. In brief, this method
extend the idea of Node2vec by using paths that leverage some user defined node types,
i.e. tailor the embedding with a path made by specific entities of interest. For example, it
is possible to consider drugs entities that modify the specific expression of genes entities,
that in turn have evidence to cause conditions encoded as disease entities. Zhu et al. [250]
have used metapath2vec with the drug-adverse drug reaction-drug-gene-drug entities path,
to learn specific graph embedding and enhance the prediction of drug-gene interaction of a

matrix factorization method.

2.5.2 Graph Neural Networks

GNNs are a specific architecture of NN that learn embeddings of a graph (and its elements)
taking into account both the graph structures and the features of the nodes and/or of the
edges. Recalling how a NN projection layer works (Eq. 2.24), and adopting the message-
passing framework [78] one general GNN layer computes the hidden representation of a node

v; as follows:
h;h = ’Y(Xvia @UjeNvi¢(Xvi7 X evjvi))' (225)

Specifically, a GNN layer first computes the messages between the node v; and its node
neighbors in N,,, based on their node feature vectors, the edge feature vector, and a possible
transformation given by the differentiable function ¢. Second, it aggregates the messages
from all the nodes v; € N,, by using a permutation invariant function @, meaning that the
output for that function is invariant to the permutation of the elements received in input.
Finally, it updates the node features of the node v; by applying a transformation through
the differential update function v over the aggregated messages and its features.

According to the geometric deep learning blueprint [27], a general GNN architecture is
composed of permutation equivariant layers, i.e. shared projection at a node-wise level, and
permutation invariant layers, i.e. operator that gives the same output if the element in
inputs are permuted.

There are different kinds of GNN layer, while it is possible to define 3 major formulation
according to Bronstein et al. [27] and reported in the Table 2.3. The first, that is the one
first proposed in literature and links GNN with the way computations are performed by
CNNs, it is based on graph signal processing, that is a field that extends traditional signal
processing techniques to signals defined on graphs instead of regular domains like time or
space. Specifically, this formulation is referred to the convolutional formulation, where the

convolution operator, that in time domain equals multiplication in the frequency domain,
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is defined on graph by considering the multiplication of a graph signal x (a scalar for each
node that represent one-dimensional node feature) with a filter gy, parametrized by 6 € RY
in the Fourier domain:

zx gy = UggUTz, (2.26)

where U represents the matrix of the eigenvectors of the normalized graph Laplacian, defined
asL=1Iy— K’%AD’%7 and defines the graph frequencies.

The filter gy is a function of the eigenvalues of L, and to approximate the graph filter-
ing, i.e. instead of computing the costly eigenvalues decomposition, Graph Convolutional
Networks (GCNs) are introduced. One of the most used GCN model is the one proposed by
Kipf et al. [112] and use first-order approximations to obtain a GCN layer as a filter, that
propagate and transform node features across neighboring nodes, according to the following

formula:

H =o(K *AK *HW), (2.27)

where A is the adjacency matrix with self-loops, i.e. each node is connected to itself, and K
the corresponding degree matrix.

Eq. 2.28 can be reported according to the message-passing framework, by considering
that the message is computed by considering only the node features of the node neighbors,
and these are aggregated with fixed weight c, ., representing the importance of node v; to
the node’s v; representation, while the aggregator operator is chosen to be the summation.
The classic GCN layer [112] is reported in Eq. 2.27, where the aggregation over the node
neighbor features is weighted by the degrees of the nodes v; € NV,, multiplied by the degree of
the node v, both measure modified by adding self-loops. After aggregation a transformation
is obtained by matrix multiplication with a learnable weight matrix W € RF*F’ where F’

is the hidden dimension for the node features.

Layer as Example of

Formulation message-passing GNN layer

Convolutional ¥(Xu;5 Dujen,, Coju P(X0;)) GON: o(W 32, v, un, hy, ) (2.28)

oo o,

Attentional (X, ®v,en,, (Xo,, X0, )0(xy,))  GAT: 032, cn, oo, Why,)  (2.29)

Message ‘
passing f}/(xv“ @UJEN% ¢(Xvi, X, )) GIN: fg (hvl + Z'UJENUZ. (hvj )) (230)

Table 2.3: Graph Neural Networks formulation according to the message-passing framework,
with equations of the general layer and an example of specific GNN layer.

The second framework is the attentional, since use a popular DL mechanism called at-
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tention. Attention mechanisms were first introduced in sequence modeling tasks such as
machine translation, allowing DL models to dynamically focus on the most relevant parts of
an input sequence when generating each output [14]. Briefly, attention computes a weighted
sum of input features, where the weights, called attention coefficients, indicate the relevance
of each input element to a particular query. This idea is formalized by computing atten-
tion scores through a function (often involving dot products or NN), applying a softmax to
normalize them, and then using these scores to compute a weighted average of the value
vectors.

Note that one of the most used attention mechanism is the self-attention [219], that paved
the way for the Transformer model. For each word in input in a sequence, three vectors are
computed, the query, the key and the value vector, multiplying it with three different weights
matrices that are learned during the model training. A score is first computed for each input
as the dot product between the query and the key vector, then normalized, and finally scaled
by using softmax function. A final multiplication with the value matrix keep the values of
the relevant words while minimizing or removing the values of the irrelevant ones. All the
procedure can be written in matrix notation as:

Attention(Q, K, V) = softmax(Q—KT)V, (2.31)
Vi
and performed multiples times in parallel in order to have multiple representation of the
sequence, constituting what is referred to a multi-head self-attention layer.

Graph Attention Networks (GATSs), translate this idea to graph-structured data, by
extending the capabilities of standard GNN to enable nodes to attend over their neighbors
with learned, context-dependent weights a(x,,, X,,;) through self-attention mechanism, rather

than aggregating information with constant weights like in GCN [220]. Specifically, during

/
(e

the computation of the node hidden representation h, , a GAT layer obtain for each edge

€y;v; CcONnecting v; with its node neighbors v; € N,,, an attention coeflicient as:
buyy0; = o(a’ [hy,, W; hy,, W), (2.32)

with o being the nonlinear activation function LeakyReLU, a € R*" is a learnable weight
vector, and W € R¥*F" the learnable weight matrix that multiply the node representation.
To ensure compatibility across different neighbors, the softmax function is applied to

normalize the coefficients and to obtain the normalized attention coefficient as:

&vjvi)

el

(Brwgu;)’
quENvi e e

(2.33)

Oévjvi -
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to finally obtain the GAT layer reported in Eq. 2.29. Here, the aggregation operator is
still a summation but now the weights identified by a,,., are feature-dependent. Note that
as in [219], multi-head attention can be computed by first executing independent attention
mechanism, and then concatenate or average their features.

The last formulation is the message-passing, first introduce by Gilmer et al. [78] as the
Message Passing Neural Networks (MPNN), and applied to chemical prediction tasks.

MPNN is the first model proposed to learn features from molecular graphs directly, since
it is invariant to graph isomorphism (bijective function that make the exact correspondence
between the sets of nodes in two graphs), and it is applied to predict quantum property of
molecules from the QM9 dataset [166], reaching highest predictive perfomance when com-
pared with expensive quantum mechanical simulation method. This is formalised in the
GNN model by Battaglia et al.[17], as the generalization of the previous published frame-
work, where the notation for the update function (), the aggregate operator (&) and the
message function (¢) are introduced.

An example of more complex GNN layer compared to the GCN and GAT is reported in
Eq. 2.30, called Graph Isomorphism Network (GIN) layer [237]. GIN is a type of GNN layer
designed to match the discriminative power of the Weisfeiler-Lehman graph isomorphism test
[230], used to heuristically test the existence of an isomorphism between two graphs. GIN
layer applies a sum aggregation, but differently from traditional GNN, applies a learnable
projection with a MLP, allowing to capture more effectively the structural information. In
addition, GIN can use an hyperparameters that can be learned or fixed, used to weight the
influence of the node v; features.

Note that between the three formulations there is a hierarchy, since the attentional frame-
work can represent the convolutional one by using an attention mechanism implemented as
a look-up table, and both the previous frameworks are a special case of the message-passing
framework, where the messages are only the sender nodes’ features and the sender and
receiver’s node features for convolutional and attentional GNN, respectively.

However, while the message-passing GNNs are the most expressive, they are not always
the most efficient choice. These models involve computing vector-valued messages along
edges, which can lead to high memory consumption and increased training complexity. In
many naturally occurring graphs, e.g. where the nodes with the same labels are connected,
simple aggregation mechanisms tend to perform better, offering advantages in terms of scal-
ability and regularization. GAT provide a useful compromise since capture the interactions
within a node’s neighborhood while exchanging only scalar attention scores across edges,

making them more computationally manageable than full message-passing methods [27].
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Biomedical application of graph neural networks models

Differently from shallow embedding models, GNN are generally trained with supervised
task such as node or graph classification, making them useful to build predictive model.
Considering the task of disease classification, some early works considering to build a graph
in which patient is a node represented by specific patient features, such as medical image,
with edges indicating the correlation between their phenotypic data, and adopt GNN to make
node classification [158]. This data-driven approach has been enhanced since the use of pre-
existing knowledge, by creating edges that indicates semantic relation between the dataset
variables, and contained in biomedical KB. For example, different works employ GNN to
make cancer prediction with gene variables, by using the expression values as feature, and
the relations extracted from a PPI network as edges [173, 167].

Recent works combine GNN encoder with KGE decoder, to create a mechanism that
can be used when building embedding models, to first pretrain them on biomedical KG,
and then continue with the training on specific downstream tasks, by allowing to continue
updating the representation learned with biomedical knowledge. For examples, GAT encoder
is used in combination with KGE by Alsentzer et al. [9] to build an embedding model called
SHEPPERD, suitable for rare disease, based on the PrimeKG KG, and trained on tasks
such as casual gene discovery, finding similar patients according to the genes annotation, and
disease characterization through patients phenotypes. A very similar pipeline is adopted by
et al. [95], to build a graph-foundation model called TxGNN to make zero-shot predictions
for therapeutic target.

GNNs are of the most used model when dealing with the task of learning molecule em-
beddings, since they can leverage the chemicals graph structure where atoms are treated as
nodes and bonds as edges [171]. Representing molecules as graphs has improved predictions
on quantum-chemistry properties, for example, GNN are successfully used to model interac-
tions among reactants and to predict the outcomes of the reactions [46]. One big employment
of GNN is in the prediction of ADME chemical properties, such as solubility, affinity and
toxicity, which evaluation need to be of primary interest for the in silico discovery of new
drugs [236, 76]. For example, GNN-based models are trained to predict anti-bacterial ac-
tivity, and are successfully used in the development of antibiotics, by prioritizing molecules
with the desired properties [203]. Recently, approach that combine the predictive model
capabilities of GNN with the semantic from a KG, and addressing the drug discovery and
repurposing have started to emerge [95, 180].
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2.5.3 Knowledge Graph Embedding

A series of algorithms for graph embedding is specifically proposed when working with KGs.
These method are called Knowledge Graph Embedding (KGE) models, and learn node and
relations embedding by taking into account the similarity between the different types of
nodes and edges in the heterogeneous graph structure.

Giving a triple (v;, 7, v;), they represent the entities and the relations in a F-dimensional
space, by assigning a value of plausibility to the embedded triple through a decoder function
fz- KGE models are trained in assigning a high score to a positive triple, i.e sampled from
the KG, and a low score for a negative triple, i.e. a modified version of the sampled triple.

KGE models can be grouped according to different properties [102]. The first categoriza-
tion can be made by considering the type of representation space employed, e.g. Euclidean
(23, 239] or Complex [216, 205] space. Second, the methods differ according to the type of
scoring function, that can be generally based on the distance [23] or similarity [239] between
the embedding of the elements of the triple. Distance-based scoring function consider the
relation r as a translation acting on h and placing it close to ¢, represented as h+r = t, while
similarity based scoring function compute ¢ with a multiplicative formulation mediated by
a projection matrix that is specific for each type of relation, indicated by h'M, ~ ¢, and
generally reported as < h,r,t >. Third, the methods differ according on which types of
relations they can represent, for example 1-to-N relations are the ones that connect an head

entity to more tail entities.

Model Scoring function Representation Relation
space types
TransE [23] ~[[h+r1 — ¢ hrteRd Antisymmetric
Inverse, Composite
DistMult [239] <hrt> h,r,t e R’ Symmetric, 1-to-N
Antisymmetric
: d
ConvE [55] o(vec(o([Mp; M, JW))t) h,r,teR Symmetric, 1-to-N
Antisymmetric
ComplEx [216] Re(< h,r,t >) h,r,t e C Symmetric, 1-to-N,
Inverse
Antisymmetric

RotatE [205] —|[hor—t|| h,r,t € C? :
Symmetric,Inverse

Table 2.4: Some of the most used knowledge graph embedding models, divided by the
representation space adopted, the scoring function used and which types of represent are
able to represent.

In addition, KGE can use shallow encoders or adopt more complex ones, such as 2D CNN
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[55], by first reshaping head entity and relation vector to matrix M, and M,., respectively,
and then applying convolutional layer before multiplying them to the tail entity embedding.
More recent KGE models use GNN encoder[190], by adopting relation-specific learnable
layers, to model the directed nature of the KG. Lastly, all these properties make the specific
method more or less suitable for specific types or relations that the heterogeneous graph
considered holds.

Taking into account all these considerations, some of the most used KGE models are
reported in Table 2.4.

Biomedical application of knowledge graph embedding models

KGE models provide an effective ways to capture the biomedical knowledge from a KG,
by learning node embedding that can be used for biomedical predictive task. For example,
Celebi et al. [34] combine different KB such as DrugBank, KEGG [105], and PharmGKB
[232], evaluate different KGE models to learn drug representation, and then use the embed-
ding as input to traditional ML classifiers, such as Logistic Regression (LR) and Random
Forest (RF), to make prediction on drug-drug interaction, by showing that KGE provide
effective representation for prediction.

However, due to the different ways KGE models are built, there is no direct best choice
when choosing one of this model. This is shown, for example, in the findings of Chang et
al. [36], where the authors evaluate several KGE models on the SNOMED-CT ontology
[198], showing that no single embedding method consistently outperforms others across the
considered tasks, highlighting the importance of choosing KGE models based on specific use
cases.

KGE can also be used as a quick tool to evaluate the construction of a new proposed KG.
For example, Romato et al. [182] computes different KGE models for evaluating the newly
proposed Alzheimer KB, then compare them on a classical link prediction task, also called
knowledge graph completion. The models that achieved the highest score on link prediction
was then used to make inference on the KG created trough a simple drug-repurposing task,
aimed at showing the utility of the new knowledge resource, and identifying potential drugs
for Alzheimer’s disease by cross-referencing them with existing clinical trials.

Recently, KGE models are integrated in a framework called BioBRIDGE [228], that is
designed to connect different biomedical foundational models across modalities. By em-
bedding entities from structured knowledge graphs and aligning them with representations
from large biomedical language models, BioBRIDGE enhanced relational reasoning and in-
terpretability, demonstrating the power of KGE in harmonizing structured and unstructured

biomedical knowledge sources.
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Chapter 3

Coronary Artery Disease Computational
phenotyping with Topological Data Anal-

ysis

3.1 Introduction

Coronary atherosclerosis clinically occurs in acute or stable forms, with syndromes generally
included under the term coronary artery disease (CAD). Several scores have been proposed
to estimate the sex-specific individual 10-year risk to develop CV disease. However, the
accurate identification of at-risk individuals remains a major challenge [77]. Furthermore,
adverse clinical events (e.g. heart attack) may occur in a large number of individuals, that
are considered as low/intermediate CV risk according by assessing the coronary stenosis
[140]. This suggests that several individual factors, not considered during the assignment of
the initial phenotype, may contribute to the onset of acute disease-related manifestations.
Therefore, there is an urgent need for new stratification strategies, able to integrate different
clinical information, to identify more accurate CAD subgroups at an early stage.

TDA is a field of mathematics that uses qualitative geometric features to extract infor-
mation from the shape of data [124]. Unlike clustering, TDA can recognize related sub-
groups, providing better insights on how individual samples relate to the whole population
[196]. These properties make TDA successful for the analysis of high-dimensional biomedical
datasets [149].

Mapper is a TDA algorithm that has reported noteworthy results when applied in elec-
tronic phenotyping, in particular for disease sub-groups. For example, Mapper is applied

to infer a T2DM patients similarity network in which sub-groups of patients with different
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clinical conditions were identified [120], and is also been exploited to identify sub-groups of
high- and low-risk aortic stenosis patients using echocardiographic variables as input [33].
However, this method have some limitations that could obstacle its application [197], mainly
related to hyperparameters tuning, which can influence both the computational time required
and the quality of the output leading to results robustness issues. In addition, none of the
available open-source tools is developed with the aim of solving biomedical tasks [218, 209].

In Aim 1, a semi-supervised TDA-based framework called phe TDA is proposed to per-
form CAD computational phenotyping on the basis of INTESTRAT-CAD data and domain
medical knowledge given by the patients’ initial phenotypic definition. pheTDA implements
a complete, integrated, pipeline that includes distance matrix calculation, dimensionality
reduction techniques for data projection filters selection, and TDA hyperparameters tuning.
More in details, pheTDA (i) guides the application of the Topological Mapper algorithm
to derive a robust data representation as a topological graph, by considering the initial
phenotype; (ii) identifies relevant subgroups of patients from the topology; (iii) assess dis-
criminative features for each subgroup of patients via predictive models.

In the paper presented at the 21st International Conference of Artificial Intelligence
(AIME) 2023 [7], this tool is applied on a population of n = 725 patients from INTESTRAT-
CAD, by considering only their clinical features. pheTDA identified five novel subgroups,
each identified by relevant clinical variables: one of the novel subgroups identified diabetics
patients showing a higher CV risk score. In addition, the results obtained are compared
with existing clustering algorithms, showing that pheTDA obtains better performance when
compared to spectral decomposition followed by k-means.

The entire pipeline is built with open-source Python libraries and publicly available at
https://github.com/Sep905/pheTDA.

3.2 Materials and methods

3.2.1 Patients’ cohort identification for INTESTRAT-CAD

The study population consists of n = 725 adult subjects enrolled for the Epifania trial. Each
patient is associated with a CAD label assigned by the physicians to the CCTA images,
based on the amount of atherosclerosis of the coronary that presents the biggest stenosis.
This label assignment is performed according to the Coronary Artery Disease-Reporting and
Data System (CAD-RADS), that standardize the way the results of a CCTA assigned [49].
The study cohort comprises patients without coronary atherosclerosis (0% degree), patients

with sub-obstructive coronary stenosis (1 < degree < 69 %) and patients with obstructive
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coronary atherosclerosis (> 70% degree). The initial phenotypes ® is defined as NOATH,
indicating the patients without coronary stenosis, and ATH, for those patients with 1% or
more coronary stenosis degree.

Clinical variables are considered for each patient, including medical history (risk factors,
family history, comorbidities, symptoms, and drug consumption), examinations (laboratory
and instrumental tests) and drug prescriptions. A total of 77 clinical variables, discarding
those with at least 10% of missing values are considered. Clinical characteristics of the
patients’ cohort are reported separately for NOATH and ATH patients, with statistical
significance resulting from testing their difference between the initial phenotype in Table
3.1.

Table 3.1: Patients’ characteristics divided according to the CAD class. Continue vari-
ables are reported as mean (standard deviation) and categorical variables as relative fre-
quency (percentage). Chi-squared/Fisher’s exact test or t-test/Mann-Whitney test are used
to assess significant difference between the groups for categorical and continuous variables,
respectively. P-values are reported in bold if statistically significant (< 0.05).

Variable name NOATH (n=287) ATH (n=438) P-value

Sex, Male 141 (54.4%) 359 (77.4%)  <0.001
Family history of cerebrovascular disease 58 (22.7%) 113 (24.8%) 0.594
Family history of cardiovascular disease 123 (48.4%) 248 (54.0%) 0.175
Age, years 54.94 (10.49) 62.16 (9.62) <0.001
Height, cm 170.82 (9.77) 173.35 (9.13)  0.001
Weight, kg 73.60 (14.34) 80.81 (15.08) <0.001
Body Mass Index (BMI), kg/m2 25.10 (3.64) 26.82 (4.24) <0.001
Smoking habits
- Never smoked 159 (61.4%) 230 (49.6%) <0.001
- Former-smoker 74 (28.6%) 137 (29.5%) '
- Current smoker 26 (10.0%) 97 (20.9%)
Smoking daily quantity, cig/day
- <10 198 . 2 .

< (76.5%) 78 (599%) o o1
- [11-20] 25 (9.7%) 84 (18.1%)
- >20 36 (13.9%) 102 (22.0%)
Physical activity frequency
- Sedentary 32 (12.4%) 113 (24.4%)
- Occasionally active 134 (51.7%) 215 (46.5%) <0.001
- Active 72 (27.8%) 116 (25.1%)
- Very active 21 (8.1%) 20 (4.3%)
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Variable name NOATH (n=287) ATH (n=438) P-value
Hypertension 95 (36.7%) 271 (58.5%) <0.001
Diabetes mellitus 9 (3.5%) 53 (11.4%) <0.001
Hypercholesterolemia 120 (46.5%) 272 (58.9%) 0.002
Peripheral artery disease 7 (2.9%) 37 (8.5%) 0.008
Anaemia 15 (5.8%) 12 (2.6%) 0.050
Chronic Kidney Disease (CKD) 0 (0.0%) 4 (0.9%) 0.329
Thrombophilia 4 (1.6%) 9 (2.0%) 0.931
Angina pectoris 38 (22.8%) 85 (29.5%) 0.146
Arrhythmias 58 (34.9%) 92 (31.8%) 0.565
Atypical chest pain 72 (43.1%) 88 (30.7%) 0.010
Non-cardiac chest pain 24 (14.5%) 32 (11.2%) 0.385
Systolic Blood Pressure (BP), mmHg 137.81 (17.57) 143.96 (18.78)  <0.001
Diastolic Blood Pressure (BP), mmHg 81.17 (10.55) 82.93 (11.14) 0.039
Heart Rate, bpm 72.25 (12.85) 71.06 (12.87) 0.237
Abdominal Circumference, cm 90.61 (12.43) 08.43 (13.85) <0.001
Pelvis Circumference, cm 97.39 (11.46) 102.49 (10.98)  <0.001
Oxygen Saturation, % 98.10 (1.40) 97.34 (1.65) <0.001
Years as a Smoker, years 8.80 (12.35) 13.79 (15.26) <0.001
Leukocytes, 10~3 /4L 7.48 (1.87) 7.82 (1.84) 0.017
Erythrocytes, 1076 /uL 4.86 (0.48) 4.89 (0.46) 0.445
Haemoglobin, g/dL 14.26 (1.42) 14.62 (1.31) <0.001
Haematocrit, % 41.68 (3.68) 42.59 (3.46) 0.001
Mean Corpuscular Volume (MCV), {L 86.09 (5.86) 87.24 (6.27) 0.016
Mean Corpuscular Hemoglobin (MCH), pg 29.45 (2.36) 30.15 (3.64) 0.005
Z{ZZI;ISTI;Z?IM Hemoglobin Concentration 34.18 (1.08) 34.33 (1.03) 0.066
Red Cell distribution Width (RDW), % 13.01 (1.17) 13.08 (0.99) 0.418
Platelets, 103 /uL 240.18 (60.51) 233.17 (57.52)  0.124
Mean platelet volume (MPV), fL 10.47 (2.77) 10.89 (8.22) 0.421
Neutrophils, % 60.89 (11.61) 60.89 (9.81) 0.997
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Variable name NOATH (n=287) ATH (n=438) P-value
Lymphocytes, % 29.80 (9.57) 29.07 (8.29) 0.283
Monocytes, % 6.99 (2.40) 7.61 (2.24) <0.001
Eosinophils, % 1.92 (4.62) 1.89 (1.45) 0.913
Basophils, 1073 /4L 0.78 (5.70) 0.50 (0.64) 0.281
Neutrophils, 1073 /4L 4.64 (1.82) 4.83 (1.69) 0.157
Lymphocytes, 1072 /uL 2.16 (0.76) 2.22 (0.73) 0.287
Monocytes, 1073 /uL 0.51 (0.19) 0.58 (0.20) <0.001
Eosinophils, 1073 /uL 0.14 (0.32) 0.15 (0.12) 0.625
Basophils, % 0.05 (0.27) 0.04 (0.05) 0.437
Blood sugar, mg/dL 99.82 (19.90) 104.35 (25.76) 0.015
Uric acid, mg/dL 4.91 (1.38) 5.37 (1.24) <0.001
Gamma-Glutamil Transferasi (GGT), U/L 26.59 (18.12) 34.96 (27.01) <0.001
Total bilirubin, mg/dL 1.74 (15.44) 0.70 (0.37) 0.154
high sensitivity Troponin I (hsTnl), pug/L 7.80 (58.52) 4.73 (8.92) 0.270
Triglycerides, mg/dL 94.83 (50.21) 108.18 (60.06)  0.003
Total cholesterol, mg/dL 195.99 (39.88) 194.65 (34.77)  0.637
High-Density Lipoprotein (HDL) cholesterol, 62.83 (17.20) 57.30 (14.87) <0.001
mg/dL

fggﬁengity Lipoproteins (LDL) cholesterol, 120.13 (69.62) 115.60 (30.45)  0.228
C-reactive protein (CRP), mg/dL 1.88 (5.23) 2.17 (4.19) 0.429
High-sensitivity C-reactive protein (hs-CRP), 2.05 (5.65) 2.49 (5.72) 0.321
mg/dL

Hemoglobin (Hb)Alc - IFCC, mmol /mol 36.67 (5.09) 30.45 (7.49)  <0.001
Hemoglobin (Hb)Alc - DCCT, % 5.49 (0.53) 5.76 (0.69) <0.001
Statins 41 (15.8%) 154 (33.2%) <0.001
New Oral Anticoagulants (NOA) 6 (2.3%) 20 (4.3%) 0.241
Beta blockers 71 (27.4%) 150 (32.3%) 0.197
Angiotensin-converting enzyme(ACE) Inhibitors 43 (16.6%) 93 (20.0%) 0.300
Sartans 34 (13.1%) 126 (27.2%) <0.001
Diuretics 26 (10.0%) 76 (16.4%) 0.025
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Variable name NOATH (n=287) ATH (n=438) P-value
Nitrates 3 (1.2%) 4 (0.9%) 1.000
Calcium antagonist 16 (6.2%) 70 (15.1%) 0.001
Warfarin 0 (0.0%) 5 (1.1%) 0.227
Acetylsalicylic acid (ASA) 38 (14.7%) 142 (30.6%) <0.001
Clopidogrel 0 (0.0%) 12 (2.6%) 0.021
Hypoglycemics 7 (2.7%) 47 (10.1%) <0.001
Insulin 2 (0.8%) 11 (2.4%) 0.208
Anxiolytic/ Antidepressant 18 (6.9%) 40 (8.6%) 0.516
n-3 PolyUnsaturated Fatty Acids (PUFA) 4 (1.5%) 9 (1.9%) 0.927
Ezetimibe 6 (2.3%) 20 (4.3%) 0.241

The ATH group shows significantly higher proportion of male patients, and higher mean
age, when compared to the NOATH patients. As expected, the ATH groups shows higher
mean traditional risk factors such as BMI, blood pressure, and pelvis and abdominal cir-
cumference, and higher proportion of comorbidities such as hypertension, diabetes mellitus,
hypercholesterolaemia. Considering the lab values, the ATH patients reported an higher
mean values for haematocrit, MCV, MCH, blood sugar, uric acid, GGT, triglycerides and
a lower mean HDL. Lastly, ATH patients have an higher proportion of prescriptions for

sartans, diuretics, calcium agonist, ASA, and hypoglycemics.

3.2.2 Experimental setting and pheTDA framework overview

The computational framework implemented in pheTDA and reported in Figure 3.1, is
adopted to discover novel subgroups ®' of CAD patients, giving in input the initial groups
¢ = {NOATH, ATH} and the dataset of clinical features.

The framework comprises a step of semi-supervised TDA, where a topological graph is cre-
ated from the input dataset and an initial phenotypic definition, and a step of computational
phenotyping, that introduces a new stratification in the population while characterizing the
new subgroups according to the most discriminative features with predictive models. The
framework is described in detail in the following sections, followed by the patients’ cohort
description.

The dataset is splitted into training and test set (70/30 %), using stratified sampling

according to the prevalence of ®. Missing values are imputed with the missForest R package
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Semi-supervised Topological Data Analysis

& X e RF D € R

G (V,€)

ﬁ
Computational phenotyping

G (V,©) G (V,8)=1{5,53, ..., P(®' = ¢'|X) X4 CX

ﬁ % -
—
. features

Figure 3.1: PheTDA consists of two main components. The first reported on top, is a
semi-supervised TDA pipeline that takes as input a tabular patient dataset and a clinical
phenotype ®. It computes a squared distance matrix, projects it into R? space using a lens
function, covers the projection with overlapping bins, and applies clustering within each bin
intersection. The second component reported in the lower part of the figure, deals with
computational phenotyping, which starts from the topological graph produced by Mapper
G(V,€). A community detection it is used to partition the graph and to generate a new
stratification ®’. These subgroups are then characterized by key features extracted from a
one-vs-rest predictive model.

=

importance

[202] and for each patient the sex-specific 10-year cardiovascular risk of occurrence of the
first major cardiovascular event (e.g. myocardial infarction) is computed by using the score
developed by the CUORE project [156]. Note that the CV risk score is not used as input
variable in the pipeline, but for the evaluation of the subgroups identified.

The pheTDA pipeline is employed on the training set to performs hyperparameters tun-
ing, and then applied on the test set to reassign each patient to a novel ®'. We compared
the new partition with standard clustering methods, by evaluating the Calinski-Harabasz
index [31], defined as the ratio between the sum of the inter-cluster dispersion and the sum

of intra-cluster dispersion.

3.2.3 TDA Mapper semi-supervised hyper-parameters tuning

The input is defined as a tabular patients’ dataset X € R™ ¥ representing a study population
of n patients, each represented by F' clinical variables. Each patient is also associated to
a label ® = {«, 3, ...,7}, representing an initial, clinically defined, patient’s subgroup, e.g.
low-risk (), medium-risk (5) and high-risk () patients, and defining the initial subgroups
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vector ¢ € R"™.

The tool encodes categorical variables with dummy ones and scales numerical variables
in the [0,1] range. According to the features’ type, the tool chooses the proper distance
metric. In case of only numerical variables the cosine distance is used, while in case of
only categorical variables, the Jaccard coefficient is used as distance metric. Since many
biomedical datasets are constituted both by categorical and numerical features, pheTDA
allows to use the Gower distance [81], to compute the patient distance matrix D € R™*™.

Gower distance is defined for a pair of example x; and x; as:

r d
g = 2ok Sk digr

ij il )
> k1 Sijk

with s;;; the indicator function that is 1 if feature k-th is non-missing for both the samples

(3.1)

and 0 otherwise, and d;;;, the distance for feature k-th between the observations x; and x;.
This distance is computed as normalized difference if the feature is numerical, as 0 or 1 if
the feature is categorical and has the same or different value, respectively, in the samples.
Note that in case of ordinal variable, the values are first ranked and then treated as numeric.

After distance computation, the tools executes the TDA Mapper algorithm implemented
in the KeplerMapper package [218]. TDA Mapper requires the choose of a lens function
faist, the value of the resolution r and gain g hyper-parameters, which define the number of
bins and the bins overlap percentage, respectively, and a clustering method C'. Both the lens
function and the clustering method can have additional hyper-parameters, denoted by fy and
Cy, respectively. phe TDA defines the set of the Mapper’s hyper-parameters as 6 = f,r, g, C
and the set of their relative hyperparameters with 6 = {fy, Cp}.

The tuning of these hyper-parameters is guided by a two-step grid search. The first
step involves a grid search over a set of input lens functions, to tune their hyperparameters
fo. The value of the resolution and gain hyper-parameters and the clustering method are
kept constant. The tool, chooses the lens and its hyper-parameters that minimize the graph
entropy H(G), defined as:

H(G) = Z£1f(vi)fvi|
> izt il

in which node entropy H(v;) is computed for each node v; of size |v;|, with respect to the

, (3.2)

proportion of the initial phenotypic label P(v;) and reported as follows:

H(v;) = — ' P(v;)logy P(v;), (3.3)
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with ¢ the number of initial phenotypes. Note that the choice of this heuristic allows to
obtain a graph in which the nodes are predominantly characterised by individuals belonging
to one of the two initials phenotypes.

pheTDA allows the choice of different manifold learning methods as lens, which im-
plementation is taken from publicly available python packages [160]: from simple projection
function such as PCA, MDS, and Isomap, to more complex algorithm such as t-SNE, UMAP
and parametric UMAP. For parametric UMAP, two functions are implemented through Ten-
sorFlow Python package, UMAPnn and UMAPae, which use encoder and autoencoder neural
network structures respectively, to parameterize the optimization step performed by UMAP.
In addition, pheTDA allows to use biological lens, i.e., a user-defined function that is relevant
for the task of interest, that is combine with Euclidean distance to form 2D projections.

The second step of grid search is performed on the TDA Mapper hyperparameters 7,
g, C' and its possible hyper-parameters Cy i.e. to choose resolution, gain and clustering
method. Specifically, for clustering method phe TDA tried many algorithms from the scikit-
learn Python package [160], such as different hierarchical clustering, Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) [64], and spectral clustering. The optimal
combination is based on the evaluation of graph statistics, such as the nodes’ size and node’s
degree distribution since it is relevant to obtain a dense and connected graph in which nodes
hardly represent individual patients.

After these steps pheTDA projects the distances in a lower dimensional space Z € R2,
divides the projection space in a series of overlapping bins in which subsequently performs
the clustering step, by using the grid steps results. Each cluster will constitute a node v € V
in the final graph representation G = (V, ), while an edge e € £ expresses that two nodes

share at least one sample.

3.2.4 Computational phenotyping with community detection and

predictive models

PheTDA identified communities {5y, Sa, ..., Sy} in G through the use of a community’s de-
tection algorithm. The tool allows the user to choose from one of the proposed algorithms
implemented in NetworkX python package [86]: Girvan Newman algorithm, modularity
optimization-based such as Greedy Modularity Optimization and Louvain methods. Note
that for Louvain method the default value of its resolution parameters from the NetworkX
implementation is used.

While the algorithm identifies a set of communities from the graph nodes, one patient

can appear in more than one node in the graph. In this situation, these patients are assigned
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to the community that appears most frequently in the nodes which they are associated to,
i.e. the majority community. If a patient appears in a set of nodes that does not lead to a
majority community, e.g. a patient appears in two nodes, each associated with a different
community, the patient is assigned to the community belonging to the nodes with the largest
size.

After having introduced in the patients’ population the new stratification & = {«/, ', 7'},
the framework employs a ML model in a one-vs-rest binary classification setting, in predict-
ing for each patient n—th the probability to belong to each subtype ¢’ —th, given the patient
feature X,,_s,, defined by P(®" = ¢'|X). In this way, pheTDA learns the predictive mod-
els’ parameters used to discover the most discriminative features X, C X, for each novel
subgroups in ®’. To fully leverage the visualization strength of the Mapper algorithm, it is
possible to use pheTDA to enrich the topology graph obtained, with the most discriminative
variables for each community.

pheTDA allows to choose from Elastic Net (EN) [252], RF [25] and eXtreme Gradient
Boosting (XGB) [39], that are all models that inherently perform feature selection and allow
to inspect feature importance. ML model hyper-parameters are tuned, by maximizing the
mean Area Under the Receiver Operating Characteristic curve (AUROC), with a grid search
using K-cross validation, in which K is a user-selected parameter. The the ML model with

the optimal combination of hyper-parameters is trained on the entire dataset.

3.3 Results

3.3.1 Tune Mapper hyper-parameters with the initial phenotype

The training set composed of patients’ clinical variables and their initial phenotype is given
in input to the pheTDA pipeline. In particular, five different lens function f are tried on
the first step of the grid search, reported in Table 3.2 along with their hyperparameters
fo and related values. The values in bold identify the best hyper-parameters combination,
i.e., the one that leads to the lowest graph entropy H(G). In this phase the Mapper hyper-
parameters are kept fixed, in particular resolution and gain values are 18 and 0.5, respectively,
and hierarchical agglomerative cluster with complete linkage is used as clustering method.
UMAP is chosen, with minimum distance = 0.9 and n° of neighbours = 50 since it leads
to the lowest graph entropy of 0.657, and used as input for the second step of the grid search.
In addition, pheTDA assists the choice of the lens function by reporting additional plots,
some of which are reported in Figure 3.2. For example, the 2D projections obtained for each

lens can be inspected and coloured according to the initial CAD phenotype (Figure 3.2A).
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Lens function (f) Hyper-parameters (6')

Grid search values

Graph entropy H(g)

PCA
t-SNE

UMAP

UMAP
autoencoder
UMAP
encoder

learning rate
perplexity

minimum distance

n° of neighbours
first hidden layer size
n° of hidden layers
hidden layers size
n° of hidden layers

[5, 10, 25, 50, 120, 150, 200]

[300, 600, 900]
[15, 25, 35, 45]
0.25, 0.5, 0.75, 0.9]

3, 4]

[200, 400]

3, 5]

[
(100, 200]

0.745
0.682

0.657

0.703

0.713

Table 3.2: Results from the first step of the grid search. Each row reports a lens function f
tested, with its hyper-parameters and their values, and the minimum graph entropy obtained
for the best combination, highlighted in bold.
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Figure 3.2: Scatterplot of the 2D projections coloured according to the initial CAD pheno-
type, for the five lenses tested (A); graph statistics plots coloured for the lens and resulting
from the first step(B); graph statistics and Mapper hyper-parameters plots, for each cluster-
ing method tested (C), and the value chosen is highlighted with a red circle. Note that the
grey dashed-line box reported in (B) and (C) indicates the ranges of graph statistics looked
when choosing the lens function.
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By inspecting graph statistics Figure 3.2B, it is possible to observe in the grey dashed-line
boxes, that UMAP projections lead almost always to a topological graph with the highest
number of nodes, nodes mean size and degree, number of edges and lower graph density.

After the second step of the grid search, the Mapper hyper-parameters are tuned and
the following values are chosen: resolution = 18, gain = 0.5 and DBSCAN as clustering
algorithm, with epsilon = 0.5 and minimum samples = 2. Again, phe TDA allows to inspect
the grid search outputs, by plotting graph statistics vs the values of the Mapper hyper-
parameters. Figure 3.2C reports these results, from which it is possible to observe that
DBSCAN leads to the lowest number of nodes but to the highest mean size, while resolution
= 18 keep a balance between the previous metrics and the nodes mean degree. In addition,
increasing the gain value makes the average degree increases as well, and decreasing the
resolution value increases the number of the nodes while decreases the mean nodes size.

The training set projected in two dimensions with the UMAP lens and the tuned hyper-
parameters, divided by CAD group, is presented in Figure 3.3A. This configuration of Mapper
hyper-parameters leads to a connected graph, with a mean degree size and node size of 6.9
and 7.2, respectively. The graph is composed by 275 nodes and 1535 edges and is showed in
Figure 3.3B.
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Figure 3.3: Training set 2D projections obtained with UMAP after the first step of the grid
search, coloured by CAD class (A); Patients graph generated after the second step of the
Mapper parameters grid search (B)

3.3.2 pheTDA identifies communities and characterize them with

the most discriminative features

The community detection method used is the Greedy Modularity Optimization algorithm,
identifying five subgroups &' = {«/, 5’,7/, ', €'}. These are reported in Figure 3.4A, where the
topological graph is partitioned according to ®’, coloured by the proportion of the ATH class.
In addition, the Sankey diagram presented in Figure Figure 3.4B shows the composition of the

patients in the training set according to the CAD class and the new subgroups stratification
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®’. Subgroups 7/ and €’ show higher prevalence of ATH patients, while subgroup ¢’ is mainly
composed of NOATH patients. Subgroup o’ is only composed of ATH patients.

1.0 B)

ATH

S
Proportion of ATH class

NOATH

0.0

Figure 3.4: Mapper graph partitioned with the communities identified after the application
of the community detection algorithm, coloured by the proportion of ATH class (A); Sankey
diagram showing the stratification of the new phenotypes &' (B).

4 ’

Model Hyperparameters and values a B’ ~ &’ e’

A1 = [0.25, 0.5, 0.75]

A2 = [0.001, 0.01, 0.1, 1, 10]
max. tree depth = [1, 3, 5]

min. samples to split = [2, 5, 10]
min. samples in a leaf = [1, 5]

n° of estimators = [100, 200, 300]
gamma = [0, 0.1, 0.2, 0.3]
learning rate = [0.1, 0.25, 0.5]
max. depth = [1, 3, 5]

n° of estimators = [100, 200, 300]

EN 0.97+0.02  0.97+0.02 0.99+0.01 0.98+0.01 0.97+0.02

RF 0.98+0.01 0.95+0.01 0.99+0.01 0.96+0.01 0.97+0.04

XGB 0.9740.02 0.96+0.02  0.99+0.01 0.97£0.01 0.9540.03

Table 3.3: Results from the computational phenotyping step. Classifier models trained using
a one-vs-rest binary classification task with 10-fold cross validation, to predict the patient’s
membership to each subgroup. For each model, the hyperparameters tuned, the range and
the best score (mean and + AUC), obtained for each subgroup (in bold if the higher for the
subgroup), are reported.

After having identified communities of nodes, these are assigned to the patients in the
dataset, and prediction models are trained in a one-vs-rest binary classification tasks, while
tuning their hyper-parameters for each tasks by adopting 10-fold cross validation and a
grid search. The ML models trained, along with the hyper-parameters tried during the
grid search, and the validation set meandstd AUC are reported in Table 3.3. EN logistic
regression is the model achieving the highest value of AUC, and is retrained on the entire
training set. The features that presented an importance coefficient different that zero for
each subgroups are reported in the bar plot in Figure 3.5A, along with the hyper-parameters
used for the EN trained model.
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Figure 3.5: Bar plot showing the discriminative features with importance score # 0 from the
trained EN models (A); topological graph enrichment by colouring the communities with the
proportion or the mean of their most discriminative features, for categorical or numerical
variables, respectively (B).

The most relevant feature for subgroup o’ is hypoglycaemia, since it includes the ma-
jority of the patients affected with diabetes. These patients show also the highest CUORE
CV risk score (0.34), compared to the other subgroup. The smoking habits is the most
important feature for the subgroup ', reflecting that the subgroup is prevalently composed
of smokers or former-smokers. In addition, the second most discriminative features for 3’
is hypercholesterolaemia and diastolic blood pressure. The +' subgroup is characterized by
the hypertension variable and the prescription of ACE inhibitors, and shows a medium risk
score. Male patients are predominantly, along with cardiovascular symptoms such as atypical
chest pain and angina pectoris in ¢’. Lastly patients in subgroup € are the ones prevalently
treated with anti-cholesterolemics and statins, since showing a relevant importance of the

hypercholesterolaemia while doing physical activity with a low frequency.
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By fully leveraing the Mapper algorithm characteristics, the most discriminative features
can be inspected by enriching the topological graph, i.e. by colouring the graph obtained
according to the variables value. In particular, Figure 3.5B reports the TDA enrichment for
some of the most important feature for the new subgroups.

Lastly, the inference capability of pheTDA are inspected, by applying the trained predic-
tion model on the test set. In particular, each EN trained models, i.e. there are 5 models,
one for each new subgroups, is used to infer the probability for each patient in the test set to
belong to the respective subgroups. The subgroups with the highest probability is assigned
to the patient. The stratification obtained on the test set is compared with agglomerative
clustering and spectral decomposition followed by k-means, i.e. spectral clustering. pheTDA
shows a higher Calinski-Harabasz index (6.14) when compared to spectral clustering (0.59),
and a lower score when compared to agglomerative clustering with complete linkage (14.1).
The same conclusion can be obtained by first applying the UMAP projection lens, with the
optimal combination of parameters found in the first step of the grid search, and then by

performing the clustering step.

3.4 Discussion

In Aim 1 it is presented a TDA-based framework to define novel patients’ subgroups, given
a dataset of clinical features and the initial clinical phenotypic definition of the patients.
This former is used as pre-existing medical knowledge for performing the task of computa-
tional phenotyping in a semi-supervised way, guiding the choice of the TDA Mapper hyper-
parameters. With pheTDA five five novel subgroups of CAD patients are identified. The
smaller subgroup consists only of ATH patients who represent a subpopulation with dia-
betes and the highest cardiovascular risk. The other subgroups are more heterogeneous with
respect to the proportion of CAD class, but through pheTDA framework, the most discrim-
inating variables for each subgroup are discovered. In addition, when pheTDA is applied on
an external test set introduces a more robust partition when compared to spectral clustering.

In the future, pheTDA will be used to investigate how the newly introduced stratification
impacts cardiac event prediction. Since at the time of the writing, the INTESTRAT-CAD
project was still ongoing, it was not possible to record the presence or absence of cardiac
event in patients enrolled. In fact, a limitation of this study is that the dataset is splitted into
training and test sets, in order to be able to apply what learned from data and pre-existing
medical knowledge on an external dataset. Instead, with the follow-ups provided by the
study at hand, the possible steps could be to study how the new stratification, assigned to

the baseline visit, is characterised over time, i.e. investigate the trajectories of the patients,
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e.g. with survival analysis. In addition, TDA suitable method to discover patient trajectories
by using data from multiple time points can be investigated [51].

A possible improvement for the pheTDA framework could be the inclusion of more effi-
cient mechanism for hyper-parameters optimization. For example, Optuna python package
[5] implements different optimization algorithm, also belonging to the Bayesian optimization
methods, and can be easily integrated in the pipeline. The optimization can be performed
on different metrics, i.e. multi-objective optimization, through Pareto Optimization [148],
by considering to minimize the graph entropy and the fraction of disconnected nodes (to
obtain a connected graph), and to maximize a metric that evaluated the final stratification
introduced in the population, such as the Silhouette Coefficient [184].

Considering that most of the projection lens starts from a random seed, and possibly
can lead to different projections, that in turn could results in a different topological graph, a
possible future investigations could focus on the stability of the entire pipeline. For example,
Fitzpatrick et al. [69] use ensemble learning, and particularly their consider to aggregate with
a co-occurrence matrix of patients-nodes, many Mapper graphs resulting from the application
of several lenses, each view as as a signal detected from the dataset. This study is similar
to the application proposed of Aligned-UMAP [50], and makes more stable the application
of Mapper; however, it does not address the stability of the Mapper algorithm. This can
be evaluated by trying different random seed, and quantifying how much the outputs differ
from each other, i.e. the consistency or frustration of the clustering results, with specific
metric such as element-centric consistency (ECC) based on PageRank [75].

Lastly, the interpretation of the pheTDA outputs could be enhanced by adopting node-
level metrics. These measures can be used to assess the centrality of the nodes in the
topological graph, in order to characterize the role of the nodes that acts as bridges between
communities [226], which in turn contains patients that are across two subgroups, revealing
how the phenotypes are related. In addition, centrality measure can be considered when
introducing the new stratification, identifying the most important nodes to which a patients

is assigned, if he/she appears in more than one node.
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Chapter 4

Combining Clinical and Gene Variables
via Knowledge Graph Embedding for

Coronary Artery Stenosis Prediction

4.1 Introduction

Risk stratification of coronary artery disease (CAD) is usually accomplished using a set of
well-defined clinical risk factors [156, 193]. While traditional risk models remains important,
established clinical risk factors for CV disease account for only 50-75% of the variation in
major adverse cardiovascular events (MACE) [106]. Notably, around 15-20 % of patients
who suffer a myocardial infarction present with just one or two of these risk factors and are
not flagged as “at risk” by current predictive models [108]. Considering that CV diseases are
largely preventable and can initially present as a fatal event, developing improved strategies
to predict risk beyond conventional factors is essential for public health.

The identification of omics biomarkers, for example from RNA-seq, gives a notable ob-
jective for developing strategies for diagnosis of CAD, since these are related to the injured
tissue [146]. Specifically, peripheral blood gene expression profiling can be used to inves-
tigate disease-specific states, study inflammatory responses, and identify biomarkers that
reflect the disease severity and activity [103]. Although many new biomarkers have been
associated with increased CV risk, few have been rigorously shown to improve upon current
risk stratification algorithms by more than a modest margin [77], suggesting that different
kind of biomarker should be evaluated and combined.

Recently, predictive models based on ML have been proposed to improve the accuracy

of CAD risk prediction. Different approaches can be found in literature, ranging from auto-
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mated ML [6] to neural networks [201], using longitudinal data [246] or bigger dataset such
as the UK Biobank [3]. Ideally, these methods combine multimodal information sourced
from clinical, laboratory, and omics-based data streams.

However, previous works approach the prediction task with classical data-driven method,
trying to identifying set of biomarker from large cohort. When dealing with a study popu-
lation with a relatively small size, leveraging the pre-existing knowledge behind the dataset
variables can alleviate the sample size problem. GRL methods are particularly promising
for this purpose [62], integrating data-driven approaches with prior biomedical knowledge
[121, 104]. Additionally, the increasing availability in medical informatics of biomedical
KB harmonized in KG data structure is in favor of adopting an hybrid approach for CAD
prediction and risk stratification in precision medicine.

In Aim 2, the hypothesis is that KGs can help predictive models when different sources
of biomedical features are used in input. For this purpose, the experiments in this study
focused on the use of PrimeKG [35], a KG proposed for precision medicine that integrates 20
different biomedical knowledge resources, with the objective of CAS severity prediction for a
population of patients from the Epifania trial. In particular, CAS is divided by formulating
three different tasks: prediction of mild coronary stenosis (CAS > 25 %), prediction of
moderated coronary stenosis (CAS > 50 %) and prediction of severe coronary stenosis (CAS
> 70 %).

First, GRL methods suitable for KG, i.e., the Knowledge Graph Embedding (KGE)
model, are employed to learn PrimeKG embeddings, and the model with the highest perfo-
mance on the KG completion task is selected. Then, the patients’ clinical and gene expression
variables are mapped to PrimeKG nodes, in order to contextualize the patients’ data with
structure medical knowledge, by representing each patient by a combination of KG entities
embeddings. Finally, ML classifiers are used to assess the potential predictive power of this
knowledge-enriched representation, compared in single-modality settings by using clinical
and RNA-seq variables alone, and in multi-modality settings by concatenating the variables.
Results shows that: i) the strategy to combining multimodal data generally leads to higher
perfomance when compared to the single-modality setting; ii) using KGE embedding to com-
bine the patients variables, achieves better discriminative and calibration performance when
compared with classical data-driven techniques.

The code is publicly available and can be found in the following repository: https:
//github.com/Sep905/ClinGen_viakKG.
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4.2 Materials and Methods

Figure 4.1 reports the workflow for the study. First clinical variables and RNA-seq are
preprocessed separately and used to train and evaluate the ML model on 10-fold nested
cross-validation. These single-source experiments are highlighted by a red and a green arrow,
for clinical variables and RNA-seq, respectively. In addition, ML models are trained with the
concatenation of the preprocessed variables, as indicated by the dashed blue arrow. Lastly,
starting from PrimeKG, first KG representation is learned through KGE models, then each
patient’s variables is mapped to PrimeKG nodes to represent the he/she as a combination
of KGE, and lastly ML model are trained again in multi-modality settings (reported by the

solid blue arrow).

Clinical variables RNA-seq PrimeKG

! l

Preprocessing: !

Preprocessing: . o
filtering for missingness fil‘re} for counts . KG embedding
» data imputation (training) " vt transformation
P g *  DGE analysis (training)
Clinical + DGE Variables
variables i mapping

v

> 10-fold nested cross validation <
« inner loop (hyperparameters tuning)
= outer loop (model evaluation)

Figure 4.1: Workflow of the study, with arrow coloured by type of experiments: red and green
represent the single-modality experiments with clinical variables and RNA-seq, respectively,
blue-dashed indicates the concatenation of clinical variables and RNA-seq, while blue-solid
the combination of the variables with Knowledge Graph Embedding

4.2.1 Patients’ cohort identification and data preprocessing

The study cohort consists of 723 adult subjects from the Epifania trail. Since the study
is performed after the one in Aim 1, the cohort is slightly different, considering that some
patients patients withdrew consent to use their data in the study. However, the initial CAD
phenotype is identified by the percentage of CAS, which distribution is reported in Figure

4.2, for male and female patients separately.
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Figure 4.2: Coronary Artery Stenosis (CAS) percentage for the patients’ cohort considered,
divided according to the sex. While female patients are higher for the lowest value of CAS,
as documented in literature CAD is more prevalent in male subjects, that show an higher
prevalence for CAS > 10%.

Additional clinical variables are considered in the dataset:

e a more detailed medical history, for which previous conditions reported by the patients
are mapped and grouped by using the first 3 digits of the International Classification
of Diseases, Ninth Revision (ICD-9) codes;

e questionnaires such as the PREDIMED [129], used to assess the adherence to the
Mediterranean diet, the Functional Social Support Questionnaire (FSSQ) [26] that
measures the perception of a person to the functional support he/she has, and the

Patient Healt Questionnaire (PHQ-9) [114] used to measure the depression severity;

e socio-economic variables, such as the level of education, marital status and the type of

work.

To constitute the study datasets the clinical variables that show a percentage of missing
values < 5% are considered (missForest is used to input the remaining missing values from
the training set), resulting in 102 clinical variables, and the matrix of the gene expression
obtained after aligning the raw counts against the GRCh38 (hg38) human genome, resulting
in a gene expression matrix of raw counts containing 60583 transcripts.

The following data preprocessing is performed (as reported in Section 4.2.4, these steps
are performed only on the training set): categorical variables are encoded as one-hot vari-
ables, numerical variables are standardized by removing the mean and dividing by the stan-
dard deviation, and gene expression variables are preprocessed with DaMiRseq [43]. Specifi-

cally, the preprocessing steps include gene filtering, by keeping the ones with a minimum raw
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count of 10 for at least 80% of the dataset, applying Variance Stabilizing Transformation
(VST), finding and correcting for batch effects by including sex and technical variables, and
identifying Differential Expressed Genes (DEGs) that pass the average fold-change (FC) cut
off [FC| > 0.5 and adjusted p-value < 0.05

4.2.2 Learn PrimeKG embedding with Knowldge Graph Embed-

ding models

KGE model Hyper-parameters Grid search values
Loss Margin Ranking Loss
loss margin [0, 3]
Transk regularization [A1, A2]
learning rate [0.01,0.0001]
Loss Binary cross entropy loss
learning rate [0.01,0.0001]
ConvE feature map dropout  [0,0.1,0.2,0.3,0.4,0.5]
v input dropout rate [0,0.1,0.2,0.3,0.4,0.5]
output channels (16, 32, 64]
output dropouts [0,0.1,0.2,0.3,0.4,0.5]
Loss Margin Ranking Loss
. loss margin [0, 3]
DistMult regularizer weight [0.1,1]
learning rate [0.01,0.0001]
Loss Softplus
ComplEX learning rate [0.01,0.0001]
Loss Margin Ranking Loss
RotatE loss margin [0, 3]

learning rate

[0.01,0.0001]

Table 4.1: Knowledge Graph Embedding models implemented in PyKEEN and used to learn
PrimeKG embeddings. For each model the hyper-parameters and their values tuned on the
validation set are reported.

In this Aim, PrimeKG, a precision medicine-oriented KG, is used as the resource of
structure medical knowledge. This KG contains 10 distinct types of nodes, that represent
biomedical entities, such as ‘disease’, ‘gene/protein’, and ‘drug’, and 33 edge types, indicating
existing knowledge between the entities, belonging to various scales of biological interactions,
such as, ‘disease’ ‘is associated with’ ‘gene/protein’ and ‘drug’ ‘targets’ ‘gene/protein’.

PrimeKG embedding are learned by training and comparing different KGE models [23,
205, 216, 239, 55, by using the PyKEEN Python library [8]. First, PrimeKG triplets (n =
8,100,498) are splitted in 80/10/10 % to create a training, validation and test set of positive
triples. Second, according to the PyKEEN default strategy, the model hyper-parameters

are optimized with a 10-run random search (KGE models hyper-parameters are reported in
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Table 4.1). Each configuration is trained on the training set by keeping the following hyper-
parameter values fixed: embedding dimension = 200, training batch size = 1024, evaluation
batch size = 64, number of negative of training triple for positive triple = 1, number of max
epochs = 100, and Adam as optimizer [111].

Note that the evaluation batch size is lower than the training batch size due to the
computational limitation of the evaluation protocol. During the evaluation, each triple in
a minibatch is corrupted by removing the head, which is replaced with each of the entities
in the dictionary in turn (the entities used during the training are excluded), and then
corrupted by removing the tail by repeating the process. For each corrupted version a score
of dissimilarity is computed to create a list of ranked scores in ascending order. From these,
the mean of the reciprocal rank (MRR), which indicates the inverse of the rank for the first
correct answer, and the Hitsk, which expresses the percentage of times that a correct answer

is at the top-k position in the raked list, are adopted.

4.2.3 Variables mapping to PrimeKG nodes

The dataset variables are manually mapped to PrimeKG nodes, without using imputation
strategy, first according to the node types to directly exploit the intrinsic meaning of the
variables: past disease or comorbidities are mapped to ‘disease’ nodes; pre-scribed drugs
are mapped to ‘drug’ nodes when the molecule is known (Statins), otherwise to all the
drugs that belong to the same class according to DrugBank; gene expression variables name
is first checked by querying NCBI Entrez portal trough Python API then mapped to the
‘gene/protein’ nodes.

Alternatively, the variables that do not represent directly a node types required some

further preprocessing;:

e laboratory and other measurements are first identified in the Logical Observation Iden-
tifiers Names and Codes (LOINC) terminology [132], and then trough loinc2hpo [245]
mapped in phenotype entities from the Human Phenotype Ontology (HPO) [74]. A
specific phenotype is assigned if the measurement value is lower or higher (depending

on the specific exams) by the normal value/range extracted from [154];

e for the PHQ-9 questionnaire each question is mapped to a specific phenotype in HPO
if the answer is positive. However for the FSSQ questionnaire there is no a direct
relationships between questions and phenotypes, and the 'Lack of Peer Relationships’
is assigned if the total questionnaire score is greater than the mean value. This strategy

is used also for the PREDIMED questionnaire, where a series of nutrients, extracted
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from [192] and identifying ’exposure’ nodes in PrimeKG, are assigned to the patients

that have a score greater than the mean.

e the smoking habits are mapped to ‘exposure’ node such as ‘tobacco tar’ and ‘nicotine’,
if the patient is a current smoker or a former smoker since at least 15 years (time
according to which there are evidence of lowering the cardiovascular risk after smoking

cessation [72]).

The variables that are not mapped are the following: Sex, Age, Smoking quantity, Physi-
cal activity frequency, Level of education, Marital status and Work. Note that these identify
the category of the Social Determinant Of Health (SDOH) variables, and are directly in-

cluded in the model with their value or categories.

4.2.4 Coronary Artery Stenosis classification settings

Three separate classification tasks are defined by discretizing CAS according to different

thresholds, reported a follows with the percentage of positive samples:

e CAS > 25%, in which similar to clinical reasoning, the control, defined as the patients
with a CAS € [0, 24]%, are compared with the patients with clinically relevant stenosis,
i.e., the patients with a CAS € [25,100]% (61 %);

e CAS > 50%, in which the patients with at least a non-obstructive stenosis, defined
as CAS € [0,49]%, are compared with patients with sub-obstructive or obstructive
stenosis, i.e., CAS € [50,100]% (35);

e CAS > 70%, where the patients without an obstructive stenosis, defined as the ones
with CAS € [0, 69]%, are compared with the patients that show an obstructive stenosis,
i.e., CAS € [50,100]% (18 %).

Each task is performed first by using a single-modality strategy, i.e., by using clinical
variables and then DEGs alone, and then with two multi-modality strategies. In the first,
the clinical and the DEGs variables are concatenated to fed a ML models, while in the second
the patient representation obtained with KG embedding is concatenated to the variables not
mapped (Section 4.2.3) and given as input to the ML models.

For each classification task, ML classifiers that automatically include feature selection
through regularization mechanism, are trained via the scikit-learn Python package, such as
EN and XGB by using a stratified 10-fold nested cross-validation. This strategy includes an

outer cross-validation loop with a first training-test split and an inner loop with an additional
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training-validation split. For each model, first hyper-parameters tuning is performed on the
inner loop, by using a grid search over the model hyperparameters’ value (reported in Table
4.2) and selecting the values that maximize the MCC, taking into account all the possible
confusion matrix output. The best model configuration is selected and used in the outer loop
to evaluate the model discrimination performance on the independent test set, by reporting

the AUROC, the Area Under the Precision Recall Curve (AUPRC), the MCC, and the model

calibration performance by reporting the Brier score.

ML classifier Hyper-parameters Grid search values

Inverse of regularization strength  [0.0001,0.001, 0.01,0.1, 1, 10, 20, 50, 100]

EN A1 ratio [0.25, 0.5, 0.75]
learning rate [le —2,1e — 1,0.3]
n° of estimators 100
gamma, [0.2,2,5]

XGB n° of columns sample by tree [0.25,0.5,0.75]
tree max. depth [3,5,7]
min. child weight [1,3,5]
A 10,1,0.1,0.01]

Table 4.2: EN and XGB classifiers used to make Coronary Artery Stenosis prediction, their
hyper-parameters and values tuned with a grid search.

Note that the preprocessing steps reported in Section 4.2.1 are performed only on the
training set for each inner and outer loop and propagated to the variables in the validation

or test set.

4.3 Results

4.3.1 PrimeKG learned embeddings and dataset variables map-
ping
Table 4.3 shows the evaluation results obtained on the test set for the KGE models trained
to learn PrimeKG embeddings, where the best (higher) value is in bold for each metric. As
expected, TransE and DistMult are the models that performed worse, considering that the
first is not able to model 1-to-N relations, i.e., one entity is connected through the same
relations to different entities, while the second is not able to model the inverse relations, e.g.,
a couple of triples in which the relations are different, but the head and entity are permuted.

Even if RotatE is not able to mod-el 1-to-N relations, it shows the highest performance when

considering all the metrics, and it is chosen as the final model to extract the KGE.
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Note that RotatE use an embedding space based on complex numbers, meaning that
the method consider both real part and imaginary parts as embedding vectors, doubling
the initial embedding size (200). To be able to work with classic ML models, each entity
embedding is constituted to be the concatenation of the real and imaginary part, leading to

an embedding dimension of 400.

KGE model Hits@l Hits@3 Hits@1l0 MRR

TransE 0 0.03 0.083 0.032
DistMult 0.006 0.029 0.092 0.035
ConvE 0.029 0.047 0.083 0.035
ComplEx 0.122 0.344 0.537 0.267
RotatE 0.211 0.44 0.598 0.35

Table 4.3: Knowledge completion results for the trained Knowledge Graph Embedding mod-
els on PrimeKG. For each metric the best results is reported in bold.

The PrimeKG entities embeddings are extracted from RotatE model and projected in
2D with UMAP for a qualitatively evaluation. The projections are reported in Figure 4.3,

and coloured according to their node type in PrimeKG.
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Figure 4.3: UMAP 2D projection for PrimeKG embeddings learned with RotatE, in which

each point is coloured by the node type. Note that each initial embedding is the concatena-
tion of the real and the imaginary part of the relative RotatE: embedding.
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As is notable, the embeddings form clusters by node type: gene/protein, drug and path-
way entities are clearly separated in the projection space, while anatomy embedding form a
kind of skeleton between the other types, indicating that RotatE can capture the semantics
behind the PrimeKG nodes.

In Figure 4.4 is reported a barplot with the number of clinical variables mapped for
each patient, grouped by the CAS in a similar wasy the CADRADS system does. From
this it is possible to observe that number of mean clinical annotation increases as the CAS
increases, reflecting the hypothesis that as CAD severity increases, the patient’s state of
health is characterised by an accumulation of risk factors and clinical conditions. Note that
gene variables are not included, since the same DEGs for each patient in the training set are

mapped, with the outputs depending on each fold.
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Figure 4.4: Bar plot reporting the number of clinical annotations for patients, grouped ac-
cording to the Coronary Artery Stenosis. The mean number of clinical annotations increases
as the severity of the coronary stenosis increases, indicating that CAS severity is linked with
general patient’s worsening conditions.

4.3.2 Coronary Artery Stenosis classification

Table 4.4 reports the CAS severity classification results obtained after training (outer-loop)
and tuning (inner-loop) the ML models with 10-fold cross validation. The values reported
are averaged on the sets of the outer-loop, and reported as mean+std, for each of the three
tasks and type of experiments: Clinical(CL) variables, Gene Expression(GE) variables, CL
+ GE variables and CL + GE variables combine with KGE.
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Table 4.4: Coronary Artery Stenosis severity classification results for each binary classifica-
tion task, obtained by training EN and XGB with 10-fold cross validation (results on the
test set), for each experiments: Clinical(CL) variables, Gene Expression(GE) variables, CL
+ GE variables and CL 4+ GE variables combine with KGE. Each metric is reported with
meantstd values. Best values (the highest for AUROC, AUPRC and MCC and the lowest
for Brier score) are reported in bold.

Model AUROC AUPRC MCC Brier

CAS > 25%

CL variables

EN 0.74£.04  0.80£.04 0.37£.07 0.21+.01
XGB 0.744.04 0.80£.04 0.35+.13 0.21+.02
GE variables

EN 0.66+.04  0.75£.03 0.22£.08 0.23%+.01
XGB 0.63+£.05 0.72+.05 0.20+.08 0.244.01
CL + GE variables

EN 0.73£.03  0.79£.04  0.33£.07 0.21%.01
XGB 0.73£.05 0.80£.04 0.344+.08 0.22+.02
CL + GE variables combined with KGE

EN 0.75+£.05 0.82+.04 0.36%+.11 0.20%.02
XGB 0.70£.07  0.77£.06 0.30+.11 0.22£.02

CAS > 50%

CL wvariables

EN 0.76+£.05  0.62+.06  0.39+.14 0.20=£.02
XGB 0.75+£.06  0.62+.07  0.39£.11  0.20+.02
GE variables

EN 0.62+.05  0.50+.07  0.12+£.01  0.24+.01
XGB 0.63+.04  0.51+£.07  0.18£.01  0.23+£.01
CL + GE variables

EN 0.76+£.06  0.63+£.09 0.40+.12 0.21+£.01
XGB 0.73+£.05  0.60+.08  0.32+.11  0.21+.02
CL + GE variables combined with KGE

EN 0.77£.05 0.63+.08 0.40+.09 0.20%.02
XGB 0.73£.05 0.60£.07 0.31+.09 0.22+.01
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Model AUROC AUPRC MCC Brier

CAS > 70%

CL variables

EN 0.75+.04 0.42£.07 0.32+.08 0.20+.02
XGB 0.744+.06 0.44+.08 0.31+.04 0.18+.02
GE variables

EN 0.66+.09  0.35+.12  0.17+.13  0.22+.02
XGB 0.70+.07  0.37£.09 0.21+.13  0.18+.02
CL + GFE variables

EN 0.73£.05 0.39+.08 0.27£.10 0.20+£.01
XGB 0.71+£.04  0.38+.09  0.28+.17 0.16£.02
CL + GE variables combined with KGE

EN 0.73+£.05  0.38+.06  0.27+.09  0.20+.02
XGB 0.71+£.07  0.41+.07 0.26+£.10 0.16+.02

Except for the prediction of a CAS > 70%, the KG embedding strategy generally im-
proves, albeit slightly, the discrimination and calibration of the ML models used. EN is the
best-performing model for the CAS > 25% and the CAS > 50% tasks, respectively. This
can be due to the fact that more complex computational model such as XGB outperforms
traditional ML model when trained on bigger dataset respect to the one considered in this
study.

In addition, for CAS > 25% and CAS > 50%, the strategy that uses KG embedding,
when inputted to EN leads to higher performance when compared to the strategy that simply
concatenates the clinical and gene expression variables. Differently, for the CAS > 70%, the
single-source strategy that uses the clinical variables reaches the highest metric. This results
is not surprising considering that the positive examples for this last task are patients with
obstructive CAD for which predicting CAD could be easier and clinical variables already

contains a sufficient learning signal.

4.4 Discussion

In Aim 2, is investigate the use of PrimeKG to combine clinical and gene expression vari-
ables for CAS severity prediction. In particular, first three CAS binary classification tasks

are formulated, second different KGE models are trained to learng PrimeKG embeddings,
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third the dataset variables are linked to the PrimeKG nodes to create a knowledge contex-
tualized patients representation, that is finally given in inputs to ML models trained for
the classification tasks with 10-fold cross validation. The results shows that ML predictive
models benefit from the computed knowledge-enriched patient representation through KGE
models. In particular, classification results improve when considering KGE for the CAS
> 25% and the CAS > 50% tasks, when compared with classic single- and multi-modal
strategies to use input features.

The limitations of the proposed approach consist mainly in the hypothesis made for the
variables mapping, and in the way not-mapped variables are handled. A possible improve-
ment might be the use of inductive KGE models, that make possible to lear embedding for
entities not present in the KG by using GNN encoder, such as NodePiece [70], or state-of-
the-art model such as foundation KGE models [71]. In addition, the SDOH variables not
mapped open new research avenue for the creation or integration of this kind of variables
and their link with medical entities, in new or existing KG, respectively.

The classification results are encouraging, considering that the patients are simply rep-
resented as an average of the KGE related to their variables. Possible improvements may
be achieved by using Graph Neural Networks (GNNs) as predictive models, considering
representing patients as subgraphs of the KG used and formulating the task as graph clas-
sification. Specifically, the GNNs mechanism can update the KG entities representation, by
following the learning classification signal guided by the gradients, overcoming the use of
a fixed-values patient representation. Before making the prediction, a differential pooling
layer, e.g., based on self-attention, [118] can be used to create a weighted average of the
KGE embeddings, while injecting the learning of the attention weight with the classification
signal. In addition, GNNs make it possible to use suitable eXplainable artificial intelligence
(XAI) methods, that can be both exter-nal to the predictive model, such as GNNExplainer
[240], or already present in the model layer, such as attention mechanism [220], to obtain the
relevant portion of the patient subgraph that contributes the most to the model prediction.

For future works, similar classification experiments can be performed by training sex-
specific classification models, since there is an unbalance between male and female proportion
in the dataset, intrinsic to the characteristics of the CAD. Other additional experiments can
be performed by reducing this bias through propensity score matching. When considering
this latter strategy, could be also of interest to include the SDOH variables that are showed
to be linked with CAD [163]. In addition, considering the objective of the INTESTRAT-
CAD project, classification models can be trained in predicting the worsening of the patients

that report in the follow-up visits an increased CAS.
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Chapter 5

Semantic Knowledge Improves Molec-
ular Machine Learning for Chemical Tox-

icity Prediction

5.1 Introduction

The scientific community has made numerous contributions advancing computational tox-
icology, including releasing and maintaining publicly available datasets of in vivo and in
vitro [211, 175], creating informatics KBs containing the scientific evidence related to known
toxicity outcomes, such as CTD [53] and AOP-DB [143], and supporting Al research by har-
monizing and combining the previously mentioned resources via suitable frameworks such
as ROBOKOP [144] and ComptoxAl [181], among others.

While traditional ML has dominated QSAR modeling in the past decades, e.g. RF [206],
KNN [247], gradient boosting [244], and deep NN [130, 99], recently the focus has shifted
to GRL [199]. The reasons are essentially twofold: GRL models are able to operate directly
on graph structures that are a natural and interpretable way to represent molecules, and
GRL is suitable for leveraging the multimodal information that resides in biomedical KBs
and datasets [121]. Most current research including toxicity predictions adopt exclusively
data-driven methods, thus neglecting the wealth of external semantic knowledge resources
that have the potential to improve prediction performance [180].

GNN are one of the most used GRL paradigms in computational chemistry [171], and
are employed to learn atom, bonds and graph molecules embeddings, but differently from
earlier node/graph embeddings methods [4, 82, 23], this kind of model can combine graph

structural information (network topology) as well as quantitative features annotated onto
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the nodes and edges in the graph. Many works have been published to-date using GNNs in
QSAR toxicity predictions, with recent advances including the use of 2D representations of
molecules [249, 236], combining molecules’ structure with molecular fingerprints via feature
concatenation [28] or using them as additional variables to predict in order to define a
robust pre-training strategy [48], and using more sophisticated architectures that consider
3D molecular geometry [119], among others.

GNNs are generally considered black-box models, meaning that it is not straightforward
to interpret why they make specific predictions, unless XAI methods are added [242]. Ex-
plainability is a fundamental step when building a pipeline for predicting molecule properties
[231], and is generally assessed by using well-known XAI methods [177], such as Shapley addi-
tive explanations (SHAP) [125]. Although new XAI methods focused on toxicity predictions
have been proposed in literature [224], little effort has been devoted to the explainability of
GNN models for toxicity prediction [168]. Furthermore, in most applications [236, 28, 48],
GNN explainability is not assessed with graph ad-hoc explainability methods, such as GN-
NExplainer. These XAl methods leverage gradient computations and therefore can be used
to infer the most informative chemical substructures pertaining to the task of interest.

Considering recent advances in publicly available computational toxicology knowledge
resources, the objective of Aim 3 is to augment a QSAR toxicity prediction model for small
molecules combining semantic knowledge between chemicals, gene and Tox21 assays with a
KG and GNN. ComptoxAI KG is leveraged to build a dataset of 2D molecular structures and
pretrain a GNN encoder module to learn molecule embeddings, a GNN semantic module that
update the chemical representation with the semantic knowledge of a heterogeneous graph
with chemicals, assay and genes nodes, all of which is then combined into a classification
pipeline.

In addition, here the role of adding semantics to toxicity prediction is explored through
two parallel approaches: i.) by separately learning molecular embeddings, which are then
static in the larger classification model; and ii.) by unifying the GNN encoder and GNN
semantic module training, thus dynamically updating molecule embeddings during a single
training process. The predictive performance of these strategies are compared with baseline
ML and GNN models, and adding semantic knowledge into toxicity prediction models has
showed to improve both discrimination and calibration. The analysis are concluded by
qualitatively evaluating model explanations by applying GNNExplainer, showing that graph
XATI methods can highlight molecule substructures that influence toxicity outcomes.

All code used in this work is available on GitHub at https://github.com/RomanoLab/
SemMol and in archived form on Zenodo at https://doi.org/10.5281/zenodo.13946619.
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5.2 Material and Methods

In this section, the methods of the study are reported. The framework for the experiments
performed is reported in Figure 5.1, and each following subsection describe in details the

steps reported in the sub-figures.
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Figure 5.1: Entities and relations of interest are extracted from ComptoxAl (A). SMILES are
used with RDKit to generate 2D graph structures for each chemical (B). A GNN molecule
encoder is pretrained to learn molecule embeddings reflecting chemical properties (C). ML
models with MACCS keys and finetuned MolCLR with 2D graph are used as baselines
for toxicity prediction (D). Pretrained embeddings initialize chemical node features in the
semantic graph, that is processed by a GNN to update representations and make toxicity
predictions (E). Chemical nodes are linked to their atoms; atoms representation is updated,
averaged to chemical embedding and passed through a semantic GNN for predictions (F).
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5.2.1 Extracting and pre-processing data from ComptoxAl

ComptoxAl is a data infrastructure proposed for computational toxicology, with main com-
ponent a graph database, resulted from the harmonization of dataset and knowledge resource
used in computational toxicology research. The ComptoxAl Python package [179] is used
to query the ComptoxAl graph — which contains at the time of writing n = 1,346,793 nodes
and n = 10,619,461 edges — to mine information from chemical, assay, and gene entities and

the semantic relations between them (Figure 5.1A).

e Chemicals: ComptoxAl stores mainly chemical nodes (n = 1,116,847), comprising
both approved drug and chemicals substances, belonging to different source such as
PubChem [110], DSSTox [83], DrugBank [113], CTD [53]. Most of the chemicals
are small molecules and have a molecular weight < 500 Da. From the ComptoxAl
chemicals entities are extracted the name, the canonical Simplified Molecular Input
Line Entry System (SMILES) string [229], that is one of the most popular way to
represent a molecules as a ASCII string made by molecules atoms, and the MACCS
166 fingerprint [61] as chemical features, consisting of a bitstring in which the values
1 and 0 indicate the presence/absence of a specific molecular structural component,
respectively, leading to a set of n = 1,078,384 chemical substances. An example of
chemical extracted and its attribute from the graph is reported in ported in Figure
5.1A.

e Assays: The toxicologic assays available in ComptoxAl derive from the Tox21 datasets
[211], constituted by a set of screening results performed in vitro to test different
toxicity endpoints of chemicals, on specific cell line. ComptoxAl include ~ 70 Tox21
assay nodes, each of them comprises a set of active and inactive chemicals. In the
experiment are included only the assays in which the number of active chemicals is
at least the 1% of the sum between active and inactive chemicals (n = 37). The
assay included belong to the following assay category: nuclear receptor (NR), stress
response (SR), cytotoxicity (CT), gene toxicity (GT), developmental toxicity (DT) and
G protein-coupled receptors (GPCR). The number of chemicals with indications for
each assay range from n = 5,388 to n = 7,748 and the percentage of positive sample
range from 1.58% to 24.84%.

e Genes: The gene entities included in the ComptoxAl come from NCBI genes [188]
and are n = 193,313. Each gene node could be connected to one or more chemical
nodes, depending on whether its expression is regulated by certain chemicals or if

some chemical substances bind to it, with evidence extracted from AOP-DB [143] and
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Hetionet [89]. In addition, Hetionet is also used in ComptoxAl to derive information
about interactions between genes, i.e., edges between gene nodes. Lastly, gene entities

are connected to Tox21 assay nodes, indicating the toxicology target.

5.2.2 Pretraining GNN on ComptoxAl chemicals

Starting from the set of the extracted ComptoxAl chemicals, a dataset is created to pretrain
a GNN model and learn molecule embeddings. For each chemical, the 2D structure repre-
sentation is obtained, computed using the RDkit Python package [170] from the chemicals’
canonical SMILES representation. Each resulting chemical is represented in the dataset as
an undirected graph G., = (A, B), characterized by A the set of the N4 nodes, representing
the atoms, and B the set of the edges, representing the bonds (Figure 5.1A).

Atom Property Description Possible Values
Atomic number Number of protons in the atom nucleus. [0*,118]
[0: '"CHI_.UNSPECIFIED’*;
1: "CHI.TETRAHEDRAL_CW’;
2: "CHI.TETRAHEDRAL_CCW’;
3: "CHI.OTHER’;
Chirality Property indicating if the atom cannot be 4: "CHI.TETRAHEDRAL’;
superposed on its mirror image by any 5: "CHI_ALLENE’;
combination of rotations, translations and 6: '"CHI_.SQUAREPLANAR;
some conformational changes. 7: ’"CHI_.TRIGONALBIPYRAMIDAL’;
8: "CHI.OCTAHEDRAL’|
Degree Number of directly-bonded neighbors for an [0,11%]
atom. Independent of bond orders but
dependent on hydrogen representation.
Formal charge Hypothetical charge assigned assuming equal [—5,7*]
electron sharing in bonds. Not the real
atomic charge.
Number of hydrogens Total number of implicit and explicit [0,9%]
hydrogens. Implicit hydrogens are not stored
as atoms; explicit ones are.
Number of radical electrons ~ Number of unpaired electrons. [0,5%]

Hybridization type

Is aromatic

Is in ring

Mixing of atomic orbitals to form hybrid
orbitals for bonding, per valence bond theory.

Whether the atom is aromatic.

Whether the atom is part of a ring structure.

[0: "UNSPECIFIED*;

1: ’S’; 2: ’SP’; 3: 'SP2’; 4: 'SP3’;

5: ’SP3D’; 6: 'SP3D2’; 7: "'OTHER’]
[0: False, 1: True]

[0: False, 1: True]

Table 5.1: List of properties (features) extracted trough RDkit and used to represent each
atom in the molecules pretraining dataset. Each feature is listed with its name, a short
description and the values that can assume. Values with (*) represent the mask values used
during the pretraining of the GNN encoder.

Each node is represented as a 9-dimensional array of atom features, reported in Table
5.1, with their name, a description and the range of possible values. By stacking the atom

features it is possible to define the nodes features matrix X 4 € R¥*?. Note that the values
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reported with an asterisk (*) are the ones used as mask value during the pretraining of the
GNN encoder.

Edges are represented as a 3-dimensional array of bond features, reported in Table 5.2,
with their name, a description and the range of possible values. By stacking the edges
features it is possible to define the edges features matrix Ez € RM*3. Note that self-loop
edges, that are represented by the bond type 22, and defined as a connection of a node with
itself, are added for each atom during the pretraining of the GNN encoder.

Edge Property Description Possible Values

[0: 'UNSPECIFIED’; 1: 'SINGLE’;
2: 'DOUBLE’; 3: "TRIPLE’;
4: "QUADRUPLE’; 5: "QUINTUPLE’;
6: 'HEXTUPLE’,
7: 'ONEANDAHALF’;
8: "TWOANDAHALF”;
9: 'THREEANDAHALF’,
10: 'WVOURANDAHALF?;
11: ""IVEANDAHALF’;
12: ’AROMATIC’; 13: "IONIC’;
14: "HYDROGEN’;
15: 'THREECENTER’;
16: ' DATIVEONE’; 17: " DATIVE’;
18: "DATIVEL’; 19: 'DATIVER’;
20: 'OTHER’; 21: "ZERO’;
22: ’SELF LOOP’]
[0: 'STEREONONE’;
1: 'STEREOANY’;
2: 'STEREOZ’; 3: 'STEREOE’;
4: 'STEREOCIS’;
5: 'STEREOTRANS’]
Is conjugated Whether the bond is conjugated, indicating the overlap  [0: False; 1: True]
of a p-orbital with another across an adjacent bond.

Bond type Type of bond between two atoms.

Stereo Indicates the spatial arrangement of the bonds in 3D.

Table 5.2: List of properties (features) extracted trough RDKit and used to represent each
edge in the molecules pretraining dataset. Each feature is listed with its name, a short
description and the values that can assume. Note that the bond type 22, indicating self-
loops, is added during the pretraining of the GNN encoder to each atom.

Molecular Contrastive Learning (MolCLR) is used as framework for pretraining the GNN
model [227]. Based on SimCLR, the framework uses self-supervised learning to train a
GNN encoder with the normalized temperature-scaled contrastive loss (NT-Xent) used to
maximize the agreement between augmented versions of a training sample (defined as positive
pairs) encoded with a GNN model [40].

Specifically, given a training example from a minibatch of N samples, MolCLR first cre-
ates two augmented version G, and G., by perturbing through node masking or subgraph
deletion. Second, a GNN encoder is applied to update node and edge embeddings by ob-
taining graph embedding h,, and h,; via pooling node features, and then a projection head

modelled as a MLP obtains the latent representation z., and z.; (Figure 5.1B). Finally, the
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NT-Xent loss is applied to each pair of positive samples (G.,, G, ):

exp(sim(zc, 7zcj)

La., 6., = —log (5.1)

I {1 0y )
where sim is the cosine similarity between the two vectors, i.e. the dot product of the vectors
divided by the product of their magnitude, 7 is the temperature parameter, and 1{t # i} is
equal to 1 if t # i, otherwise is 0. Note that the framework does not create negative samples
but instead use the augmented versions of the other molecules in the training minibatch.

MolCLR’s authors official code is used — implemented using the PyTorch Geometric (pyg)
package [68] — to implement the pretraining framework. This implementation uses a GIN
[237] encoder (Eq. 2.30) — one of the most widely used GNN encoders for molecules — with
a modification that allows edge embeddings [94]. This GNN layer uses a MLP as an update
function and sums neighbor features by applying an aggregator operator to edge embeddings,
followed by a batch normalization layer. ReLLU is used as an activation function for all GNN
and linear layers. As a graph augmentation strategies, the atom masking and bond deletion
are adopted, meaning that for each molecule 25% of the atoms are hidden by replacing their
features with special value token (mask) and 25% of the bonds are deleted from the molecule
graph. The model’s block diagram is shown in Figure 5.4a.

The pretraining chemical dataset is splitted into training (95%) and validation (5%) sets,
the model is trained for 100 epochs using the Adam optimizer and cosine annealing learning
rate scheduler [123], and the model is evaluated by calculating validation loss at the end
of each epoch. To verify the embeddings capture meaningful information about chemical
function, these are projected into two dimensions using t-SNE and coloured according to

their chemical and physical properties.

5.2.3 QSAR modeling and baseline models

QSAR modeling is defined as building a predictive model of the form:
g = f(c) +err, (5.2)

where c is a set of chemicals, traditionally described by molecular structure descriptors, f is
the computational model to be trained, err is the prediction error made by the model and g
is the measure of activity to be predicted, e.g. toxicity. The set of Tox21 toxicologic assays
extracted and filtered from ComptoxAl is used as dataset for the QSAR toxicity prediction,

and is reported in Table 5.3. Each sample in these datasets consists of {¢;,y;}, with ¢; a
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chemical substance and y; the dataset label, with value y; = 1 or y; = 0 if the chemical is
respectively active or inactive for the assay, by treating each toxicologic assay as a binary
classification task.

Each dataset is splitted in training/validation/test with a proportion of 70/15/15. For
each model, parameters learning (training) is performed on the training set, hyperparameters
tuning on the validation set, by choosing the hyperparameters’ values that maximize the
AUROC, and model evaluation to assess model generalizability on the independent test set,
by considering both discrimination performance (with AUROC, AUPRC, and MCC metrics)
and calibration (with Brier score). The splitting procedure is repeated five times with a
random initialization to compute average performance metrics, comparing them between
models by averaging the mean values obtained for each assay and applying paired t-test,
and finally correcting for the number of pairwise comparison between the classifier with the
Holm-Sidak correction.

Table 5.3: List of Tox21 assay used for toxicity prediction. For each assay the table reports

the name, the dataset name, the target category, the cell line and the number of compounds
with the percentage of active ones (table continues in the next page).

Assay and Tox21 Name Target Cell Line Cell Type Total Compounds
Category (% Active)
Aryl Hydrocarbon Receptor (AhR) NR HepG2 Liver 6,991 (11.59%)
Activator Protein 1 (AP-1) Agonist SR HepG2 Liver 6,860 (8.34%)
Androgen Receptor (AR) BLA Agonist NR HEK293 Kidney 7,245 (3.48%)
Androgen Receptor (AR) BLA Antagonist NR HEK293 Kidney 6,556 (7.38%)
Androgen Receptor (AR) MDA Agonist NR MDA-kb2 Breast cancer 7,748 (3.55%)
?‘V:if;"iiaz::;;r (AR) MDA Agonist NR MDA-kb2  Breast cancer 7,211 (2.65%)
Androgen Receptor (AR) MDA Antagonist NR MDA-kb2 Breast cancer 6,505 (5.66%)
ﬁgjz:g‘:zoif;‘;ptor (AR) MDA Antagonist NR MDA-kb2 Breast cancer 6,209 (14.38%)
Antioxidant Response Element (ARE) SR HepG2 Liver 5,988 (16.53%)
Aromatase SR MCF-7 Breast cancer 6,646 (11.01%)
Constitutive Androstane Receptor (CAR) NR HepG2 Liver 6,864 (12.98%)
Agonist
Caspase-3/7 (CHO) cT CHO Ovary 7,405 (2.38%)
Caspase-3/7 (HepG2) CT HepG2 Liver 7,294 (5.29%)
;Egsgﬁfe:u:;’j:;fg;’me Instability Gene 1 GT HEK293T  Kidney 7,560 (3.44%)
Estrogen Receptor (ER) BLA Agonist NR HEK293 Kidney 7,475 (5.34%)
Estrogen Receptor (ER) BLA Antagonist NR HEK293 Kidney 6,588 (5.27%)
Estrogen Receptor (ER) BG1 Agonist NR VM7Luc4E2 Breast cancer 6,482 (10.86%)
Estrogen Receptor (ER) BGL Agonist NR VM7LucdE2  Breast cancer 7,315 (1.61%)

(with Antagonist)
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T: t Total C d
Assay and Tox21 Name arge Cell Line Cell Type ora .ompoun s
Category (% Active)
Estrogen Receptor (ER) BG1 Antagonist NR VMT7Luc4E2 Breast cancer 6,744 (5.44%)
R t ER) BG1 Ant ist
Estrogen Receptor (ER) fagonis NR VM7Luc4E2  Breast cancer 6,546 (6.99%)
(lower Agonist)
Estrogen Receptor Beta (ERS3) Antagonist NR HEK293 Kidney 6,246 (7.41%)
Thyroid Receptor Beta (TRS) Antagonist NR GH3 Rat Pituitary 5,827 (5.69%)
Glucocorticoid Receptor (GR) BLA Agonist NR HeLa Cervical 7,211 (2.45%)
cancer
Glucocorticoid Receptor (GR) BLA Antagonist NR HeLa Cervical 6,383 (5.56%)
cancer
Histone Deacetylase (HDAC) GT HepG2 Liver 7,330 (4.29%)
Heat Shock Response Element (HSE) BLA SR HeLa Cervical 6,643 (6.11%)
cancer
Mitochondrial Toxicity SR HepG2 Liver 6,476 (18.61%)
Peroxisome Proliferator-Ac‘?ivated Receptor NR. HEK293 Kidney 6,117 (5.95%)
Gamma (PPAR~) Antagonist
Progesterone Receptor (PR) BLA Agonist NR HEK293 Kidney 7,380 (1.58%)
Progesterone Receptor (PR) BLA Antagonist NR HEK293 Kidney 6,431 (12.86%)
Pregnane X Receptor (PXR) Agonist NR HepG2 Liver 6,534 (24.84%)
Retinoic Acid Receptor (RAR) Agonist NR HEK293 Kidney 6,259 (7.23%)
tinoic Acid tor-Related h t,
Retinoic Aci R-ecep or-Related Orphan Receptor NR. HEK293 Kidney 5,388 (9.13%)
(ROR) Antagonist
Retinoid X Receptor (RXR) BLA Agonist NR HEK293 Kidney 5,924 (3.17%)
Sonic Hedgehog (Shh) Antagonist DT NIH3T3 Murine 5,701 (16.54%)
embryo
fibroblast
Thyroid Stimulating Hormone Receptor (TSHR) GPCR HEK293 Kidney 7,016 (4.32%)
Agonist
Thyroid Stimulating H t TSH
yroid Stimulating Hormone Receptor (TSHR) .y HEK293 Kidney 7,155 (3.51%)
Antagonist

Traditional ML models and finetuned MolCLR model are used as computational model
for toxicity predictions. Specifically, for ML, two of the most used ML model are used,
i.,e. RF and XGB, and as molecular structural descriptors the MACCS 166 fingerprint are
considered (Figure 5.1C). For each assay the model hyperparameters are tuned by creating
different models’ configuration with grid search, and by using the hyperparameters’ range
of values used in Romano et al. [180]. The scikit-learn Python package [160] is used to
implement the ML models, by weighting the samples’ label according to its support.

Similar to the way it’s performed in the original paper, the GNN model pre-trained with
MolCLR framework is finetuned. A randomly initialised prediction head with decreasing
hidden size replaces the MLP used during pretraining, and binary classification task is per-

formed by considering a graph classification approach. Given a set of attributed graphs
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G ={(G1,11), (G2, y2),-., (Gnyyn) }, with Y = {y1,v2,..., yn} the set of labels, graph classifi-
cation is defined as learning a function f : G — Y, with G the input space of graphs. This is
achieved by aggregating the nodes features with a mean pooling layer, i.e. the graph embed-
ding are computed by averaging node features. Models’ hyperparameters tuning is performed
by considering the same hyperparameters’ values used in the MolCLR paper. The model
block diagram of the finetuned MolCLR model is reported in Figure 5.4b. The model is
trained with cross entropy loss, weighted by class support to account for the datasets class

imbalance and optimized with Adam optimizer.

5.2.4 Augmenting QSAR toxicity predictions with semantic knowl-
edge

Chemicals
(n=8,541)

AssayTargetsGene

Figure 5.2: Heterogeneous graph used for the Semantic GNN predictive model, comprising
chemicals, assays and genes nodes with their cardinality, and the semantic relations between
them.

A directed heterogeneous graph G5 = (C, T, K, R;) is created to inject the toxicity predic-
tion task with semantic information. Specifically, first the set T of assay nodes corresponding
to the toxicologic assay selected during pre-processing is gathered. Second, the set of chem-
ical nodes C is defined as all the chemical substances with known activity values in at least
one of the selected toxicologic assay of interest, resulting in n = 8,541 unique chemical sub-
stances. Finally, the set of gene nodes K is defined as the ComptoxAl-derived gene entities
that are linked to the chemical nodes in C, obtaining a set of n = 20,911 genes (Figure 5.1D).

The set of semantic relations R is defined as one of the following: edges between elements
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of T and C, which define whether the chemical is active or inactive with respect to the assay
of interest; edges between elements of C and I, which define either whether a chemical can
alter gene expression or that the chemical directly binds to the gene’s protein product; edges
between two elements of I, indicating gene-gene interactions; and edges between elements
of T and K, indicating the key gene involved in a toxic endpoint. The corresponding graph

schema is shown in Figure 5.2.

Hyperparameter name Values
GAT hidden size 64, 128]
Number of GAT layer 1, 2]
Dropout ratio [0, 0.3]
Learning rate [0.01, 0.001]
Weight decay [0.01, 0.001, 0.0001]
Layer normalization [True, False]
Aggregation mode [sum, mean]

Table 5.4: Semantic GNN model’s hyperparameters tuned with their values optimized during
grid search.

Similar to Romano et al. [180], the QSAR predictions with semantic knowledge is mod-
elised as a node classification task applied over the chemical nodes, defined as learning a
function f : X, € RY*F' — Y, with X, a matrix in which each row is a chemical and each
column is a numerical vector with dimension F', but differently from the previous work the
2D graph embedding of the molecule is used instead of MACCS fingerprint. The molecules
embedding are extracted from the GNN pre-trained module, and used as the initial chem-
ical node representations. Differently, a uniformly sample scalar value is assigned to the
assay and gene nodes’ features. To avoid information leakage, when considering a specific
toxicologic assay as target label, this node and all the edges connecting this node from the
semantic graph are deleted.

The semantic model is composed by one or more GAT layer (Eq. 2.29) for each semantic
relations, meaning that a parameter-specific message passing step is computed over each
couple of nodes but differing according to the edge that connect the nodes. During the
model training, each node representation in the semantic graph is updated with the update
rule in the Eq. 2.29. In addition, the overall semantic module comprises a prediction head,
modelised as a linear layer, that is applied only on the chemical nodes involved in the tasks,
in order to train the model with the classification loss and obtain toxicity predictions. This

model is referred as Semantic GNN and its block diagram is presented in Figure 5.4c. The
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model’s hyperparameters are tuned with a grid search on the values reported in Table 5.4,
and the model is trained for 100 epochs with cross entropy loss weighted by class support

and optimized with Adam optimizer.

5.2.5 Unified training of the molecule encoder and semantic mod-

ules

Atoms
(n=159,722)

AssayTargetsGene

Figure 5.3: Heterogeneous graph used for the MolCLR+Sem predictive model, comprising
atoms, chemicals, assays and gene nodes with their cardinality, and the semantic relations
between them.

In the semantic module, the molecules embedding are directly used for the downstream
prediction task and are updated in a static manner with the semantic knowledge incorpo-
rated in Eq. 2.29. Differently, a hierarchical version of the semantic toxicity predictive model
is created, in which the molecule embeddings are updated dynamically during the training,
meaning that graph embedding of the molecules are not extracted from the molecule en-
coder but instead this former is trained in combination with the semantic GNN. In order
to implement this strategy, the heterogeneous graph (which schema is presented in 5.2) is

expanded by representing each chemical node in C with its 2D graph structure.
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Figure 5.4: GNN molecule encoder based on MolCLR, pretrained to learn molecules em-
bedding (a) and finetuned to obtain toxicity predictions (b). Semantic GNN (c¢) and Mol-
CLR+Sem (d) models, used to inject the toxicity prediction task with semantic knowledge
and predict chemicals toxicity.

Specifically, the graph G is expanded to include the set A, composed by the atoms that
appears in all the molecules considered (n = 159,722), atom features matrix X 4 € RV*?,
the set Rp made by all the edges (bonds) between the atoms and edges features matrix
E € RY*3. By doing this, the resulting graph is G, = (C,T,K,Rs, A, B, R;,) became a
directed hierarchical graph, in which the chemicals, represented by the graph molecules, lay
in the molecule space, while the semantic entities lay in the semantic space. These spaces
are connected through the set of edges belonging to R, which connect each atom in A to
the respective node chemical in C, making each node chemical a hypernode.

Giving this new heterogeneous graph, which schema is showed in Figure 5.3, the GNN

93



CHAPTER 5. SEMANTIC KNOWLEDGE IMPROVES MOLECULAR MACHINE
LEARNING FOR CHEMICAL TOXICITY PREDICTION

encoder module and the semantic module are combined, and the resulting model is trained
for toxicity predictions, referring to it as MolCLR+Sem (Figure 5.1E). The unified model is
inspired by the work of Zhong et al. [248], in which authors propose a hierarchical formulation
of the message passing framework. Giving a graph in which different hierarchical level
can be defined, this framework comprises within-level, bottom-up and top-down message
propagation, indicating the exchanging of information between nodes within the same level
of a graph, from a node that belong to a lower level to a node that belong to a higher
level, and from a node that belongs to a higher level to a node that belongs to a lower
level, respectively. Since the hierarchical graph is composed of only two levels, the within-
level and bottom-up level message propagation are adopted. For the semantic graph, the
chemical hypernodes features are initialised with zero vectors, and gene and assay features
are initialised with scalar values as used in the previous approach.

The unified model block diagram is reported in Figure 5.4d and comprises the following
computations of message passing: i) first within-atom message passing, represented by the
modified GIN layer, is applied to update each atom «a; representation to h;i by using the pre-
trained GNN module; ii) second, bottom-up propagation is used to compute for each chemical
hypernode ¢, its representation hén, by averaging the atom features for each atom a; € c,.
Here, the message flows from atoms in the molecule space (lower level of the hierarchy)
to chemical hypernodes in the semantic space (higher level of the hierarchy) and not vice
versa; iii) lastly, within-semantic message passing, represented by different GAT layers as
the number of semantic relations, is applied to update for each node ¢ in the semantic graph
its representation to h;, by using the semantic module. Note that hyperparameter tuning
is not performed but instead the same values reported in Table 5.4 and resulting from the
semantic module tuning are used, and training of the unified model is conducted as in the

static approach.

5.2.6 Obtain toxicity predictions with GNNExplainer

GNNExplainer [240] is a post-hoc graph XAI method proposed to explain GNN model
predictions. Considering a GNN pre-trained classifier used to obtain embedding for a node
v; through its computational graph G7 C G, defined by adjacency matrix A'Ui and node
features matrix X , by learning a conditional distribution P(Y|G/ X ) indicating the
probability of nodes to belong to a specific class, with Y a random variable representing
the possible classification labels {1,..., L}. The objective of GNNExplainer is to obtain an
explanation as a mask Mg (€, f,v;,4,,) € RV*Y, in which elements represent important scores

associated to the graph edges according to the prediction label y,,, obtained for a node wv;.
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The mask is treated as a trainable parameter matrix and learned through gradient de-
scend optimization of the following cross-entropy objective, between the label class and the

model prediction:

L
min—ZIL[y:l]logP(Y:yK;:A;i O Mg, X =X)). (5.3)

Me O
The computational graph G’ and the mask Mg can be combined through element-wise
multiplication ® to obtain a subgraph G' C G\, with adjacency matrix A; = A} ©®Mg that
indicates the relevant subsection of the computational graph for the prediction obtained.

It is possible to apply this method to explain why a GNN model takes a decision for a
specific input, i.e., study the phenomenon behind the dataset we are observing, or to explain
the logic behind the model in choosing a specific output, by computing the gradient regard
of the true label or regard the predicted label, respectively [10]. The focus on this works is
in using this method to explain the chemicals toxicity for specific toxicologic task.

In particular, given the MolCLR finetuned predictive model, first the edge embeddings are
discarded, since not supported by the pyg implementation of GNNExplainer, by simplifying
the GNN molecule encoder and using the pre-trained weight as a GIN encoder, and then
applying GNNExplainer with input the active chemicals for each toxicologic assay of interest
to obtain their relevant substructures. GNNExplainer was trained for 100 epochs with a
learning rate value of 0.01 to learn the mask Mg for each random runs. We then average
the mask obtained from each run and apply a threshold to the averaged mask, by keeping

only the half of the initial number of edges, ranking them with their importance score.

5.3 Results

5.3.1 Quantitative evaluation of the learned chemicals represen-

tations

Quantitative evaluation of the pre-training encoder is conducted on the learned chemicals
representations to verify that the embeddings capture meaningful information about chemical
functions, by first selecting all chemicals involved in the Tox21 tasks, and then querying
ComptoxAl and PubChem to retrieve their chemical and physical properties.

Specifically, chemical properties are encoded by binary variables extracted from MACCS
keys, with values 1 or 0, depending if the molecules has or not, respectively, the specific

property. The chemical properties considered are: i) aromaticity (MACCS key 162), defined
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Figure 5.5: Graph embedding computed by the GNN molecule encoder for n = 8541 chem-
icals, involved in the 37 tox21 tasks. First the embedding are projected in two dimension
with t-SNE and then coloured according to chemical (aromaticity, presence of ring and
charge different from 0, obtained from MACCS key 162, 165 and 49, respectively) and phys-
ical properties (molecular weight, polar surface area and complexity). Considering chemical
properties it is possible to observe a clear cluster of aromatic compound on the left, that
partially overlap the compounds with a ring, and that the molecule with charge different
from 0 tend to stay in the middle of the 2D projections. When considering physical proper-
ties, complex and heavy molecules seems to be pushed at the side of the embedding space,
while the middle and bottom part are prevalent of smaller molecules.

as the characteristics of molecules to have rings with alternating bonds or lone pairs that are
more stable than expected; ii) presence of ring (MACCS key 165), defined as the presence
of at least one cycle of atoms and bonds in the molecules; and iii) charge different from 0
(MACCS key 49), where charge is defined as the formal charge assigned to all the atoms
within a molecule, calculated based on the distribution of electrons in the chemical bonds.
Differently, physical properties are numerical variables, characterized by a positive value.
The physical properties considered are: i) molecular weight measured in Dalton (also called
the unified atomic mass unit), identified with symbol Da, and expressing the weight of the
molecule; ii) polar surface area, measured in angstroms (with symbol A and corresponding
to 1071% meters) squared, that is a popular metric in medicinal chemistry since it is used
for the optimization of a drug’s ability to permeate cells and indicating the surface sum

over all polar atoms or molecules; and iii) complexity, that is adimensional and defines a
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rough estimate of how complicated the structure is (the value extracted from PubChem is
computed according to a specific formula [19, 88]).

After embedding are extracted from the pre-trained MolCLR model, these are projected
into two dimensions using t-SNE, and coloured according to the values of the selected prop-
erties. Results are reported in Figure 5.5. Here it is possible to observe that there is a
distinct cluster of aromatic compounds (contained within the larger cluster of all molecules
with ring structures), as showed in light-red, as well as a cluster of molecules with non-zero
charge, placed at the center of the 2D projected space. Considering the physical properties,
less complex and smaller molecules tent to co-organize in the middle of the projected space,

moving away from it with increasing radius as the values of these properties increase.

5.3.2 Including semantic knowledge improves toxicity prediction

vs. baseline models

(Classification and calibration results average on all the Tox21 tasks are reported in Figure
5.6, where p-value is reported only for the comparison between the proposed model (Semantic
GNN and MolCLR+Sem), with significance level abbreviated with an asterisk (*) if p-value
is < 0.01 and with two asterisks (**) if p-value is < 0.001. As shown in Figure 5.6a,
the AUROC is significantly greater (p-value < 0.001 in all pairwise comparisons) when
semantic data are included (AUROC = 0.89440.053 for the Semantic GNN; AUROC =
0.89+0.054 for the MolCLR+Sem), versus the RF (AUROC = 0.845+0.065), XGB (AUROC
= 0.85540.061) and MolCLR (AUROC = 0.84940.061) baseline models. In addition, the
models using semantics shows a lower variance in AUROC scores when compared to the
baseline models, suggesting that the semantic strategy is more robust to class imbalance
across the assays included in the study. When stratifying on individual assays, in 31 assays
either Semantic GNN or MolCLR+Sem attain the highest mean AUROC, as reported in
the heatmap in Figure 5.7. Therefore, adding semantic data to QSAR modeling improves
toxicity predictions both overall and for individual toxicity assays. In only 4 Tox21 assays,
one of the baseline ML models outperforms both the Semantic GNN and MolCLR+Sem
models. In addition, there is not a significant difference in AUROC between the Semantic
GNN with MolCLR+Sem models.

Conversely, when considering model discrimination via AUPRC and MCC, the Seman-
tic GNN yields lower performance when compared with baseline ML models (Figure 5.6bb
and Figure 5.6¢cc). Specifically, the Semantic GNN yields an AUPRC of 0.443+0.171, which
is significantly less than the AUPRC for both RF (0.479+0.154; p-value < 0.001), and
XGB (0.49040.155; p-value < 0.001), and has an MCC value of 0.382+0.124, which is
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(b) Both MolCLR and Semantic GNN show sig-
nificant lower values of AUPRC when compared
to MolCLR+Sem. In addition, MolCLR model
achieve similar performance when compared to
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(d) Semantic GNN achieves the highest Brier
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fying the training of the two GNN model, i.e.,
in the MolCLR+Sem model.

Figure 5.6: Classification and calibration performance for the tox21 tasks, computed from
5 random runs for each model. For each metric it is reported the violin plot showing the
metric distribution. Area Under the Receiver Operating Characteristic curve - AUROC -
(a); Area Under the Precision-Recall Curve - AUPRC (b); Matthews Correlation Coefficient
- MCC - (c); Brier score (d). The significance levels are reported as *: p-value < 0.01; **:
p-value < 0.001; with p-value resulting from paired t-test and corrected for multiple pairwise
comparisons with the Holm-Sidak correction.

also significantly different from that of the RF (0.431+0.123; p-value < 0.001), and XGB
(0.40540.124; p-value = 0.001) models. However, the MolCLR+Sem model achieves simi-
lar performance to the baseline ML models in terms of AUPRC (0.4654+0.166), and MCC
(0.409+0.133), which is only significantly different from the RF model (p-value = 0.012).
Interestingly, MolCLR+Sem shows significantly higher AUPRC and MCC versus MolCLR
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Figure 5.7: Heatmap of mean AUROC values computed from 5 random runs for each model
architecture and for each task. Models informed by semantic data generally attain a higher
mean AUROC.

(AUPR = 0.437£0.163, MCC = 0.375+0.121) and Semantic GNN. These results suggest that
ad-hoc strategies adding semantic data to QSAR models can yield comparable performance
when compared to well-established ML models and overcome the limitations encountered by
simpler GNN models. Similar conclusions can be made for calibration performance, where
MolCLR~+Sem yields a significantly lower brier score (0.09940.04) versus Semantic GNN
(0.1274£0.034) and MolCLR (0.107+£0.039), both with p-value < 0.001 (Figure 5.6dd).

5.3.3 Explaining toxicity predictions: Example using histone deacety-

lase inhibitors

Activities measured by Tox21 toxicological assays can be grouped into two categories: in
the first, chemicals are investigated as potential agonists or antagonists of specific receptors,
transcription factors, etc., whose function is related to a specific toxicological endpoint of
interest, and thus they act as ligands. This includes the tox21-apl-agonist-pl assay (agonism
of the transcription factor AP-1). In the second category, chemicals are investigated as
activators or inactivators of one or more pathways, where various reactions are used to
evaluate the toxicological endpoints of interest (e.g., mitochondrial membrane potential is
used to measure the effects of chemicals on mitochondrial function in the tox21-mitotox-pl
assay).

Under the assumption that the optimal ML model for a specific toxicological endpoint
of interest detects specific substructures of input chemicals (which in turn are related to the

action of the chemical compound and thus to one of the two aforementioned categories of
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Figure 5.8: Examples of most relevant substructures for the tox21-hdac-pl assay obtained
with GNNExplainer.

assays), GNNExplainer algorithm is used to explain predictions made for chemicals with re-
gard to the tox21-hdac-p1l assay, which measures inhibition of Histone Deacetylase (HDAC),
a class of enzymes that catalyses the removal of acetyl groups from the lysine residue of
both histone and nonhistone proteins. HDAC inhibitors interact with HDAC enzymes in
a predictable pattern, characterized by binding to the zinc-containing catalytic domain of
the HDACs [137]. Groups of HDAC inhibitors are defined according to the zinc binding
motif (such as hydroxamic acids, which are characterized by an amino group inserted into a
carboxylic acid).

In Figure 5.8a are reported four chemical compounds—all of which are herbicides—that
are labelled in the Tox21 dataset as active HDAC inhibitors, and through GNNExplainer
is it possible to observe that the most important structural features tend to center around
the hydroxamic acid domain. Conversely, Figure 5.8b shows that in the case of Resveratrol
(a natural compound with evidence of HDAC inhibition) the most important substructures
comprise the sidechains responsible for zinc chelation and hydrogen bonds with the HDAC
enzyme [221]. These results are examples of how a graph XAI methods can be used to
explain why a chemical compound is defined active, by relying on the GNN predictive model

based on the molecular structure.
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5.4 Discussion

In Aim 3 it is shown that the addition of semantic data in QSAR modeling can improve
toxicity predictions compared to traditional ML algorithms using well-known structural de-
scriptors. This has been acknowledged previously [180], but in this work GNNs are leveraged
to both learn a continuous vector representation of the chemicals of interest from their 2D
graph, and to update this representation according to semantic relations mined from Comp-
tox Al

Since the aforementioned prior work shows that starting with MACCS keys and updating
the chemical representation with semantic knowledge improves predictive performance, the
focus here is on the application of GNNs, which is a natural evolution considering the simple
conversion of molecules to graphs, and that graph databases have become one of the pre-
ferred ways to represent complex biomedical knowledge, thanks to their ability to represent
multimodal entities as nodes that are connected by semantic relations [121]. As future work,
the plan is to incorporate additional structural descriptors in the baseline models [141, 178],
and overcome the potential pitfall of the 2D molecule representation with the 3D molecule
representation [66]. Specifically, 2D and 3D molecule representation can be combined, by
first use a 3D invariant GNN to learn how to capture 3D atomc information and then pass
these representation into a 2D GNN which can leverage both the topologies [157].

As part of this study, two ways to inject semantic data into predictive models are in-
vestigated, and their performance are evaluated on data sourced from the Tox21 database.
Updating pre-trained chemical representations with message passing over the created se-
mantic graph improves discrimination performance, regardless of the percentage of positive
samples for each dataset. In addition, when the semantic update is computed in series with
the chemicals encoding, the calibration performance improves when comparing with the pre-
dictive models using the single GNN modules. This can be explained considering that the
inclusion of semantic data alleviates the problem of training GNN predictive models with a
big amount of label data and enough positive samples.

Indeed, a limitation of this work is that the models are evaluated on relatively small
size datasets and with a low prevalence of positive examples, that is a general obstacle for
the field of the computational toxicology [109]. However, compared to previous work, this
problem is not faced with over- or under-sampling technique [98], since the interest is in
assessing the predictive performance by using the original data. In addition, the prediction
performance are evaluated on a bigger number of Tox21 assays, compared to most works
that rely only on the Tox21 challenge [130, 99, 96]. Considering that the number of Tox21

assays is growing, new experiments can be conducted as future works by including some of
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them, or other chemicals dataset of benchmark that include toxicity outcomes [234].

Lastly, GNNExplainer is used to assess the toxicology predictions’ explanations for some
active drugs for the tox21-hdac-pl assay. The results, comprising a compound for which the
HDAC inhibition is well-documented and others for which there is no evidence in literature,
indicate precise substructure of the molecules, suggesting interesting pathway in the toxicol-
ogy predictions that can be further investigated to explain association between compound
and toxicology endpoint of interest.

However, method such as GNNExplainer, that provides subgraph-level explanations, does
not guarantee that the subgraph in output is connected as one fragment. A possible improve-
ment on the interpretation of the XAI results could be in the adoption of specific methods
that incorporate pre-existing knowledge on the molecule structure, that is perturbed by
leveraging molecular fragmentation, i.e. subgraphs that have a specific chemical function,
e.g. carboxylic acid that is an organic acid containing a carboxyl group (-COOH), a carbon
atom doubly bonded to an oxygen atom and also bonded to a hydroxyl group (-OH) [235].
In addition, quantitative evaluation of XAl results can be performed by relying on methods
that introduce benchmark datasets in which the molecules structures are annotated with
ground-truth subgraphs, that are know to influence the chemical property predicted, and

suitable metrics [169].
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Chapter 6

Conclusions

6.1 Graph Representation Learning to build hybrid Al
method

The adoption of a hybrid Al approach for the analysis of biomedical data became essential,
considering that biomedical research is driven by expert knowledge, that combines insight
derived empirically from existing data with the ones based on theory and experiments.
Early Al tools in this field prevalently focus on knowledge representation approach, while
the paradigms has shifted in the time to data-driven paradigms such as traditional ML to
DL. Nowadays, advanced computational techniques have revolutionized the way knowledge
is defined and created in Al, where the information is extracted from a big amount of
unstructured data. However, working exclusively by adopting this kind of approach could
be at strong risk, since accumulating data without knowledge extraction can led to poor
formalization of novel discoveries.

GRL has becoming a transformative technique in medical informatics and bioinformatics
and provides a balance between the flexibility of the data-driven approaches and the struc-
tured knowledge, since comprises computational model suitable to work on graph. This data
structure can efficiently represent biomedical entities, and their connection indicating simi-
larity, semantic or structural associations. The diffusion of GRL paradigms in the biomedical
research is favored by the abundance of structured biomedical knowledge, available through
KBs that are specialized on different biological domains and can be harmonized to consti-
tute KG. In addition, RL offers a scalable and flexible framework for combining different
biomedical data types, ranging from real-world data, to publicly available data repository,

by connecting different biological scales.
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6.2 Summary of the main findings

In this thesis, GRL Al frameworks that integrate pre-existing knowledge in biomedical data
analysis were proposed. In particular, three Aims corresponding to different studies were
discussed. The aims deal with a specific biomedical task, using real-world data from a clinical
study called INTESTRAT-CAD project, or public available data repository such as Tox21.
Each aim has a different way to include the knowledge in the objective of interest, from
medical domain knowledge residing in initial phenotypic definition to structured knowledge
available in specialized KGs, that depends on the the specific GRL method adopted.

The idea that an initial phenotypic definition, such as the evaluation of a disease severity
for a patients’ cohort, can be used to guide the computational phenotyping, i.e., the aim
of identifying subgroups of patient with similar characteristics, was investigated in Aim 1.
Here, a semi-supervised TDA-framework called pheTDA was proposed, that first uses the
Mapper algorithm to create a topological graph from a dataset of clinical variables, while
tuning the Mapper algorithm hyper-parameters by leveraging the initial phenotypic label.
Subsequently, from the graph obtained pheTDA discovers communities of nodes by using
community detection methods, introducing a new stratification in the patients population,
that is characterized with the most discriminative features through the means of ML pre-
diction models, that are trained in a one-vs-rest binary classification setting. In addition,
the framework provides assistance while performing computational phenotyping with plots
that monitors the graphs statistics related to the Mapper outputs. To fully leverage the
Mapper visualization ability, pheTDA can also provide the topological graph enriched with
the most discriminative variables values. When applied on a training set deriving from a
population of 725 subjects enrolled for the Epifania trial, comprising both CAD patients
and control, pheTDA has showed to successfully identify five novel subgroups, one of them
only comprised only CAD diabetics patients with a higher CV risk. The trained pheTDA
pipeline is applied on the test set for evaluating inference capabilities showing that was able
to introduce a more robust partition when compared to spectral clustering, also considering
a previous step of dimensionality reduction obtained with UMAP.

The combination of clinical data and RNA-seq variables through the use of a KG and
KGE for developing a CAS prediction model was explored in Aim 2. In this study, a re-
cently published precision medicine-oriented KG, called PrimeKG, was adopted to combine
the different variables available for the patients enrolled in the Epifania trial. First, PrimeKG
representation was learned by training and testing different KGE models, selecting RotatE
model since obtained the highest KG completion perfomance measured on a test set of the

PrimeKG triples. Second, the dataset clinical and gene expression variables were mapped
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to the PrimeKG nodes, according to the node types and auxiliary information residing in
external knowledge repository or scientific literature. Then, a new knowledge contextualized
representation is obtained by defining each patient as a combination of the KGE embeddings
corresponding to his/her variables’ values. Finally, these representation is given in input to
ML classifiers that are trained to predict the CAS severity in three different binary classifi-
cation task: CAS > 25%, CAS > 50% and CAS > 70%. In particular, experiments are made
by comparing the proposed fusion strategy in both single- and multi-modality settings, by
considering separately the clinical and the gene variables, their simple concatenation, and
their combination with knowledge. While the results showed that using a representation
that combine knowledge with data-driven predictive model improves the classification and
calibration perfomance for CAS > 25% and CAS > 50%, the clinical variables alone are
the best strategy in CAS > 70%. This suggests that combining different kind of data for
predicting a lower severity of CAS can improve the classification pipeline.

Lastly, in in Aim 3 was investigated how to augment a toxicity prediction model for small
molecules by combining semantic knowledge from ComptoxAl, a KG proposed for compu-
tational toxicology. In particular, from this KG was first created a chemicals dataset, where
chemicals are represented by their 2D graph structure, with atoms’ and edges’ attributes
encoded as nodes’ and edges’ features. A GNN encoder was pretrained with MolCLR, con-
trastive learning framework to learn molecules robust representations. The embedding space
learned is qualitatively evaluated with dimensionality reduction, showing that molecules were
clustered according to chemical and physical properties. Subsequently, information about
chemicals, their interaction with genes, and their activity for Tox21 assays, were queried
from ComptoxAl and two strategies were created to inject the toxicity prediction task with
pre-existing knowledge. In the first an heterogeneous graph was created with chemicals,
gene and assay entities, and the chemical features were statically initialised with the em-
bedding extracted from the GNN pretrained encoder. Then a GNN semantic module was
used to update the chemical representation with the message from the other entities and
update them with knowledge, and finally trained to make toxicity prediction. In the second
strategy, the heterogeneous graph was augmented by expanding the chemicals as hypern-
odes, where each molecule was connected to all the atoms that constitute it. A hierarchical
GNN message passing mechanism was used to first update the chemical representation in
the molecule space, second to flow this information in the semantic space, constituting the
chemical embeddings, subsequently updated with the knowledge from the other entities, and
to finally make toxicology predictions. Both the strategies improved the toxicity predictions
tasks, with competitive results when compared to classic ML models. In addition, it was
showed that by using GNN XAI method it was possible to interpret the results obtained, by
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identifying the most important subgraph in the molecule for the toxicity assay considered.

6.3 Future developments and final considerations

The thesis” aims are linked with specific biomedical tasks, i.e., CAD risk stratification, CAS
severity and small molecules toxicity prediction. However, the possibilities to extended the
the proposed Al frameworks to other applicative fields in different biomedical research are
ensured by the flexibility of the GRL methods adopted. The motivation behind the choice of
these paradigms was dictated by the GRL ability to balance between the flexibility of data-
driven methods, such as clustering algorithm and predictive models, and the structured
data representation, that is an advantage for the integration of multiple data types and the
medical knowledge.

For example, the semi-supervised TDA framework can be used with different initial phe-
notypic definition, such as different disease, or by using a phenotypic definition evaluated
with an ordinary scale, e.g. a clinical score or guidelines, that measure the likelihood to de-
velop a disease or its initial severity. This approach can be used to redefine patients grouping
according to their variables and prior medical knowledge, highlighting the possible differences
with the current clinical definition of the disease given by the clinical practice or guidelines.
Apart from precision medicine applications, the pipeline proposed in Aim 1 can be gener-
ally used as an investigative tool when dealing with high-dimensional and large biomedical
dataset. This includes fields where there is more availability of data for their nature, such as
molecular biology, or when dealing with biomedical entities, e.g., medical images or genomic
sequences, that are embedded with a DL models in a representation space. Considering this
last situation, the extension of this framework to inspect the representation learned with
graph embedding models in Aim 2 and Aim 3 is straightforward. Indeed, the pipeline can be
executed to perform computational phenotyping on the knowledge contextualized patients
representation learned with KGE (Aim 2), and to discover potential patterns between chem-
icals by inspecting the small molecules embeddings also updated with biological knowledge
(Aim 3).

The KGE models have already demonstrated their ability in different applicative fields to
combine entities of different types for generally predictive task. Even if new powerful encoder
are recently published, such as graph-based like GNNs, or even Large Language Models
(LLMs)-based, KGE models do not stop to provide a solid methodological background for the
creation of model which objective is to inject a dataset of interest with an initial biological
understanding. In recently published foundation models, e.g. SHEPPERD and TxGNN,

proposed for zero-short rare disease prediction and drug-repurposing prediction, respectively,
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KGE are used to give to the Al predictive model based on GNN, an initial knowledge on the
particular domain of interest through pretraining on large KG. Nevertheless, the learning
technique proposed by KGE models is continually used in this studies, during the training of
the predictive model for the downstream task of interest, to avoid catastrophic forgetting that
will cause the model to loos the biomedical knowledge pre acquired. For example, considering
to expand the analysis in Aim 3 by using the entire ComptoxAl graph or a larger KG, the
predictive model proposed for computational toxicology based on GNN can benefit from the
solid knowledge representation offered by the KGE when working with heterogeneous graph
structure. In addition, could be interesting to investigate how the combination of different
biomedical entities is performed by more complex model such as recently KGE foundation
models, assessing their capability in practical biomedical domain.

GNNs models are specifically designed to work on graph data and are a natural choice
when modeling molecules. The GNN message-passing mechanism offers advantage on shal-
low embedding approaches, allowing to combine different kinds of data in biomedical re-
search, incorporating structured knowledge, and building an end-to-end prediction model,
as reported in Aim 3 for the case of small molecules computational toxicology. Consider-
ing to expand the application range from the same domain, predictive pipeline for different
chemicals’ properties can be constructed, for example for predicting ADME properties of
potential drugs, by combining classification and regression tasks in the predictive models.
In addition, it is straightforward to extend the pipeline for other applications, such as drug-
repurposing. Indeed, in the thesis toxicity prediction was formulated as a node classification
task, where node label was defined from the connection to chemicals to assay nodes, and
drug-repurposing tasks will simply requires to reformulate it as a link prediction between

chemicals and genes entities.
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