. COBrio e e mpy L1757
OO T N OB

Universita degli Studi di Napoli Federico II

Ph.D. Program in
Information Technology and Electrical Engineering
XXXVI Cycle

THESIS FOR THE DEGREE OF DOCTOR OF PHILOSOPHY

Al-based computational methods
for tumor heterogeneity
characterization, early cancer
detection and oncology drug target

by
ANTONIO DE FALCO

Advisor: Prof. Michele Ceccarelli W W
Co-advisor: Prof. Luigi Cerulo /Ewl(ﬁ,«m
l
“(}swm,

Fe )

ScuoLA POLITECNICA E DELLE SCIENZE DI BASE

DIPARTIMENTO DI INGEGNERIA ELETTRICA E DELLE TECNOLOGIE DELL’INFORMAZIONE






AI-BASED COMPUTATIONAL METHODS FOR
TUMOR HETEROGENEITY
CHARACTERIZATION, EARLY CANCER
DETECTION AND ONCOLOGY DRUG TARGET

Ph.D. Thesis presented
for the fulfillment of the Degree of Doctor of Philosophy

in Computational And Quantitative Biology
by

ANTONIO DE FALCO

October 2023

Approved as to style and content by
Prof. Michele Ceccarelli , Advisor

Nigu

Prof. Luigi Cerulo, Co-advisor

Candidate’s declaration

I hereby declare that this thesis submitted to obtain the academic degree
of Philosophiae Doctor (Ph.D.) in Computational And Quantitative



v

Biology is my own unaided work, that I have not used other than the
sources indicated, and that all direct and indirect sources are
acknowledged as references.

Parts of this dissertation have been published in international journals
and/or conference articles (see list of the author’s publications at the end
of the thesis).

Napoli, February 23, 2024

b U F

Antonio De Falco




Abstract

The Ph.D. thesis presents a comprehensive analysis framework that
exploits the advances in sequencing technologies and statistical machine
learning to address critical aspects of cancer research. These advancements
have revolutionized our ability to analyze a large amount of biological data
and also with unprecedented resolution, allowing us to analyze every single
cell and detect the presence of even the smallest percentage of circulating
tumor DNA fragments in liquid biopsies. Indeed, the increase in the accu-
racy and cost reduction of sequencing led to an exponential increase in the
amount of data generated, which allows the creation of large-scale human
genomics, transcriptomics, and proteomics datasets, allowing and requir-
ing the need to develop novel computational methods capable of analyzing
this large-scale data that can help advance our understanding of cancer
biology, promising to improve diagnostic accuracy and therapeutic strate-
gies for cancer patients.

The work presented in this thesis is divided into three main chapters:
in the first chapter, a method is presented to segregate non-malignant tu-
mor microenvironment (TME) cells from malignant ones and characterize
tumor heterogeneity at high resolution by automatically identifying clonal
copy number substructure from single cell RNA-seq data; In the second
chapter, the potential of fragmentomics combined with deep learning mod-
els in early cancer diagnosis and minimal residual disease (MRD) analysis
based on liquid biopsy data is explored; finally, the last chapter describes
a method based on Gaussian processes for the prioritization of oncology

drug targets based on a proteomic dataset.

Keywords: Liquid biopsy, Machine Learning, Early cancer detection,

Minimal residual disease, Tumor heterogeneity, Drug Prioritization






Sintesi in lingua italiana

La tesi di dottorato presenta un quadro di analisi completo che sfrutta i
progressi delle tecnologie di sequenziamento e dell’apprendimento statistico
automatico per affrontare gli aspetti critici della ricerca sul cancro. Questi
progressi hanno rivoluzionato la nostra capacita di analizzare una grande
quantita di dati biologici e anche con una risoluzione senza precedenti, per-
mettendoci di analizzare ogni singola cellula e di rilevare la presenza anche
della piu piccola percentuale di frammenti di DNA tumorale circolante
nelle biopsie liquide. In effetti, ’aumento della precisione e la riduzione
dei costi del sequenziamento hanno portato a un aumento esponenziale
della quantita di dati generati, che consente la creazione di insiemi di dati
genomici, trascrittomici e proteomici umani su larga scala, consentendo e
richiedendo lo sviluppo di nuovi metodi computazionali in grado di anal-
izzare questi dati su larga scala che possono contribuire a far progredire la
nostra comprensione della biologia del cancro, promettendo di migliorare
I'accuratezza diagnostica e le strategie terapeutiche per i pazienti affetti
da cancro.

Il lavoro presentato in questa tesi é suddiviso in tre capitoli principali:
nel primo capitolo viene presentato un metodo per segregare le cellule del
microambiente tumorale (TME) non maligne da quelle maligne e carat-
terizzare 1’eterogeneita del tumore ad alta risoluzione identificando auto-
maticamente la sottostruttura del numero di copie clonali da dati RNA-seq
di singole cellule; Nel secondo capitolo viene esplorato il potenziale della
frammentomica combinato a modelli di deep learning nella diagnosi pre-
coce del cancro e nell’analisi della malattia minima residua (MRD) sulla
base di dati di biopsia liquida; infine, I'ultimo capitolo descrive un metodo
basato sui processi gaussiani per la prioritizzazione di bersagli farmaco-

logici oncologici sulla base di un set di dati proteomici.

Parole chiave: Biopsia liquida, Machine Learning, Individuazione
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Introduction

The following chapters present computational algorithms that leverage
the latest advancements in sequencing technologies and statistical machine
learning to address critical aspects of cancer research. Advances obtained
thanks to recent technologies have revolutionized our ability to analyze
a large amount of biological data with unprecedented resolution. With
the increase in the accuracy and cost reduction of sequencing, there has
been an exponential increase in the amount of data generated, which has
led to the creation of large-scale human genomics, transcriptomics, and
proteomics datasets.

Innovations in sequencing have led to the creation of new computational
techniques that are capable of analyzing large-scale data, which can help
advance our understanding of cancer biology. They allow us, for example,
to analyze every single cell and detect even the smallest percentage of
circulating tumor DNA fragments in liquid biopsies.

The objective of the thesis is to develop novel computational algorithms
based on machine learning to analyze this innovative data. The research
alms to improve diagnostic accuracy and therapeutic strategies for cancer
patients.

Specifically, in the first chapter, our algorithm for the automatic anal-
ysis of intratumor heterogeneity from single-cell transcriptomics data is
described. The algorithm segregates malignant cells from non-malignant
cells and then performs a comprehensive downstream analysis to automat-
ically identify tumor subclones and classify distinct and shared alterations.
The individual cells’ smoothed expression profiles provide evidence of the
copy number profile in each subclone, enabling accurate discrimination be-



tween malignant and non-malignant cells. This algorithm makes use of a
multichannel segmentation technique that assumes that all cells in a given
copy number clone have the same breakpoints. The copy number status of
each segment is called by the mixture model algorithm, for which the pa-
rameters are estimated using the EM algorithm. The proposed algorithm
has been successfully compared with respect to state-of-the-art methods to
analyze tumors and their microenvironment using datasets from different
tumor types and technologies.

Chapter two delves into the exciting realm of detecting cancer at an
early stage and analyzing minimal residual disease (MRD) through liquid
biopsy data. In this chapter, we explore the potential of using deep learn-
ing models based on fragmentomics features to achieve this goal. Frag-
mentomics features refer to the characteristics of DNA fragments that are
present in a sample, and they can be used to identify subtle changes in
the genome that may indicate the presence of cancer or MRD. By utiliz-
ing deep learning models, we can train the system to recognize patterns
and make accurate predictions based on the fragmentomic features. This
approach has the potential to greatly enhance the accuracy and speed of
cancer detection, as well as MRD analysis, which is crucial for monitoring
the success of cancer treatments and preventing relapse. The use of liquid
biopsy data is particularly exciting, as it offers a minimally invasive alter-
native to traditional tissue biopsies. With liquid biopsies, a small sample
of blood or other bodily fluids can be analyzed for the presence of cancer
or MRD, making the process less invasive and more accessible to patients.

Finally, in the last chapter, we explore the prioritization of oncology
drug targets, and this involves utilizing advanced techniques to identify and
analyze the proteins that are expressed in cancer cells. By understanding
the features of approved drug target proteins in cancer, we can prioritize
and identify potential new drug target proteins according to their similar-
ity with known approved, which could be used to develop more effective
cancer treatments. Our research will involve analyzing large datasets of
proteomics data and using machine learning approaches to identify pat-
terns and relationships between different proteins. Our goal is to provide
insights into the most promising targets for oncology drug development
and to help accelerate the development of new and more effective cancer
treatments.



Chapter

Intratumoral heterogeneity in
scRNA

1.1 Single cell RNA sequencing

Single-cell RNA sequencing (scRNA-seq) is a ground-breaking technol-
ogy that, since its introduction in 2009 [96], has revolutionized the field
of genomics. It enables researchers to study gene expression at the single-
cell level, providing unprecedented insights into the biological processes
that occur within individual cells, significantly influencing research in the
fields of cancer biology and immunology. Unlike traditional bulk RNA
sequencing methods, which provide an average gene expression profile for
a population of cells, scRNA-seq allows for the identification of cellular
heterogeneity (Figure 1.1), which in turn enables researchers to gain a
more comprehensive understanding of the diversity of cell types and states
within a tissue or tumor. Smart-seq2 [72] and 10X Genomics Chromium
are the two most popular platforms used for scRNA-seq. Smart-seq2 [72]
is based on microtiter plates, where mRNA is isolated and reverse tran-
scribed to cDNA for each cell. In contrast, the 10X Chromium protocol
uses a droplet-based scRNA-seq technology (3’-tag sequencing) that cap-
tures the gene expression profiles of thousands of cells simultaneously. In
particular, they differ in terms of the number of captured cells, library
sizes, and genes per cell. 10x protocol captures more cells, while Smart-
seq2 [72] protocol captures more genes per cell.

3
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By analyzing gene expression at the single-cell level, scRNA-seq has the
potential to facilitate the discovery of new cell types and subtypes (Figure
1.1), as well as to help identify novel therapeutic targets for a wide range
of diseases.

@ Library Preparation @ Single-cell sequencing
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Figure 1.1. scRNA Workflow. Representative example of the single-cell
sequencing analysis pipeline.

1.2 Intratumoral heterogeneity

The intratumoral heterogeneity and interactions between tumor cells
and the immune system are a key step to explaining treatment failure
and play a crucial role in studying tumor growth and evolution [1, 6],
therefore, the analysis and study of these processes represent the main
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opportunity to understand the reasons for treatment ineffectiveness and
for the development of new personalized therapies.

scRNA-Seq has achieved remarkable success in delineating numerous
transcriptional programs activated within a single tumor [94, 70, 28] and
in identifying key regulators of tumor-host interaction. To study the com-
plexity of lineage identity, differentiation, and proliferation of tumor cells
and the impact of stromal and immune components, a large number of
unsorted cells from tumor biopsies are subject to whole transcriptomics
profiling and then classified as malignant cells, stromal cells, and immune
cells, and further stratified into different compartments according to ei-
ther expression of specific markers [11], and the orchestrated activation of
pathways [28].

The primary stage typically is to classify cells into malignant cells, stro-
mal cells, and immune cells and further stratified into distinct compart-
ments based on the expression of specific markers and orchestrated activa-
tion of pathways. Differentiation between malignant and non-malignant
cells is a critical step in the subsequent analysis of scRNA-seq tumor
datasets.

1.3 Copy number inference

The fundamental approach to address the challenge described above
is to estimate common copy number alterations that characterize trans-
formed cells. Copy number alterations (CNAs) refer to a type of genetic
mutation that involves changes in the number of copies of certain DNA
segments within a cell. These mutations can occur in somatic cells, which
are non-reproductive cells that make up most of the body and are com-
monly observed in various cancer types. CNAs can result in the loss or
gain of genomic material, which can disrupt the normal function of genes
and contribute to the development and progression of cancer. As such,
understanding the mechanisms underlying CNAs and their role in cancer
biology is critical for developing effective diagnostic and therapeutic strate-
gies. Copy number alterations (CNAs) are somatic changes to chromosome
structure that result in gain or loss in copies of sections of DNA and are
prevalent in many types of cancer.

The copy number profile is inferred in single-cell transcriptomics by
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considering the gene expression profiles of individual cells as a function
of their genomic coordinates. The gene expression function is then sub-
jected to moving average smoothing and grouped into malignant and non-
malignant cells. One of the most successful methods based on this ap-
proach is the inferCNV algorithm |70]. One drawback is that the clusters
of reference cells require manual identification, usually with a combina-
tion of approaches [66, 99]. Moreover, inferCNV and similar methods
[25, 70] are particularly suited for smart-seq data having high coverage
and relatively low throughput, whereas they exhibit sub-optimal perfor-
mances on droplet-based methods with very sparse coverage depth and
higher throughput [114]. An approach to overcome these limitations is
represented by the CopyKAT method [27] that automatically classifies ma-
lignant and non-malignant cells. It was successfully applied to analyze the
clonal substructure of three triple-negative breast tumors. However, the
classification produced by CopyKAT can be affected by a wrong identifi-
cation of normal cells and, similarly to other methods, was not designed to
perform a complete automatic identification of the clones, reporting their
breakpoints, the specific and shared alteration, and a clonal deconvolution
in a complete end-to-end pipeline.

1.4 SCEVAN

The computational approach to the problem described in this thesis
is called Single CEll Variational Aneuploidy aNalysis (SCEVAN), an al-
gorithm based on variational principles for automatically identifying clonal
copy number substructures within tumors from single-cell data. The method
independently segments malignant cells from non-malignant cells and then
analyses clusters of malignant cells using an optimization-based joint seg-
mentation algorithm ?7. The concept that all cells within a copy number
clone share identical breakpoints with the lysed expression profile of each
cell has been exploited, providing support for defining the copy number
profile of each subclone. Consequently, the joint segmentation process im-
proves the rectification of systematic biases, resulting in consistent break-
points. Subsequently, SCEVAN performs a comprehensive downstream
analysis to automatically identify tumor subclones, classify distinct and
shared alterations, and construct a phylogeny of clones. The joint segmen-
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tation algorithm incorporated in SCEVAN has its roots in a variational
framework originally developed in the field of Computer Vision, relying
on the Mumford-Shah energy model [64]), which has already proven effec-
tive in identifying copy number alterations in matched tumor-normal pairs
using high-density comparative genomic hybridization arrays [62] and in
identifying fusion breakpoints [87]. Moreover, its joint version was devel-
oped to identify recurrent copy number alterations in large tumor cohorts
[63, 61].

SCEVAN uses a set of stromal and immune signatures and the fact that
malignant cells often harbor aneuploid copy number events to discriminate
between transformed cells and microenvironment cells automatically. An
extensive collection of annotated datasets of different tumor types was
used, confirming that SCEVAN is faster and more accurate than state-of-
the-art methods. The evaluation has shown that this approach is viable in
cases with high purity and subjects with a significant amount of immune
infiltration. Therefore, SCEVAN is particularly suited in studies where
unsorted populations of single cells need to be analyzed to characterize,
for example, the interaction between malignant cells and their microenvi-
ronment.

Subsequently, the key use of SCEVAN consists of delineating the clonal
substructure in solid tumors based on differences in CNAs and studying
tumors’ temporal and geographic evolution. This includes the reporting
of breakpoints, specific and shared alterations, and clonal deconvolution
within a complete end-to-end pipeline. For instance, SCEVAN was used
to deconvolve the clonal structure of glioma tumors, and in one patient,
the presence of cell populations with differential activation of glioma cel-
lular states was found, confirming that the clonal architectures drive the
heterogeneity of glioma subtypes [28]. Functional analysis of subclones re-
vealed drivers of cellular states, such as the Proliferative /Progenitor (PPR)
glioma subtype. UBE2T was identified as the top amplified and differ-
ential expressed gene in the PPR clone. Interestingly, UBE2T can be
pharmacologically inhibited [113], and therefore, it results as a potential
therapeutic target for PPR cells. Moreover, SCEVAN can characterize the
clonal status of onco-suppressor genes such as PTEN and CDKN2A. Such
characterization may be of interest for diagnostics or therapeutic target-
ing and for the exploitation of approaches based on synthetic lethality[39].
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Clonal deconvolution extracted from scRNA-seq can also be used to study
regional and temporal tumor evolution and for the characterization of the
difference between primary and metastases. SCEVAN has been evalu-
ated with different single-cell technologies and recently used in a large
study integrating millions of single cells from 538 samples and 309 patients
across 29 datasets using the most commonly applied platforms such as 10x
Chromium, Smart-seq2, GEXSCOPE, inDrop, and Drop-Seq [78]. SCE-
VAN was benchmarked against state-of-the-art methods and demonstrated
its superior performance in terms of speed and accuracy on real-world data
with reference copy number information from bulk tumor profiles, and also
on synthetic data. Some limitations of SCEVAN rely mainly on its basic
assumption that their aneuploidy can identify cancer cells.

1.4.1 Workflow

The workflow of SCEVAN, illustrated in Figure 1.2, is described here
in summary, while each individual step of the algorithm will be explained
in detail in subsequent sections. SCEVAN starts from the raw count ma-
trix with genes on rows and cells on columns. The input count matrix
is log-transformed and then pre-processed by removing cells with a low
number of detected transcripts and selecting the most expressed genes. A
set of highly confident non-malignant cells is identified and used to deter-
mine a copy number baseline and to compute the relative matrix removing
the baseline (Steps A and B). This matrix undergoes an edge-preserving
non-linear diffusion filter assuming a piece-wise smooth function as the
underlying model (Step C). The smoothed matrix is then segmented using
the joint segmentation algorithm to obtain a copy number matrix (Step
D). SCEVAN discriminates the normal cells from tumor cells as those
falling in the cluster containing the highest number of confident normal
cells (Step E). The different subclones are obtained by analyzing the clus-
ters of the tumor cells in the Copy Number Matrix (Step F). Then, each
cluster is segmented independently from the smoothed matrix to obtain a
copy number profile for any subclone (Step G). The segments are classi-
fied in one of five predefined copy number states: deletion, loss, neutral,
gain, or amplification, using a majority vote applied to a mixture model
classification of each cell. Finally, SCEVAN characterizes truncal, shared,
and clone-specific alterations, comparing different clusters and performing
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enrichment analysis up to a clone phylogeny (Step H).
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Figure 1.2. SCEVAN Workflow. SCEVAN starts from the raw count
matrix, removing irrelevant genes and cells. a Identification of a small set of
highly confident normal cells. b Relative gene expression obtained from re-
moval of the baseline inferred from confident normal cells. ¢ Edge-preserving
non-linear diffusion filtering of relative gene expression. d Segmentation with
a variational region growing algorithm. e Identification of normal cells as
those in the cluster containing the majority of confident normal cells. f Iden-
tification of possible subclones using Louvain clustering applied to a shared
nearest-neighbor graph of the tumor cells. g Segmentation with a variational
region growing algorithm applied to each subclone. Segments are then clas-
sified into five copy number states. h Analysis of subclones including clone
tree, pathway activities (GSEA was performed for each subclone using fgsea-
Multilevel, which calculates p-values based on an adaptive multilevel splitting
Monte Carlo scheme), and characterization of shared and specific alterations.

1.4.2 Preprocessing of scRNA-seq data

The preprocessing phase is aimed at filtering out low-quality and ir-

relevant cells. Specifically, the cells with less than 200 detected genes and
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the genes expressed in less than 1% of cells are removed. The remaining
genes are annotated by adding their genomic locations to the matrix using
Ensembl-based annotation package [76], and then genes are sorted accord-
ing to genomic coordinates. After annotation, the genes involved in the
cell cycle pathway, obtained from REACTOME |[37], are filtered to reduce
artificial segments caused by the cell cycle [27].

1.4.3 Identification of High confident non-malignant cells

The input data D is an m X n single-cell gene expression matrix where
m is the number of cells, and n is the number of genes ordered by genomic
positions. To segregate malignant from non-malignant cells, SCEVAN fol-
lows a multi-step approach. A small set of high-confidence normal cells
is used to build a relative expression matrix and as a seed for identify-
ing the cluster of normal cells. Then, the relative expression matrix is
segmented and clustered as described in the following paragraphs. A set
of gene signatures from public collections |11, 111], including cells of the
tumor microenvironment, stromal and immune cells, such as lymphocytes,
macrophages, microglial cells, dendritic cells, neurons, and others, is , is
used to identify the high-confidence normal cells. The Mann-Whitney-
Wilcoxon single sample gene set test implemented in the yaGST package
[26] was applied and assumed as normal confident cells the top classi-
fied cells with p-value less than 107!° and Normalized Enrichment Score
(NES) greater than 1.0. The search is restricted to a maximum of 30 high-
confidence non-malignant cells.

Then the copy number baseline, estimated from the median expression
of confident normal cells, is removed from the count matrix, thus obtaining
the relative matrix D, = D — bT where b is the n-dimensional vector with
the median value of confident normal cells. If no confident normal cells
are found, is assumed that the sample is pure and contains only malignant
cells. In this case, a synthetic baseline is removed from the malignant
cells. The synthetic baseline is obtained by subtracting from each gene
a random value extracted from a Gaussian distribution with zero mean
and the same standard deviation of the considered gene. To take into
account the heterogeneity of the sample and to avoid smoothing CNV
subclones, this step is applied to clusters of the count matrix. The number
of clusters is automatically chosen by using the Calinski-Harabasz criterion
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and hierarchical clustering based on Ward’s method, they exhibited better
results in the analyzed data.

From now on, the relative gene expression matrix will be considered
the sampled version of a function u defined on the genome with values in
R™. In the case of single-cell data, the sampling is based on the relative
expression values of each gene, in previous works, a similar formalism was
used for aCGH arrays [61] where the sampling points are the position of
each SNP probe, or for Whole Exome data [2] the sampling points are the
genomic positions position of exons.

1.4.4 Edge-preserving smoothing

Before the segmentation phase, one of the key steps of SCEVAN is
to smooth the relative expression function. Since the segmentation step
described below assumes a piecewise-constant model of the copy num-
ber signal, a non-linear smoothing of the gene expression is preliminarily
performed along with the genomic coordinates to regularize the gene ex-
pression signal, reduce the outliers and, at the same time, to preserve the
discontinuities which are the breakpoints between the copy number seg-
ments. A filter grounded in the Bayesian framework of edge-preserving
regularization was used, [17|, which considers the minimization of the To-
tal Variation (TV) functional

/ o(IVul) (1.1)

where u is the m-dimensional relative gene expression signal, Vu is its
gradient and ¢(-) is a discontinuity-adaptive prior [12]. In particular, a TV
approximation with a parametric family of functionals that are smooth at
the origin is used:

n/logcosh(wlﬂ) (1.2)

which has been shown to produce a well-posed minimization problem
overcoming the non-differentiability of the TV at the origin [14], where k >
0 is the regularization parameter that measures the amount of smoothing
performed by the algorithm, which increases as the value approaches 1.
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The discretization of the minimization solution of TV is based on the
use of a finite difference method for smoothing data while preserving edges.
The iterative numerical scheme implemented in SCEVAN uses a hyper-
bolic conservation law-based technique that is just the one-dimensional
adaptation of the stable finite difference scheme previously reported [14].
Specifically, once defined AL = = (uj+1,; — u;) and At in this case is a
fixed value that represents the time step, then in each subsequent itera-
tion of approximation n + 1, the smoothed relative gene expression signal
is computed as follows:

A AT ug
utt :u?’—kA—;-Af {tanh ,{ZZZ } i=1,...,m (1.3)

1.4.5 Single Cell joint segmentation algorithm

SCEVAN uses a multichannel segmentation procedure that inputs all
the cells in a given clone to identify the boundaries of homogeneous copy
numbers.

The procedure is based on the Mumford and Shah energy originally
developed to analyze images. In their original work [64], the authors intro-
duced the basic properties of variational models for computer vision aimed
at defining the mathematical foundations for appropriate decomposition
of the 2D domain €) of a vector-valued function ug : 2 — R™ into a set of
disjoint connected components (§2 = Uézlﬁi, LN =0, 1<1j<
l,i # j). The set of points on the boundary between the ; is denoted as
I'. This partition is modeled such that the signal varies smoothly within
a component and discontinuously between the disjoint components. This
problem is known as piece-wise smooth approximation. Here a special case
of the Mumford-Shah model was adopted, when the approximation u of
the signal ug is constrained to be a piece-wise constant function.This is
best suited for CNV segmentation. In this case, the optimal segmentation
is obtained by minimizing the following:

E(u,T) = Z /Qv(uo — u;)?dzdy + AT (1.4)

where T" is the boundary between the connected components €2; and | - |
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indicates its length and u; is the restriction of u to ;. It is easy to show
that the minimum for this model can be obtained by posing u; as the
mean of ug within each connected component ;. Hence, this functional
represents a compromise between the accuracy of the approximation and
the parsimony of the boundaries. It is essential to notice that the resulting
segmentation depends on the scale parameter A. Indeed, it determines
the number of computed regions: when A is small many boundaries are
allowed, and the resulting segmentation will be fine. As A increases, the
segmentation will be coarser and coarser.

In the current case of segmenting the genome in regions of homogeneous
copy number, a segmentation I' = {by,--- ,byr41} was defined as a set of
ordered positions (breakpoints) partitioning the genome into M connected
regions R = {Ry, -+, Ry}. Each region R; will contain all genes whose
genomic coordinates lie between breakpoints {b;,b;+1}. A function defined
on a one-dimensional domain in equation (1.4) was modeled, |T'| reduces to
the number of regions M. According to the original algorithm proposed in
[61], to minimize this function, adjacent regions R; and R, are iteratively
merged in a pyramidal manner to create larger segments, and the reduction
of the energy can be shown as:

B(u, T\{b:}) — B(u,T) = Tl Ftit]

where |R;| is the length of the i-th region, and u; is a m-dimensional vector
with the mean value of gene between b; and b;11, || - || is the Ls norm and
\ is the set difference. To minimize (1.4), a greedy procedure was followed.
A segmentation is started with n regions, one for each gene. Then, at each
step, the adjacent regions that yield the maximum decrease of the energy
functional upon merging are merged. Since A\ decides the end of merging,
choosing an appropriate value is crucial to ensure the quality of the final
segmentation. As in [61], the selection for A at each merging step is done
dynamically, depending on two factors: the region’s size and the mean
values of the consecutive regions being considered for the merge. Hence,
the cost of merging two regions R; and R;1, associated with a breakpoint
b;, is computed as follows:
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if \; < A, the adjacent regions are merged and the i-th breakpoint re-
moved. Otherwise, the energy function has reached a local minimum, and
no merging can be done further. Therefore, A is updated to the smallest of
Ai + €, continuing the merging. The sequence of A values is monotonically
increasing as it corresponds to the amount of decrease of the energy func-
tional at each step in (eq. (1.5)). In [62] a stopping criterion was adopted
in such a way that the final segmentation is obtained when the increase in
A stabilizes and merging any further does not correspond to a significant
decrease of the energy. The final stopping value is based on the variability
of the adjacent region and the total variability of the data, v. The total
variability is computed as the sum of the standard deviation of all cells
after the smoothing step. The stopping criterion is A\ = A1 — \; < Bv,
where  is a positive constant, representing the only parameter of the seg-
mentation algorithm.

1.4.6 Classification of malignant and non-malignant cells

The joint segmentation algorithm, applied to the relative gene expres-
sion matrix, returns a set of breakpoints and the interpolating function
w minimizing (1.4), which is simply the mean gene expression between
consecutive breakpoints in each cell. Hence, an intermediate CNA m X n
matrix(m is the number of cells and n is the number of genes) is computed
by substituting each expression value with the mean gene expression be-
tween consecutive breakpoints in each cell. This matrix is then clustered
into two groups using hierarchical clustering. All the cells in the clus-
ter containing the highest number of confident normal cells (if confident
normal cells have been detected as described above) are then classified as
non-malignant. The final CNA matrix is then obtained by subtracting the
vector of the mean value of all the identified normal cells.

1.4.7 Differential subclonal structure characterization

To deconvolve the clonal structure of a given sample, the CNA matrix
containing just tumor cells is clustered using Louvain clustering [10]| ap-
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plied to a shared nearest-neighbor graph [109] (Figure 1.2, step F). Clonal
deconvolution is performed with a standard technique for identifying sub-
populations in the analysis of single-cell transcriptomic data. Each clus-
ter represents a potential subclone. Therefore the joint segmentation al-
gorithm is re-applied considering just the cells of the cluster (Figure 1,
step G). The segmentation results are classified with the CNV calling al-
gorithm described below and analyzed to identify subclone-specific alter-
ations, shared alterations between subsets of clones, and clonal alterations.
Segments in each clone representing the same copy number alterations at
genomic distances less 10Mb are first merged together. Afterwards, two
alterations in different clones are considered the same if the respective start
or end breakpoints are at a genomic distance of less than 10Mb and differ
in size by less than 40%. This choice prevents altered segments that show
small differences in the segmentation, as close but not equal breakpoints,
are considered as different alterations. The parameters mentioned were se-
lected based on a grid search, selecting the parameters that showed better
results from the analysis of downstream results of all samples analyzed.
Finally, the list of potential clone alterations is further filtered, retaining
only clones having specific alterations.

1.4.8 CNYV calling

To obtain an estimate of the copy number status of each segmented
region, a mixture model-based algorithm to the mean expression level u; ;
from CNA matrix of each i —th cell within each j—th segment was applied.
This value is modeled as a mixture of five truncated normal distributions
(with lower bound a and upper bound b) as in [58], each defined as follows:

[ (ui; )
((I; 9) — F(b, 0) I(IIJ (U’LJ) (17)

T (ui 5;0) = 7

where 1, g() represents the indicator function of belonging of u; ; to the
interval, f(-) density and F'(-) cumulative distribution functions.

The parameters of the mixture are estimated using the EM algorithm
[21], starting at step ¢t = 0 from empirically chosen initial fixed parameters
(Table 1.1).

In the expectation step, the conditional probability fztlj is calculated
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for each mixture (s), with actual parameters the prior ps and 8 = (u, 02).

t
gl pg )ZLI’ (ui,j; 92)
s S Y T (i g 0)

where m is the number of cells and r the number of segments.

(1.8)

In the maximization step, defined the sum of all conditional probabili-

ties as ELFL =31 > i1 féti , the new parameters for each mixture are

estimated as follows:

=t+1, =
t+1 B iy 4l t+1 _ =it
S - EE-H ’ S - S T mxr

Then, each segmented region is classified, using a posterior probability,
in one of five copy number states: deletion (0), loss (1), neutral(2), gain
(3), or amplification (4). The final classification of each segmented region is
obtained using the majority vote algorithm, starting from the classification
for each cell in the relative segment.

1.4.9 Comparison with other methods and analysis of bulk
data

The raw count matrices of scRNA-seq samples reported in classification
and copy number inference comparisons reported in the paper are ana-
lyzed following the steps of SCEVAN Workflow and with CopyKAT v1.0.5
and inferCNV v1.4.0. InferCNV was run using the author’s recommenda-
tions for the parameters denoise=TRUE, HMM=TRUE, HMM_type=’i6’, and
cutoff=0.1 (for MM dataset)[54], cutoff=1.0 (for multiregional GBM
dataset)[70].

The copy number variation profile from bulk biopsies was used as
ground truth. In the case of Multiple Myeloma [54], CNVkit v0.9.9 was
used for segmentation. The integer Copy Number was assigned based
on cutoffs specified in the CNVkit documentation (—1, —0.25, 0.2, and
0.7).For the 26 Glioblastoma multiregional samples of low-depth whole-
genome sequencing (WGS) on the bulk biopsies [112], the copy number
variations computed every 1Mb window by Yu et al. [112] was segmented
using DNAcopy (v1.62.0)[102].The ground truth extracted from WES and
WGS have, of course, different resolutions with respect to the single-cell
data. Therefore, the output of each method and the ground truth were
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MIXTURE 0 (DELETION) | MIXTURE 1 (LOSS) | MIXTURE 2 (NEUTRAL) | MIXTURE 3 (GAIN) | MIXTURE 4 (AMPLIFICATION)
(3, 11 = (o)) - (39,8 [=5,8] B, i3+ (3 o)] B+ (3°0), w3 % 3]
W3 = o)) | - 3a), 52 72,57 =32 1B+ (30)] TiselB + (3°0) j1oc B 3]

iz (Clonal Analy —54 52 0.0 72 74

fioe (Subclonal Analysis) 71 73 0.0 73 Fi

[ 0.01 0.01 0.01 0.01 0.01

BOUND (Clonal Analysis
BOUND (Su

8 0.05 0.05 0.05 0.05 0.05
P 0.05 0.1 0.7 0.1 0.05

Table 1.1. Initial parameters of the mixture of five truncated normal distri-
butions for copy number classification.

first resampled at the same genomic resolution. Specifically, for each po-
sition of the genome at 1Mb distance is taken the log ratio value or copy
number integer value depending on the considered method. Then, the
Pearson correlation is computed between this re-sampled vector and the
ground truth [27]. CNVkit and DNAcopy use circular binary segmentation
(CBS), which is not used by any of the methods SCEVAN, CopyKAT, and
inferCNV compared. This choice avoids a possible bias in the comparison.

For the comparison of breakpoints detection on synthetic data, is used
GenoCN v1.40.0 and the method doGFLars of jointseg v1.0.2. Since they
do not have their own smoothing method, is used smooth.CNA of DNA-
copy [102] as previously suggested [73].

1.5 SCEVAN benchmark

1.5.1 Malignant cell classification on synthetic data

To quantitatively evaluate the accuracy of SCEVAN in discriminating
malignant from non-malignant cells, 500 synthetic matrices with known
tumor /normal classification were generated. A Multiple Myeloma dataset
has been used, containing 17,267 malignant plasma cells and 57,719 im-
mune cells of Liu et al. [54]. Based on the specific markers used by the
authors, cell clusters are classified into eight immune compartments and
tumor cells of each patient. A scDesign2[91| model for each cell type was
trained, specifically eight immune and 14 malignant models, one for each
sample. The synthetic scRNA-seq matrices were randomly generated by
choosing the following parameters: the number of total cells (between 300
and 1000), the tumor purity (between 5% and 100%), the number of cells
for each immune cell type, and the scDesign2[91] malignant model from
one of the 14 samples. The generated matrices had, on average, 94% of zero
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values. Dropout noise at different levels was also added to each simulated
sparse count matrix. Dropout simulations have probabilities conditioned
on mean gene expression, such that lowly expressed genes have a higher
likelihood of dropout than highly expressed genes. This type of noise is
added using SPLATTER|115], which uses a logistic function to produce a
probability that a count should be zero. The logistic function is defined by
a midpoint parameter, xg, the logarithm of the expression level at which
50% of cells are replaced with zero. The probability of a zero for each gene
is then used to randomly replace some of the simulated counts with zeros
using a Bernoulli distribution. Three noise levels have been used, corre-
sponding to the values of z9p = —2,—1,0, that respectively replace 7%,
17%, and 31% of non-null values with a 0. SCEVAN and CopyKAT have
been applied to these synthetic matrices containing a total of 322,687 cells
(Figure 1.3), obtaining with SCEVAN a mean F1 score of 0.948 - 0.943 -
0.909 - 0.824 and with CopyKAT 0.798 - 0.792 - 0.763 - 0.726 respectively
for each level of noise. It is worth noticing that in some cases, both meth-
ods can obtain a very low F1 score, this is due to the fact that in cases
of erroneous identification of the cluster of normal cells, for example, a
cluster of tumor cells is named as the reference normal, then a complete
mis-classification can happen and an F'1 score close to zero is obtained.

1.5.2 Malignant cell classification accuracy on real data

The accuracy of non-malignant cell classification also has been eval-
uated on real data, the method was applied to several public datasets
[66, 114, 49, 75, 112] of three different cancer types of scRNA-seq data
(Glioblastoma (GBM), Head and Neck Squamous Cell Carcinomas (HN-
SCC), Colorectal cancer) and from different sequencing technologies (Smart-
seq2, 10X Chromium), classifying a total of 106 samples and 93, 322 cells.
In all the considered datasets, the identification of the non-malignant cell
has been reported by the authors through manual curation based on a com-
bination of approaches using copy number profile [70], clustering, and cell
markers. The results in terms of F1 score have been compared|74] with
those obtained by using CopyKAT [27]. SCEVAN, as shown in Figure
1.4, achieves a better classification score in 63% of the samples, whereas
CopyKAT performs better than SCEVAN in 23% of the samples. The F1
score for all samples obtained with SCEVAN is 0.90 in contrast to the F1
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Level Noise Level Noise

Figure 1.3. Benchmark of malignant cell classification task on syn-
thetic data. a Comparison tumor/normal classification in terms of mean
F1 score on 500 synthetic matrices, for various dropout noise levels, between
SCEVAN and CopyKAT. (SCEVAN 0.948 0.943 0.909 0.824 - CopyKAT 0.798
0.792 0.763 0.726). b Violin Plots of the F1 score for 500 matrices at different
noise levels using CopyKAT (Red) and SCEVAN (Blue).

score of 0.63 obtained with CopyKAT. SCEVAN shows a low F1 SCORE
in samples with very few tumor cells (between 1 and 15), present mostly in
the case of Head & Neck cancer dataset. For one of the samples (BT786),
results could not be obtained from CopyKAT due to a crash. Collectively,
these results confirm that SCEVAN can accurately discriminate between
tumor and normal cells in different solid tumors using the copy number
profiles inferred from scRNA-seq.

1.5.3 Segmentation accuracy on synthetic data

To perform a quantitative evaluation of the segmentation results, a
synthetic dataset was generated that models two realistic scenarios: Sce-
nario I, with just clonal alterations and all malignant cells share the same
alterations; Scenario II, where there are some clonal alterations shared
by all cells and also two populations of malignant cells having subclone-
specific alterations. For both scenarios, synthetic matrices were generated
with different levels of magnitude of the synthetic copy number alterations,
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Figure 1.4. Benchmark of malignant cell classification task. F1 score
obtained with SCEVAN and CopyKAT [27] in the classification of malignant
and non-malignant cells for each cancer type. Colorectal cancer [49] n =
47,285 cells examined over 23 scRNA-seq independent experiments, Glioblas-
toma [66, 114, 112] n = 40,320 cells examined over 63 scRNA-seq independent
experiments, Head and Neck Squamous Cell Carcinomas [75] n = 5,717 cells
examined over 20 scRNA-seq independent experiments

starting from matrices previously obtained using scDesign2[91]. Only nor-
mal diploid cells are considered and randomly altered genomic regions,
generating synthetic aneuploid cells.

For each matrix, the number of aneuploid cells was chosen randomly (be-
tween 30% and 90% of total cells), the number of alterations (between 1
and 10), the central position of each alteration (between 1 and the number
of total genes), the number of genes belonging to each alteration (between
50 and 1000), and in the case of scenario II the assignment of each cell to
one of the two sub-clones.
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To generate synthetic amplification (deletion), the count values of the genes
belonging to the alteration are increased (decreased). Specifically, a uni-
form random value p in (0, o) was drawn and replace each gene count x;;
by z;;(1 + p) for amplifications and z;;/(1 + p) for deletions. Therefore,
are increased/decreased counts of the genes belonging to the alteration by
a percentage between 0 and 100a%. For each scenario, four experiments
are performed corresponding to o = 2, 3,4, generating for each scenario,
and value of «, 100 matrices.

To define an appropriate evaluation metric for the segmentation produced
by various segmentation algorithms, as previously suggested [73], the break-
points that lie within a tolerance threshold of distance (es. 20 genes) from
the true breakpoints are considered as True Positive (TP), and as false neg-
ative (FN) if there are no breakpoints in this tolerance area. The synthetic
dataset was used to compare the accuracy of SCEVAN and CopyKAT, and
also other segmentation approaches were considered, such as GFLars [73],
a method optimizing a squared loss and a regularization term based on
group LASSO, and GenoCN, [92] a method based on HMM segmentation.
Using a threshold of 20 genes, SCEVAN obtains significantly higher F1
scores than other methods in each scenario and experiment (Figure 1.5).

It is interesting to note that in some cases SCEVAN, as well as the
other methods, gets a low score. This is due to several factors. When
all the breakpoints are identified at a distance greater than the tolerance
threshold, or the method fails to identify most of the alterations, then
the corresponding classification score is close to zero. Moreover, since the
synthetic matrices, as well as the synthetic alterations, are randomly gen-
erated, it is possible that the alterations are located in regions where the
average gene expression is low. In such cases, even for the high amplitude
of the alteration (the parameter «), the segmentation task becomes ex-
tremely challenging with the possibility of low detection accuracy.

The role of the parameters on the performance of the considered segmen-
tation methods also needs to be investigated. In general, segmentation
algorithms adopt some regularization parameters to control the amount
of smoothing and the coarseness of the segmentation, such as the pa-
rameter 8 for SCEVAN that controls the convergence of the hierarchical
region-merging procedure and defines a stopping criterion for the increas-
ing sequence of the regularization parameters and KS.cut for CopyKAT.
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Figure 1.5. Benchmark of segmentation task on synthetic data. Com-
parison of segmentation accuracy in terms of F1 score with fixed tolerance
threshold (20) as a function of the magnitude of alteration «, and type of
alteration, Clonal (Scenario I) and Sublconal (Scenario II). Box plots show
the median as the center, the lower and upper hinges that correspond to the
25th and the 75th percentile, and whiskers that extend to the smallest and
largest value of no more than 1,5*IQR. Values that stray more than 1.5*IQR
upwards or downwards from the whiskers are considered potential outliers and
represented with dots. Significance was computed by a one-sided Wilcoxon
signed rank test.

Since an exhaustive exploration of the parameters for the considered algo-
rithms may lead to over-optimistic results which are difficult to replicate
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in scenarios with real data, a dynamic programming approach was used
that progressively selects optimal subsets of the breakpoints reported by
a given method [73] (jpruneByDP procedure of the jointseg Bioconductor
package). With this setting, it is possible to compute a precision-recall
(PR) curve for the output of various algorithms varying the size of se-
lected optimal subsets of breakpoints. Here, the mean area under the PR
curve (AUC) was computed as a function of the tolerance parameter for
100 simulated matrices at different levels of the magnitude of alteration «
(Figure 1.6).
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Figure 1.6. Segmentation accuracy on synthetic data. Comparison of
segmentation accuracy in terms of mean PR AUC at different thresholds of
tolerance on 100 synthetic matrices, for various magnitudes of alteration «,
and type of alterations, Clonal (Scenario I) and Sublconal (Scenario II).

SCEVAN reaches consistently better AUC than the other segmenta-
tion methods, and as the o parameter increases, i.e., when the steps in the
genomics alterations are more noticeable, the improvement is even more
evident.

Furthermore, the performance varying the segmentation parameters of
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SCEVAN and CopyKAT was evaluated. For CopyKAT, the parameter
KS.cut has been varied in the interval suggested by the authors (0.05,
0.10, 0.15, 0.20, 0.25, 0.30, 0.35, 0.4), and for SCEVAN the parameter
B (0.1, 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 4.0) has been varied. In both cases,
the increase of these values results in coarser segmentations. PR curves
are calculated for matrices with different «v (2, 3, and 4), with clonal and
subclonal scenarios, and using different tolerance values (10, 20, 30, and
40 genes). This analysis also confirms that SCEVAN’s accuracy is higher
even with varying parameters and tolerance values (Figure 1.7). The re-
sults above refer to a limited number of alterations (between 1 and 10),
it has been observed that have observed that the overall accuracy is not
significantly influenced by the number of simulated genomic alterations.
Rather, it is influenced by the magnitude of the alteration o and the local
distribution of the smoothed gene expression signal around the disconti-
nuities induced by the breakpoints. In the experiments reported in the
sequel, the default value (8 = 0.5) was used to produce slightly finer seg-
mentations on real data accounting for more focal lesions. For the clonal
analysis, the algorithm uses a slightly larger value (8 = 3.0) to reduce
the effect of the noise in the final output. Finally, the synthetic dataset
is publicly available and could serve as a reference benchmark for other
single-cell CNV inference algorithms.

1.5.4 Segmentation accuracy using reference data

After evaluating the accuracy of the method in the identification of the
copy number breakpoints on synthetic data, Its accuracy on real datasets
was evaluated. For this task, both the single-cell RNA-seq and refer-
ence copy number profiles obtained from bulk DNA sequencing were used.
Since, in this case, real single-cell datasets were used, results produced
by SCEVAN, inferCNV, and CopyKAT are compared. Since CopyKAT
returns just the segment mean, whereas the output of inferCNV is the
inferred copy number copy number status, when comparing both methods
with SCEVAN both the segment mean, mentioned hereafter as LogRatio,
and the copy number status called by the mixture model algorithm were
used. The ground truth used is composed of 26 samples of a Glioblastoma
multiregional dataset [112] with the CNV status from low-depth whole-
genome sequencing (WGS) on the bulk biopsies (Figure 1.8¢) and seven
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Figure 1.7. Precision-Recall of segmentation task on synthetic data
at varying tolerance. PR curves obtained by varying the parameter g for
SCEVAN and K S.cut for CopyKAT in terms of the magnitude of alteration
a, level of tolerance (10,20,30,40) and type of alterations, Clonal (Scenario I)
and Sublconal (Scenario IT).

samples (81012 Primary, 59114 Relapse-1, 58408 Primary, 58408 SMM,
27522 Primary, 57075 Relapse-1, 37692 Primary) of Multiple Myeloma
(MM) dataset [112] with the CNV Status obtained using whole-exome
sequencing (WES) on the bulk biopsies (Figure 1.8d). The output of SCE-
VAN, CopyKAT, and inferCNV were re-sampled to the same resolution of
the ground truth by taking one value every 1 Mb.

The boxplots of Figure 1.8 show the Pearson correlation between the
inferred copy number profiles and the reference copy number obtained in all
samples. SCEVAN as segment mean (LogRatio) has a mean correlation of
0.57 (max 0.81) on the multiregional GBM dataset and 0.44 (max 0.71) on
the MM dataset. The copy number call of SCEVAN has a mean correlation
of 0.54 (max 0.84) on the multiregional GBM dataset and 0.46 (max 0.76)
on the MM dataset. CopyKAT has a mean correlation of —0.03 (max
0.52 ) on the multiregional GBM dataset and 0.29 (max 0.52) on the MM
dataset. Whereas inferCNV has a mean correlation of 0.44 (max 0.88) on
the multiregional GBM dataset and 0.35 (max 0.63) on the MM dataset.

Since inferCNV does allow automatic identification of the non-malignant
cells, for the generation of these results, the set of non-malignant cells clas-
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Figure 1.8. Benchmark of inferred copy number profile. (a,b) Copy
number profile inferred with SCEVAN (segment mean (LogRatio) and CNV
status), inferCNV, CopyKAT, the corresponding ground truth from low-depth
WGS of sample S5P4 [112] and from WES of sample 58408 Primary [54]. In
both ¢ and d Box plots show the median as center, the lower and upper hinges
that correspond to the 25th and the 75th percentile, and whiskers that extend
to the smallest and largest value no more than 1,5*IQR. Values that stray
more than 1.5*IQR upwards or downwards from the whiskers are considered
potential outliers and represented with dots. Significance was computed by a
two-sided Wilcoxon signed rank test (ns: p-value > 0.05, *: p-value <= 0.05,
#HAk: p-value <= 0.0001). c Pearson correlation between the copy number
inferred with different methods and the ground truth from low-depth WGS
for 26 samples [112]. SCEVAN obtains a significantly higher correlation than
CopyKAT (LogRatio p-value 1.3¢ — 05 and CNV status p-value 3.0e — 07)
and inferCNV (LogRatio p-value 0.02). d Pearson correlation with the ground
truth from WES for 7 samples [54]. SCEVAN obtains a significantly higher
correlation than CopyKAT (LogRatio and CNV status p-value 0.016) and in-
ferCNV (LogRatio p-value 0.016 and CNV status p-value 0.031). Source data
are provided as a Source Data file.
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sified by SCEVAN was used. The lower accuracy of CopyKAT is proba-
bly due to the wrong classification of malignant and non-malignant cells.
However, since the misclassification of normal cells could be eventually
corrected by manual inspection, instead of using the whole multiregional
dataset, [112]| the same comparison has been performed using just the sam-
ples where CopyKAT achieves an F1 classification score above 0.50. This
comparison evaluated the accuracy of segmentation on real-world data,
limiting the effect of malignant/non-malignant misclassification. On the
13 samples where CopyKAT reaches the best classification results, SCE-
VAN obtained a median correlation between the inferred CNV profile and
the CNV from the bulk WGS of 0.648 and CopyKAT respectively obtained
0.309, as reported in Figure 1.9a.

As a further comparison, CopyKAT was executed using the non-malignant

cells identified by SCEVAN. With this approach, CopyKAT obtained a
much higher correlation with the ground truth. On the 26 samples of
the GBM multiregional dataset, [112] it achieved a mean correlation of
0.33, as shown in Figure 1.9b. However, using the same classification of
non-malignant cells, SCEVAN achieves a significantly higher correlation
(p-value 1.3e77) than CopyKAT The robustness of segmentation against
misclassification of normal cells was also evaluated. Several cells were ran-
domly removed from the reference control cells at 5% steps. Eight samples
from the GBM multiregional dataset [112| were used. As shown in Figure
1.10, SCEVAN is robust to a high percentage of misclassified cells. The
correlation of the copy number variation profile of the malignant cells with
the ground truth remains stable for errors less than 60% and, in some
cases, up to 95%. These results further confirm the robustness of the seg-
mentation method for the misclassification of normal cells.

These data indicate that SCEVAN accurately infers DNA copy number
profiles from high-throughput scRNA-seq data.

1.5.5 Computational Efficiency Comparison

SCEVAN is also particularly efficient since the main segmentation step
is based on a greedy region-growing algorithm. To validate its performance
in terms of computational efficiency, the classification step of the malignant
cells and the segmentation step were compared separately. In the former
case, the direct comparison of the execution times showed that SCEVAN
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Figure 1.9. Comparison of the inferred copy number profile. In both
a and b Box plots show the median as center, the lower and upper hinges that
correspond to the 25th and the 75th percentile, and whiskers that extend to the
smallest and largest value no more than 1,5*IQR. Values that stray more than
1.5*IQR upwards or downwards from the whiskers are considered potential
outliers and represented with dots. Significance was computed by a two-sided
Wilcoxon signed rank test (***: p-value <= 0.001, ****: p-value <= 0.0001).
a A correlation comparison between the inferred copy number of SCEVAN and
CopyKAT with ground truth from low-pass WGS data. The evaluation is only
performed on samples in which CopyKAT has a good classification of tumor
cells with an Fl-score higher than 0.50. The 13 samples analyzed are S13P4,
S3P4, S11P5, S13P6, S5P4, S13P5, S12P5, S6P2, S5P1, S6P5, S9P3, S1P2 and
S3P8 from GBM multiregional dataset [112]. SCEVAN obtains a significantly
higher correlation than CopyKAT, p-value 2.4e~%. b A comparison between
the inferred copy number profile of SCEVAN and CopyKAT using as control
cells the normal cells obtained from the SCEVAN classification. The evalu-
ation is performed on 26 samples of GBM multiregional dataset [112] with
the ground truth from low pass WGS data. SCEVAN obtains a significantly
higher correlation than CopyKAT (p-value 1.3e~°), with a mean correlation
of 0.57 against 0.33 of CopyKAT using SCEVAN classification as a reference.

is 2x to 7x faster (Figure 1.11a) in the discrimination phase between ma-
lignant and non-malignant cells. Afterward, comparing the time required
for segmentation, on the multiregional GBM dataset, [112] SCEVAN is
2x faster than CopyKAT and 5x than inferCNV, instead for the Multiple
Myeloma data [54], sequenced with 10x Genomics technology, CopyKAT
becomes particularly slow, due to large number of cells. Specifically, as
shown in Figure 1.11b, SCEVAN is 11x faster than inferCNV and 19x
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Figure 1.10. Correlation with ground truth varying misclassifica-
tion errors. Correlation between the inferred copy number of SCEVAN with
ground truth from low pass WGS data, to varying misclassification errors. The
8 samples are S1P7, SP32, S6P1, S13P6, S5P4, S13P5, S6P5 and S9P3 from
GBM multiregional dataset [112].

than CopyKAT. These results show that the greedy segmentation algo-
rithm implemented in SCEVAN is particularly efficient with respect to
other methods for copy number inference from scRNA-seq.

1.6 Clonal substructure deconvolution

1.6.1 Intratumoral heterogeneity in Glioblastoma

Glioblastoma (GBM) is the most aggressive form of brain tumor. It is
characterized by high heterogeneity, with several clonal and subclonal tu-
mor cell populations, glioma stem cells, and an immuno-repressive tumor
microenvironment [66, 16, 56]. SCEVAN can automatically infer clonal
substructure from single-cell data by analyzing the clusters of the CNA
matrix that show significantly different genomic alterations. As an appli-
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Figure 1.11. Runtime Benchmarking. In both a and b, Box plots show
the median as the center, the lower and upper hinges that correspond to the
25th and the 75th percentile, and whiskers that extend to the smallest and
largest value no more than 1,5*IQR. Values that stray more than 1.5*IQR
upwards or downwards from the whiskers are considered potential outliers
and represented with dots. a Classification time for each sample expressed as
a percentage relative to the maximum time for each dataset Head and Neck
Squamous Cell Carcinomas (GSE103322 [75]) n = 5,717 cells examined over 20
scRNA-seq independent experiments, GBM (GSE131928 [66]) n = 7,930 cells
examined over 28 scRNA-seq independent experiments, GBM (GSE117891
[112]) n = 2,957 cells examined over 25 scRNA-seq independent experiments,
GBM(GSE103224 [114]) n = 29,433 cells examined over 10 scRNA-seq inde-
pendent experiments and Colorectal cancer (GSE132465 [49]) n = 47,285 cells
examined over 23 scRNA-seq independent experiments b Runtime of copy
number inference and segmentation for each dataset, expressed as a percent-
age relative to the maximum time, Multiple Myeloma (PRINA694128 [54])
n = 34,204 cells examined over 7 scRNA-seq independent experiments and
Glioblastoma (HRA000179 [112]) n = 2,957 cells examined over 25 scRNA-seq

independent experiments.

cation of this approach, one of the samples reported in a recent study [66] is
used, the MGH105 sample. SCEVAN identifies four sub-populations that
have different alterations on chromosome 6 (Figure 1.13). Interestingly,
whereas canonical scRNA-seq processing analyses could not reach the res-
olution for the identification of four subclones [66], instead the existence
of these subclones had been previously described through the application
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of DNA single-cell DNA methylation platforms [16].
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Figure 1.12. Deconvolution of the clonal substructure. a Clonal struc-
ture of sample BT1160 inferred by SCEVAN. b t-SNE plot of CNA matrix.
c Inferred phylogenetic tree. d OncoPrint-like plot of BT1160 highlighting
clone-specific alterations, shared alterations between and clonal alterations. e
GSEA was performed on REACTOME(37] pathways for each subclone with a
minimum size of 15 genes and a maximum size of 500 genes and with 10000
as number of permutations using the fgseaMultilevel function in the R pack-
age fgsea (v. 1.16), which calculates p-values based on an adaptive multilevel
splitting Monte Carlo scheme. f NES and —logio(p-value) per cell of GBM
cellular states [28] computed by the Mann-Whitney-Wilcoxon single sample
gene set test gene set implemented in the yaGST package [26]. Source data
are provided as a Source Data file.

In sample BT1160, SCEVAN uncovers the presence of three tumor
cell sub-populations, as shown in Figures 1.12a-b. Phylogenetic recon-
struction of the clone tree shows two close clones (subclones 1 and 2)
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Figure 1.13. Subclonal copy number alterations of the chromosome.
a Clonal structure of MGH105 [66] inferred by clustering single-cell copy num-
ber profiles by SCEVAN. b Inferred copy number in chromosome 6 for each
subclone.

and a significantly far third subclone (Figure 1.12¢). To better under-
stand how individual clones fuel tumor growth and clonal selection, the
reported alterations are investigated. SCEVAN identifies several trun-
cal alterations, such as the amplification on Chr 5 (q23.2-q31.3), shared
alterations, such as the deletion on Chr 10 (q22.1-q26.3), and subclone-
specific alterations, such as the amplification in the green subpopulation on
Chr 1 (¢31.2-g32.1) and Chr 19 (q13.32-q13.33) (Figure 1.12d). Interest-
ingly, subclone-specific functional analysis reveals a differential activation
of pathways that resemble a recent metabolic classification of Glioblastoma
[28]. Subclone 1 (lightblue) enriches pathways characteristic of the Neu-
ronal subtype, subclone 2 (blue) has cells belonging to the Mitochondrial,
and subclone 3 (green) contains cells with Proliferative/Progenitor sub-
type (Figure 1.12e). Indeed, this finding is confirmed by the enrichment of
individual cells for every subtype (Figure 1.12f). The Proliferative/Progen-
itor subclone has several specific amplifications (1q21.3-q22, 1¢q31.2-1¢32.1,
3q26.32-3¢27.2, 4932.1-435.1, 6p22.1, 8p11.22-8q21, 19q13.32-19q13.22).
To identify drivers of the different cellular states, a differential analysis
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between genes with genomic coordinates in regions of the subclone-specific
alterations has been performed. The top differentially expressed gene lying
in the alterations specific to the subclone 3 was the Ubiquitin-conjugating
enzyme E2T (UBE2T) gene, which is significantly up-regulated (p-value
2.69¢743 log fold change 1.10) (Figure 1.14) enriching the activity of the
pathway of DNA Repair. This gene encodes for the exclusive ubiquitin-
conjugating enzyme (E2) that partners with the Fanconi Anemia (FA)
ubiquitin ligase (E3). The E2T-FA complex is required for DNA inter-
strand crosslink repair as the monoubiquitination event implemented by
E2T is essential for the recruitment of downstream DNA repair factors by
FA [33].
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Figure 1.14. Top amplified and differential expressed gene of sub-
clone. a Differential gene expression analysis of genes belonging to the specific
amplifications of subclone 3, comparing subclone 3 against the others. Signif-
icance was computed by a two-sided t-test. b UBE2T expression on t-SNE
plot of CNA matrix.

Furthermore, the analysis of copy number sub-structure can charac-
terize the clonal status of specific tumor-associated genes. SCEVAN re-
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veals that in samples BT1160 and MGH102, alterations of tumor suppres-
sor genes CDKN2A and PTEN are subclonal (Figure 1.15). Indeed, in
sample BT1160, the deletion on Chr 10 (q22.1-q26.3), containing PTEN
(10g23.31), is shared between two out of three subclones, while in the re-
maining sub-population, this alteration is not present. Also, in the sample
MGH102, the region 9p21.3 containing the gene CDKN2A is deleted in
two of the four subclones. These results suggest that SCEVAN can re-
solve clonal copy number substructure in tumors from scRNA-seq data
and identify subclonal differences and glioma-specific cancer states.

Sample - BT1160 PTEN
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Figure 1.15. Tumour suppressor genes in the clonal substructure
Compact representation of clonal structure inferred with SCEVAN of scRNA-
seq samples BT1160 and MGH102 [66], in which the alterations containing
tumor suppressor genes PTEN and CDKNZ2A are subclonal. Source data are
provided as a Source Data file.

1.6.2 Clonal evolution in multiregional GBM tumor

Glioblastoma heterogeneity has also been investigated in the spatial
and temporal axes [112, 9] because a single biopsy may not be informative
of the whole tumor. Multiple biopsies allow to characterize the clonal
architecture and evolutionary dynamics of GBM [50].
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SCEVAN has been used for the evolutionary analysis of clonal struc-
ture for multiregional scRNA-seq samples of GBM [112]. For example,
the patient GS1 with seven biopsies was analyzed, specifically with two
taken at the tumor periphery and the remaining at the core of the tu-
mor. The clonal analysis of each sample with SCEVAN allows to infer
an evolutionary tree of the clones (Figure 1.16). Copy number alterations
develop along several branches, and the peritumoral samples (P2/P3) are
in a branch separated from the core samples, in which there is no ampli-
fication in chromosomes 4 and 8. Moreover, the amplification present on
Chr 2 is clonal in peripheral samples and subclonal in some core samples
(P1/P4/PT7).

1.6.3 Clonal structure of primary and metastatic lymph

SCEVAN (and similar approaches) can address important questions,
such as identifying similarities and differences between primary tumors and
metastases. For this purpose, primary HNSCC tumors and correspond-
ing lymph node metastases |75 were considered. Of the four considered
cases, just one specific sample, the patient (HNSCC5), presented a differ-
ent clonal structure between primary tumor and lymph node metastasis,
particularly the absence of amplification of chromosome 7 (p22.3-p13) in
the lymph node metastasis, as shown in Figure 1.17. Interestingly, this
is the locus of Glycoprotein non-metastatic b (GPNMB), which is down-
regulated in lymph node metastasis (Figure 1.18). Furthermore, GPNMB
increases tumor growth and metastasis in multiple contexts [53]. For the
remaining patients (HNSCC20, HNSCC25, HNSCC26, HNSCC28), the
clonal structure of the lymph node metastasis appeared to be the same as
in the primary tumor. Therefore, a high correlation (Pearson correlation
between 0.79 and 0.89) comparing the clonal profiles of the primary tumor
and lymph node metastasis pairs is obtained. These data show that SCE-
VAN can be used to study the clonal evolution of metastatic cancer.

1.7 Findings

SCEVAN thus represents a powerful method that uses a joint segmen-
tation algorithm to identify genomic copy number profiles from scRNA-seq
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Figure 1.16. Temporal deconvolution of the clonal substructure.
Compact representation of clonal structure inferred with SCEVAN of mul-
tiregional scRNA-seq samples of patient GS1 [112] and a phylogenetic tree
deduced from clonal structure of the samples. Source data are provided as a
Source Data file.

data. SCEVAN is more accurate and faster than state-of-the-art methods,
making it ideal for delineating the clonal substructure in solid tumors and
studying the temporal and geographic evolution of tumors. The evaluation
of SCEVAN using annotated datasets of different tumor types has demon-
strated its superior performance. It has been used in a large study integrat-
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Figure 1.17. Clonal copy number comparison of matched Primary
and Metastatic tumor. Copy number profile of Primary (P) and Metastatic
Lymph nodes (L) from samples of Head and Neck cancer dataset (HNSCC5,
HNSCC25, HNSCC26, HNSCC28) [75]. Source data are provided as a Source
Data file.

ing millions of single cells from several datasets using different sequencing
platforms (10X Chromium, Smart-seq2, Microwell-seq and STRT-C1).

SCEVAN can automatically discriminate between transformed cells
and microenvironment cells, making it a valuable tool for identifying po-
tential therapeutic targets. SCEVAN allowed the identification of UBE2T
as a top amplified and differentially expressed gene in the PPR clone of
glioma tumors. SCEVAN can also be used to study regional and temporal
tumor evolution and to characterize the difference between primary and
metastatic tumors.

However, it is important to note that SCEVAN relies on the assump-
tion that aneuploidy can identify cancer cells. While it is a highly effective
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Figure 1.18. Differential analysis in specific copy number alteration.
Differential analysis of genes belonging to the specific amplification on chromo-
some 7, between the gene expression of the primary tumor against the lymph
node metastasis. Significance was computed by a two-sided t-test.

method for many types of cancers, it may not be well suited for certain
types of cancers, such as liquid cancers, pediatric cancers, and Ependy-
momas, which may have a minimal number of genomic alterations. Thus,
SCEVAN approach (and similar) may not be suited in this case.
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Liquid Biopsy

Detecting, characterizing, and monitoring cancer with liquid biopsy
can transform cancer care from early detection to resistance and response
prediction and a better definition of personalized therapies. Liquid biopsy
is based on the analysis of cell free DNA (cfDNA), opening the possibil-
ity of taking repeated blood samples, consequently allowing the changes
in ¢cfDNA to be traced during the natural course of the disease or during
cancer treatment for obtaining diagnostic information that has previously
only been obtainable through invasive biopsies. On the contrary, acquiring
tumor biopsies by invasive methods poses a significant challenge in accu-
rate tumor profiling and monitoring. Extracellular DNA circulates in the
blood due to cell death, which can result from normal cellular processes
or specific diseases [81, 98|. For healthy individuals, most of the cfDNA in
the plasma originates from blood cells [90]. Organs or tissues affected by
a particular disease lead to increased cell death, which results in a more
abundant presence of cell free DNA from that specific organ or tissue in the
blood. Standard technologies based on next-generation sequencing adopt
a “tumor-informed” approach by analyzing parts of the genome at very
high depth to discover the presence of target somatic alterations. Without
prior information or hotspot mutations, different “blind” genome-wide ap-
proaches are needed. Since multiple tissues contribute to the circulating
DNA, identifying the tissue of origin is the primary diagnostic strategy
to uncover which organ generated disease-associated DNA molecules and,
eventually, large amounts of DNA [81]. The tissue of origin must be based

39
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on features other than the DNA sequence itself, as all cells contain the
same genome. Within this context, the epigenetic footprints of ¢fDNA
arise as a critical factor for successfully exploiting all potential of liquid
biopsies [55, 88|(Figure 2.1). The epigenetic status is highly tissue-specific
and can accurately distinguish cancer types [32] and even specific cancer
subtypes with clinical relevance [13]. Multiple epigenetic patterns inform
tissue of origin in ¢fDNA| including the nucleosome organization [88], end-
motifs distribution [71], fragmentation pattern [20], and DNA methylation
signatures [86].

2.1 Epigenetics features

The cancer epigenome is characterized by global changes in DNA methy-
lation and histone modification patterns [84]. DNA methylation refers to
the addition of methyl groups to the DNA molecule. DNA methylation
is an important epigenetic regulation because it causes changes in gene
expression without altering the DNA sequence; in fact, when methyla-
tion occurs in the promoter of a gene, it typically acts to repress gene
transcription [105]. Another epigenetic mechanism is related to the nu-
cleosome organization, which is the basic unit of chromatin, consisting
of DNA wrapped on histone proteins. The organization of nucleosomes
refers to how DNA is packaged within these units. Different cell types
have unique patterns of nucleosome organization, which influence the ac-
cessibility of DNA and, consequently, gene regulation and expression [86].
Epigenetic signatures related to nucleosome organization, such as fragment
size and position coverage and DNA methylation, as detailed below, bring
with them various evidence of cancer-specific characteristics that can be
used for cancer detection and monitoring.

2.1.1 Fragment lengths

Fragmentation pattern refers to the size distribution of cfDNA frag-
ments. The peaks of fragment length distribution, as shown in Figure 2.3,
reflect precisely the organization of nucleosomes. There is a significant
difference in fragment size distribution between healthy and cancer sam-
ples [20]. In the organization of nucleosomes, as known (Figure 2.2A), the
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Figure 2.1. A clinical grade cfDNA protocol for cancer detection
and monitoring using the Fate-Al technology. The cfMeDIP-Seq proto-
col is a high-sensitivity method capable of assessing methylation status from
low amounts of input cfDNA through the addition of a DNA filler, a pool of
methylated and unmethylated PCR, amplicons, used as a carrier for the im-
munoprecipitation reaction with anti-methylcytosine antibodies. The cell free
DNA library is isolated from 1 ml of plasma, and the sample is divided for the
generation of two different libraries. The library subjected to the immunopre-
cipitation reaction with 5-mC antibodies is used for methylation analysis. The
other library is sequenced by low-pass whole genome sequencing and used for
fragmentomics analysis. The combination of fragmentomics and methylation
features was used for the development of a classifier, which is used by a ma-
chine learning model for cancer detection and tissue of origin classification.
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nucleosome core is comprised of approximately 145bp of DNA wrapped
around an octamer of histone proteins, constructed from two copies of each
histone. Each nucleosome core is connected to an adjacent nucleosome core
through a segment of linker DNA, approximately 20 bp of this linker DNA
is typically found in association with the linker histone H1, increasing the
nuclease protection of the core particle to 167 bp. The nucleosome core,
together with the linker histone, is called the chromatosome. Adding the
remaining linker DNA to the chromatosome completes the nucleosome,
forming the chromatin polymer with a repeat length ranging from 160 to
240 bp with a peak of 197bp.
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Figure 2.2. Nucleosome organization. A. The nucleosome core comprises
about 145 base pairs of DNA wrapped around a histone octamer. Adjacent
nucleosome cores are connected via a segment of linker DNA, increasing nu-
clease protection to approximately 167 base pairs (chromatosome). The addi-
tion of the remaining linker DNA completes the nucleosome, resulting in the
chromatin polymer, with a repeat length ranging from 160 to 240 base. B.
An organized nucleosome structure results in decreased sequencing coverage,
suggesting DNA degradation at the exposed binding site. Conversely, high
coverage peaks are evident at adjacent protected positions.

As shown in Figure 2.3, there is a significant difference in fragment
size distribution between healthy and cancer samples around the peaks
described above, in particular, an increase of fragments with a length re-
lated to the nucleosome core occurs in the patients with cancer disease,
and inversely an increase of fragments from chromatosome to the complete
nucleosome in the patients without disease. This different distribution, as
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demonstrated in several previous works ([29] [71] [83]), is due to abnormal
nuclease activity, with a particular interest in the endonuclease enzyme
DNASE1L3, which in several experiments on mice or tumor samples causes
this different fragment distribution.
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Figure 2.3. Fragment Distribution. A. Fragment lenght distribution in
colon, lung, prostate and healthy samples. B. Heatmap of the z-score of the
density of each fragment length calculated against a reference of the density
of each fragment length of all healthy samples.

2.1.2 End-motif

End-motifs refer to the specific DNA sequences or motifs at the ends
of cfDNA fragments, for them too, the abnormal nuclease activity affects
a different distribution. End-motifs show a different distribution among
tissues, also in this case related to the abnormal activity of endonuclease
enzyme DNASE1L3 [71]. In Figure 2.4, the six end-motifs (CCCA, CCAG,
CCTG, TAAA, AAAA, and TTTT) identified as differential between lig-
uid biopsies from healthy patients and patients with cancer are analyzed
[71]. As shown, they are significantly differential, compared to healthy
samples, depending on the patient’s tumor type. The different distribu-
tion compared to healthy samples and between the different tumor classes
themselves indicate that the signature derived on the basis of end-motifs
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may allow the identification of cancer patients and discrimination of tissue
of origin from the liquid biopsy.
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Figure 2.4. End-motif. Distribution of six end-motifs (CCCA, CCAG,
CCTG, TAAA, AAAA, and TTTT)[71] in colon, lung, prostate and healthy

samples.

2.1.3 Nucleosomal footprinting

At genomic sites that are accessible, such as actively bound transcrip-
tion factor binding sites (TFBSs) and open chromatin regions, nucleosomes
are arranged in an organized fashion to facilitate access to DNA-binding
proteins. This organized nucleosome structure leads to reduced sequencing
coverage, indicating DNA degradation at the exposed binding site, with el-
evated coverage peaks observed at the adjacent protected locations (Figure
2.2B). For this reason, the analysis of coverage profiles around TFBSs es-
tablished a distinctive quantitative feature in the 30 bp window (central
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coverage), which distinguishes the accessibility of a site [23]. This feature
serves as a measure to quantify transcription factor activity. Transcription
factors (TFs) are crucial in the dynamic regulation of gene expression. Re-
cent advances in the understanding of cellular gene expression programs
highlight the significant impact of gene expression dysregulation in dis-
eases, including cancer. Mutations affecting TFs, contribute to numerous
diseases, indeed the dysregulation of the activation state of specific TFs
is linked to various types of cancer, with many oncogenes and tumor sup-
pressor genes (es. TP53) acting as TFs [103].

Figure 2.5 shows the inferred TFs activity based on the central coverage
of TFBS [23] in colon and lung cancer. Among the TFs with significant
differential activity between healthy and cancer samples, there are ATF3,
BATF3, FOS, FOSL2, JUN, and JUND which are subunits of the tran-
scription factor AP-1 (activator proteinl). The oncogenic role of AP-1 is
recognized in several cancer types. AP-1 plays a key role in the mechanism
of increased proliferation and resistance to cell death, progression, and in-
vasion [107]. In particular, AP-1 is one of the most important oncogenic
TFs in colorectal cancer [110] and also plays a key role in lung cancer pro-
gression [47].
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Figure 2.5. Trascription Factor Activity. Transcription Factor Activity
inferred from central coverage of TFBSs. In the left panel the differential TFs
in colon cancer respect to healthy samples. In the right panel the differential
TFs in lung cancer respect to healthy samples.
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In addition, based on the coverage, it is possible to analyze the DNase
I hypersensitive sites (DHS), regions of the genome where chromatin has
lost its condensed structure, exposing DNA and making it accessible due to
the sensitivity to cleavage by the DNase I enzyme. In particular, since the
Hematopoietic cells are the stem cells that give origin to other blood cells,
they represent the main source of ¢fDNA in healthy controls. Analyzing
coverage in the specific DHS sites of hematopoietic cells [8], as expected,
there is a loss of coverage and so higher accessibility for Healthy and even
post-surgery Colon samples (Figure 2.6).

Class: Colon Class: Healthy

o

Accessibility

P1 P2 P3 Healthy

Figure 2.6. Hematopoietic DHS. Coverage analysis in the Hematopoietic
specific DNase I hypersensitive sites (DHS). Comparison of temporal Colon
cancer liquid biopsy (blood samples that were collected pre-surgery (P1), after
one month (P2), and three months from the surgery (P3)) and from Healthy
patients.

2.1.4 Methylation

In cancer, DNA methylation leads to silencing of tumor suppressor
genes or activation of oncogenes [48]. Aberrant DNA methylation is a
hallmark of cancer and is associated with tumor initiation, progression,
and metastasis, DNA methylation patterns so can be used as a diagnostic
and prognostic marker for cancer and is also a promising target for cancer
therapy [48]. The recently developed technology, cell free methylated DNA
immunoprecipitation sequencing (cfMeDIP-seq) [85], is an adapted version
of MeDIP-seq to allow immunoprecipitation reaction of a low amount of




2.2. Fate-Al

47

input cfDNA. This technology allows its use in liquid biopsy sequencing
data, enabling extraction of methylation patterns.

The cfMeDIP-seq data extracted from plasma were typically analyzed
with the following pipeline[67]: the methylation profile in each 300bp
region of the genome is extracted, and the profile is compared between
patients with cancer and between patients in the control group (healthy
donors). Regions with FDR < 0.01 and the absolute value of log2 fold
change > 1 were selected as differentially methylated regions (DMRs).
The top 300 DMRs were used to train a classifier capable of discriminat-
ing the methylation profiles of patients with and without cancer.

2.2 Fate-Al

2.2.1 Data pre-processing

Blood samples from treatment-naive patients with Prostate cancer (35
patients) and Colon cancer (51 patients) were collected at Istituto Onco-
logico del Mediterraneco IOM (Catania, Italy), for 24 of the latter patients
two further blood samples were collected after one month and three months
from the surgery. Blood samples from 33 treatment-naive patients with
lung cancer were collected at Azienda Ospedaliera Universitaria “Luigi
Vanvitelli” (Caserta, Italy) and finally, blood samples from 62 healthy
donors were used as controls. Low-pass whole genome sequencing and
cfMeDIP-seq were performed for each sample. The cfMeDIP-Seq protocol
is a highly sensitive method that can determine methylation status even
from low amounts of cfDNA input. This is done through the addition of a
DNA filler, which is a pool of methylated and unmethylated PCR ampli-
cons. It is used as a carrier for a successful immunoprecipitation reaction
with 5-methylcytosine antibodies. The library is isolated from 1mL of
plasma, after which the sample is divided for the generation of two differ-
ent libraries. The library that undergoes the immunoprecipitation reaction
with 5-mC antibodies is used for methylome analysis. On the other hand,
the other library is sequenced by low-pass whole genome sequencing and
used for the study of fragmentomics. All libraries are sequenced on Novaseq
6000 (Illumina). The sequencing reads obtained from the Low pass whole
genome sequencing (LPWGS) of the liquid biopsy were aligned with re-
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spect to human genome hg38 using Senticon bwa-mem (0.7.17-r1188), then
duplicate reads were removed and finally, the indel realignment and base
recalibration were performed using Sentieon tools v. 202112. cfMeDIP-seq
are processed using the pipeline described by Nuzzo et al. [67].

2.2.2 2D-Fragmentomics Profile

The fragmentomics signatures released from circulating tumor DNA
within the liquid biopsy, allow to identify the presence of the disease and
since they reflect the genomic alteration of the primary tumor [20], for
this reason Fate-Al extracts along the genome decomposed into differ-
ent regions these features based on the fragment length and end-motif
that can discriminate between circulating tumor and circulating free DNA
fragments. In order to determine the best resolution of the fragmentomics
profile, it was computed at different resolutions by varying the bin size (0.5
Mb, 1Mb, 1.5 Mb, 2Mb, 2.5Mb, 3Mb, 3.5Mb, 4Mb, 4.5Mb, 5Mb), which
is the size of the region of the genome in which the fragmentomics features
are extracted. The correlation of each feature with a median copy num-
ber profile of Colon cancer was computed from the TCGA database while
varying the size. A bin size of 3Mb was chosen as the optimal resolution
for the fragmentomics profile, exhibiting the highest median correlation.

The genome is subdivided into non-overlapping regions of 3 million
bases, and in each of these regions, 19 features (Figure 2.8 ) based on the
DNA fragment size, coverage and end-motif are extracted.

The following features are calculated based on the length of the frag-
ments in each region: Median absolute deviation, Standard deviation, Co-
efficient of variation, Shannon entropy, and Mean.

Coverage based on the different fragment sizes is then extracted in
each region and normalized against the median of all regions: coverage (all
fragments), coverage nucleosome core (>=140bp & <= 159bp), coverage
chromatosome (>=160bp & <= 170bp), coverage nucleosome (>=171bp
& <= 240bp).

The ratio of different coverage in each region is then calculated: ratio
coverage nucleosome core (>=140bp & <= 159bp)/coverage nucleosome
(>=171bp & <= 240bp), ratio coverage chromatosome (>=160bp & <=
170bp) /nucleosome, ratio nucleosome core + chromatosome (>=140bp &
<= 170bp) /nucleosome (>=171bp & <= 240bp) and mononucleosome
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Short-Long Ratio (Short <= 120bp — Long >=140bp & <= 250bp).

Finally, the percentage presence of six known 4-mer end-motifs typi-
cally altered in cancer (CCCA, CCAG, CCTG, TAAA, AAAA, and TTTT)
[71] out of the total end-motifs is extracted in each region. The analysis in-
volved extracting the initial four 5’ nucleotides from the reference genomic
sequence for every read. The first four 3’ nucleotides were omitted due
to potential alterations caused by end repair during library preparation,
which might not accurately represent the native genomic sequence [71].

The fragmentomics profile along the genome extracted from the Low
pass whole genome sequencing (LPWGS) data of the liquid biopsy reflects
genomic alterations in the primary tumor. Indeed, as shown in Figure
2.8 the different features reflect the profile of the copy number obtained
from the matched tumor tissue, the comparison was performed using the
public dataset containing the liquid biopsy and the matched tissue biopsy
of pediatric patients with Ewing sarcoma [8|.

2.2.3 Auto-Encoder Model

A Convolutional Auto-Encoder was designed to learn efficient repre-
sentations of the 2D-Fragmentomics profiles by encoding them in a low-
dimensional latent space (Encoder) and then decoding them in their orig-
inal form (Decoder). In the latent space by reducing dimensionality, the
auto-encoder forces the network to learn a compressed but informative rep-
resentation of the fragmentomics profile obtained from the liquid biopsy.
Convolutional layers are used in both the encoder and decoder to extract
and reconstruct features from the data.

This architecture, shown in Figure 2.9, is particularly suitable for pro-
cessing grid-like data, such as the 2D-Fragmentomics profile, as they use
learnable filters (kernels) to pass over the input data, capturing local pat-
terns and features. The representations of the latent space are used to feed
a shallow classifier for tumor detection and tissue of origin classification.

The model starts with an input layer, which takes the 2D-Fragmentomics
profile b x f where b is the number of bins (938) and f is the number of
features (19). The encoder section of this model is responsible for reducing
the dimensionality of the input data and capturing essential features. It
consists of three convolutional layers. The first convolutional layer has 16
filters. It uses a 1x3 kernel, meaning it scans the input data vertically with
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a 1x3 stride, capturing patterns in the same region (bin) of the genome.
The activation function used is ReLLU, which introduces non-linearity. The
second convolutional layer has eight filters with the same kernel size as the
previous layer. It also employs ReLLU activation and the same stride. The
final encoder layer employs four filters. It uses a larger 2x2 kernel, captur-
ing broader features in the data. Like the previous layers, it uses ReLU
activation, 'same’ padding, and strides of (2, 2). After the encoding layers,
a flattening layer reshapes the output into a flat vector. This represents
the feature vector in the embedding space of the Fragmentomics profile,
which can be used as input for a subsequent classifier. Afterward, there
is the decoder portion of the model aims to reconstruct the original data
from the compressed representation generated by the encoder. In this sec-
tion, is first present a Reshaping Layer in which the flattened output from
the encoder is reshaped to match the dimensions of the last convolutional
layer’s output. Then, there are three Transpose Convolutional Layers that
perform the reverse operation of the encoder, effectively "upsampling" the
compressed representation. The parameters for these layers are similar to
their corresponding encoder layers but in reverse order. They use ReLLU
activation functions and ’same’ padding to restore the data’s dimensions.
Lastly, the final Convolutional Layer uses a 1x2 kernel, and its purpose
is to produce the final output. It applies a sigmoid activation function to
generate values between 0 and 1, making it suitable for binary data. The
output of this layer represents the model’s attempt to reconstruct the orig-
inal input data. After decoding, a Cropping2D layer is applied to remove
any extra padding introduced during the convolution and deconvolution
operations. This step ensures that the model’s output matches the orig-
inal input size. The model is trained using the Adam optimizer with a
learning rate of 0.001. The loss function used for training is the binary
cross-entropy, which measures the dissimilarity between the input and the
predicted output. Training is carried out over 100 epochs with a batch
size of 4. The data is shuffled to introduce randomness during training.
An early stopping callback is employed to monitor the validation loss and
potentially stop training early if the model stops improving. In summary,
the Fate-Al model is a convolutional autoencoder designed for the com-
pression and reconstruction of the Fragmentomics profile. The encoder
compresses input data through convolutional layers, the flattened output
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is decoded using transposed convolutional layers, and the final output is
cropped to match the input size. Finally, the latent space obtained from
the trained convolutional auto-encoder was used as input for a Logistic
Regression-based classifier that can discriminate the fragmentomics pro-
files of patients with and without cancer with high accuracy.

2.3 Fate-AlI benchmark

Fate-Al was compared on the task of early cancer detection with the
two methods DELFI [20] and GRIFFIN [23], representing the state-of-
the-art in the liquid biopsy field based on fragmentomics. DELFI [20]
based only on coverage relative to fragment size, uses as feature the GC-
corrected total (>=151bp and <=220bp) and short fragment coverage
(>=100bp and <=150bp) for all 504 bins of 5Mb were centered and scaled
for each sample to have mean zero and unit standard deviation and a
stochastic gradient boosting model (GBM). GRIFFIN [23], instead based
on the nucleosome profiling of 270 TFs (30,000 TFBSs for each TF), uses
as features the coverage in the window between £30bp for which lower
values represent increased accessibility (central coverage), the coverage in
a window between £1000bp (Mean coverage) and overall nucleosome peak
amplitude calculated using Fast Fourier transform (Amplitude). Then
PCA is calculated on the previous features, and logistic regression is used
for prediction, giving as input the first components expressing 80% of the
variance.

In addition, a benchmark is conducted for the early detection task
of Fate-Al based on the combination of features extracted from the two
sequencing (LPWGS and cfMeDIP-seq) of the same sample. The embed-
ding of the 2D profile of fragmentomics computed on the Low pass whole
genome sequencing (LPWGS) data and the 300 DMRs computed in each
training set from cfMeDIP-seq data are concatenated. The concatenated
vector was used as input for a Logistic Regression-based classifier.

Leave-one-out cross-validation (LOOCYV) is adopted to evaluate the
prediction performance and determine the Area Under Curve (AUC).

Furthermore, the use of Fate-Al is also verified for identifying the tissue
of origin and performing the MRD task.
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2.3.1 Early detection of Cancer

Fate-Al reaches superior performance in the early detection of cancer
compared to healthy samples from the liquid biopsy. In colon cancer, it
obtains an AUC of 0.973, sensitivity of 96%, and specificity of 89%, and
AUC of 0.93 using only fragmentomics, versus an AUC of 0.852 and 0.82
for DELFI [20] and GRIFFIN [23], respectively (Figure 2.10A). For lung
cancer detection, it obtains an AUC of 0.985, a sensitivity of 98%, and
a specificity of 94% and AUC of 0.93 using only fragmentomics, versus
an AUC of 0.94 and 0.88 for DELFI [20] and GRIFFIN [23], respectively
(Figure 2.10B). High accuracy is also observed in prostate cancer, in partic-
ular using the integration of fragmentomics and methylation that obtains
an AUC of 0.99 with a sensitivity of 94% and specificity of 98% (Figure
2.10C), as opposed to an AUC of 0.78 and 0.94 for DELFI |20] and GRIF-
FIN [23]. The Fate-Al score, in addition, is effective in disease staging in
colon cancer with a correlation of 0.64 between score and stage (Figure
2.10D).

2.3.2 Tissue-of-origin Identification

One of the main applications of liquid biopsy is the identification of the
tissue of origin, which involves determining the primary site of a tumor.
This information is crucial for guiding therapeutic decisions and predicting
patient outcomes. By analyzing specific genetic alterations or expression
patterns in ctDNA, is possible to infer the tissue of origin and provide
valuable insights into personalized cancer management.

Fate-Al can also be used to identify the tissue of origin accurately, as
shown in Figure 2.11. The correct identification of the primary tumor tis-
sue is verified with a binary classification task comparing one class against
all other available tumor classes (Colon, Lung, Prostate) each time. Fate-
AT obtained good identification accuracy, particularly for the lung cancer
class with an AUC of 0.97.

2.3.3 Minimal Residual Disease

Minimal residual disease (MRD) refers to the small number of cancer
cells that may remain in the body after treatment. Detection of MRD is
crucial for assessing response to treatment and predicting the likelihood




of recurrence. Liquid biopsies are emerging as a less invasive and more
accessible alternative to traditional methods for assessing MRD. Their non-
invasiveness allows continuous monitoring at such a frequency as to have
a clear temporal view of the progress of therapy and to recognize possible
relapses in time.

For Colon cancer, some temporal samples are employed, specifically for
24 patients the blood samples that were collected pre-surgery (P1), after
one month (P2), and three months from the surgery (P3). Training the
model on healthy, pre-surgery samples allows Fate-Al to predict a proba-
bility score of the sample belonging to a tumor sample and consequently
predict a response to treatment/surgery, etc. The score is then obtained
by showing a later time sample (post-intervention samples) to the Fate-Al,
which allows monitoring of the disease. The score, as shown in Figure 2.12,
in almost all samples decreases after one month (P2 samples), but in some
cases, an increase is observed in P3 samples, in some cases consistent with
known clinical information of progression or metastasis or new primary tu-
mor occurring after three months (Figure 2.13). Score increase also occurs
for some patients without currently known information on progression.

2.4 Findings

The proposed Fate-Al method has considerable relevance, as it has the
potential to revolutionize early cancer detection and therapy monitoring,
which can have a direct impact on the survival rates and quality of life of
cancer patients. The proposed solution introduces an innovative method
that involves the analysis of ¢cfDNA, which has emerged as a promising
non-invasive strategy for cancer diagnostics. The epigenetic modifications
of cfDNA can indicate specific cancer types and stages, which makes it a
valuable tool for early detection of cancer and therapy monitoring.

Early detection of cancer has been shown to increase survival rates,
reduce treatment costs, and positively affect the lives of both patients
and their families. The advancements proposed in Fate-Al could lead
to more effective, less invasive, and cost-effective cancer diagnostics, thus
enhancing patient outcomes and reducing mortality rates. This could have
a far-reaching impact on society as it would allow for more accurate and
efficient diagnosis and treatment of cancer, which could help save countless
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lives and improve the quality of life of cancer patients.
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Figure 2.7. Correlation between Fragmentomics features used in
Fate-Al. Fate-Al subdivides the genome into non-overlapping regions of 3
million bases. In each of these regions, a set of 19 features based on the DNA
fragment size and end-motif are extracted: Median absolute deviation, Stan-
dard deviation, Coeflicient of variation, Shannon entropy, Mean, coverage,
coverage nucleosome core, coverage chromatosome, coverage nucleosome, ratio
nucleosome-core/nucleosome, ratio chromatosome,/nucleosome, ratio nucleo-
some core + chromatosome/nucleosome, mononucleosome Short-Long Ratio,
density of specific end-motifs (CCCA, CCAG, CCTG, TAAA, AAAA, and
TTTT).
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Figure 2.9. Fate-AI Architecture.The model takes in input the 2D-
Fragmentomics profile along the genome. The encoder section consists of three
convolutional layers. The first layer has 16 filters, a 1x3 kernel, and employs
ReLU activation. It scans the input data vertically with a 1x3 stride, captur-
ing patterns in the same region (bin) of the genome. The second convolutional
layer has 8 filters with the same kernel size as the previous layer. It also em-
ploys ReLU activation and the same stride. The final encoder layer employs
four filters and instead uses a larger 2x2 kernel, capturing broader features
in the data. In the decoder section, there are three Transpose Convolutional
Layers that perform the reverse operation of the encoder, effectively "upsam-
pling" the compressed representation. The parameters for these layers are
similar to their corresponding encoder layers but in reverse order. Lastly, the
final Convolutional Layer uses a 1x2 kernel and applies a sigmoid activation
function to produce the final output. The latent space obtained in the middle
is used as input for a logistic regression-based classifier.
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Figure 2.10. Tumor detection accuracy. A. ROC curve for the task
colon cancer detection comparing Fate-AI based on Fragmentomics features
and Methylation features (red curve), Fate-Al based on Fragmentomics fea-
tures (purple curve), DELFI [20], and GRIFFIN [23]. B. Same as in A for
Lung cancer. C. Same as in A for Prostate D. Association between Fate-Al
score and clinical stage.
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Chapter

Prioritization of drug targets

Drug discovery is becoming more and more expensive over time despite
improvements in technology. Estimates report that the number of new
drugs approved per billion US dollars spent on R&D has halved roughly
every nine years since 1950 [79]. The choice of appropriate therapeutic
targets is one of the crucial steps in drug discovery. Machine learning
approaches can exploit available high-quality and abundant data to im-
prove decision-making in all stages of drug discovery in order to speed up
the process and reduce failure rates in drug development. [101]. Here, is
presented a machine-learning approach to prioritize proteins according to
their similarity to approved drug targets. The main characteristic of the
proposed approach is that it is completely unbiased.

The proposed method uses an extensive collection of protein features
and lets the learning method score the features of approved targets. Since
the aim is to extend this score to other proteins, the machine learning
problem belonged to the class on positive-only problems, which can be
addressed by using One Class Gaussian Processes. Also, a method for se-
lecting the lenght-scale hyperparameter of the radial basis function kernel
of the Gaussian Process is proposed. The basic idea is to use a different hy-
perparameter for each training sample, creating an Adaptive Kernel that
varies depending on whether the training sample belongs to a sparse or
dense area. The main aim is to give more importance to samples of dense
areas, considered the most representative positive class samples. The valid-
ity of the proposed solution is shown in the results on the UCI benchmark
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datasets, confirming that the proposed method outperforms the current
state of the art based on edge-internal samples.

The development of a machine learning model based on OCGP, com-
bined with the use of the proposed Adaptive Kernels for the hyperparam-
eter selection, allows to define a druggability score for each protein with
high performance (AUC of 0.90) on targets in clinical trials. Further-
more, several proteins outside the training and validation sets have a very
high predicted score and can be considered further interesting potential
candidates. The results obtained confirm the effectiveness of GPs in the
one-class classification problems and that they can be improved with a
correct selection of the hyperparameters. Using GP allows to get better
results than and ensemble of Random Forest on the same set of features
[22]. The approach has been shown to compare favorably with one-class
logistic regression [89).

3.1 ML model based on OCGP

The selection and prioritization of drug targets represent a central
problem in drug discovery. Drug targets are proteins associated with a
particular disease process that could be addressed by a drug in order to
obtain a specific therapeutic effect [100]. Experimental approaches to tar-
get identification are typically expensive, and labor intensive [7, 59|. The
process from discovery to drug approval can take 10-15 years and up to
several billions of investments [57]. One of the bottlenecks is the identi-
fication and prioritization of suitable drug targets. On the other hand,
the increasing amount of data, which allows the creation of large scale
human genomics and proteomics datasets, has the potential to reduce the
work and resources needed substantially. Machine learning approaches can
exploit the shared features between approved targets to select and score
unknown targets [22, 36, 46, 4]. Focusing attention only on Oncology, less
than 150 proteins are targets of approved drugs. These proteins can be
seen as seed positive examples whose properties can be used by a learning
machine to score all other potential drug targets. This kind of problem is
known in machine learning as One Class Classification (OCC) or Positive
Unlabeled (PU) problems [24, 15] with the additional complication of the
high unbalance between the positive set and the wide set on unlabeled
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samples [30]. Previous works shown that a combination of bagging and
easy ensemble approaches |22, 30] can be a viable solution, which comes
at the cost of the need to generate thousands of classifiers trained with
samples from the unlabeled set. The proposed approach shown that the
geometry of this small set of positive examples can be modeled using a
class of non-parametric regressors and classifiers based on Gaussian Pro-
cesses (GP) [77]. In particular, One-Class Gaussian Processes (OCGP)
have been shown to outperform other kernel-based classifiers for binary
and multi-class categorization of images [45, 42]. Despite the availability
of a robust linear-algebra algorithm for GPs |77], the training of OCGP
has some additional open questions related to the appropriate selection of
hyperparameters of the kernel covariance function. Indeed, the presence
of only positive samples of the training datasets makes it impossible to au-
tomatically select hyperparameters in GPs based on maximizing marginal
likelihood [45].

Xiao et al. [108] recently addressed this problem. The idea is to classify
the positive samples between "internal" (those in the center of the envelope
containing the training set) and "edge" samples (those in the vicinity of
the border of the envelope). The authors optimize the parameter by max-
imizing the difference between the regression function of the internal and
edge samples. Other approaches use the distribution of distances among
training data [51], or a different score for every positive sample based on
the distances between that sample from all others [40].

Here, a novel solution is proposed for an adaptive selection of the hyper-
parameters of the covariance function. The proposed selection shown that
a local estimate based on the distance between a sample and its neighbors
can outperform the method proposed in Xiao et al. [108] both on the UCI
machine learning benchmark datasets (http://homepage.tudelft.nl/n9d04/occ/index.html)
and for the specific problem of drug target prioritization. In order to eval-
uate and compare the accuracy of prediction of the proposed method, a set
of additional 277 targets for drugs in oncology clinical trials not belonging
to the training set is used.

3.1.1 Protein Features

For the selection of proteins to be used as a training set, only those
related to cancer drug targets were selected. Specifically, a set of approved
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cancer drugs is identified based on the TTD database [52], which contained
2917 unique protein targets, of which 345 were approved, 903 clinical trials,
and 1669 research targets. Only oncological targets approved and in the
experimentation phase have been selected, obtaining a set of 102 approved
drug targets and another 277 clinical trial targets Finally, the dataset con-
sists of all human proteins, and each of them has 70 features obtained by
combining the information in the Swiss-prot database [3], network central-
ity properties determined on the basis of protein-protein network infor-
mation in the STRING database [95] and computationally predicting the
missing data as previously described [22].

3.1.2 Gaussian Processes for OCC

Formally, a Gaussian Process (GP) is defined as a collection of random
variables, any finite number of which have a joint Gaussian distribution
[77]. In order to specify a GP is only necessary to identify its mean and
covariance functions. If the random variables represent the value of a latent
function f(x) at location x, the mean function m(x) and the covariance
k(x,x") of GP are:

and GP is thus defined as:
f(x) ~ 4P (m(x), k(x,x")). (3.2)

Usually, the mean function is assumed to be zero. A GP is a very effective
way to model a prior over functions simply by specifying the covariance,
such as, for example, the squared exponential, which allows sampling from
smooth functions. The covariance function k(-,-) is also called the ker-
nel. Given a set of, eventually noisy, training observations {(x;, fi)|i =
1,...,n}, and a set of test points {(x} f),|i = 1,...,n'}, the joint distri-
bution of the training and test output (f,f*) = (f1,..., fu, f{, ..., f,/) is also
Gaussian. GPs provide an elegant and efficient way to perform inference
by incorporating the knowledge that the training data provides about the
test data through conditioning:
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£ X, X* f ~ A (KX, X)k(X, X) 7, k(X X5 —k(X*, X)k(X, X) 1 R(X, X))
(3.3)
A is a multivariate normal distribution where the first term represents the
mean vector and the second term the covariance matrix, k(X™*, X) is the
n' x n covariance matrix evaluated at all pairs of training and test points,
analogously for the other matrices k(X, X), k(X*, X*) and the k(X, X™*).
If the observations are affected by additive identically distributed Gaussian
noise with variance o,, the n x n matrix k(X, X) in equation (3.3) is
replaced with [k(X, X) + 0,I] [77]. Other than regression, GPs can also
be used for classification. In binary classification, the basic idea is to use
the output of a GP regression model as a latent variable, which is then
fed into a non-linear response function, such as the logistic or probit, that
compresses the output in the range [0, 1]. Consider the two-class problem
with target variable y € {0,1}. If a GP is defined over a latent variable
f(x) and then apply a response function () which “squashes” its argument

between [0, 1], then a stochastic non-Gaussian process m(x) = ply =
1|x) = v(f(x)) is obtained. In the case of classification, is not observed the
function f but rather the input X = {x;|i = 1,...,n} and the corresponding
class labels yi, ..., yn, and therefore is taken into consideration the value
of m over the test cases 7(x*). Inference, in the case of classification, is
divided into two steps:

e first computing the distribution of the latent variable corresponding
to a test case:

p(FX, 7, %) = / p(F1X, <" pEX,y)dE (3.4)

here p(f|X,y) is the posterior over the latent variables.

e the prediction is then produced averaging the response function ()
using the distribution (3.4)

Pyl = 11Xy k) = [y, @5)

Since the posterior p(f|X,y) o p(y|f)p(f|X) and p(y|f) is non-Gaussian,
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the integral in (3.4) cannot be analytically treated and inference is per-
formed by a Gaussian approximation of the posterior through Laplace
Approzimation [77] or using Expectation Propagation [60]. The second
one-dimensional integral (3.5) can be analytically computed in the case of
probit regression or with sampling methods or analytical approximations
if v is the logistic sigmoid.

The use of GP for one class problem has been pioneered by Kemmler
et al.[45]. The basic idea is to impose zero mean on the GP prior and use
the value of f = 1 in equation (3.3) on the positive examples. This will
give a high probability to latent functions with values that gradually de-
crease for observations that are far from the positive examples. When used
in combination with the choice of a smooth co-variance function, this ap-
proach results in an important subset of latent functions that can be used
for OCC [45]. As shown in Figure 3.1 the predictive mean decreases for
inputs far from the training data, while the predictive variance increases.
The mean and variance, which are computed according to equation (3.3),
both represent possible membership scores in the one-class classification
problem. The predictive mean divided by the standard deviation as a
combined measure to describe the uncertainty of estimation has also been
proposed by Kapoor et al. [43] as an estimation of the uncertainty. There-
fore, as Kemmler et al. [45] four possible scores are used for an unknown
observation z*:

o Mean: . = k(z*, X)k(X, X)) 11

e Neg. Variance: —o? = k(z*, X)k(X, X) 7 'k(X,z*) — k(a*, z%)
e Probability: equation (3.5)

1

o Heuristics: s - 0

The kernel is the main component in GPs, as it represents some form
of distance or similarity between data points and determines the charac-
teristics of the function to predict. Here, the Squared Exponential (SE)
kernel is used, which is the most used in GPs and thus defined:

AN _ (33 — m/)Q
ksk (z, ) = exp 572 (3.6)
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It is widely used due to its properties, which are infinitely differentiable and
invariant in translation and rotation in both signal and frequency domains.
It also has only a hyperparameter the length-scale (¢) that determines the
length of the "oscillations" in the function, with a small value the function
can change quickly, and conversely with large values.

3.1.3 Hyperparameter Selection

As shown in Figure 3.1, the hyperparameters significantly affect the
performance of the GPs, and in particular, for OCC problems, the absence
of negative samples in the training dataset does not allow automatic selec-
tion of hyperparameters through maximization of the marginal likelihood.

(=103 (=1
25 25

15 1.5
0.5 0.5
-0.5 -0.5

15 variance 15 variance

mean
2] + training samples h -2} training samples

-25 -25
-8 -6 -4 -2 0 2 4 6 8 -8 -6 -4 -2 0 2 4 6 8
X, X,

Figure 3.1. OCGP 1-D example. OCGP regression 1-D using SE kernel.
The predictive distribution is visualized, mean (blue line) and variances (light
blue area), and training points are marked as red asterisks. In the right panel,
£ = 1.0 is used, in the left panel ¢ = 0.3.

Xiao et al. [108] propose an original solution to this problem based on
the distinction between the internal samples and the edge samples of the
positive class. The internal samples are assumed to be the most represen-
tative samples, instead, the edge samples that are located at the extremes
of the region are considered the samples closest to the possible negative
regions. Consequently, the predictions of GPs for the internal samples
should be more certain, i.e. the predictive mean should be higher and the
predictive variance lower, conversely for the edge samples. The authors se-
lect the optimal parameter by maximizing the Kullback-Leibler divergence
between the predictions distribution of these two sets of samples.
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XiaoSelection

15 [ Ivariance
’ ——mean
* training samples

Figure 3.2. OCGP 1-D example of Xiao implementation. OCGP
regression 1-D, using SE kernel and an implementation of Xiao et al. [108§]
hyperparameter selection method.

Li et al. [51] propose another solution to determine the hyperparam-
eters based simply on the distribution of distances among training data.
The possible hyperparameters vary between half the average of distances
to nine times the average of distances and get better performance when
the value is between three and seven times the average of the distances.

Kalantari et al. [40] instead propose two variants of one class of GPs;
the first is OCGP-thrifty, which does not set all training target values to
1 but is based on the similarity of the training samples with the positive
class. Specifically, the target value for a training sample is the average of
the squared distances of that sample from all others. The second variant
is OCGP-greedy, which assumes that the information from other classes
is available and uses it to train a one-class model. The target training
values are set as in OCGP-thrifty, also for samples of other classes. In the
training phase, to find the hyperparameters, built a regression model using
all the training samples. In the test phase, to calculate the predictions,
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only the samples of the positive class are used. The authors show that
OCGP-greedy usually obtains better results, but it cannot be applied if
only samples of the positive class are labeled, as in the present case.

3.1.4 Adaptive Hyperparameter

In the adaptive kernel, no single fixed value is set for the length-scale
hyperparameter of the covariance function, and this value is adapted for
each training sample according to the local density. This adaptive hyper-
parameter depends on the local distribution of the training data, the basic
idea is to give more weight to the training samples belonging to dense ar-
eas, which represent the examples sharing common features of the positive
class and can be considered the most representative samples. On the other
hand, less weight is given to training data lying in sparse areas, which
could be less representative or outliers.

Given a sample z;, let {#,™}N_, the set of its first N neighbors ordered
according to their distance from z;. Then the value ¢; of each sample is
set to the Euclidean distance of i-th sample from its p-th nearest neighbor.

Ei = d(.ﬁ()i,g/%p) (37)

Therefore, the Adaptive Kernel is larger in sparse areas and smaller in
dense areas and is defined as:

k (zi, ;) = exp (—W) (3.8)

Since using equation (3.8) k(zj,xj) # k(zj,x;), then the covariance
matrix is symmetrized using (K + K7)/2 as covariance.

Figure 3.3 shows an example in 1-D OCC setting of GP regression us-
ing zero-mean and proposed Adaptive Kernel with p = 2. The proposed
solution allows to distinguish dense areas from areas with few samples,
compared to the case where the hyperparameter is a constant value as
shown in the Figure 3.1 or using the method of Xiao et al. [108] as shown
in the Figure 3.2. Using the Adaptive Kernel, the predictive mean and the
predictive variance tend to adapt better to the general trend of the train-
ing set. The highest test scores are obtained for test input near training
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samples belonging to dense areas of the input space, which are theoreti-
cally the most representative positive samples.

Adaptive Scaled
25 25
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-15 -15 variance
/ mean

22— “ training samples —

[variance

2 * training samples
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Figure 3.3. OCGP 1-D example of proposed kernel. OCGP regression
1-D, in the left panel is used the proposed Adaptive Kernel (3.8) (p = 2), in
the right panel the Scaled Kernel (3.9) (N =5).

The proposed Adaptive Kernel simply requires a search of the p-nearest
neighbors of the training samples. Considering that a conventional p-
nearest neighbors algorithm has O(npd) complexity or O(nd + pn) com-
plexity pre-calculating and storing distances, it represents a computation-
ally much more efficient solution, compared to the method of Xiao et al.
[108] based on the edge-internal samples that have O (n3) complexity since
it involves the computation of series of GPs.

In addition, another approach to automatically determine an adaptive
hyperparameter: Scaled Kernel. This method has been successfully used
in Similarity Network Fusion (SNF) [104]. In this case, hyperparameter
selection combines the distance between samples and the average distance
from the neighbors:

k (21, ;) = exp (—W) (3.9)

VE; 5

mean (d (z;, .A4;)) + mean (d (zj,.4;)) + d (z, z)
3

Eij = (3.10)

In the Scaled Kernel equation (3.9), the parameter €; ; combines the
Euclidean distance of the samples with the average distance of samples
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from the respective N nearest neighbors. Where d(x;, ;) is the Euclidean
distance, v is a parameter that can be empirically set, and is usually set
in in the range [0.3,0.8], N represents the number of neighbors considered
in the calculation of the average.

Figure 3.3 also shows an example of the Scaled Kernel with N = 5
in the mono-dimensional space, which, like the Adaptive Kernel, allows a
better distinction of the dense areas.

3.2 OCGP benchmark

In this section, before reporting the application of the adaptive OCGP
to the problem of drug target prioritization, the proposed method is bench-
marked against the method for hyperparameters selection for OCGP pro-
posed in Xiao et al. [108] and also with the other one class classifiers such
as support vector data description (SVDD) [97], one class SVM (OCSVM)
[82] and one-class logistic regression (OCLR) [89].

3.2.1 UCI Datasets

For experiments performed on nine UCI datasets (Table 3.1) p = 2 is
set in (3.8), while v = 0.8 and N =5 were used in (3.9).

For each dataset, the class with the highest number of samples is con-
sidered as the positive class, then 80% of the positive samples are ran-
domly chosen to build the training set while the remaining 20% of positive
samples and all negative samples constitute the test set. 20 iterations of
subdivision of the train and test sets are performed. The calculation of
hyperparameter length-scale ¢ is performed only after normalizing data
with Z-score normalization. In Table 3.2, the average results across all
iterations using both predictive mean and negative variance as scores are
reported. The results show that the proposed adaptive hyperparameter for
both Adaptive Kernel (3.8) and Scaled Kernel(3.9) produce a significant
improvement in performance when compared to the selection of the hyper-
parameter based on the internal and edge samples by Xiao et al. [108], in
particular the Adaptive Kernel (3.8) attains the best result on the average
of all datasets, with an increase from 4 to 5 percentage for the two scores
mean and negative predictive variance.
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dataset features pos  neg

Abalone 10 2770 1407
Balance 4 288 337
Biomed 5 127 67
Heart 13 164 139
Hepatitis 19 123 32
Housing 13 458 48
Tonosphere 34 225 126
Vehicle 18 647 199

Waveform 21 600 300

Table 3.1. UCI datasets

Table 3.2 also shows the results obtained using support vector data de-
scription (SVDD) [97], one class SVM (OCSVM) [82] and one-class logistic
regression (OCLR) [89]. For OCSVM and OCSVM, since stationary ker-
nels such as the rbf kernel produce the same results [80], the rbf kernel for
OCSVM and a polynomial kernel of degree 3 for SVDD are used. The re-
sults confirm that Gaussian Processes are particularly suited for one-class
problems, with respect to other approaches as also reported in previous
works [45].

Since the proposed adaptive kernels depend on some parameters, such
as p for the Adaptive Kernel and N for the Scaled Kernel, changes in
performance as a function of the choice of these parameters are analyzed.
The results reported below show the AUC measurement on the predictive
mean obtained from the average of the 20 random splits of each dataset as
a function of the parameters. In the case of the Scaled Kernel (3.9), whose
results are shown in Figure 3.4, the AUC is almost constant for all of the
datasets, demonstrating that this kernel is very little affected by variation
of the parameter N. The Adaptive Kernel (3.8), reported in Figure 3.5,
shows instead a slightly greater variation of performance for some datasets
as a function of the p parameter.
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Xiao et al. [108] Adaptive(3.8)  Scaled(3.9) OCLR OCSVM SVDD
Hos —a? Hos —a? Fos —o2 rbf poly3

Abal. 0.7894 0.7897 0.7745 0.7428 0.7742 0.7092 0.8760 0.6471 0.8608
Bala. 0.8366 0.8735 0.9468 0.9682 0.8657 0.9402 0.5599 0.8266 0.7198
Biom. 0.8998 0.9036 0.9028 0.8960 0.9073 0.9117 0.9050 0.8129 0.8570
Hear. 0.8339 0.8379 0.8093 0.7925 0.8408 0.8135 0.5379 0.6880 0.7918
Hepa. 0.8378 0.8379 0.8006 0.7794 0.8242 0.7963 0.5829 0.7257 0.8055
Hous. 0.7917 0.7874 0.8677 0.8680 0.8107 0.8492 0.6742 0.8217 0.8374
Iono. 0.9265 0.9504 0.9550 0.9649 0.9697 0.9712 0.8107 0.9115 0.9341
Vehi. 0.5183 0.5714 0.7965 0.8656 0.6855 0.8187 0.7908 0.5601 0.5696
Wave. 0.7497 0.8004 0.7808 0.8167 0.8024 0.7998 0.8348 0.6160 0.5088

Aver. 0.7982 0.8169 0.8482 0.8549 0.8312 0.8455 0.7299 0.7344 0.7650

Table 3.2. AUC benchmark on UCI datasets.

3.2.2 Drug Target

The dataset used for the prioritization of Oncology Drug Targets con-
sists of 20403 proteins, of which 102 are validated oncology targets used
for training and 277 targets of clinical trial drugs. These last 277 proteins
are used as validation set in the experiments. A total of 70 protein features
related to properties derived from the sequence, protein functions, and net-
work properties derived from the protein-protein interaction network are
extracted, as previously reported [22|. The protein features in the dataset
included continuous and categorical features, the latter are encoded with
one-hot encoding and with frequency encoding. Some pre-processing steps
are performed on the dataset, the features with a heavy-tailed distribution
are log-transformed, and all features are scaled between [0, 1] by min-max
normalization. Furthermore, principal component analysis (PCA) is used
to obtain the first principal components that allow 80% of the data vari-
ance to be retained.

First, OCGPs are compared with other OCCs. Table 3.3 reports the
AUC obtained by the considered models and confirms that OCGPs out-
perform other classifiers.

Then, it is shown how the adaptive kernel can improve the classification
accuracy. In what follows, p = 30 in equation(3.8) is used, while v = 0.8
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Figure 3.4. Scaled kernel benchmark. AUC scores (u.) on UCI datasets
using the Scaled Kernel (3.9) with different values for the N parameter.

and N = 4 are used in equation (3.9).

In order to evaluate how the preprocessing influences the accuracy, Ta-
ble 3.4 shows the results, in terms of the AUC measure on the predictive
mean, obtained by adding individually the pre-processing steps described
above. The results show that pre-processing leads to a significant improve-
ment in results, and the proposed Adaptive Kernel (3.8) attains better
performance than the others.

In addition, it is evaluated whether the use of a feature selection al-
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Figure 3.5. Adaptive kernel benchmark. AUC scores (u.) on UCI
datasets using the Adaptive Kernel (3.8) with different values for the p pa-
rameter.

OC Classifiers kernel AUC

OCLR 0.6120
OCSVM rbf  0.6958
SVDD poly  0.8253

OCGP (£=0.3) rbf 0.8388

Table 3.3. Benchmark of one class classifiers on Drug Target dataset.

gorithm can possibly improve the results. Specifically, Sequential Forward
Selection (SFS) [106] was used, a sequential search algorithm in which




78 CHAPTER 3. PRIORITIZATION OF DRUG TARGETS

preprocessing Adapt. (3.8) Xiao et al. [108] Scaled (3.9)
scale 0.8613 0.8680 0.8555
scale+logtrasf. 0.8878 0.8610 0.8633
scale+logtrasf.+PCA 0.8928 0.8781 0.8759

Table 3.4. AUC comparison on the predictive mean adding each pre-
processing step.
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Figure 3.6. Kernels benchmark. AUC scores (u.) on Drug Target Dataset
using Adaptive Kernel and Scaled Kernel with different values for the p and
N parameters.

features are added sequentially to an empty set of candidates until the
inclusion of additional features does not allow any improvement of the
adopted criterion, in particular the criterion to improve is AUC measure-
ment on the predictive mean.

The Sequential forward selection (SFS) selects 37 features and results
in a significant improvement of the performance as shown in table 3.5 with
Adaptive Kernel using the predictive mean as score. Interestingly, the fea-
tures selected by the algorithm include network centrality measures (be-
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tweenness, degree page-rank, closeness) as well as biological processes and
others. Indeed, it is expected because the interaction between drugs and
their targets activates signaling cascades through Protein-Protein Interac-
tion networks, causing downstream perturbations in the cell’s transcrip-
tome. A (PPI) network thus models the cascade of relationships between
targets and proteins by using physical contacts, genetic interactions, and
functional relationships.

The Adaptive Kernel outperforms other methods on this dataset, but
the scores obtained for test inputs differed for very low values. This is
due to the hyperparameters computed before preprocessing that have high
values, which consequently results in kernel values close to 0 after division
with . For this reason, to obtain better dynamics, which guarantees a
better interpretability of results, logarithm or square root can be applied
to transform the hyperparameters computed before the preprocessing. A
choice that guarantees performances comparable to the previous results, as
shown in the table 3.5 where the hyperparameters for the Adaptive Kernel
are log-transformed.

Figure 3.7 shows the comparison of the prediction of scores for the
approved targets, clinical targets, and all other proteins. As expected,
the 102 approved targets of the training set had the highest score, with a
median of 0.92. Instead, for the test set, the independent set of 277 cancer
clinical targets was characterized by a high median score of 0.77, unlike
the rest of the proteins, which had a median score of 0.43 in the unlabeled
set. Although the majority of these proteins have a lower score predicted
by the proposed model, this set contains outliers with a high score that
can be considered interesting potential drug targets, such, for example,
the 171 outliers with scores greater than 0.91 in the boxplot of unlabeled
proteins represented in red in Figure 3.7.

Some of these outliers are the subject of recent studies indicating their
use as a target in oncological diseases. Among these in particular to be
noted the proteins shown in table 3.7: IL7R is considered in [19] as a
potential target of further therapy for leukemia patients, since the targeting
of IL-7TR« signaling pathways has the potential to reduce cell proliferation
and survival. JAG1 and DLL4 are the most important ligands of Notch
signaling, which has a key role in the development and progression of
cancer and represents an important therapeutic target, e.g. in several
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Hyperparameter Selection . —02  Eq. (3.5) ps-o;t
Xiao 0.8781  0.8705 0.8783 0.8773
Xiao + SFS 0.8881 0.8717  0.8881 0.8861
Adaptive 0.8883  0.8667 0.8878 0.8860
Adaptive + SFS 0.9008 0.8677  0.9002 0.8981
Scaled 0.8759  0.8500 0.8765 0.8755
Scaled + SF'S 0.8911  0.8569  0.8907 0.8899

Table 3.5. AUC comparison of hyperparameter selection methods with SFS
feature selection.

Hyperparameter Selection min(¢) max(¢)

Xiao 10.3621
Xiao + SFS 6.7363
Adaptive 4.1693  6.0390
Adaptive + SFS 3.9048  5.2675

Table 3.6. Range of values of selected hyperparameters.

studies the blocking of their signaling in tumors has shown interruption
of angiogenesis and inhibition of tumor growth [68, 41]. PDGF and/or
PDGF receptors are overexpressed or mutated in different tumors then
their targeting can be beneficial in tumor treatment [31, 69|, e.g. targeting
PDGFRA with crenolanib has shown to significantly prevent tumor growth
in inflammatory breast cancer (IBC) [38]. Moreover, Epiregulin (EREG) is
identified as a possible target in lung cancer |5], particularly for Non-small-
cell lung carcinoma (NSCLC) [93]. Adiponectin (ADIPOQ) is considered a
potential target for many human disorders, including in particular prostate
cancer [44, 34]. FGF10 is considered in several studies a possible target in
particular of Pancreatic ductal adenocarcinoma (PDAC) [18, 65]. FZD2
is correlated with different cancers as shown in several studies, e.g. [35]
confirms its oncogenic role in tongue cancer, and that it can be taken into
account as a therapeutic target.




3.3. FinpiNnas

81

Cancer Drugs

i =

o
®
T

<
o
T

-

Prediction Scores

o
N
T

oF L i

Unlabeled Clinical Targets Approved Targets

Figure 3.7. Distribution of scores. Distribution of predictions scores
among the training set (approved targets), validation set (clinical trial) and the
rest of the proteins. Median score: Unlabeled 0.4331, Clinical Trial 0.77196,
Approved Targets: 0.9184

3.3 Findings

The proposed solution involves utilizing a large collection of protein
features and One Class Gaussian Processes (GP) to score protein targets.
It provides a more accurate and efficient way to identify the best pro-
tein targets for oncology drug development. Compared to an ensemble of
Random Forest, which is another machine learning technique, using GP
produces better and more accurate results. This is because GP algorithm
models the uncertainty of the data, which is a significant advantage when
dealing with biological data that can be noisy and complex.

By developing a machine learning model, it is now possible to define
a druggability score for each protein with high performance. This score
helps to determine the probability of a protein being a suitable target for
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Gene Score

IL7TR 0.99199
JAGI1 0.99122
PDGFA  0.98761
EREG 0.98334
ADIPOQ 0.98224
FGF10 0.98015
DLL4 0.97909
FZD2 0.97304

Table 3.7. Possible drug targets among the outliers.

drug development. The druggability score is a crucial step forward in drug
discovery research, as it enables to focus on the most promising protein
targets, thereby saving time and resources.

The application of machine learning in drug discovery is a significant
breakthrough that has the potential to revolutionize the field. The use of
One Class Gaussian Processes provides a more accurate and efficient way
to prioritize protein targets, and the development of a druggability score
offers a promising avenue for future drug development research.
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Conclusions

Artificial intelligence-based computational methods, therefore, repre-
sent a key resource in high-resolution tumor heterogeneity characteriza-
tion, early cancer diagnosis from liquid biopsy, and drug prioritization.
These applications harness the capabilities of artificial intelligence to ana-
lyze complex biological data, extract meaningful patterns, and make pre-
dictions that can significantly impact cancer research and treatment. High-
Resolution Tumor Heterogeneity Characterization is the key to precision
medicine. Al allows the identification of different groups of patients with
cancer, that have specific subsets of genetic and molecular variations within
tumors, enabling the implementation of precision medicine approaches. i.e.
predicting personalized treatment strategies based on the unique character-
istics of an individual’s tumor. Furthermore, as shown artificial intelligence
algorithms can improve sensitivity and specificity in the early identification
of circulating tumor DNA from liquid biopsies. Implementation of models
integrating different epigenetic features, as shown, allows for better ac-
curacy, this is crucial for detecting tumors at earlier and more treatable
stages. Furthermore, Al model predictions allow continuous monitoring of
changes in liquid biopsy data over time, offering a dynamic, real-time as-
sessment of cancer progression or response to treatment. This interactive
monitoring can inform timely adjustments to treatment plans, making it
possible to predict how individual patients will respond to specific can-
cer treatments. This personalized approach helps prioritize which drugs
are most likely to be effective for a given patient, reducing the trial-and-
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error aspect of treatment selection. Finally, Al algorithms can sift through
vast amounts of biological data to identify novel drug targets and poten-
tial therapeutic interventions. This accelerates drug discovery processes
and increases the likelihood of finding targeted therapies for specific can-
cer subtypes. In summary, Al-based computational methods revolutionize
cancer research and treatment by providing a deeper understanding of tu-
mor heterogeneity, enabling early cancer detection through liquid biopsy,
and facilitating the prioritization of effective drugs. These advancements
can potentially transform oncology practices, leading to more personalized
and precise cancer care, improved patient outcomes, and ultimately con-
tributing to the ongoing efforts to fight cancer.
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