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Abstract (English)

Advances in high-throughput sequencing technologies is leading to the
definition of new health care paradigms based on patient’s genomics infor-
mation. Precision Medicine categorizes individuals in homogeneous sub-
populations with respect to treatment response or disease prognosis, thus
driving clinicians towards an improvement in patient care quality. Given
the intrinsic genomics nature of cancer, cancer care would greatly benefit
from the realization of Precision Medicine initiatives. Computational tools
are essential for the analysis of the huge amount of genomics data produced
by sequencing technologies. Bioinformatics pipelines and Artificial Intelli-
gence tools can extract knowledge encoded in patient’s genome, assisting
clinicians in the application of Precision Medicine’s concepts.
Genomic variant interpretation represents a central step in this process.
In cancer, the classification of somatic variants reveals possible diagnostic,
prognostic and therapeutic biomarkers. Mutations in relevant genes can
drive the progression of cancer towards different stages. Variant interpreta-
tion should also identify putative pathogenic mutations able to drive cancer.
This type of somatic variants is therefore known as driver. Driver identi-
fication represents a first step in the discovery of new actionable variants
harboring clinically relevant information, such as prognostic indicators.
The research activity described in this thesis aims at supporting the imple-
mentation of Precision Medicine in hematological cancer, within the Rete
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Ematologica Lombarda (REL) project.
Two complementary tools for automatic somatic variant interpretation are
developed. To support the identification of driver variants, a pipeline is
projected for somatic oncogenicity prediction based on Machine Learning
techniques. The pipeline includes variant annotation according to publicly
available tools and databases, and subsequent Machine Learning predic-
tion. Within the proposed approach, unclassified variants detected in tumor
samples from large sequencing studies are exploited for unsupervised dimen-
sionality reduction. An incremental model is then trained on pan-cancer
transformed data for prediction, allowing its partial re-training when new
classified variants are available. This approach addresses issues common
in variant interpretation tools and in the application of AI-based tools in
the medical context. By including unlabeled variants in the classification
process in a semi-supervised fashion, the huge amount of available data is
efficiently exploited by Deep Learning Autoencoder. Autoencoder is a type
of neural network able to learn a new features representation of the input
data in an unsupervised manner. The Autoencoder is then used to ob-
tain new representations of the labeled dataset, with a reduced number of
meta-features, with the aim to reduce redundancy and extract the relevant
information. The new representations are in turn exploited to train and test
a Random Forest Machine Learning algorithm. The Random Forest will
also allow future updates of the model when new labeled variants will be
available. Our knowledge of the functional role of genomic variants is always
evolving, thus it is essential to be able to efficiently update the developed
tools. Moreover, by incrementally training the Random Forest with driver
variants associated with Myelodysplastic syndromes, a cancer type specific
model is developed from the underlying pan-cancer population. To identify
possible prediction failures due to dataset shift and unrepresentative data
in the training set, it is developed an approach to assess the reliability, or
trustfulness, of Machine Learning prediction. A new reliability measure is
computed based on the similarity of a new instance (in this case, a genomic
variant) to the training set. In particular, it is evaluated whether this ex-
ample would be selected as informative by an instance selection method, in
comparison with the available training set.
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The second approach developed to support variant interpretation is a Rule
Based Expert System that implements standard guidelines for somatic clin-
ical significance assessment. Such guidelines have been proposed in the last
years by working groups including the Association for Molecular Pathol-
ogy (AMP), the American Society of Clinical Oncology (ASCO) and the
College of American Pathologists (CAP). They are implemented worldwide
to standardize the identification of therapeutic, diagnostic and prognostic
biomarkers within somatic variants. The guidelines consist of a set rules
combining knowledge extracted from professional guidelines, clinical tri-
als, public databases, sequencing studies. After knowledge base collection,
these guidelines are implemented in a Rule Based Expert System. Expert
Systems are Artificial Intelligence systems that emulate expert human rea-
soning process over a set of rules and knowledge from a specific domain.
This approach is able to automatically classify somatic variants into clini-
cally relevant groups defined by the guidelines, while also allowing the user
to follow the reasoning process that lead to the final reported classification.
In the last section of the thesis, the presence of genomic mutations in cancer
genes is studied in the context of Myelodysplastic syndromes progression.
Myelodysplastic syndromes are heterogenous diseases that can evolve to-
wards Acute Myeloid Leukemia. Disease progression occurs in subsequent
stages defined by a prognostic score. This prognostic score is calculated
from clinical data and it is exploited in the clinical setting to understand
patient’s prognosis. Yet, genomic mutations can drive the progression to-
wards Acute Myeloid Leukemia. To model the influence of mutated genes,
patients clinical and genomics data should be collected over time. However,
longitudinal analysis requires long-term data collection and curation, which
can be time demanding, expensive and sometimes unfeasible. In this con-
text, a clinical decision support framework is proposed that combines the
simulation of disease progression from cross-sectional data with a Markov
model, that exploits continuous-time transition probabilities derived from
Cox regression. Trajectories between patients at different disease stages are
stochastically built according to a measure of patient similarity, computed
with a matrix tri-factorization technique. Such trajectories are seen as real-
izations drawn from the stochastic process driving the transitions between
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the disease stages. Eventually, Markov models applied to the resulting
longitudinal dataset highlight potentially relevant information. Patients’
trajectories are computed across increasing and subsequent levels of risks
of developing Acute Myeloid Leukemia, and a Cox model is applied to the
simulated longitudinal dataset to assess whether genomic characteristics
could be associated with a higher or lower probability of disease progres-
sion. The learned parameters of such Cox model are used to calculate the
transition probabilities of a continuous-time Markov model that describes
the patients’ evolution across stages. Results are in most cases confirmed
by previous studies, thus demonstrating that simulated longitudinal data
represent a valuable resource to investigate disease progression of cancer
patients.
The approaches developed in this thesis can support the implementation
of Precision Medicine in the hematological context. The variant interpre-
tation tools can suggest possible oncogenic mutations, as well as matching
treatment. Prognostic indicators can be discovered from Markov and Cox
modeling applied to simulated longitudinal datasets.
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Abstract (Italian)

Negli ultimi anni stiamo assistendo a enormi sviluppi tecnologici nel
campo del sequenziamento genomico. Il sequenziamento high-throughput
del genoma del paziente permette ai medici di utilizzare le informazioni
genomiche per definire i processi di cura. La Medicina di Precisione iden-
tifica gruppi di individui omogenei rispetto alla risposta al trattamento o
alla prognosi, tenendo conto delle caratteristiche cliniche e genomiche di
ogni paziente. In questo modo, ogni paziente riceve la cura più adatta
alle sue caratteristiche. La Medicina di Precisione può essere applicata alla
cura di tutti i tipi di patologie. In particolar modo, la cura delle neoplasie
potrà beneficiare molto dall’applicazione della Medicina di Precisione e del
sequenziamento genomico, in quanto il cancro è una patologia dovuta ad
alterazioni genomiche. Per poter analizzare la grande quantità di dati ge-
nomici prodotta dalle tecnologie di sequenziamento, è necessario sviluppare
approcci computazionali, come pipelines bioinformatiche e programmi di
Intelligenza Artificiale, che possano estrarre la conoscenza racchiusa nel
genoma del paziente. I software basati su questi approcci sono fondamen-
tali per permettere ai medici di applicare i concetti propri della Medicina
di Precisione.
L’interpretazione delle varianti genomiche rappresenta un passaggio cen-
trale in questo processo. Nel cancro, la classificazione di varianti somatiche
rivela biomarcatori diagnostici, prognostici e terapeutici. Ad esempio, la
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progressione della patologia può essere dovuta alla presenza di mutazioni
in geni particolari. Nel processo di interpretazione delle varianti, è impor-
tante identificare le mutazioni patogeniche che hanno permesso al cancro
di svilupparsi. Questo tipo di varianti somatiche è noto come “driver”.
L’identificazione delle varianti “driver” è un primo passo nella scoperta di
nuovi varianti “actionable”, ossia quelle varianti contengono informazioni
rilevanti dal punto di vista clinico, come per esempio indicatori prognostici.
L’attività di ricerca descritta in questa tesi ha lo scopo di supportare
l’implementazione della Medicina di Precisione nelle patologie neoplastiche
ematologiche, all’interno del progetto Rete Ematologica Lombarda (REL).
In particolare, sono stati sviluppati due programmi complementari per
l’interpretazione delle varianti somatiche. Il primo tool ha lo scopo di iden-
tificare le varianti oncogeniche (driver), attraverso l’applicazione di tecniche
di apprendimento automatico (Machine Learning). La pipeline sviluppata
include l’annotazione delle varianti a partire da software e database disponi-
bili nella comunità scientifica, e la successiva predizione della patogenicità
di ogni variante tramite Machine Learning. Nell’approccio proposto, le vari-
anti non ancora classificate, ma presenti in campioni tumorali analizzati da
ampi studi di sequenziamento, sono utilizzate per ridurre la dimensionalità
del problema in maniera non supervisionata. Un approccio di tipo incre-
mental learning, allenato su varianti pan-cancer, permetterà un ulteriore
allenamento parziale quando nuove varianti classificate saranno disponibili.
Il tool proposto affronta diversi problemi sia nello sviluppo di software per
l’interpretazione delle varianti, sia nell’applicazione di metodologie di In-
telligenza Artificiale in contesti medici. Attraverso l’inclusione di varianti
non classificate all’interno del processo di classificazione, l’informazione sta-
tistica contenuta nella grande quantità di varianti non classificate è stata
sfruttata da architetture di Deep Learning come gli Autoencoder. Gli Au-
toencoder sono un tipo di rete neurale capaci di imparare una nuova rap-
presentazione degli attributi nei dati di input con un approccio non super-
visionato. L’Autoencoder è usato per ottenere una nuova rappresentazione
del dataset di varianti classificate per il training, con un ridotto numero di
meta-attributi, riducendo la ridondanza e estraendo informazioni rilevanti.
La nuova rappresentazione dei dati è usata per allenare e testare un al-
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goritmo di Machine Learning di tipo “Random Forest”. Questo algoritmo
permetterà aggiornamenti del modello quando nuove varianti classificate
saranno rese disponibili: la nostra conoscenza sul ruolo delle varianti ge-
nomiche in contesto tumorale è sempre in evoluzione, ed è perciò importante
poter aggiornare gli strumenti sviluppati in maniera efficiente. Inoltre, at-
traverso l’allenamento incrementale della Random Forest con varianti driver
associate a sindromi mielodisplastiche, è stato sviluppato un modello speci-
fico per una singola tipologia di cancro. Infine, è stato sviluppato un ap-
proccio che determina l’affidabilità delle predizioni effettuate dal modello di
Machine Learning, permettendo di identificare possibili errori nelle predi-
zioni. Questi errori possono essere dovuti al fatto che il dataset usato per
l’allenamento non è sufficientemente rappresentativo della popolazione di
varianti che dovranno essere classificate. Per questo motivo, la nuova misura
di affidabilità è calcolata a partire dalla similarità di una nuova variante al
dataset di allenamento. In particolare, è stato valutato se questo nuovo es-
empio di variante sarebbe stato selezionato come informativo da un metodo
di selezione, confrontandolo con il dataset di allenamento disponibile.
Il secondo approccio sviluppato è un Sistema Esperto basato su regole, che
implementa le linee guida per la determinazione della significatività clinica
delle varianti somatiche. Queste linee guida sono state proposte negli ul-
timi anni da diverse associazioni, che includono la Association for Molecular
Pathology (AMP), la American Society of Clinical Oncology (ASCO) e il
College of American Pathologists (CAP). Queste linee guida sono state im-
plementate a livello mondiale per standardizzare l’identificazione di biomar-
catori terapeutici, diagnostici e prognostici all’interno delle mutazioni so-
matiche. Le linee guida sono costituite da un set di regole che combinano la
conoscenza estratta da linee guida professionali, trial clinici, database pub-
blici e studi di sequenziamento. Dopo la raccolta della base di conoscenza,
che comprende le varianti note per essere biomarcatori e presenti in diversi
database, le linee guida sono state implementate in un Sistema Esperto
basato su regole. I Sistemi Esperti sono sistemi di Intelligenza Artificiale
che simulano il processo di ragionamento di un esperto umano in base a un
set di regole e alla conoscenza in un dominio specifico. Questo approccio
è in grado di classificare automaticamente varianti somatiche nei gruppi di
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rilevanza clinica definiti dalle linee guida, permettendo anche all’utente di
seguire il ragionamento effettuato dal Sistema Esperto, e che ha portato a
una determinata classificazione della variante.
Nell’ultima sezione della tesi, si è valutato come la presenza di mutazioni
genomiche in determinati geni di interesse possa influire nella progressione
delle sindromi mielodisplastiche. Le sindromi mielodisplastiche sono patolo-
gie eterogenee che possono portare allo sviluppo della Leucemia Mieloide
Acuta. La progressione della patologia avviene in stadi sequenziali definiti
da uno score prognostico, calcolato a partire dai dati clinici del paziente, ed
è usato nella pratica clinica per comprendere la prognosi del paziente. Tut-
tavia, esistono mutazioni genomiche che possono causare la progressione
in Leucemia Mieloide Acuta. Al fine di modellizzare l’influenza dei geni
mutati nel corso della progressione della malattia, i dati clinici e genomici
dei pazienti dovrebbero essere raccolti nel tempo. Tuttavia, le analisi lon-
gitudinali richiedono la raccolta dei dati per lunghi periodi, rendendo il
processo costoso e talvolta irrealizzabile. È stato quindi proposto un ap-
proccio per il supporto delle decisioni cliniche che combina la simulazione
della progressione della patologia da dati cross-sectional attraverso un mod-
ello di Markov. Le traiettorie tra pazienti a diversi stadi sono costruite
stocasticamente secondo una misura di similarità, calcolata tramite tec-
niche di tri-fattorizzazione. Queste traiettorie sono viste come realizzazioni
estratte dal processo stocastico che determina la progressione attraverso
diversi stadi della patologia. Infine, modelli di Markov sono applicati al
risultante dataset longitudinale simulato per determinare se le caratteris-
tiche genomiche possono essere associate a una maggiore o minore proba-
bilità di progressione della patologia. I parametri del modello di Cox sono
usati per calcolare la probabilità di transizione di un modello di Markov a
tempo continuo, che descrive l’evoluzione del paziente attraverso i diversi
stadi. I risultati ottenuti sono confermati da studi precedenti nella maggior
parte dei casi, dimostrando come i dati longitudinali simulati possano rap-
presentare una valida risorsa per studiare la progressione della patologia.
Le metodologie proposte in questa tesi possono essere di supporto alla im-
plementazione della Medicina di Precisione in un contesto ematologico. Gli
approcci sviluppati per l’interpretazione delle varianti somatiche possono in-
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dicare possibili terapie, oltre ad individuare possibili varianti oncogeniche.
La simulazione della progressione della patologia, combinato con i modelli
di Markov e Cox, può permettere inoltre l’identificazione di nuovi indicatori
prognostici.
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Chapter 1
Introduction

1.1 Precision Medicine and the Genomics Revo-
lution

Precision medicine (PM) represents a promising paradigm in health.
Its aim is to tailor treatment and care based on patient’s specific charac-
teristics. PM categorizes individuals in homogeneous subpopulations with
respect to treatment response or disease prognosis, thus driving clinicians
towards an improvement in patient care quality [2, 3, 4]. To some extent, the
principles of PM have always been adopted in medicine. Patients’ charac-
teristics, such as blood pressure or blood glucose concentration, have always
been used by physicians to categorize patients to some degree [5]. Yet, it is
in the very last years that more specific markers are exploited for patients’
categorization. These markers can include molecular information extracted
from -omics data. With the term “omics” we refer to the quantification of
biological molecules, such as the genome, the transcriptome and the pro-
teome, detected in patients’ cells. The molecular characterization of each
patient allows us to uncover patient characteristics at an unprecedented
level of detail. It is with these extraordinary particulars that researchers
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have been able to investigate new frontiers in therapeutic, prognostic and
diagnostic procedures [6].
A landmark of this ongoing process is the Human Genome Project, started
in 1990 and completed in 2003. It provided for the first time the map of
the human DNA [7]. Its completion opened the road for studying the ge-
nomics underling a wide range of diseases. Since then, medical genetics
were considered to be studying only unusual cases of mendelian (inherited)
diseases [8]. Now the genetic basis of different types of disorders have been
explained and these insights are exploited in clinical practice to implement
PM.
This “revolution” has been possible thanks to advances in high-throughput
sequencing technologies, that occurred during and after the Human Genome
Project [9]. In particular, the development of Next Generation Sequencing
Technologies (NGS) led to decreasing costs and increasing speed in pa-
tient’s genome analysis [10]. In 2014, the barrier of 1,000 $ per genome
(about 840 AC) was broken [11]. Yet, a recent study highlights that this
cost is still underestimated. By considering the “complete” cost of whole
genome sequencing (e.g. including staff’s salary and consumables), the av-
erage cost reported is around £7,000 (7,500 AC) [12]. Another multi-center
study evaluated the complete costs of target gene panels sequencing, both
for germline and somatic genetics. Target panels focus on a subset of genes
of interest, without sequencing the entire genome. The reported analysis
shows that the mean cost for a target panel is around 600 AC [13]. Given
the actual costs of NGS sequencing and data collection, approaches for data
simulation represent an interesting field of research in bioinformatics.
Another fundamental aspect that made the Precision Medicine Revolution
possible is data analysis [14]. Informatics and big data techniques have
been able to process and identify patterns in NGS data. Findings from
data analysis provide information able to guide clinical decision making
[15]. As we will see, Artificial Intelligence (AI) techniques are increasingly
applied to gain information from health data [16, 17, 18]. AI is a field
of computer science that includes different techniques whose aim is to re-
produce human reasoning. A subfield of AI, known as Machine Learning,
(ML) is able to learn hidden patterns and rules from a large amount of
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data. ML techniques can be applied to a wide range of fields. In medicine,
ML are used to predict the risk of disease onset and to analyse X-ray im-
ages [19]. In genomics, ML is widely used to mine the huge amount of data
from high-throughput sequencing studies [20]. For instance, ML techniques
integrates multi-omics data to find patient subgroups or predict therapeu-
tic/prognostic outcome [21].
Nowadays, PM initiatives are intrinsically collaborative. Ideally, data and
information are shared among clinicians, patients, providers, clinical labora-
tories and researchers [3]. Along with data analysis, bioinformatics pipelines
and architectures are essential not only to record and manage information,
but also to implement this collaborative framework [22].

1.2 The role of genomics in hematological cancer

Cancer is one of the leading causes of death worldwide. In 2020, the
estimate number of deaths in Europe is estimated to be 1.3 million, while
2.7 million new cases are expected [23]. Yet, these estimates do not account
for the recent pandemic caused by the severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2). It is likely that we will observe an increase
in the number of avoidable cancer deaths, as a consequence of diagnostic
delays during the outbreak [24].
Different types of cancer exist, with different prevalence in men and women.
The most common cancer in male individuals is prostate cancer, while
breast cancer is the most frequent neoplasm in women and the second with
the highest death rate [23, 25]. Hematological malignancies occur when
cancer affects blood, bone marrow and lymph nodes. Example of such
disorders are Myelodysplastic syndromes, Leukemia, Myeloma, Myelopro-
liferative disease, Lymphoma. Yet, hematological diseases are highly het-
erogenous and their categorization may be not standardized in different
countries [26].
Cancer, independently from its type, has an intrinsic genomic nature. Its
development is due to the acquisition of genomic alterations that confer
to the cell neoplastic characteristics. Such characteristics include the ca-
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pacity to grow and divide at an abnormally high rate. This leads to the
development and progression of cancer clones that can invade other tissues.
The DNA of each individual’s cells undergoes alteration along lifetime, due
to age and exposure to external factors, such as UV radiation. Many of
these alterations do not confer any advantage, while some of them will be
able to drive cancer progression [27]. Despite cancer is developed stochas-
tically, inherited DNA alterations can confer a higher risk for cancer de-
velopment. From 5% to 10% of diagnosed tumors are due to hereditary
cancer predisposition syndromes [28]. A more detailed explanation of such
genomic alterations will be provided in the next paragraph. Due to cancer
genomic nature, Precision Medicine initiatives in this context are widely
implemented and can be referred to as Precision Oncology. Moreover, the
introduction of genomics information in cancer care has caused a paradigm
change: therapies are selected based on the individual’s genome rather than
the cancer types (such as the tissue location) [29]. From here, the impor-
tance of the so called off-label therapies, i.e. therapies that were developed
for a different type of cancer, but that can be prescribed in the presence
of the same genomic alterations. For instance, patients with BRAF V600E
mutation can undergo the same drug regimen, even if they have different
cancer types.
Several Precision Oncology initiatives in the context of hematological ma-
lignancies have been launched in these last years. In Denmark, clinicians
and researchers developed a workflow for hematological patient care within
the Aalborg University Hospital. This workflow is based on both DNA and
RNA sequencing to detect possible molecular biomarkers [30]. Efforts have
been made to characterize Multiple Myeloma response to target therapies
[31]. In Italy, in particular in Lombardia, the“Rete Ematologica Lombarda”
(“Hematologic Network”) is a Precision Medicine initiative recently born to
connect various hematological centers. This network will allow collabora-
tive research and sharing between different hospitals and research centers.
The aim of this thesis is to support the genomic profiling of hematolog-
ical cancers, in particular myelodysplastic syndromes and Acute Myeloid
Leukemia, through the implementation of bioinformatics pipelines and AI
methodologies. In particular, the proposed pipelines will be focused on
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cancer genomic variant interpretation.

1.3 Somatic and germline variant interpretation:
principles and tool

1.3.1 Variant Interpretation Principles

Diseases, like neurological disorders, cardiovascular diseases and can-
cer, are due to genomic alterations. Such alterations, known as mutations,
are more technically known as variants. Genomic variants could be single
nucleotide change, short insertion or deletion, copy number alterations or
more complex rearrangements. Two types of different variants are detected
after NGS sequencing: germline and somatic variants.
Germline variants are inherited. Their presence is detected in all the in-
dividual’s cells. Germline variants can be pathogenic i.e. they can be re-
sponsible for the development of inherited disorders. Such disorders include
cardiovascular diseases or neurological disorders. On the contrary, benign
germline variants are also at the basis of individuals heterogeneity. Yet,
the potential pathogenicity of many germline variants is still far from being
understood. This latter group of variants is known as “VUS”, an acronym
that stands for “Variant of Uncertain Significance” [32].
Somatic variants appear in one or few cells along lifetime (Figure 1.1).
When somatic variants occur in genes involved in cell life regulation, they
could turn a subset of cells into a neoplasm. Somatic variants driving cancer
progression are known as “Driver”. Those that do not confer any advantage
to the cell are called “Passenger” [33]. Moreover, a subset of driver vari-
ants may be “actionable”. Actionable variants are biomarkers, i.e. show
significant diagnostic, therapeutic or prognostic implication. A subset of
actionable variants can be druggable, i.e. target for specific therapies [34].
Yet, also germline variants can have a role in cancer development. In fact,
their presence is associated with a higher susceptibility to cancer develop-
ment [1, 32, 27].

The human DNA is composed of 3 billion nucleotides. Data from large
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Time

Figure 1.1: Somatic cells acquire mutations during time. These mutations
are propagated to cell clones that originate from the same cell. Some of
these mutations are passenger, i.e. they do not confer any advantage to the
cell. In the image, at the beginning, a cell on the left acquires a passenger
mutation (in green). This mutation is propagated to the cell that originates
in step 2 through cell division (mitosis). Since the mutation is benign, these
cells will not become a neoplasm, and they will undergo a normal cell cycle.
Instead, at step 2, a cell acquires a driver mutation (yellow mutation in the
red cell), which is able to confer advantage. The cell will develop without
control, giving origin to a tumor clone (red cells at step 3). New mutations
can also be acquired within the tumor cells (blue mutation in purple cell
at step 3). This event will create another tumor subclone with different
genomic landscape.
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sequencing studies show that the human DNA can contain about 11,000
non-synonymous nucleic acid substitution and hundreds of deletions and
insertion, compared to the reference genome. Yet, on average, only 50 to
100 variants in a genome were previously associated with inherited disor-
ders [35]. In 2017 half of variants in public repositories is still reported as
VUS [36]. Also, cancer genes vary in the composition of driver and passen-
ger mutations. However, in general the number of driver variants is much
lower than the number of passengers in a tumor sample [37, 38]. Still in
2017, it is estimated that half of driver variants occur in cancer genes yet
to be discovered [37]. To categorize variants in benign/pathogenic (passen-
ger/driver), variant interpretation should be performed by clinicians.
Variant interpretation is the process of understanding the role of ge-
nomic variants during disease development, progression and response to
therapy. Cancer variant interpretation includes pathogenicity assessment
and clinical significance comprehension. Pathogenicity assessment classifies
variants into the different germline and somatic categories mentioned above.
Clinical significance assesses whether a somatic variant is a biomarker.
Therapeutic biomarkers are associated with response to a particular ther-
apy (actionable variants). Other biomarkers can reveal a particular prog-
nosis, such a more severe outcome of the disease [39, 1]. From one hand,
variant interpretation should be able to determine whether any variant de-
tected is pathogenic or not (even if this variant was not previously seen
in other patients). On the other hand, variant interpretation should de-
termine whether the patient harbors at list a biomarker. This step relies
on current knowledge about biomarkers and supports clinical decisions, by
suggesting tailored therapies or follow-up. The two aspects of cancer vari-
ant interpretation are clearly connected. By operating on the bench side,
pathogenicity assessment can identify new potential biomarkers that could
be exploited on the bed side [40]. Over the past 5 years, about 20% of
all drugs approved by the Food and Drug Administration (FDA) are spe-
cific for Precision Medicine treatments [41]. Clinical trials investigating the
power of biomarkers represent important steps in Precision Oncology ini-
tiative [42, 43, 22].
As the amount of genomics data that can be collected increases with falling

7



1. Chapt. 1

sequencing costs, variant interpretation represents the actual bottleneck to
the complete usage of genomics information within a Precision Medicine
clinical practice [39, 44]. Functional variant interpretation represents the
definitive approach for the assessment of variant pathogenicity, but it is
time and cost-demanding to be used in clinical setting [45, 29]. Large
whole genome sequencing studies have provided an unprecedented amount
of omics data. Omics depict the genomic landscape of several cancer types.
Yet, only for a subset of these data functional validation is available [45].
The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium is
an international collaboration that identified common pattern of somatic
mutations in more than 2,600 tumor samples. Raw data can be downloaded
and exploited for analysis. The proposed driver detection is based on known
driver events and a ranking approach. This approach is based on vari-
ant’s recurrence, estimated functional consequence and expected pattern of
drivers in that genomic region [46]. An extensive functional interpretation
is lacking. However, efforts have been made to provide interpretation of
publicly available variants. In FASMIC database, more than 1,000 VUS
variants from TCGA have been functionally validated and interpreted [45].
Within the MTB-Report R package, researchers matched TCGA samples
with three databases of actionable variants to find therapeutic biomarkers
[47]. Another massive project is represented by the AACR Project Genie.
This project was launched in 2015 and it contains more than 44,000 tumor
cases, matched with clinical information [48].
In clinical setting, variant interpretation has been usually performed by
annotating variants and by querying public repositories to find evidence
for previous interpretations of detected variants. Variant annotation is
the characterization of each genomic variant with a set of features that can
provide useful information to determine the role of the variant itself. Im-
portant information is its location along the genome, such as the gene and
the intron/exon in which the variant occurs. Various in silico prediction
tools are used to determine the potential damaging impact of the variant
on the gene product [49]. These tools can give clues about variant role, but
they should not be used to assess pathogenicity, since a disruptive variant
may not be implicated in a disease [32]): studies have shown that up to
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one third of benign variations could be predicted as disease causing [50]
and that even state-of-the-art in silico prediction tools should not be used
to infer pathogenicity [51]. Other essential resources to complete variant
annotation are public repositories gathering previous interpretation of vari-
ants and population allele frequencies (see [52] for a comprehensive review
of germline and somatic resources). Several bioinformatics pipelines and
web resources are available to perform variant annotation [53], as well as
public databases that collect previous interpretation of known variants. As
we will see later, these repositories are essential for the implementation of
standard guidelines as well for the development of data-driven approaches.
For this reason, the next section will review current known repositories.
Variant annotation alone could not be simply translated in variant inter-
pretation. First of all, clinicians need to draw a definitive interpretation
from the plethora of information collected for each single variant during
the annotation process. Given the number of variants to be considered,
evaluating such information for each variant is time-consuming and er-
ror prone. Secondly, variant interpretation should be standardized across
laboratories. The same variant should not be classified differently from
different laboratories. Yet, without standard rules clinicians could draw
conflicting interpretations. Guidelines have been proposed throughout re-
cent years to standardize variant interpretation among worldwide labora-
tories. These guidelines consist of rules that combine information collected
during variant annotation [54, 1, 55, 32, 56]. Germline guidelines pro-
posed by the ACMG/AMP working group, and somatic guidelines defined
by the AMP/ASCO/CAP have become the standard in clinical practice
[57]. Germline and somatic guidelines differ especially for the scope of the
interpretation output itself: while the ACMG/AMP guidelines focus on
germline variant pathogenicity, the AMP/ASCO/CAP guidelines interpret
the clinical significance of a somatic variants, i.e. whether the variant is a
therapeutic/diagnostic/prognostic biomarker. These guidelines will be fur-
ther analysed in Chapter 3. Similar to the the AMP/ASCO/CAP working
group, the European Society for Medical Oncology (ESMO) proposed their
guidelines for clinical significance of somatic variants in 2018 [55]. Germline
ACMG/AMP guidelines are applied to a wide range of inherited disorders,
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and they are not cancer-specific. However, these guidelines are applied to
this context as well, to detect susceptibility to cancer. Disease and gene-
specific refinements of the ACMG/AMP guidelines have been proposed by
several working group. In cancer, adaptations have been proposed to be
applied to the cancer gene TP53 [58] (associated with a broad set of cancer
types), PTEN [59] (thyroid, breast and endometrial cancer), CDH1 (gas-
tric cancer) [60]), RUNX1 (associated with myeloid malignancies) [61]. The
ClinGen working group also suggested a system to integrate somatic data
when classifying germline predisposition variants [62].
Despite the great importance and adoption of standard guidelines in clinical
settings, they much rely on current knowledge about interpreted variants.
This aspect makes difficult the discovery on new rare pathogenic/driver
variants [63, 64].
This is especially true for the widely adopted AMP/ASCO/CAP somatic
guidelines for clinical significance interpretation [1]. In fact, their main as-
sumption is whether a variant has already been considered as biomarker
by previous studies. Evaluation of the clinical significance represents a
fundamental process in the implementation and application of Precision
Oncology, since it is able to suggest possible tailored treatment or follow-
up based on patient’s genomic profile. However, as mentioned above, we
are still at the beginning of the process of elucidating the functional roles
of genomic variants. Studies have shown that less 10% of patients harbour
already known actionable variants [29]. When a rare and unknown variant
is found in a patient, it is imperative to determine its pathogenicity. For
this reason, guidelines for somatic pathogenicity interpretation are needed.
Notably, the Belgian ComPerMed has suggested a rule-based scoring sys-
tem workflow for somatic variant pathogenicity interpretation in both solid
haematological cancer [54]), while the Spanish MDS group proposed guide-
lines for somatic pathogenicity assessment in myelodysplastic syndromes
and chronic myelomonocytic leukaemia [65]. Very recently, the Variant In-
terpretation Consortium provides a draft for oncogenicity assessment using
an approach similar to the ACMG/AMP pathogenicity guidelines [66].
Computational approaches and Machine Learning (ML) represent an op-
portunity for variant interpretation. In fact, these methodologies allow us
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to exploit the huge amount of data that have been collected in these years
[67], by highlighting patterns and hidden information that cannot be cap-
tured by a simple set of rules [39] and that can predict the oncogenicity
of new unseen variants. Issues in the application of ML in variant inter-
pretation, and in general in medicine, remains. Some ML algorithms are
often seen as “black-box” models, where it is difficult to understand why
a particular prediction has been made [16, 68]. This aspect could hamper
the integration of opaque ML predictions in clinical recommender systems.
Research towards interpretability and explainability of ML has become an
important topic, especially in the light of new European regulations [69].
Yet, some researchers pointed out that “opaque decisions are more common
in medicine than critics realize” [70].
A major issue is the availability of labelled data (i.e. variants known to
be pathogenic or benign). Since supervised ML models work by fitting
available data, the more data we have the more we can be statistically
reliable. However, we can fail when predicting outcome of rare and under-
represented events [39, 16]. The success of a ML algorithm in classification
depends on the robustness of the training set and on the completeness of the
features that describe each instance to be classified (in our case, genomic
variant). The training set is a subset of instances (variants) with known
class (pathogenic or benign) coming from an underlying true population.
This true population could be actually unknown or inaccessible. The set of
variants known to be benign (passenger) or pathogenic (driver) are there-
fore seen as a reference for ML algorithms. Such approaches will learn
patterns from the reference dataset. These patterns can then be invoked
for the classification of new and previously unseen variants. It is crucial
that such reference set is as much as possible representative of the entire
domain of interest. However, ML systems inherently suffer from dataset
shifts and poor generalization ability across different population [71, 16].
Therefore, approaches and metrics to assess the trustfulness, or reliability,
of a ML model on a new unseen example could help in the actual appli-
cation of ML in clinical routine [72, 73]. Within the genomics context, it
has been observed that in some cases variants that are used in the training
phase to determine model parameter are also encountered in the evaluation
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set, thus leading to overfitting. This is a well-known issue in the Machine
Learning community that must be carefully address when dealing with ge-
nomic variant datasets built from public resources, since such repositories
tend to include each other. For instance, when using data from large se-
quencing studies such as the TCGA or GENIE, it is imperative to assess
the overlapping between different datasets, otherwise it may happen that
the same variant is shared between the training and the test set. In the
genomic domain, the lack of a statistically representative set of variants is a
serious risk, as it often occurs that variants from the same gene are jointly
reported as pathogenic or benign. This phenomenon is called “circularity”:
tools affected by this circularity will have good results in pathogenic pre-
diction on genes already known to have pathogenic variants but will fail
to detect novel risk genes. Another subtle consequence of the circularity
occurs when multiple tools are combined since it is more likely that variants
in the evaluation set appear in the training set of (at least) one of these
tools [74].
Along with the expansion of NGS sequencing in clinical setting, software
and tools are demanded to process the huge amount of data. Tools for vari-
ant interpretation could be guidelines-based, if they implement automati-
cally existing guidelines, or could be data-driven, if they rely on statistical
and/or machine learning algorithm to infer pathogenicity. Both types of
tools are important for the implementation of Precision Oncology in clinical
setting (Fig. 1.2), and they will be further analysed in paragraph 1.3.3 and
1.3.4.

1.3.2 Cancer Variant Repositories and Datasets

The implementation of tools for variant interpretation strongly relies
on knowledge sharing through public repositories. Important information
could be gathered also from published works. In this section, the most
important repositories and sources of knowledge for cancer variant inter-
pretation are listed.
Perhaps the most known database in variant interpretation, ClinVar (avail-
able at https://www.ncbi.nlm.nih.gov/clinvar/) gathers interpretation of
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Figure 1.2: Cancer Variant Interpretation workflow in Precision Oncology.
After NGS sequencing, the origin of each variant (somatic or germline) is
determined. If the variant is germline, the application of ACMG/AMP
guidelines allows to determine its pathogenicity. If the variant is still VUS,
prioritization approaches could be used to further evaluate the pathogenic-
ity. If the variant is somatic, the AMP/ASCO/CAP guidelines allows to
interpret its actionability. If the variant is in Tier I or Tier II, this result
could be used to decide patient care. Pathogenicity assessment through
computational approaches can help suggesting variants to be studied in the
context of biomarker discovery.
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829,989 unique variations (at August 3rd 2020). However, it is known that
somatic variants, that have such an important role in cancer, are not well-
represented in ClinVar [75].
Table 1.1 provides a list of web resources and repositories that gather
cancer-related variant interpretation. The majority is focused on clinical
significance of somatic variants rather than oncogenicity (driver or passen-
ger classification).
Repositories collecting clinical significance interpretation are mainly fo-
cused on therapeutic biomarker, i.e. variants that are associated with
response or resistance to drugs. Some of them will be further explained
in Chapter 3. The majority of these repositories are pan-cancer, while the
IARC database is focused on germline and somatic variants occurring in
the TP53 gene. TP53 encodes for a tumor suppression protein and it is one
of the most mutated gene across all cancer types [76]. The HemOnc.org
is not specifically a precision medicine knowledge base, but contains gen-
eral information related to hematologic disorders, among which genomic
biomarkers for therapeutic purpose [77]. As we will explore in Chapter 3,
when developing an automatic tool for variant interpretation, the differ-
ent repositories are joined together in order to exploit as much information
as possible. Databases integration may not be straightforward. Different
databases often use different terms to indicate the same concept (such as the
same therapeutic level that can be reported as “Response” or “Sensitive”).
Also, the variants themselves could be reported with different nomencla-
tures (genomic coordinates in VCF format or HGVS nomenclature). The
lack of a standardization followed by all the repositories can lead to misin-
terpretation or redundancy. Also, data can be accessed in different ways:
through API or by download, while some repositories do not allow any
download and information is only available through the web resources.

Published papers describing functional interpretation from sequencing
studies provide useful dataset, often reported in their Supplementary Ma-
terials. Table 1.2 details few relevant papers for somatic variant interpre-
tation. Functional interpretation of variant(s) can be described within the
article’s text. This fact can lead to difficulties in retrieving complete infor-
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Table 1.1: Repositories that gather cancer variant interpretation

Repository URL Reference
Cancer
Type

Variant classification

CIViC https://civicdb.org/home [78] Pan-cancer Biomarker

COSMIC https://cancer.sanger.ac.uk/cosmic [79] Pan-cancer
Biomarker

(Therapeutic)

CGI https://www.cancergenomeinterpreter.org/biomarkers [80] Pan-cancer
Biomarker

(Therapeutic)

OncoKB http://oncokb.org/ [81] Pan-Cancer
Biomarker

(Therapeutic)

DEPO http://depo-dinglab.ddns.net/ [82] Pan-Cancer
Biomarker

(Therapeutic)

DOCM http://docm.info/ [83] Pan-Cancer
Biomarker

(Diagnostic)
IARC
TP53

Database
https://p53.iarc.fr/ [76]

TP53-related
cancer

Biomarker
(Prognostic)

HemOnc.org https://www.hemonc.org/wiki/Main Page [77]
Hematological

cancer
Biomarker

Jackson Laboratory
Clinical

Knowledge Base
https://ckb.jax.org/ [84] Pan-Cancer

Biomarker
(Therapeutic)

PMKB https://pmkb.weill.cornell.edu [85] Pan-Cancer Biomarker
MyCancerGenome https://www.mycancergenome.org/content/biomarkers/ Pan-Cancer Biomarker

CanDL https://candl.osu.edu/search/BTK [86] Pan-Cancer Biomarker

DGIdb http://www.dgidb.org Pan-Cancer
Biomarker

(Therapeutic)
dbCPM http://bioinfo.ahu.edu.cn:8080/dbCPM/ [87] Pan-Cancer Oncogenicity
dbCID http://bioinfo.ahu.edu.cn:8080/dbCID/ [88] Pan-Cancer Oncogenicity

FASMIC https://ibl.mdanderson.org/fasmic/#!/ [45] Pan-cancer Oncogenicity
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Table 1.2: Papers proving interpretation of somatic variants

Title Cancer Type Reference Variant classification

Clinical and biological implications
of driver mutations in myelodysplastic
syndromes

Myelodysplastic syndromes [91] Driver/Passenger

Widespread genetic heterogeneity
in multiple myeloma: implications
for targeted therapy

Multiple myeloma [92] Driver/Passenger

Benchmarking mutation effect
prediction algorithms using
functionally validated cancer-related
missense mutations

Pan-cancer [93] Driver/Passenger

mation, also due to the use of different non-standard formats for variant
reporting. For this reason, the development of methods that can extract
genomic variant information from literature can be extremely useful [89, 90].

Along with public studies and databases, also several commercial knowl-
edge bases have been developed in the last years [94, 95].
Comparison of decision support tools highlights that clinical interpretation
of somatic variants is still suffering from discrepancies. Despite the intro-
duction of standards, patient clinical care can still be arbitrary, depending
on the particular software used for the analysis [95].
Moreover, it is worth to note that variant interpretation could be an ongo-
ing process and it can adapt with gaining knowledge. Reinterpretation of
known variants in public repositories are often suggested [96]. It is therefore
imperative to periodically update tools that rely on such repositories and
versioning variant interpretation in time.

1.3.3 Guidelines-based approaches

As it was mentioned earlier, in the last years the standard proposed
by the ACMG/AMP for germline variant interpretation [32] and by the
AMP/ASCO/CAP for somatic clinical significance [1] have been adopted
worldwide. Given their complexity and the amount of genomic data that
need to be processed for each patient, the actual application of such guide-
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lines in clinical practice requires the development of automatic tools imple-
menting them, thus speeding the analysis and reducing errors. Here it is
provided a review of the recent literature about automatic implementation
of standard guidelines, both for germline and somatic variants.

Germline Guidelines-based tools

The ACMG/AMP guidelines for germline variant interpretation are
focused on inherited disorders. Cancer, as we already said, starts from
stochastically events, but some germline variants can increase the proba-
bility of cancer development. Therefore, for hereditary cancer, germline
variant interpretation in family members can drive follow-up also for non-
affected individuals.
Tools implementing the ACMG/AMP guidelines take as input the list of
variants to be classified (usually in VCF format), annotate the variants
and provide as output the classification for each variant according the
ACMG/AMP rules. A variant will be interpreted as Pathogenic, Likely
pathogenic, Benign, Likely benign or “VUS” in case of insufficient or con-
tradictory evidence. Table 1.3 lists some freely available software and web
tools for germline variant interpretation according to the ACMG/AMP
guidelines.

Among the published tools, only PathoMAN is specifically developed
for hereditary cancer.
An issue in the application of ACMG/AMP guidelines is the evaluation of
VUS variants [63, 104]. To prioritize VUS variants, CharGer [98] and Car-
dioVAI [100] (that was developed by our laboratory at University of Pavia),
introduce scores proportional to the number of ACMG/AMP criteria that
were triggered by VUS variants. Also machine learning could be used to
solve VUS interpretation.

Somatic Guidelines-based tools

AMP/ASCO/CAP variant interpretation classifies variants into 4 tiers
of different therapeutic, prognostic and diagnostic clinical significance. Im-
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Table 1.3: Tools for Germline Variant Interpretation according to
ACMG/AMP guidelines

Tool
Publication
Year

Link Disease-specific

Intervar
[97]

2018
Local installation:
https://github.com/WGLab/InterVar

No

CharGer
[98]

2018
Local installation:
https://github.com/ding-lab/CharGer

No

CardioClassifier
[99]

2018
Web resources:
https://www.cardioclassifier.org/

Cardiovascular
diseases

CardioVAI
[100]

2018
Web resources:
http://cardiovai.engenome.com

Cardiovascular
diseases

Tapes
[101]

2019
Local installation:
https://github.com/a-xavier/tapes

No

PathoMAN
[102]

2019
Web resources at:
https://pathoman.mskcc.org

Cancer

CancerSIGVAR
[94]

2020
(pre-print)

Cancer

VIP-HL
[103]

2020
(pre-print)

http://hearing.genetics.bgi.com/
Hearing
loss
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Table 1.4: Tools for somatic clinical significance assessment

Tool
Publication
Year

Link

SMART
[112]

2018
Web resources:
https://smart-cancer-navigator.github.io/home

VIC
[113])

2019
Local installation:
https://github.com/HGLab/VIC/

OncoPDDS
[114]

2020
Web resource:
https://oncopdss.capitalbiobigdata.com

MTBP
[108]

2020
Web resource:
https://mtbp.org/MTBfaqPublic.php

plementations mainly differ in the number of knowledge bases that are
integrated. In Chapter 3, an implementation of such guidelines based on
AI principles will be shown.
Several groups relies on the AMP/ASCO/CAP guidelines integration in
their clinical routine workflows [105, 106, 107, 108]. Also public reposito-
ries are adopting the AMP/ASCO/CAP terminology and tier-based classi-
fication system [109]. Along with guidelines-based tools, other approaches
do not implement AMP/ASCO/CAP guidelines, but provides software for
variant analysis, integrating several repositories, such as the Personal Can-
cer Genome Reporter [110], or AMLVaran, specifically developed for Acute
Myeloid Leukaemia genomics data [111]. In Table 1.4 tools and web re-
sources using standard guidelines are reported.

1.3.4 Data-driven approaches

Data-driven tools for germline variant pathogenicity assessment

Variant pathogenicity in clinical practice is widely performed using the
standard guidelines proposed by the ACMG/AMP [57]. However, a variant
classified as VUS (i.e. uncertain) hampers genetic diagnostic and opens the
opportunity for the discovery of new pathogenic/benign variants. In this
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context, data-driven approaches can suggest a possible classification, or a
possible ranking of VUS variants. Such prioritization helps clinicians to
focus on the most likely pathogenic (or most likely benign) variants. As we
said earlier, some guidelines-based tools convert the ACMG/AMP criteria
into a scoring system [100, 98] that can provide prioritization. Machine
Learning (ML) methodologies have been trained to distinguish pathogenic
and germline variants. Class probabilities provided as output of ML tools
can be easily exploited to prioritize variants. Logistic regression and Ran-
dom Forest showed high performance in distinguishing cancer predisposition
variants in 24 cancer genes [115]. ClinPred combines Random Forest and
Gradient Boosting prediction in an ensemble approach. DOCM germline
variants were classified, reporting high performance in pathogenic detection
[116]. Also MISTIC, that combines prediction from a Random Forest and
a Logistic Regression, has been validated on DOCM variants [117]. In [118]
authors proposed a tree-based approach and provided systematic compari-
son with several tools and machine learning models on ClinVar data. Other
computational tools of interest are reported in this review [119].

Data-driven tools for somatic variants oncogenicity assessment

In this section, we focus on data-driven approaches for the prediction
of driver and passenger mutations, given their importance in cancer. As
we said earlier, many cancer genes are yet to be discovered. For this rea-
son, several computational tools aim at discovering new cancer driver genes
[120, 121, 122, 123].
It is however clear that, also within a driver gene, not all the mutations will
be oncogenic. Data-driven tools that detect driver events at mutation reso-
lutions apply different statistical and/or machine learning approaches to the
big amount of data generated from sequencing studies. Among the tools
using statistically-derived metrics, MutaGene implements a probabilistic
model that estimate the background rate of mutability to rank somatic
mutations [124]. Fun-Seq2 combines different annotation features, such as
evolutionary conservation, into a weighted scoring system to prioritize vari-
ants [125]. Fathmm-cancer (Functional Analysis Through Hidden Markov
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Model) models protein domain in humans through Hidden Markov Model
and then estimates the functional impact of driver mutations or cancer
germline variants [126]. Other approaches combine different tools for a fi-
nal prediction. CTAT (Combined Tool Adjusted Total) combines different
prioritization tools in a single prediction by using the first Principal Com-
ponent from Principal Component Analysis [127]. TransFIC (Transformed
Functional Impact Score for Cancer) uses ontologies and functional scores
[128].
ML-based tools usually characterize variants with annotation features, some
of which could be gathered from large pre-annotated resources, such as db-
NSFP [129]. For instance, the Hematological Predictor of Pathogenicity
(HePPy) is a Random Forest trained on features from dbNSFP to distin-
guish pathogenic somatic variants from germline benign in hematological
setting [130]. CHASMplus is also a Random Forest, trained on data from
TCGA. Since TCGA variants are not labelled, CHASMplus introduce a
semi-supervised approach: labels for training data (driver or passenger) are
assigned based on clusters assumptions [131]. CScape-somatic is a Support
Vector Machine (SVM) whose results have been assessed using leave-one-
chromosome-out cross-validation (LOCO-CV) [132], avoiding gene circular-
ity. CanDrA is also a SVM trained on 96 structural, evolutionary and gene
features computed by over 10 other functional prediction algorithms [133].
Table 1.5 reports a list of relevant data-driven approaches.

Recently, a comprehensive comparison of different computational tools
to assess their ability in driver prediction has been published [135]. As
authors underline, it could be difficult to evaluate the relative performance
of such algorithms, for different reasons. First of all, authors tend to choose
favourable benchmark datasets to prove the validity and utility of their
work. Also, computational approaches often used in cancer research were
actually developed for other scope.
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Table 1.5: Data-driven approaches for the determination of somatic variants
driver/passenger status

Tool Year Availability
Cancer
type

Mutation
type

CHASMPlus
[131]

2019 https://github.com/KarchinLab/CHASMplus yes missense

MutaGene
[124]

2019 https://www.ncbi.nlm.nih.gov/research/mutagene/gene yes
Missense,
nonsense,
silent

CScape-somatic
[132]

2020 http://CScape-somatic.biocompute.org.uk/ no
Both coding
and
non-coding

QuaDMutEx
[134]

2017 https://github.com/bokhariy/QuaDMutEx

CanDrA
[133]

2013 http://bioinformatics.mdanderson.org/main/CanDrA. yes missense

FunSeq2
[125]

2014 http://funseq2.gersteinlab.org yes Non-coding

transFIC
[128]

2012 http://bg.upf.edu/transfic no Non-synonymous

Fathmm-cancer
[126]

2013 http://fathmm.biocompute.org.uk no coding

1.4 Thesis Outline

As pointed out in the previous section, variant interpretation is a fun-
damental step within a Precision Medicine workflow. In order to support
the implementation of Precision Medicine within the “REL” project, this
thesis proposes different computational tools and methodologies to classify
cancer variants, both in the context of the oncogenicity and the clinical
significance. In the last chapter, it is shown a method based on Cox and
Markov modeling to evaluate the influence of genomic variants in cancer
progression from simulated data.
The main goal of this thesis is the development and application of AI-based
tools for cancer genomic variant interpretation.

The dissertation is organized as follows:

In Chapter 2 a Semi-Supervised Machine Learning approach for the

22

https://github.com/KarchinLab/CHASMplus
https://www.ncbi.nlm.nih.gov/research/mutagene/gene
http://CScape-somatic.biocompute.org.uk/
https://github.com/bokhariy/QuaDMutEx
http://bioinformatics.mdanderson.org/main/CanDrA
http://funseq2.gersteinlab.org
http://bg.upf.edu/transfic
http://fathmm.biocompute.org.uk


1.4. Thesis Outline

oncogenicity interpretation of somatic variants is proposed. The method-
ology allows an efficient inclusion of unlabeled genomic data from huge
sequencing projects. Moreover, the ML algorithm used allows for future
updates of the model when new classified variants will be available, or
when a cancer-specific model needs to be developed from few variants.

Chapter 3 introduces a guidelines-based AI tool for the clinical sig-
nificance assessment of somatic variants. The developed tool integrates
different repositories and databases to suggest therapeutic, diagnostic and
prognostic biomarkers detected in patient’s genome, according to
the AMP/ASCO/CAP guidelines.

Chapter 4 shows an approach for the simulation of longitudinal ge-
nomics and clinical data based on a cohort of patients with Myelodysplastic
syndromes. This simulation allows us to define a prognostic model in which
mutations in specific cancer genes may determine the progression towards
a more severe outcome.

Finally, Chapter 5 draws the overall conclusions and possible future
directions.
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Chapter 2
Semi-Supervised Machine
Learning approaches for
somatic variant
pathogenicity assessment

2.1 Variant classification problem

Determining the oncogenicity of a somatic variant is crucial to gain
insights into cancer development and to guide possible research on new
biomarkers. As we saw earlier, the great advances in high throughput se-
quencing technologies, combined with national and international research
projects, are producing a huge amount of genomics data. The landscape
of mutations in different types of cancer has been made available [46, 48].
Yet, we are still far from a comprehensive functional classification of every
possible somatic variant. Given the availability of labelled somatic variants,
Machine Learning tools have been trained on these variants to detect new
driver events (see 1.3.4).
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Two problems arise when developing such tools. First of all, standard su-
pervised ML methods rely on the availability of comprehensive labelled
datasets, which should be as much as possible representative of the true
underling (and unknown) population. This means that the huge amount
of not-labelled sequencing data that has been produced (and will be pro-
duced) cannot be exploited to train these models. In this context, semi-
supervised learning could be applied. Semi-supervised learning techniques
combine unlabeled data with labelled data to improve model performance.
The assumptions is that there is some structure in the underlying distri-
bution of data that the unlabeled instances will help elucidate [136]. So
far, CHASMplus proposes a semi-supervised approach for driver/passenger
detection. Its framework consists of two training steps. First, authors la-
belled TCGA mutations as driver or passenger based on the occurrence of
the mutation in a known driver gene predicted to be significantly mutated
for the selected cancer type. Then the labelled dataset is used for Random
Forest training [131]. However, by labelling variants based on known cancer
genes, bias could be introduced, and the algorithm can fail to accurately
classify variants that occur in not known driver genes.
The second aspect that should be addressed when developing such tools is
that our knowledge of the functional mechanisms that lead to pathogenicity
is always evolving. Retrospective studies re-classify variants detected with
genetic testing in past years, with the current and most updated knowledge
[137]. A recent study retrospectively reclassified hereditary cancer variant
detected in 20 years in 1,9 million patients. Among them, about 1,3 million
patients harbor a variant that has been reclassified [138]. Reclassification of
variants poses ethical and practical challenges within laboratories [139, 140].
As knowledge evolves, computational tools that have been trained with out-
dated information should be re-trained or at least re-validated. A possible
solution could be the implementation of incremental learning algorithms,
that are able to incorporate new knowledge without a complete re-training
of its parameters. When new classified instances are added over time to
the knowledge (training data), incremental ML techniques do not have to
completely re-train. Instead they can learn gradually from new data, start-
ing from their current state [141].
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In this section of the thesis, it is shown the development of a tool for somatic
oncogenicity prediction based on machine learning techniques. The devel-
oped pipeline includes variant annotation and subsequent ML prediction.
Within the proposed approach, unlabeled variants are exploited for unsu-
pervised dimensionality reduction. An incremental model is then trained
on transformed data for prediction, allowing its partial re-train when new
classified variants are available.

2.2 Data collection and Pre-processing

In order to train ML algorithms, we used a labelled dataset already avail-
able within our research group, that was collected from public resources.
Such dataset gathers of more than 84,000 somatic variants known to be
Driver or Passenger in different types of cancer. The sources of knowledge
from which the labelled dataset is built are the following:

• The published work by Martelotto et al. [93], where authors com-
pared different prediction algorithms. About 1,000 of the variants in
15 cancer genes exploited for benchmarking have been functionally
validated, and they are therefore known to be driver or passenger.

• The population allele frequency database dbSNP [142]: this reposi-
tory collects common polymorphisms, and common somatic variants
reported in dbSNP in cancer genes are selected as passenger variants.

• The Cancer Genome Interpreter (CGI) includes driver and pas-
senger variants from different tumor samples [80]. About 1600 vari-
ants from the CGI are included in the labelled dataset.

The total number of driver variants collected is 976, while 83,718 instances
in the dataset are Passenger. Therefore, the percentage of drivers in the
dataset is 1,15%. This great imbalance in the dataset can reflect also the
imbalance in tumor samples. Variants occur in 1397 different genes, but
only 73 of them have both driver and passenger variants.
Additionally, it was collected an unlabeled dataset of variations detected in
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tumor samples. In particular, about 80,000 unclassified genomic variants
from the GENIE project [48] were downloaded (in June 2017) to populate
the unlabeled dataset.
To characterize each variant with a set of features than can be then used by
Machine Learning to derive classification rules, an automated variant anno-
tation pipeline was developed, starting from public tools and repositories.
In particular, the Ensembl Variant Effect Predictor (VEP) command line
tool was used, since it provides an extensive collection of genomic annota-
tions, such as in silico prediction and allele frequencies, and also allows for
further custom annotation [143]. VEP is widely used in the bioinformatics
community. For instance, the DECIPHER database reports variants from
more than 30,000 patients annotated with VEP [144].
Table 2.1 reports the list of features that were selected to annotate each
variant. Annotation features can be grouped in different annotation cate-
gories:

• In silico predictions: prediction of the damaging impact of the
variant on the gene products. Tools included are mainly ML-based
and they usually provide probabilities as output. Some of them are
specific for the prediction of particular types of variants. For in-
stance, the MPC, CAROL, SIFT and Polyphen-2 scores reflect the
deleteriousness of missense variants [145, 146, 147, 148]. Therefore,
for other types of variations all these scores will be null and set to
zero. CAROL is also an ensemble tool, meaning that it combines
and integrates prediction from other tools, in particular SIFT and
PolyPhen-2. One tool (LofTool) is operating at the gene level, pro-
viding a measure of tolerance of a particular gene with respect to
LOF mutations [149]. Therefore, if the gene where the variant occurs
has lower LofTool score, its susceptibility to disease in the presence
of LOF variants increases. All the in silico predictions features are
included in the VEP command line tool or extracted using VEP plu-
gins.

• Conservation scores identify regions along the genome where varia-
tion is expected to be more deleterious, even in the absence of specific
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annotations of functional elements. Four different scores are included
in the annotation: GERP [150], BLOSUM62, PhyloP (46 and 100
way) [151].

• Gene constraints: these features are reported at the gene level,
therefore all variants in the same gene will have the same values for
these features. Genes constraints measure the degree of tolerance of a
gene with respect to different types of mutations, such as LOF, mis-
sense, nonsense. They have been calculated from ExAC data [152]
and the can be downloaded from the ExAC FTP server. ExAC gene
constraints scores are used also by the MPC score for damaging pre-
diction [147]. ExAC scores from the downloaded file are added into
the annotation pipeline after VEP annotation takes place.

• Cancer distribution: this set of gene-based features are extracted
from Supplementary Material of Kumar et al. [122], and are added
to the annotation pipeline after VEP annotation step.

• Population allele frequencies of the variant reported in different
databases available in VEP (such as gnomAD).

• Splicing impact features: predictions of damaging impact on the
splice site.

• Location: features related to the location of the variant along the
genome. For instance, it is reported the gene in which the variant
occurs (not included as ML features), the effect of the variant on the
transcript (string) or the protein region affected by the variant.

Some features, such as the effect on the transcript, are actually cate-
gories. To deal with categorical attributes, a variation of one hot encoding
has been used. For each possible value that the categorical variable can
have, we will have a single “transcript effect” feature. Since the variant can
occur in different transcript according to different splicing, each “transcript
effect” feature is calculated as the percentage of transcripts in which the
variant has that particular effect. The total number of ML features after
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Table 2.1: List of annotation features that characterize each variant

Category Feature Description Possible values Source

In silico
predictions

ADA score
dbscSNV ADA score
[153]

[0-1] - VEP

RF score
dbscSNV RF score
[153]

[0-1] - VEP

LofTool
LoFtool score for gene
[149]

[0-1] - VEP

MPC
MPC score for missense
deleteriousness prediction
[147]

[0-5] - VEP

CADD PHRED,
CADD RAW

Scores from the Combined
Annotation-Dependent Depletion (CADD)
[154]

[0-1] - VEP

FATHMM MKL C
FATHMM MKL NC

FATHMM scores for
coding variants
[155]

[0-1] - VEP

SIFT score

Prediction of protein function alteration
due to amino acid substitution with
SIFT (Sorting Intolerant From Tolerant)
[148]

[0-1] - VEP

PolyPhen score
Prediction of the amino acid substitution
impact by PholyPhen-2
[145]

[0-1] - VEP

CAROL score
Impact of missense mutations
[146]

[0-1] - VEP

Conservation
scores

GERP GERP conservation score [0-1] - VEP

PhyloP46
PhyloP46 conservation score
[151]

[0-1] - VEP (custom)

PhyloP100
PhyloP100 conservation score
[151]

[0-1] - VEP (custom)

BLOSUM62
BLOSUM62 substitution score
for the reference and alternative amino acids

[0-1] - VEP

Genes
Constraints

ExAC lof z,
ExAC syn z,
ExAC mis z,
ExAC pLI,
ExAC pNull,
ExAC pREC

Z-scores and probability
of gene intolerance to different
types of variants from ExAC data
[152]

[0-1] - ExAC

Cancer
distribution

Patient distribution,
cancer type distribution,
unaffected residue

Features extracted by
the Kumar et al. study, that statistically
quantified patient distribution and cancer
types with different mutated genes
[122]

[0-1] - [122]

Population
allele

frequency

AF, AFR AF,
AMR AF, EAS AF,
EUR AF, SAS AF,
AA AF, EA AF,
gnomAD scores

Allele frequencies
in different population
from 1000 Genome Projects,
ESP and gnomAD

[0-1] - VEP

Splicing
impact

SpliceRegion
Granular prediction of
splicing effect

Splice region type (string)
VEP
plugin

Max Ent scan alt,
max ent scan ref,
max ent scan diff,

MaxEntScan alternate,
reference and
difference sequence score

[0-1] -
VEP
plugin

Location Gene Gene in which the variant occurs Gene symbol VEP
Transcripts Transcripts in which the variant occurs Transcript symbol VEP

Effect on transcripts
Consequence of the variant
on the transcript

Sequence Ontology terms VEP

Uniprot domain Uniprot domain in which the variant occurs Domain name according to Uniprot VEP (custom)

Repeat Mask
Whether the variant occurs
in a repeated region

VEP (custom)

TSS distance Distance from the transcription start site Integer VEP
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this preprocessing is 110.
In order to select a subset of data for testing, the entire dataset is di-
vided based on different genes to avoid the circularity issue [74]. This step
is extremely important to avoid overfitting, especially when some features
applied to a variant are actually gene-based, such as ExAC gene constraints
or the LofTool prediction. Therefore, if a gene is selected as training gene,
no variants occurring in this gene will appear also in the test set. Moreover,
the partition of genes is selected so that the proportion of driver and pas-
senger variants reflects the proportion in the entire dataset. In Table 2.2
the first 15 genes in terms of the number of driver mutations are reported.
The last column reports whether the gene was selected for training or for
testing. As we can see, TP53 is the only gene in our cohort with a higher
percentage of driver variants compared to passengers. TP53 encodes a tu-
mor suppressor protein containing transcriptional activation, DNA binding
and oligomerization domains. The encoded protein regulates expression of
target genes, and provokes cell cycle arrest, apoptosis, senescence, DNA
repair, or changes in metabolism. Mutations in this gene are associated
with a variety of human cancers, including hereditary cancers [156].

After splitting training and test set, we evaluate possible correlation
among annotation features in the training set. We calculate the Spearman
correlation coefficient [157] for each set of features inside the same functional
group (such as population allele frequency or in silico prediction tools).
Even before calculating the correlation coefficient we can predict that our
dataset can be correlated: for instance, CAROL prediction tools include
SIFT scores, or the feature corresponding to the missense effect of the
variant may be positively correlated with scores predicting the damaging
impact of missense variants only. Figure 2.1 reports heatmap of significant
correlations between different annotation scores. We can see that, among in
silico prediction tools, the adascores and the rfscores are highly positively
correlated, as well as Sift, Polyphen, Carol and MPC. Not surprisingly,
CAROL has high correlation with SIFT and PolyPhen since it is built
from those scores. Positive correlation is reported also in population allele
frequency from ExAC and gnomAD (Fig 2.1b), as well as in conservation
scores for PhyloP100 and GERP (Fig 2.1c). Gene constraints metrics are
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Table 2.2: First 15 genes in terms of number of driver mutations

GENE
#
Var

#
Driver

#
Passenger

%
DRIVER

%
PASSENGER

Training
Gene

TP53 896 642 254 71,65 28,34 True
ERBB2 264 36 228 13,63 86,363 False
EGFR 2331 34 2297 1,45 98,54 False
PIK3CA 784 31 753 3,95 96,04 False
BRAF 2004 27 1977 1,347 98,65 False
KIT 981 26 955 2,65 97,34 False
KRAS 495 24 471 4,84 95,15 False
BRCA1 754 20 734 2,65 97,34 False
BRCA2 854 12 842 1,4 98,59 False
DICER1 763 11 752 1,44 98,55 False
ESR1 4846 10 4836 0,2 99,79 False
NF1 2658 9 2649 0,33 99,66 True
SF3B1 422 7 415 1,65 98,34 False
PHF6 420 6 414 1,42 98,57 False

both positively and negatively correlated (Fig. 2.1e). In silico prediction
scores from CADD and conservational scores GERP and PhyloP100 are
only moderately correlated (Fig 2.1d), while poor correlation is reported
between in silico pathogenicity scores and population allele frequencies (Fig
2.1f). The LofTool scores are actually not correlated with the ExAC gene
constraints in our dataset (data not shown).

Eventually, it is investigated whether there is any strong correlation
between features and the desired outcome (the oncogenicity class). Among
in silico prediction tools, only PolyPhen, CAROL and MPC have a strong
correlation (around 0.75) with the positive class (driver). Among different
effects on the transcripts, missense variants have a strong correlation (0.75)
with the outcome. Uniprot domain of “Natural variant” has a very strong
correlation (0.87) with the outcome. All the other groups of features (such
as conservation and gene constraints scores) have weak correlation.
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a b

c d

e f

Figure 2.1: Spearman correlation coefficient between features of different
groups. Grey areas correspond to not statistically significant correlations
(95% confidence) a) Correlation between in silico prediction scores. b)
correlation between population allele frequency in different databases. c)
Correlation between conservation scores. d) Correlation between in silico
prediction scores and conservation scores. e) Conservation between gene
constraints score from ExAC. f) Correlation between in silico prediction
scores and population allele frequencies.
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2.3 Dimensionality Reduction from Unlabelled data

As we see from the correlation analysis, some features are highly corre-
lated. Correlation can be frequent in bioinformatics since many tools tend
to exploit previously developed approaches that may also be included in
different analysis, possibly leading to circularity [74]. However, many ML
models, such as Logistic Regression and Random Forest, become unstable
in presence of correlated features [158]. A possible solution could be the
transformation of the features in a particular space, such that in the new
space the transformed features are actually uncorrelated. Usually, this new
space has lower dimension, and it should retain statistical properties and
useful information in the data.
A popular data mining technique to perform feature transformation is Prin-
cipal Component Analysis (PCA). PCA finds a linear subspace in which
most of the variability in the data is maintained [159]. In the new coor-
dinate system, the greatest variance by the scalar projection of the data
lies in the first component, i.e. the first coordinate. The second greatest
variance lies in the second component and so on. The components are also
uncorrelated.
Other feature transformation approaches can rely on Deep Learning. Deep
neural networks are able to transform features within their layers [160]. In
particular, autoencoder architectures (AE) can be used to project features
into a non-linear subspace that can retain useful information in data, dis-
carding noise and correlation [161]. AEs are specifically designed with the
purpose of learning new features. They consist of two symmetric parts:
an encoder and a decoder. The hidden layer between the encoder and the
encoder is called code (Fig. 2.2 ). The objective of the AE is to recover
a representation of the input data which includes as much information as
the original data. The output will have the same number of features of
the input data, but, if correctly trained, the AE is able to reconstruct also
corrupted or noisy inputs. From the hidden layer of the AE it is possible
to extract a lower dimensional representation of the input. This new en-
coded space can be used for data visualization, as well as to train Machine
Learning models [162].
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Figure 2.2: Illustration of a general autoencoder architecture

Both the techniques (PCA and AE) are intrinsically unsupervised: un-
supervised learning is a subfields of machine learning that aims at finding
hidden pattern in data without a pre-existence label. In our case, such
approaches will not use the information on the oncogenicity class, but only
the intrinsic properties of the data. For this reason, the amount of un-
labeled data available from GENIE could be used to train these models.
Even if GENIE variants are not classified, they have been reported in tu-
mor patients. Therefore, the assumption is that GENIE data may represent
the underlying population from which useful information can be extracted.
Secondly, since DL algorithms require a huge amount of data for training,
the use of all the available data, even if not classified, could be helpful.
We evaluated whether different AE architectures are able to learn a new
representation of the data that can help ML models to learn a better sep-
aration of the classes. The AEs will be trained on unlabeled data. The
trained AE will be used to project labeled data into the new learned rep-
resentation. By doing so, we are avoiding the possible information leakage
that may occur by training both the AEs and the supervised model with
the labeled data. Moreover, if ML prediction will be improved compared
with the case of not-transformed annotation features, we will be able to
efficiently use the unlabeled information in a semi-supervised fashion.
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Unlabeled GENIE variants are divided into 70% training and 30% test
for autoencoder training. Moreover, the unlabeled training set is used
as reference for data normalization in 0-1 ranges, both for the unlabeled
test set and the entire labeled set. The PCA was applied through the
scikit-learn implementation in Python, while the autoencoders were devel-
oped with Keras. All code to reproduce the results are publicly available
on github (https://github.com/GiovannaNicora/semi supervised learning-
somatic variant classification).
The PCA was fitted on the unlabeled training set. The first component is
able to explain 19% of the variance, the second 11% and the third 8%. As
we can see from Fig. 2.3, if we plot the first two components, driver vari-
ants (in red) seem to be located in a particular portion of the 2-dimensional
space, especially in the training set. However, passenger variants (in blue)
are also detected near driver variants, even if the majority is located in
the right portion. This analysis reveals that in this representation a clear
separation of the two classes is not discovered.

The first 15 components of the PCA explain almost 80% of the variance
in the dataset. Therefore, these 15 components were exploited as features
for ML.
Secondly, several autoencoder architectures were implemented and trained.
The different AEs differ in the number of layers and the number of nodes
in the code (hidden) layer, that will determine the final dimensionality of
the dataset. The tested architectures are the following:

• DeepAEs: for each AE, we determine the number of nodes in hidden
dimension as one among 2, 5, 10, 20, 30, 40, 50, 60, 70, 80 and 90.
From the starting number of features (110), the encoder and decoder
layers are five nodes smaller than the previous layer, until the code
layer is reached. Therefore, the number of layers in the encoder (or
decoder) varies with the number of nodes in the hidden code layer.

• Three-Layer AEs: for each AE, the code layer (with number nodes
equal to 2, 5, 10, 20, 30, 40, 50, 60, 70, 80, 90 and 100) is directly
connected to the input and output layer.
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Figure 2.3: First 2 PCA components for the labelled train and test set.
Red points are driver variants, while blue points represent passengers.
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• An autoencoder with 2 layers in the encoder (and decoder) section,
and 35 nodes in the hidden dimension. The first layer in the encoder
(and the last layer of the decoder) has 75 nodes, the second layer of
the encoder (and the first layer of the decoder) has 50 nodes.

Autoencoders are trained on the unlabeled training set and the unlabeled
test set is used to evaluate predictions. In the Appendix B, results in terms
of loss and R2 are reported for each architecture, along 50 training epochs.
As we can see from Fig. A.1 and Fig. A.2, the three-layer architecture
reaches higher performances in the reconstruction of the test set. More-
over, lower dimensions of the hidden layers are associated with a decrease
in performance, both for the three-layers AEs and for the DeepAEs. For
the three-layer AE, architectures with at least 20 nodes in the code report
high performance. Instead, Deeper Networks present sudden decreases in
different epochs. Also in this case, architectures with higher number of
hidden nodes (and layers) have generally better performance in input re-
construction. The Deep AE with 4 layers and 35 nodes in the code shows
good performance with only 50 epochs of training. Since the autoencoders
should be able to produce uncorrelated features, we calculated the Spear-
man correlation on the meta-features predicted from the unlabeled testing
dataset for each architecture. In Fig. 2.4, two representative examples are
reported for the AE with 50 nodes in the hidden layer and for the DeepAE
with 90 hidden nodes. The heatmaps show the correlation between each
pair of meta-features, while in the histograms it is shown the number of
times a particular value of correlation is detected. Only statistically signifi-
cant (with 95% confidence) correlations are shown. As we can see, features
are poorly correlated, and the majority of correlation is around 0 for both
architectures. Yet, several correlations for meta-features from the deeper
networks are actually not significant (grey cells in the heatmaps).

It is worth to note that our ultimate goal is not input reconstruction,
but dimensionality reduction. We will therefore derive the ability of AEs
in reducing the dimension to a meaningful space by evaluating the per-
formance of ML trained on the transformed features. Such transformed
features are extracted from the hidden layer of the different architectures,
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Figure 2.4: A) Heatmap showing Spearman correlation coefficient between
meta-features predicted from the AE with 50 nodes in the hidden layer.
Grey areas correspond to not statistically significant correlations (95% con-
fidence). B) Histogram of the distribution of significant correlations for
meta-features predicted from the AE with 50 nodes. C) Heatmap showing
Spearman correlation coefficient between meta-features predicted from the
DeepAE with 90 nodes in the hidden layer. Grey areas correspond to not
statistically significant correlations (95% confidence). D) Histogram of the
distribution of significant correlations for meta-features predicted from the
DeepAE with 90 nodes.
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and we refer to them as“meta-features”, as opposed to the“raw”annotation
features, collected from the VEP-based annotation pipeline and provided
as input to the AEs.

2.4 Incremental Learning with Random Forests

After features collection and pre-processing, which included features
transformation, a ML model to be used for the actual classification was
defined. The model has been trained on the labelled training set described
above. Moreover, future updates will be accomplished without a complete
re-training, in an incremental learning manner. Therefore, the model will
not be “frozen” to a particular state, but it will change over time when new
labelled data will be available.
To achieve this in a simple and straightforward way within the Python
scikit-learn package, the Random Forest algorithm was exploited.
Random Forests (RF) are a popular ML technique that combine several
single decision trees into an ensemble classifier. The predicted class is the
most frequently predicted within the underlying trees. A single decision
tree is a classifier made of different subsequent nodes, that start from a
root node and develops in branches, just like a tree. At each node, the data
are binary splitted according to the value of a particular feature, so that
the new partition set have a higher level of purity with respect to one of
the classes. Purity can be measured for instance using the entropy. At the
end of the learning process, the tree can generate an IF-THEN classifica-
tion rule, by following the path that goes from the root node to the leaves.
A Random Forest is made of different decision trees, each trained with a
bagging approach, i.e. a sample Z of size N is selected with replacement
(bootstrap) from the training set. The single tree is trained on Z with only
a subset of randomly selected features. Compared to decision trees, RF
have shown to be less prone to overfitting the training data [163].
We used RF for incremental learning in this way. First, a RF with an ini-
tial pool of T trees is trained on the training set. The hyperparameter T
is set empirically, taking into consideration that a higher number of trees
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reduces the variance (overfitting), but increases both training and predic-
tion time. We trained different RFs on the different data representation
discussed above: “raw” annotation features, PCA components, and meta-
features predicted by the AE and DeepAE. The best RF in terms of balance
between precision and sensitivity is selected for deployment. When a new
set of labelled data is available, the RF is not re-trained. Instead, new trees
are added to the initial pool. The number of such new trees can be set em-
pirically, or such that the proportion between the number of labelled data
and number of trees will be the same of the initial training set on the initial
number of trees. The re-training will take place only if the number of new
labelled data is sufficient to add at least one tree to the RF. During the
re-training, the initial pool of trees will not be modified. The pseudo-code
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of the Incremental Random Forest is shown below.

Algorithm 1: Incremental Random Forest

Result: Trained Random Forest
Input: Labeled Training Set with N instances;
Number of Decision Trees T

1. for ( t=1 to T ) {

(a) Draw a bootstrap sample Z of size N from the training data.

(b) Grow a random-forest tree Dt to the bootstrapped data, by
recursively repeating the following steps for each terminal node
of the tree, until the minimum node size nmin is reached.

i. Select m variables at random from the p variables

ii. Pick the best variable/split-point among the m.

iii. Split the node into two daughter nodes.

}

2. Output the ensemble of trees Tt with t = 1 : t.

To classify a new point variant x:
Let Ĉt(x) be the class prediction of bth random forest, then
Ĉt(x) = majority vote Ĉt(x) with t = 1 : T

When new Labeled data of size S is available:

• Set the desire number of new trees nt or calculate it as nt = T ·S
N OR

set a number of trees empirically (to weight more or less the new set
of training instances)

• if nt >= 1 repeat step 1 and step 2 for the new nt trees. Add the
new trained trees to the previous ones.

Since our dataset is highly imbalanced, results are evaluated in terms of
metrics such as the Matthew Correlation Coefficient and the Precision and
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Recall Area Under the Curve (PRC AUC) [164, 165]. Data unbalancing
is a major issue in ML application, especially in medicine and bioinfor-
matics. Traditional ML approaches usually perform poorly on imbalance
dataset, since they tend to minimize error rates of class labels. By doing
so, good performances are achieved in the majority class, while errors in
the minority class do not impact greatly the overall performance on the
dataset. Yet, in many applications, the cost of misclassification for the
minority class is much higher. If we think about the medical domain, mis-
classifying a cancer patient as healthy has a higher cost than misclassifying
a healthy patient as unhealthy [166]. In our specific case, we want to ensure
that our algorithm is able to find as many positive (driver) variants, while
ideally have a low number of False Positive (passenger variants predicted
as driver). Therefore, we would like that our algorithm is sensitive and
precise. The sensibility, or recall, is the ability to detect driver variants.
Precision will ensure us that a small subset of the great number of pas-
senger variants will be reported as driver, while detecting as many driver
variants as possible. Data unbalancing in bioinformatics has been faced
by Schubach et al., for predicting non-coding variants. Their approach in-
volves under-sampling of negative class and oversampling of the positive
class [167]. Overs-sampling and under-sampling are widely used to solve
the problem of data unbalancing [168]. Yet, when over-sampling is done,
overfitting can arise if applied before data partitioning for evaluation [169].
Moreover, since in our case the proportion of driver and passenger in the
dataset is similar to the proportion in real tumour samples, over-sampling
and under-sampling were not exploited. Instead, it was adjusted the clas-
sification threshold to achieve high precision and recall. The probability
threshold for classification is usually 0,5, which works well when the classes
are balanced, and the misclassification cost is the same. Therefore, moving
the 0,5 threshold for imbalanced data could be a more effective approach
[166]. In our case, the best threshold will be the one that maximize the
harmonic mean between the precision and the recall, i.e. the F1 score. By
doing so, we are ensuring that a good balance between precision and recall
is achieved.
Here, results of Random Forests with 100 trees trained on the different data
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representations are reported. On the training set, a 10-fold cross validation
is performed to evaluate the mean and standard deviation of predictions
and to select the best threshold for classification in the test set. K-fold cross
validation is a well-known validation technique. It consists of splitting the
data into K different sets. Subsequently, the k-th fold is used for testing the
ML algorithm trained on the remaining folds [163]. As mentioned above,
the training set and test set contain two different set of genes to avoid the
circularity problem. Instead, in the 10-fold cross validation, variants are
selected randomly to be part of the training or test folds. For this reason,
results on the 10-fold cross validation can face the circularity issue. Figure
2.5 and Figure 2.6 report the results on the training set obtained with the
10-fold cross validation and on the test set. Metrics reported are the Area
Under the Curve of the Receiving Operating Curve (ROC AUC) and the
Average Precision Score. They are computed by varying the classification
threshold and evaluate sensitivity and specificity (for the ROC) and the
precision and sensitivity (for the Average Precision Score) at each differ-
ent threshold. Performance on the training set with cross validation are
high, both for AE-based model, for the PCA-based features, and for the
raw annotation features. Instead, if we compare the metrics on the test
set without circularity, the performances drop. These results confirm that,
even if the number of features that are gene-dependant is not high (see
Data Preprocessing Paragraph), circularity can be a serious issue that can
lead to a dramatic decrease in performance when a model trained on vari-
ants coming from only a subset of genes is deployed. Moreover, the use of
ROC AUC for evaluating performance on unbalanced datasets is confirmed
to be a non-optimal choice: if we would focus only on Figure 2.5, despite
the difference in performance between the cross validation and the test set,
we will report high performance for almost all the RFs across the different
data representation.

Since the number of different AEs architecture tested is high, we can
focus on the best performing RFs in Figure 2.7, and then compare the
bests with the RF trained with the annotation features and the RF trained
with the PCA components. In this way, we will qualitatively evaluate
whether feature transformation is able to extract informative patterns that
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Figure 2.5: Mean ROC AUC score on 10-fold cross validation (with stan-
dard deviation) and ROC AUC score computed on the test set.
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Figure 2.6: Mean Average Precision score on 10-fold cross validation (with
standard deviation) and Average Precision score computed on the test set.

46



2.4. Incremental Learning with Random Forests

are hidden in correlated and sparse data.
Figure 2.7 shows different metrics on the test set, as the number of

hidden nodes (on the x-axis) increases for the different DeepAE and AE
networks. When recall (sensitivity) increases, precision can dramatically
decrease, as the case of the AE with 60 hidden nodes. In this case, the
recall is more than 80%, while the precision is lower than 40%. The poor
representation on the unlabeled data by the autoencoders with few nodes
in the hidden layers is translated also in poor performances for the RF,
that therefore is not able to extract meaningful information from the lower
dimensional meta-features. The RF trained on the DeepAE with 80 hidden
nodes, as well as the RF trained on the AEs with 70 and 80 hidden nodes
have balanced precision and recall, around 60%. Results of these three RFs
are compared with the RFs trained with PCA components and with anno-
tation features in Figure 2.8. Specificity, i.e. the ability to detect passenger
mutations, is high for all the models. The models trained with the PCA
components and with the 90 meta-features have high sensitivity, although
precision is low, around 40%. The model trained with the annotation fea-
tures is more balanced, but performances are lower (around 55%). The RF
trained with 70 meta-features has the highest precision (65%), with recall
equal to 55%. Instead, the RF trained on the 80 meta-features extracted
from the DeepAE has slightly lower precision but also slightly higher re-
call. The RF trained with 100 meta-features has the higher recall (65%).
Therefore, the models trained with the meta-features are able to maintain
a good balancing between precision and recall, while having higher overall
performances compared to the “raw” model with annotation features and
also to the model trained with the components from the linear PCA trans-
formation.
Considering that within a cancer sample hundreds of variants can be de-

tected, the desired selected the model will be the one with the highest pre-
cision. If many False Positive are reported (i.e. passenger variants classified
as drivers), the suggested number of putative driver variants to be studied
by clinicians increases, making difficult and time-demanding the evaluation
process. The final model selected is therefore the RF trained with meta-
features extracted from an autoencoder with a single hidden layer of 70
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Figure 2.7: RF performances (y axis) when the number of nodes in the
DeepAE and AE networks varies (x axis)
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Figure 2.8: Performance on Test Set of the RF trained with the annota-
tion features, RF trained with PCA and RFs trained with meta-features
extracted from autoencoders with 70 and 100 hidden dimensions, and the
deep autoencoder with 80 hidden nodes.
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nodes. The probability threshold for driver prediction, calculated with a
10-fold cross validation described above to maximize the F1 score, is 0,31.
Therefore, if a variant has a predicted probability for the driver class that
is greater or equal to 0,31, then the class predicted is driver.
Figure 2.9 shows the complete workflow followed for the development of the
binary classifier for oncogenicity prediction.

To simulate the situation when new variants are available to update the
model, a dataset of variants associated with Myelodysplastic syndromes is
used. Myelodysplastic syndromes (MDS) are clonal hematopoietic disorders
that can lead to Acute Myeloid Leukemia. MDS will be better studied in
Chapter 4. Here, a set of 744 variants detected in 310 patients and validated
as oncogenic [170] is used for partial re-training. The RF trained on AE
meta-features correctly identifies 240 variants as driver, while the remaining
503 are predicted as passenger. For the incremental implementation of RF,
the algorithm 1 is followed: the trees that were previously trained were
“frozen”, while new trees to be trained with the new set of instances are
added. According to the proportion of trees and training samples, only
2 trees would be added. To give more importance to this set of driver
variants, the number of new trees that were actually trained was 10. The
incremental trained RF is now able to correctly classify 294 driver variants.
Still 449 variants are still reported as Passenger, due to the fact that the
previously trained 100 trees still have a high weight in the decision process.
On the test set, the incremental trained RF correctly classifies 32 more
variants as driver, but precision decreases to 55% due to a higher number
of False Positive.

2.5 Comparison with state-of-the-art

In this section, the developed semi-supervised machine learning pipeline
is compared with state-of-the-art tools for driver and passenger status pre-
diction. In particular, predictions on the test set is compared with CanDrA
and CScape-somatic.
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Figure 2.9: Workflow ML classifier development. Starting from the list
of unlabelled variants (from GENIE [48]) and the list of labelled variants
(training and test set), the annotation pipeline characterized each variant
with a list of relevant genomics features (unlabelled and labelled dataset).
The unlabelled dataset is exploited to train an autoencoder for feature
transformation. This step transforms the annotation features into a set
of uncorrelated and informative meta-features. The trained autoencoder
transforms the labelled dataset that is used to train and test a Random
Forest for classification. 51
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a b

Figure 2.10: Confusion Matrix of prediction on missense variants in the
Test Set for the Semi-Supervised Random Forest trained on meta-features
from AE with 70 hidden dimension (a) and for CanDrA (b)

CanDrA was developed to classify missense somatic mutations into driver
and passenger, based on 95 structural and evolutionary features and in sil-
ico predictions. The underlying ML model is a Support Vector Machine,
trained on data from TCGA, COSMIC and CCLE [133]. Moreover, Can-
DrA allows for pan-cancer prediction as well as cancer type predictions.
CanDrA (version +) has been downloaded and installed locally to predict
oncogenicity of test data. Among test variants, 1550 are missense variants
that are predicted by CanDrA. 14% of these variations are driver. On this
missense subset, CanDrA has 93% specificity, while the RF with meta-
features extracted from the Autoencoder with 70 hidden nodes has only
60% of specificity. Yet, the precision of the RF is 66%, while CanDrA has
a precision of 37%. As we can see in Figure 2.10, CanDrA detects a higher
number of driver variants, but also the number of False Positive (passenger
variants predicted to be driver) is more than five times higher in comparison
with the RF.

CScape-somatic, recently published, is still a Support Vector Machine
trained on COSMIC and dbSNP data to predict driver and passenger muta-
tions both in the coding and non-coding part of the genome [132]. CScape-
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a b

Figure 2.11: Confusion Matrix of prediction on missense variants in the
Test Set for the Semi-Supervised Random Forest trained on meta-features
from AE with 70 hidden dimension (a) and for CScape-somatic (b))

somatic is used from the web tool available at
http://cscape-somatic.biocompute.org.uk/. CScape-somatic classified 14,749
variants in the Test Set, with a recall of 66% but a really low precision
(around 2%). On the same data, the RF has a specificity of 57% and a
precision of 67%. The number of drivers detected is higher, but also in this
case the number of False Positive is dramatically high (6731 compared with
74 False Positive predicted by the RF) (Figure 2.11).

2.6 Graphical User Interface

To support an easy usage of the developed pipeline, a Graphical User
Interface (GUI) has been built, using the TKinter Python package. The
GUI allows user to predict the oncogenicity of a somatic variant by enter-
ing the genomic coordinate or a VCF file with the list of variants to be
classified. Then, all the steps described above, from variant annotation
to prediction, are performed, and relevant information are shown in the
GUI window. Therefore, the GUI (1) integrates the VEP-based annotation
pipeline, (2) load the trained autoencoder (single layer, with 70 nodes in
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the hidden dimension), (3) load the trained Random Forest model. The
complete workflow for the classification of new variants is exemplified in
Figure 2.12. The user can predict the oncogenicity of a variant by typing
the genomic coordinate in GrCh37 assembly. When annotation and sub-
sequent classification is performed, the GUI will show the final predicted
class, as well the predicted probability and the reliability, or trustfulness,
of the prediction. This measurement is computed with an approach that
will be further explained in the next paragraph. Other useful information
shown are the complete annotation information, such as the population
allele frequency of the variant and its location. Moreover, a link to the
UCSC Genome Browser will show the variant along its chromosome along
with useful genomic information [171].
The GUI will also allow possible updates of the model in the incremental
fashion described above.
In Figure 2.13, classification of a single missense variant is reported: the
variant is located in the DNMT3A gene and it is driver for Myelodysplas-
tic syndromes patients [172]. The developed model correctly identifies the
variant as driver, with a reliability of 100%. User can also navigate the
annotation features reported in the interactive table: for each transcript in
which the variant occurs, the effect on the transcript is reported, as well as
allele frequencies, in silico predictions, protein location, possible PUBMED
identifiers of papers studying that variant, identifier of the variant in other
relevant databases, such as COSMIC.

2.7 Reliability estimation

2.7.1 An approach for the determining the trustfulness of
Machine Learning predictions on new unseen instance

The majority of ML studies are still restricted to the research stage [16].
Along with logistical and regulatory difficulties in clinical deployment, ML
systems inherently suffer from dataset shifts and poor generalization ability
across different populations [71, 16]. The diffusion of benchmark datasets
representative of true patient populations is essential to develop reliable
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Figure 2.12: Workflow for the classification of new variants. After NGS se-
quencing, a VCF file with the list of variants to be classified is provided as
input for the graphical user interface. Variants are annotated and their an-
notation features are transformed by the trained autoencoder. The trans-
formed features are then fed into the trained Random Forest. The GUI
reports the binary classification and the classification probability predicted
by the Random Forest. Trustfullness (i.e. reliability) of the prediction is
also reported.
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Figure 2.13: GUI for the variant annotation and prediction of somatic vari-
ant pathogenicity. User can predict a single variant by writing the genomic
coordinates in GrCh37 assembly, or it can predict variants in a VCF file
by uploading it. Once the user has entered the variant(s) to be classified,
variant annotation according to the VEP-based pipeline is performed. The
annotation table for each variant resulting from our pipeline is shown as
interactive data-frame thanks to the pandastable package. Annotation fea-
tures are projected in the 70-dimensional space of the autoencoder hidden
layer, and then new set of meta-features is fed into the trained Random
Forest to predict the driver/passenger oncogenicity class. Predicted class,
as long as the predicted probability for driver classification, is shown. Note
that the predicted class is driver if the predicted probability is equal or
greater than 0.31. Reliability (or trustfulness) of the prediction is shown as
well.
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and fair AI algorithm to be applied in the clinics. Yet, research in best
practice for collection and sharing of meaningful data is still ongoing [173].
Especially in genomics, where data collection and interpretation could be
highly expensive, benchmark datasets are limited. Approaches and metrics
to assess the trustfulness, or reliability, of a ML model on a new unseen
example could help in the actual application of ML in routine clinical prac-
tice, in particular when ML algorithms are trained on not representative or
shifting data.
Reliability in ML systems could be ensured a priori, by preventing failure,
and/or by monitoring and identifying failures when they occur [174]. While
the first case deals with dataset preprocessing and model selection, the iden-
tification of failure is a monitoring procedure that takes place over time,
and it is mainly focused in assessing whether the current trained model is
adequate to classify a specific new instance.
Algorithms applying Bayesian inference naturally provide a measure of un-
certainty from the posterior distribution, while more recently a new method
computes the reliability of a trained model, provided that we have access
to the gradient of its loss function [175].
A model-free method to measure reliability of a new instance explicitly
compares the class probability distributions predicted from (1) an available
trained model and (2) a second model trained on the union between the
training set and the new example [176]. The idea is that if these distri-
butions are different, then the new instance is adding information to the
training set. Therefore, its prediction made by the first model will not be
considered to be reliable. This method requires the re-training of the model
for the comparison, and therefore it could be computationally expensive,
depending on the amount of the training data and the selected ML algo-
rithm.
In this section, it is proposed a methodology to identify failures of a trained
model which is independent from the ML algorithm applied and does not
require the re-training of the model. Our framework is based on a previ-
ously published approach for training instance selection. Instance selection
methods are exploited to remove from the training set the non-useful in-
stances, thus speeding runtime training while not affecting classification
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performance [177]. In particular, concepts introduced by the “patterns by
ordered projections” algorithm (POP) [178] are incorporated, such as the
concept of “border” example, i.e. the instance that is the nearest to an ex-
ample of the opposite class for a given attribute. In POP instance selection,
border examples are those retained in the training set. In this framework,
POP is not explicitly used to select training examples, but rather to assess
whether a new unseen example would be selected as “border” in comparison
with the training set: if so, the new element may not come from the train-
ing set population distribution, and therefore we cannot trust the model
prediction.
Once training border examples are detected according to the POP algo-
rithm, a ML algorithm, such as Support Vector Machine, Logistic Regres-
sion or Random Forest, is trained on the entire training set. As in a typical
ML pipeline, performance metrics such as accuracy, sensitivity and speci-
ficity are computed on test set predictions from the trained model. At this
point, the reliability for test examples is calculated by comparing each test
instance to training borders: for a test instance x, the number of times
(i.e. attributes) for which x would become a border instance is recorded.
In Figure 2.14B, T1 and T2 instances are compared with inner and outer
borders. The number of times T1 would be a border is m1 = 1, while for
T2 m2 = 2.

The reliability is computed as:

rel(x) = 1− mx

m
(2.1)

wherem is the total number of attributes andmx is the number of attributes
for which x would be a border instance. In Fig. 2.14b, rel(T1) = 0.5, while
rel(T2) = 0. Intuitively, if a test instance “falls” in an attribute region
where no training examples are detected, then we cannot trust the model
prediction on it. This is translated in the reliability score by computing the
fraction between the number of attributes for which the test instance falls
outside the known borders and the total number of attributes.
As a benchmark, an approach based on borders in a multidimensional space
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Figure 2.14: a) Examples of inner and outer border examples on two at-
tributes. A1-A4 belongs to class A, B1-B3 to class B. For attribute x1, A3
and B1 are inner borders, A2 and B2 outer borders. For attribute x2, A3
and B3 are inner borders, while A4 and B1 are outer borders. b) The test
example T1would be inner border for attribute x1, while the T2 example
would be outer example for both for x1 and x2 attribute.
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is tested to understand whether it could be accurate in identifying unreliable
examples. Multidimensional training borders are defined as those training
instances which are nearest or more distant to opposite class examples, with
distances computed not on each single attribute, but on the entire features
set. Therefore, a proper distance metric must be chosen. For instance, if
we compute the Euclidean distance on the examples of Fig.1, outer borders
will be A2 and B2, while A3 and B3 are inner borders. In this situation,
the reliability is a dichotomic variable: a new unseen example is unreliable
if it falls outside the borders, otherwise it is reliable.
To summarize, the pipeline is the following:

1. Given a training set, border instances are detected for each attribute
independently.

2. A ML algorithm is trained on the training set

3. When a new unseen example must be classified, it is compared to the
training borders, and its reliability is computed.

4. We trust the new instance prediction based on its reliability.

In order to evaluate the validity of the method, a binary unbalanced dataset
of 6000 samples, with 2 attributes, is simulated. For each class, samples can
be drawn from two different clusters of normally distributed points. The
left red cluster in class 1 is then “hidden”, and a balanced dataset of about
600 samples is selected, for division in training and test set. In this way, the
scenario where the real population distribution is not known is simulated
and the ML model (in this case, we exploited a Support Vector Machine)
is trained on a subset which is only in part representative. Examples ex-
cluded from the training and test set are included in a validation set, where
classification reliability is evaluated in comparison with training borders.
the number of samples (6,000) is chosen empirically to have well-populated
datasets for training and testing.
First, results obtained on the validation set from the simulated dataset with
the proposed (1) attribute-by-attribute border selection approach (equation
1), with those obtained with the benchmark (2) multidimensional-borders
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approach are evaluated. In this latter case, distance between objects is cal-
culated with different metrics, such Euclidean distance or Mahalanobis.
Here, reported results are those obtained with the Minkowski distance
(r=1), since it showed better performances on this simulated dataset. The
unbalanced validation dataset contains 905 red samples and 4475 blue sam-
ples. Reliabilities are computed for each validation instance with the two
methods. For (1) approach, all those samples with reliability equal to 1 are
considered reliablie.
The attribute-by-attribute border selection approach identified 377 un-
reliable instances out of 5380 validation examples, while the second ap-
proach identified 470 unreliable instances. Performance metrics on each re-
liable/unreliable set are computed. Accuracy on unreliable instances from
method (2) is about 76%, while on unreliable instances from method (1)
is 55%. The proposed approach (the attribute-by-attribute reliability mea-
sure) was able to find more instances for which classification was wrong
and therefore unreliable. The following results refer to the attribute-by-
attribute border selection method.
As we can see in Table 2.7.1, the percentage of correctly classified examples
in the reliable subset of the validation set is much greater than the same
percentage in the unreliable set (88.5% against 55%). Therefore, we are
able to select a group of instances from an unseen population (the valida-
tion set), where we are more confident to perform a correct classification
with the available trained SVM.

Fig. 2.15 shows results in terms of accuracy, precision and Matthews
Correlation Coefficient (MCC)(Akosa, 2017) on the simulated dataset. On
the balanced test set (186 examples) the SVM has 80% of accuracy, 86%
of precision in identifying red examples and 60% of MCC. In Fig. 2.15,
results on the test set (in blue), on the entire (unbalanced) validation set (in
orange), on the reliable validation samples (in green) and on the unreliable
validation instances (red bar) are compared. As we can see, performances
in terms of accuracy, precision and MCC drop for unreliable examples.
The 95% confidence interval was computed for precision, using the entire
validation set. The precision mean falls with 95% of confidence in the

61



2. Chapt. 2

Table 2.3: Number and percentage of correctly classified examples (true
positive and true negative) and number of incorrectly classified examples
(false negative and false positive) in the validation set of simulated data.
The first column (“Validation”) shows results on the entire set, while the
other two columns refer to the reliable and unreliable subsets detected in
the validation set.

Validation
Reliable
Validation

Unreliable
Validation

Correctly classified
86 %
(4636/5380)

88.5 %
(4429/5003)

55 %
(207/377)

Incorrectly
classified

14 %
(744/5380)

11.5 %
(574/5003)

45 %
(170/377)

interval between 0.55 and 0.57. The precision on unreliable instances falls
outside this interval.
The codes for calculating the developed reliability measure are publicly
available (https://github.com/GiovannaNicora/reliability/)

2.7.2 Reliability of the Semi-Supervised Learner

Once selected the final model for deployment, it is evaluated whether
the suggested framework for identifying failures could work on our genomic
dataset. To do so, the procedure describe above was applied. First, training
borders are identified on the training set with 70 meta-features extracted
from the autoencoder. Then, the test set is compared to the training bor-
ders, and the reliability measure is computed for each test variants. The
distribution of reliabilities in the test set is shown in Figure 2.16. The ma-
jority of test variants has low reliability (around 0,3), but more than 8,000
variants have reliability close to one. Given this distribution, the reliabil-
ity threshold was set to 0,5: if an example has reliability measure greater
or equal this threshold, it is considered reliable, otherwise it is considered
unreliable.
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2.7. Reliability estimation

Figure 2.15: Results of a Support Vector Machine on the simulated dataset
in terms of accuracy, precision and MCC.
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Figure 2.16: Histogram of reliability measures in the test set

In Figure 2.17, precision, recall, MCC and F score are reported for
the entire test set, for the reliable variants (11,970 variants) and for the
unreliable variants (14,022).

As we can see, on the reliable subset of the test set, our model has
slightly higher performance. Instead, on the unreliable test set, all the
metrics decrease. On the MDS driver variants, using the same reliability
threshold set on the test data (0,5), 344 variants are considered as reliable,
while 400 are unreliable. The recall on the reliable set of the RF (not
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Figure 2.17: Difference in performance across the complete Test Set, the
Reliable subset of the Test set, and the unreliable subset
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incrementally trained on the MDS variants) is 48% while on the unreliable
variants it drops to 18%.
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Chapter 3
Implementation of a
Rule-based Expert System
for somatic variant
interpretation in clinical
setting

3.1 Standard guidelines for somatic variant inter-
pretation

In 2017, Li et al. published guidelines for interpreting somatic vari-
ants according to their clinical significance [1]. These guidelines were de-
veloped by a working group formed by three different associations: the
ASCO (American Society of Clinical Oncology), the AMP (Association
for Molecular Pathology) and the CAP (College of American Patholo-
gists). These guidelines aim at becoming the standard for clinical sig-
nificance interpretation in clinical settings. As we saw earlier, a variant
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has a clinical significance when it has already been observed as a ther-
apeutic/prognostic/diagnostic biomarker for a particular cancer type. A
therapeutic (or predictive) biomarker is a variant that predicts response or
resistance to specific therapies. Examples of cancer therapies are Molec-
ular Target Agents (MTA), drugs able to disrupt oncoproteins produced
by driver-mutated genes [179]. Their use represents a safe and promising
alternative to chemotherapy, given their specificity in targeting tumor cells
only. An example of this drug is vemurafenib. Response to vemurafenib
treatment is predicted positively by the presence of BRAF V600E mutation
in patients with melanoma. Yet, caution must be taken when using target
drugs, since drug resistance development is frequent in cancer [180]. It may
occur that tumor clones without the targeted mutation survive. Given the
heterogeneity of the tumor even within the same patient, combination of
different MTA and/or chemotherapy is frequent [181].

Prognostic biomarkers are variants associated with a more favorable or
adverse disease progression, typically referred to the survival time. For in-
stance, mutations in the Core binding factor protein are associated with
favorable prognosis in patients with Acute Myeloid Leukemia [182]. Di-
agnostic biomarkers, instead, allow the early detection of cancer as well
as secondary prevention [183]. For instance, the gene fusion PML-RARA
is diagnostic for promyelocyt leukemia. Biomarkers could span the dif-
ferent categories: for instance, the PML-RARA fusion is both diagnostic
and predictive of response to target molecules [1]. The ASCO/AMP/CAP
guidelines combine annotation features and previous interpretations of vari-
ants to determine their clinical significance. In particular, they defined 4
levels (from Level A to level D) of clinical and experimental evidence that
can be assigned to each somatic variant. Each level has a definition with
respect to the type of significance (therapeutic, diagnostic or prognostic).
For instance, Level A Therapeutic is applied to variant that predicts re-
sponse/resistance to therapy according to the FDA or professional guide-
lines for a specific type of tumor. Level A Prognostic includes all variants
already defined as prognostic by professional guidelines for the specific type
of tumor. The strength of the evidence decreases across the levels. Level B
applies to biomarkers not yet included in professional guidelines but with
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3.1. Standard guidelines for somatic variant interpretation

Figure 3.1: Clinical significance Tiers (image from Li et al.9, [1]

well-powered studies supporting the biomarker definition. Level C includes
biomarkers approved by FDA/professional guidelines for a different type of
tumor or that serve as inclusion for clinical trials. Level D gathers biomark-
ers whose effect is reported in preclinical studies. The different Levels are
combined as shown in Figure 3.1 (from [1]) to classify the variant into 4
different Tiers.

Different issues can hamper the actual application of such guidelines
in clinical practice. First of all, they require the integration of different
sources of knowledge (such as professional guidelines and databases), whose
systematic access could be difficult. Moreover, terminology and variant
nomenclature across repositories widely vary. A recent study reported low
agreement in variant classification according to these guidelines performed
by different laboratories. Barriers perceived are the complexity of these
guidelines and the lack of familiarity, as well as discordance between clinical
significance and oncogenic relevance [184]. For this reason, the development
of automatic tools that implements the ASCO/AMP/CAP guidelines are
needed.
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3.2 Expert System Implementation

We developed a Rule-based Expert System (ES) able to automatically
interpret somatic variant according to AMP/ASCO/CAP guidelines. ESs
are Artificial Intelligence systems that emulate expert human reasoning pro-
cess over a set of rules and knowledge from a specific domain [185]. In our
case, rules are represented by the AMP/ASCO/CAP guidelines, while the
domain knowledge needs to be gathered from several public omics-resources.
After knowledge base collection, the ES is implemented in a Python pro-
gram thanks to the PyKnow library, which creates an environment to define
Rules and fire them against Facts. ES architecture will allow future updates
of the Rules, avoiding complex alteration of the application code. The ES
receives as input a list of genomic variants, it performs inference, and then
provides as output a JSON file for each variant, reporting variant annota-
tion and AMP/ASCO/CAP interpretation, according to MVLD. Thanks
to output files, the ES allows user to follow the reasoning process that lead
to the final classification.

3.2.1 Preprocessing: Knowledge Base collection

We collected information about known biomarkers from 6 different cancer-
specific databases among those that we discussed in Chapter 1. These
repositories provide evidence about variants’ clinical impact, public lit-
erature references, clinical trials and professional guidelines. Information
about cancer-specific databases is listed in Table 3.1.

We developed automatic pipelines that extract relevant information and
standardize nomenclature from each resource. In fact, each database has
different terminologies: for instance, OncoKB Therapeutic levels are “Re-
sistance” or “Response”, while in DEPO the same concept is represented by
“Resistant” and “Sensitive”. Moreover, we standardized cancer representa-
tion to Disease Ontology terms, and we select single nucleotide variations
and indels.

As we can see from Figure 3.2, the majority of variants are therapeutic
biomarkers. DOCM, with diagnostic biomarkers, and CGI, with predictive
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Table 3.1: Cancer-specific database information.

Database URL Type of evidence

CGI
[80]

https://www.cancergenomeinterpreter.org/biomarkers Therapeutic

CiVIC
[78]

https://civicdb.org/home
Therapeutic,
Diagnostic,
Prognostic

OncoKB
[81]

http://oncokb.org/ Therapeutic

DEPO
[82](

http://depo-dinglab.ddns.net/ Therapeutic

DOCM
[83]

http://docm.info/ Diagnostic

COSMIC
(Resistance Mutation)
[79]

https://cancer.sanger.ac.uk/cosmic/download Therapeutic

330

0

736

40

190

1183

24

1270

0 0 0 038 0 0 0 0 0

Civic DOCM DEPO OncoKB COSMIC CGI

Therapeutic

Diagnostic

Prognostic

Figure 3.2: Distribution of Therapeutic, Diagnostic and Prognostic SNV
and indel biomarkers in the six databases
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Figure 3.3: Upset plot showing intersections among different cancer
databases

biomarkers, have the highest number of variants. A variant can be reported
for different significance groups (for instance, a variant can be both a ther-
apeutic and diagnostic biomarkers). A total number of 1681 of variants
are gathered into the knowledge base. As we can see from Figure 3.3, the
overlapping among the repository is high. For instance, in OncoKB, all
variants except 9 are reported also in other databases.

3.2.2 ES Implementation

The ES is implemented in a Python program. Input files are the follow-
ing: an annotation tab-delimited file with the lists of genomic coordinates of
somatic variants that need to be classified and a tab-delimited file for each
collected omics-resource, resulting from our preprocessing pipeline. Data
are organized into an Object-oriented model.
Rules, representing AMP/ASCO/CAP guidelines, are defined through Py-
Know. For instance, the final rule for “Tier I” classification is composed
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Figure 3.4: Output of the Analysis made with the Expert System

by three “sub-rules”: one is related to the allele population frequency, the
second to in silico prediction of damaging impact, and the last one checks
if the variant is actually reported as a biomarker. The final rules could
be therefore the following: (IF variant allele frequency <= 5 % in Db-
SNP, ExAC and Esp population databases THEN variant has low allele
frequency) AND (IF PaPI, Dann and dbscSNA prediction score >= 0.8
THEN variant has damaging impact) AND ( variant is reported in the
knowledge base as “Therapeutic/Prognostic/Diagnostic” by FDA or profes-
sional guidelines) THEN variant is Tier I Therapeutic, Prognostic or Diag-
nostic. Rules could overlap since a variant could be interpreted as both Tier
I Therapeutic and Tier I Prognostic, but it cannot be interpreted both as
Tier I and Benign. After classification process, the ES provides as output a
tab-delimited file with final classification for each input variant and a JSON
file for each variant, containing information about variant annotation and
classification, following the minimal variant level data (MVLD), a recently
proposed framework to standardize cancer variants data for clinical utility
[186]. Moreover, a tab delimited file with results is also provided (Fig. 3.4).
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3.3 Case study: application on data from Myelodys-
plastic syndromes patients

We interpreted 884 variants found in a cohort of 310 patients with
myelodysplastic syndromes (MDS). MDS are heterogeneous hematopoietic
disorders whose progression could lead to Acute Myeloid Leukemia. The
ES took 6.15 seconds to interpret all 884 variants. Among these, 8 vari-
ants were classified as “Strong Clinical Significance”: 5 variants were re-
ported as Diagnostic biomarkers, 5 as Prognostic and 3 as Therapeutic
(3 variants are reported as both Diagnostic and Prognostic, while a vari-
ant has been observed as Therapeutic, Diagnostic and Prognostic). 27
variants were interpreted as “Potential Clinical Significance” (34 as Diag-
nostic, 1 as Prognostic and 11 as Therapeutic). The remaining variants
are interpreted as Uncertain. The 35 classified variants occurred in 115
different patients, therefore 37 % of patients could benefit from the use of
genomic information in the clinical care. For instance, a variant located
in IDH2 gene (ENST00000330062:c.419G>A) is a Therapeutic biomarker
of Potential Clinical significance reported both in DOCM and DEPO. Its
presence is associated with response to IDH2 inhibitor molecules in patients
with Acute Myeloid Leukemia [187]. Instead, the presence of mutations
in ABL1 genes indicates resistance to Imatinib treatment [188]. Muta-
tions in U2AF1 gene indicate poor outcome in patients with myelodys-
plastic syndromes, according to Civic and DOCM. Therefore, a muta-
tion (NC 000021.8:g.44514777T>G) in our cohort is reported as Prognostic
biomarker. We compared our classification of MDS variants with a previous
study classifying mutations as oncogenic/possible oncogenic or uncertain,
in 111 genes associated with MDS or closely related neoplasm [91]. We
found that 225 variants in our cohort have been reported by this study as
“oncogenic”. Among that, we interpreted 7 as “Strong” and 34 as “Poten-
tial”. Only one “Strong” variant is reported as uncertain by the previous
study. Therefore, the 97 % of variants interpreted to have a clinical impact
are reported as oncogenic. It is important to underline that these guide-
lines are not supposed to predict the pathogenicity of a variant, but they
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provide a framework to evaluate the clinical impact of a variant accord-
ing known studies. As an additional benchmarking towards similar tools,
we run the Variant Interpretation for Cancer (VIC) on the MDS cohort.
VIC implements the ASCO/ASCO/CAP guidelines to classify the clinical
significance of variants annotated through ANNOVAR [113]. VIC knowl-
edge base relies on COSMIC, CGI, PMKB and Civic. On our cohort, VIC
does not find any variant with Strong Clinical Significance, but it classifies
as Potential Clinical Significance 18 variants. Among these, our system
detects 11 variants with Potential Clinical Significance and 7 Uncertain.
However, the remaining 23 variants reported by our system as Potential
biomarkers are classified by VIC as Uncertain. To conclude, our system
efficiently integrates more repositories compared to a similar tool (VIC).
This integration leads to a higher number of biomarkers detected. Yet, the
percentage of known biomarkers in the cohort is still low (4 %), proving the
need for further investigation of potential biomarkers.
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Chapter 4
Genomic variant in
prognostic models:
Estimation of risk
progression in
Myelodysplastic syndromes

4.1 Risk stratification in Myelodysplastic syndromes

As we saw earlier, indicators of individual’s diagnosis and prognosis can
be found within the genomics profile. Variants in genes of interest can be
the sign of a particular course of the disease. These prognostic biomark-
ers are used to decide the patient care and follow up. The stratification
of patients based on prognostic scores that exploit clinical characteristics
to reveal the progression of the disease is not new. Yet, the demand for
the integration of genomic information in prognostic scoring system is high
within the Precision Medicine context [189, 190, 191].
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This section is dedicated to the modelling of Myelodysplastic syndromes
(MDS) progression. MDS are heterogeneous clonal hematopoietic disorders
associated with mutations and abnormalities in maturation and differentia-
tion of hematopoietic cell lines [192]. Patients with MDS are characterized
by different risks of Acute Myeloid Leukaemia (AML) development and
genetics events are found to drive disease progression from MDS towards
AML [193]. AML risk progression is usually evaluated in clinical practice
according to the International Prognostic Scoring System Revised (IPSSR)
score, suggested in 2012 by the International Working Group for Prognosis
in MDS. IPSSR score combines some clinical features, such as the blast per-
centage value and bone marrow cytogenetics, to categorize MDS patients
into one of the following groups, representing different risk progressions to-
wards AML: “Very Low”, “Low”, “Intermediate”, “High”, “Very High” [194].
AML progression occurs subsequently into these five stages and the evo-
lution could be naturally modelled with a continuous time Markov chain
approach. A previous study investigated clinical features contribution in
MDS progression and survival analysis designing a Markov model, with
states corresponding to IPSSR stages, AML and death [195]. Markov mod-
els are also useful to evaluate possible outcomes of allogenic hematopoietic
stem cell transplantation (HSCT), the only curative treatment for MDS,
and estimate overall survival [196]. However, none of the aforementioned
works explore the role of genomic events, such as the manifestation of driver
mutations, in MDS progression.

Here, it is reported the analysis of clinical and genomic data from
MDS patients provided by the IRCCS Fondazione Policlinico San Matteo
of Pavia, a University Hospital in Italy. This investigation was approved
by the Ethics Committee of the Fondazione Istituto di Ricovero e Cura a
Carattere Scientifico (IRCCS) Policlinico San Matteo, Pavia (Italy) and in-
formed consent was obtained from all subjects. All procedures were carried
out in accordance with the ethical standards of the Declaration of Helsinki.
Each patient belongs to one of the five risk groups (Very Low; Low; Inter-
mediate; High; Very High) in accordance with the International Prognostic
Scoring System Revised (IPSSR) [194] (see Table 4.1).
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Table 4.1: Clinical manifestation of 921 MDS patients

Variables Total Patients

Gender
Male 572 (62%)
Female 349 (38%)
Median Age (year) 67 (39-91)

IPSS-R

Very low 244 (26%)
Low 338 (37%)
Intermediate 168 (18%)
High 122 (13%)
Very High 49 (0.06%)

The clinical dataset records 627 features of 921 patients. Examples
of clinical features are the peripheral blood and the bone marrow blasts
percentages, hemoglobin, age, comorbidities and hematopoietic stem cells
dysplasia.
NGS analysis on a panel of 44 genes associated with MDS was performed
on 310 patients. About 1,144 mutations were detected, 534 of which were
reported as driver mutations in a previous work [91]. The remaining pas-
senger or uncertain variations were not included in the following analysis.
Figure 4.1a shows the percentage of driver mutations in different IPSSR
stages in the 25 most mutated genes of our cohort: mutations in ASXL1,
SFRS2, STAG2 and U2AF1 are detected in all five IPSSR stages, while mu-
tations in JAK2 are reported only for Very Low and High patients. MLL,
also known as KMT2A, and MPL are found in early stages of the disease.

Patients share very few driver mutations, even if driver mutations are
found in the same gene. Considering the patients-mutation matrix, a value
of 0 indicates that a particular mutation is not found in a given patient,
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Figure 4.1: a) For each gene, the percentage of driver mutations detected
in different IPSSR levels is shown. b) PaPI score calculated for each gene
in each patient: a lighter cell shows that in a particular patient the gene
has a higher rate of damaging mutations
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while a value of 1 means that the patient harbors the mutation. To assess
the sparsity of the patients-mutations matrix, we calculated a sparsity in-
dex as the number of 0 elements divided by the entire number of elements
in the matrix. It was obtained a very high sparsity index (0.99867). For
this reason, mutations occurring on the same gene were gathered together
and 44 variables were obtained (Figure 4.1b). For a given patient, each
feature value is the sum of the scores measuring the potential damage of
mutations on a given gene. In order to evaluate the potential damage effect
of mutations, the PaPI score was computed. PaPI is based on a machine-
learning approach, and it estimates the human coding variants probability
to alter their protein-related function. The higher is the PaPI score, the
higher is the probability that the variant has a damaging effect [197].
Combining clinical and genomic data, a dataset of 671 features and 921 pa-
tients was obtained. The aim is to quantify the effect of mutated genes in
disease progression, by using Markov and Cox modeling. In order to build
a Cox regression model, the variables number was decreased, according to
the heuristic rule stating that, in a multiple logistic regression model, at
most one variable every 10 events should be considered [198]. In our model,
the event represents the transition between subsequent IPSSR risk levels or
towards death. Since we can potentially observe 921 events, we conserva-
tively decided to include at most 88 variables.
All the 44 genomic features were retained, since they were not considered
at all in a previous landmark study on IPSSR [195]. Then seventeen clinical
variables have been selected on the basis of the literature confirmation of
their role in the MDS progression [199, 200, 201, 202]. Eventually, the re-
maining 27 variables were selected among those with the highest variability,
according to the coefficient of variation, calculated as the ratio between the
standard deviation and the mean [203].
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4.2 Stochastic Simulation of Longitudinal dataset

The huge amount of clinical and genomics data collected can be an-
alyzed with statistical or Machine Learning approaches to extract infor-
mation that may guide decisions in clinical settings, with particular focus
on disease progression. In particular, when such progression can be repre-
sented as a sequence of states or disease stages, such as in MDS, it is
possible to combine Cox regression and Markov models to describe patients’
evolution. Cox Models identify prognostic or treatment factors that could
be associated with differences in survival or progression towards different
health states [204], while Markov Models are often used to describe disease
evolution into a set of finite health state [205], such as different stages of
cancer progression [206] or HIV infection [207]. These techniques need lon-
gitudinal data (i.e. collected over time) from a cohort of patients, who need
to be carefully followed and monitored, potentially for a long-time span.
Longitudinal analysis is thus time and cost demanding, and therefore many
studies only cover a small window within disease progression, giving a snap-
shot of patients health status that does not provide information about long-
term progression [208]. To model disease progression from cross-sectional
studies, Li et. al. [209] proposed an algorithm that builds trajectories
through cross-sectional data starting from healthy cases to diseased, across
a number of underlying stages [209]. The algorithm automatically finds
different disease states along trajectories through a Hidden Markov Model,
and it can be applied to different types of disorders, from breast cancer
to Parkinson. A suitable adaptation of this algorithm, designed to jointly
model genomics and clinical data, and its coupling with Cox regression,
seems an interesting option to make use of cross-sectional data of patients
in different disease stages.
In order to study MDS evolution from cross-sectional data, we have de-
veloped a method that leverages patient similarity to simulate disease pro-
gression across predefined disease stages, such as IPSSR levels in MDS. The
result is a simulated longitudinal dataset that can be exploited for follow-up
statistical approaches such as Cox and Markov models.
In brief, each patient in a given stage has a probability of progression to
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the following stage defined by the mean survival probability in that stage.
If a patient evolves, he/she “becomes” one of the patients of the subsequent
stage with a probability proportional to their similarity through a Roulette
Wheel algorithm. A couple of patients linked by the simulation strategy
becomes a single macro-patient. This procedure is applied iteratively for
the following IPSSR stages until patients in Very High stage are evalu-
ated. Potentially, macro-patients evolving in all the five IPSSR stages can
be simulated. Ten thousand Monte Carlo simulations are performed, and
the longest most frequent trajectories are selected. The progression simu-
lation algorithm is shown in Algorithm 2. The following sections detail the
algorithm and the pre-processing steps needed to obtain the input variables.

4.2.1 Stage survival probability computation

In order to assign to each patient a probability of progression towards
the following stage, the mean survival years for each IPSSR stage was calcu-
lated from MDS survival curves published in literature [194]). In particular,
the survival function for each stage s can be defined as

S(t) = e−λt (4.1)

where h(t) is the function that rates the risk of death at t time. If we
set h(t) equal to the constant λ, S(t) could be calculated as the exponential
function.
The mean of an exponentially distributed random value is given by 1

λ while

its median is ln(2)
λ .

Therefore, the mean survival years (msy) is computed from the correspond-
ing median by diving the latter by the natural logarithm of 2. The survival
curve value at t = msy is taken as the mean survival probability in s(Ps)
or equivalently as the mean probability of being in stage s.
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4.2.2 Patient similarity

The proposed method performs simulations on the basis of the simi-
larity between patients. To this end, it is important to take into account
the diverse sources of available information, which range from clinical to
genomics data. Several approaches can be exploited to efficiently combine
large sets of data from multiple sources [210].
A joint matrix tri-factorization algorithm, recently applied by our group on
AML data [211], was used for patient similarity computation. Matrix tri-
factorization is a knowledge-based method where relation among concepts,
such as genes or patients, are organized into relational matrices. The algo-
rithm allows to deal with data sparsity by interpolating missing data and re-
veals unknown interactions underlying initial data, such as patient similari-
ties, through matrix decomposition. For our purpose, the following concepts
(objects) were considered: Patients, Clinical Data, Mutations, Genes, Diag-
nosis. The relational built matrices were: Patients-Clinical Data, Patients-
Mutations, Patients-Diagnosis, Patients-Genes, Genes-Mutations. For in-
stance, in Patients-Mutations matrix, a value of 1 in (i, j) position denotes
that patient i harbors a particular mutation j. The Matrix Tri-factorization
algorithm (implemented in Matlab) was run with ranks empirically set at
200 for each concept. Ranks are crucial parameters, since they define the
dimension of latent factors revealing hidden structure in the data, but there
is no consensus about the selection method on these variables [211]. For
a detailed explanation of tri-factorization technique see Vitali et al, [211]
and Appendix B. The output of the algorithm is the consensus matrix M ,
where the position (i, j) represents the measure of similarity between pa-
tient i and patient j. The transition probability is then calculated as the
ration between the similarity between the patients i and j and the sum of
similarities between patient i and all the other n patients in the cohort:

Pt(i, j) =
M(i, j)∑n
z=0M(i, z)

(4.2)

Matrix trifactorization allows us to compute patient similarity despite
the sparsity of our datasets, in particular in the genomic one, where only
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310 of 921 patients are reported and for which few shared mutations are
found.

4.2.3 Progression algorithm

The method developed to simulate longitudinal data from cross-sectional
MDS patient data is explained in detail in the following (see also Algorithm
2). The procedure is applied independently for male and female patients.
For each disease stage s (in our case defined by the IPSSR levels), we select
patients in stage s and in s+1. For each patient pi in stage s, the algorithm
decides if a patient evolves by randomly selecting a number r between 0
and 1. If r is greater than the mean survival probability ms, then pi evolves
in s+ 1. The patient pj in stage s+ 1, in which pi evolves, is obtained by
sampling from the probability distribution P (i, 1) = {P (i, 1), ..., P (i, n)},
with a Roulette Wheel algorithm [212]. The macro-patient pij is therefore

85



4. Chapt. 4

created.

Algorithm 2: Progression simulations in different stages

linenosize= Result: Simulated Longitudinal Dataset L
Input: Male/Female cross sectional dataset D ;
Mean survival probability for each disease stage ms;
Transition probability matrix Pt; Disease stages list S ;
initialization: z=0, N=10.000;
while z < N do

initialize longitudinal dataset Lz as empty ;
for ( s in S-1 ) {

Select mean survival probability ms;
for ( pi in s ) {

if pi dies in s then
Add pi to Lz ;
continue

else
Randomly select r ε[0, 1];
if r > r then

Associate each patient pj in s+1
with an area proportional to Pt(i, j);
Sample a random number R;
Select the pj patient
in s+1 whose area contains R;
Create the macro-patient pij
that evolves from stage s to s+1 ;
Add two rows in Lz :
one with data from patient pi in s stage,
and one from patient pj in stage s+1

else
Add pi with his/her variables to Lz ;

end

end

}
for ( pj in s+1 ) {

if pj is in more then one macro-patient then
Select the pi patient with the
maximum transition probability to pj

end

}
}

end
Select the longest most frequent trajectories in Lz

with z from 1 to 10000 to populate L

The whole process is repeated in a 10,000 Monte Carlo simulation and
for each patient the longest trajectory (the one that spans more IPSSR
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stages) is selected. If more trajectories have the same length, the most
frequent one is selected. The number of Monte Carlo simulations has been
set in order to ensure that the simulation converges to the final absorbing
state.
Once the longitudinal trajectories are computed, some adjustments need to
be performed. For instance, it can happen that a patient pi in stage s is
associated with the patient pj in stage s+ 1 which was actually diagnosed
and followed-up before in time. Therefore, it necessary to adjust diagnosis
and follow-up time, required for Markov and Cox modeling.
To get realistic trajectories, we sample a time T from the survival curve in
s and we add it to the diagnosis date in s: we set the result as the new
diagnosis date in s + 1. If the new diagnosis date is later than the last
follow up date in s (FUs), we set the new diagnosis date equal to (FUs).
Moreover, we modify the last follow up date in s+ 1 ((FUs) + 1) by adding
to it a number of days equal to the initial difference between (FUs) + 1 and
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its corresponding diagnosis date (see Algorithm 3).

Algorithm 3: Adjusting diagnosis dates

Result: Simulated Longitudinal Dataset L with correct dates
Input: Male/Female simulated dataset L;
Survival probability curves for each disease stage Ps;
Disease stages list S ;
for ( s in S-1 ) {

Select from L rows corresponding to
macro-patients in stage s and s+1 (Ls);
for ( pi in Ls ) {

Compute the difference in days d between
the pi diagnosis date in stage s and the pi last follow up
date in s+1;

Sample a time T from the survival curve;
Sample a random number N between 0 and 1;

}
while N >= Ps(T ) do

Sample another T;
datediagnosis = T ∗ 365days

end
Set datediagnosis as the new diagnosis date for pi in s+1

}

The resulting simulated longitudinal dataset consists of 671 trajectories
among different IPSS-R levels of risk: 262 of these involve women, while
the remaining 409 are men. 163 men and 87 women do not get worse and
remain in their initial IPSS-R levels of risk.

Table 4.2 shows the simulated evolution of the macro-patient
791 248 1391 252 from Low stage (patient 791) to Very High (patient 252).

The proposed algorithm is a probabilistic framework that relies on sim-
ilarity to infer patient trajectories among known clinical disease stages.
Our approach could allow the exploration of temporal disease progression
through the simulation of a longitudinal dataset from a cohort of cross-
sectional data. This problem is not new in the biomedical fields, where
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Figure 4.2: Percentages of trajectories of different lengths. 27% of patients
remains in their initial stage (“1 stage”), 11% of patients evolves in two
subsequent IPSSR stages (“2 stages”, for instance a patient evolves from
Intermediate to High), 16% of patients evolves across three stages, 26%
across four stages and 20% of patients evolves from Very Low to Very High.

Table 4.2: Example of simulated longitudinal trajectories. The macro-
patient 791 248 1391 252 is the result of the 791 patient’s evolution from
Low to Very High IPSS-R stage. He dies in the last stage

ID
MACRO PZ

ID
PZ

IPSS-R Diagnosis Date F.U. Date Death
Time
(Years)

Status
Other
variables

791 248 1391 252 791 Low 24/07/2003 01/05/2005 No 0.0003 2 . . .
791 248 1391 252 248 Intermediate 01/05/2005 01/05/2005 No 1.77 3 . . .
791 248 1391 252 1391 High 20/03/2007 09/05/2007 No 3.66 4 . . .
791 248 1391 252 252 Very High 19/08/2007 03/06/2008 Yes 4.07 5 . . .
791 248 1391 252 252 Very High 19/08/2007 03/06/2008 Yes 4.87 6 . . .
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clinical trials are usually conducted within a defined time interval that cov-
ers just a small window within the disease process, which actually could
span over a large period of time. These changes in patient’s health status
are reflected in clinical and genomics data. Li et al. identifies intermediate
stages that lead from healthy status to the disease state in a cross-sectional
cohort, by building pseudo time-series based upon Euclidean distances and
temporal bootstrap. Hidden Markov Model trained on the pseudo-time se-
ries revealed transition tables between inferred disease stages, characterized
by different symptoms in Glaucoma, Breast Cancer and Parkinson’s disease
[209].
Despite this procedure is able to find“hidden”disease states that could have
a prognostic meaning, data from healthy patients are needed. In a Preci-
sion Medicine initiative, where also genomics data are reported, it could be
cost demanding to generate such data for a healthy cohort. Moreover, for
some diseases, such as myelodysplastic syndromes, clinicians already embed
clinical information in prognostic scoring systems that may reflect the tem-
poral nature of the disease. For instance, MDS patients are stratified into
5 different stages, representing the disease course towards Acute Myeloid
Leukemia.
Our approach differs from previous works since it is suitable for simulat-
ing disease trajectories that span through diseased patients, when known
clinical stages are defined. Moreover, in our approach patient similarity is
computed through a data fusion approach that combines large amount of
clinical and genomics data. However, the simulated trajectories were not
validated, since true longitudinal data were missing. This limitation of our
work highlights the need for longitudinal studies to be made available.

4.3 Risk progression estimation based on genomic
profiles by Cox and Markov Model

The final aim of this procedure is to aid clinical decision making, sug-
gesting prognostic factors that could influence disease progression. Statis-
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tical methodologies could reveal such factors from longitudinal data. For
instance, through the application of Markov modeling integrated with Cox
Regression, we can find the mutated genes which are statistically significant
for the disease progression, but also the probabilities of disease evolution
through the different IPSSR stages. Moreover, coupling Cox regression
coefficients with Markov transition intensities, we can model the effect of
patient covariates on the progression probabilities. In fact, such transition
intensities are computed with covariates coefficients estimated by the Cox
Regression.
A Cox model is a multivariate regression method that allows exploring the
relationship between the occurrence of an event and several explanatory
variables. Typically, this type of model is adopted in survival analysis, in
which the event to analyze is death [213].
In this work, two different Cox models were implemented to select the most
significant features in MDS progression throughout different IPSSR levels
and death, respectively. Death is considered as a distinct event compared to
the worsening of the patient’s clinical status. Both models were developed
using the function My.stepwise.coxph included in the My.stepwise R pack-
age. This function allows to obtain the best candidate final proportional
hazards model applying a stepwise variable selection procedure [214].
On the other hand, Markov models are multistate models describing a pro-
cess that evolves in a probabilistic way and in which it is assumed that
the next step depends only on the present state and not on the past events.
Figure 4.3 represents the Markov model adopted to describe MDS evolution
across IPSSR levels. Only transitions towards subsequent stages or death
are allowed.

To develop a continuous-time Markov model, we used the msm R pack-
age applied to simulated longitudinal dataset that collects functions to
computes the Markov model transition probabilities that best fits the data
through maximum likelihood estimation. Cox and Markov results are listed
in the Appendix B, while here a general discussion of results is provided.
Markov models describe in each time a process evolution, through tran-
sitions intensities and probabilities matrices (Q and P, see Appendix B).
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Figure 4.3: Markov Model for the description of MDS progression across
IPSSR stages

By estimating transition intensities with the Cox Model, we can take into
account significant covariates, i.e. genomic and clinical features, in the as-
sessment of progression probability. Therefore, these quantities represent
the probability of transition between stages given the presence of the sig-
nificant covariates, for instance a mutated gene in the patient’s genome.
Transitions probabilities at 10 years after diagnosis are illustrated in Figure
4.4, that shows also some of the features that, according to our Cox mod-
els and literature, have an impact on progression towards higher stages or
death. Covariates are coloured in red when they are associated with poor
prognosis, while they are green when they have a protective role. Moreover,
msm function allowed to estimate survival curves for patients in different
IPSSR levels and the corresponding survival time medians. We compared
both with the results of a recent similar study that analyses MDS progres-
sion without considering the genetic contribution [195] (Figure 4.5).

Both the curves for Very Low IPSSR level show a plateau for about the

92



4.3. Risk progression estimation based on genomic profiles by Cox and Markov
Model

Figure 4.4: Resulting Markov Model. Transition probabilities at 10 years
after diagnosis are shown. Some of the covariates selected by Cox models
and confirmed by literature and experts as prognostic factors in transitions
are colored in red when associated with poor prognosis and in green when
protective

Figure 4.5: Survival curves computed with simulated longitudinal dataset
and survival curves from Della Porta et. al [195]
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Table 4.3: Survival time median (in years) in different IPSSR stages com-
parison between the Markov model (M) generated from the simulated
dataset and the one implemented from Della Porta et al. [195]

Very Low Low Intermediate High Very High
Survival median

predicted from M
15.88 11.21 5.6 2.8 0.93

Survival median from
Della Porta et al.

12 9 5 2 1.25

first ten years from diagnosis. However, according to our study, the sur-
vival probability for patients in Intermediate and High IPSSR levels tends
to zero in about ten years. This temporal range decreases to a couple of
years for Very High stage. These probabilities reach roughly a 0.2 value in
the study with only clinical features. Taking into account genomic features
increases the slope of survival curves. Table 4.3 below shows the survival
time medians of both studies

Since true longitudinal data are not available for this cohort, we could
not validate the simulated trajectories. At this step, our final goal is to
assess whether significant insights into the molecular aspects of the disease
could be obtained also from simulated data. In order to qualitatively eval-
uate our results, we performed an extensive literature search on myelodys-
plastic syndromes. We tried to find whether the significant covariates re-
sulting from the Cox model (built on the simulated data) are confirmed or
not by literature studies. To our knowledge, the influence of mutated genes
in the transition between two known IPSSR stages (for instance from “Very
Low” risk to “Low”) has not been assessed, while many studies investigated
the association between mutations and the presence of a more aggressive
disease course, with the probability of leukemia evolution increased. Re-
minding that IPSSR states are actually different stages of the disease that
becomes more aggressive during its evolution towards leukemia, we made a
comparison between our results and the aforementioned studies.
According to Cox modelling, mutations in KDM6A, IDH1 and NPM1 in-
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crease the probability of progression from the initial stage to the “Low” risk
stages, while patients with FLT3 gene mutated are less likely to progress
(Table B.1). KDM6A, also known as UTX, is a histone demethylase whose
inactivation likely contributes to transcriptional repression or activation of
distinct genes. Mutations in KDM6A were found in MDS patients, with an
inactivating effect on tumor suppressor genes [215]. Even if the gene could
be targeted by small inhibiting molecules, thus representing a therapeutic
biomarker, its prognostic role in MDS is still unclear [216]. On the contrary,
their negative impact on prognosis of patients with myeloma has been as-
sessed, where mutations and deletions on KDM6A gene are associated with
shorten overall survival [217].
IDH1 gene encodes the isocitrate dehydrogenase 1, an enzyme involved in
the production of a molecule (NADPH) necessary for many cellular pro-
cesses. IDH1 is reported to be significant also in the transition between
“High” and “Very High” risk (see Table B.4). Also, IDH2, another gene
involved in the same pathway, is associated with transition from “Inter-
mediate” to “High” (Table B.3). Mutations in these genes are reported
in different types of cancers, and some studies suggest that IDH1 muta-
tions represent an inferior prognostic indicator, thus confirming our result
[218, 219]. IDH2 mutated patients showed a significantly higher risk of
developing AML and are associated with significantly worse of the overall
survival [220]. Moreover, IDH mutations are found to be among the most
common mutations related to AML [221], they are enriched in high-risk vs
low-risk MDS and might drive the progression to high-risk MDS [222], thus
confirming our result.
NPM1 gene’s product is involved in ribosome biogenesis and it is up-
regulated in different types of cancer, while FLT3 gene stimulates signaling
pathways that control important cellular processes such as proliferation and
survival , in particular during hematopoiesis [223].
NPM1 mutations are rare in MDS, but they are common in AML [222].
Although the available evidence is scanty, MDS patients carrying NPM1
mutations show an unfavorable clinical course, consistent with the effect
observed in our study. Moreover, MDS patients with NPM1 and FLT3 mu-
tations share cytogenetic and mutational profiles similar to those in AML,
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suggesting the evaluation of these mutations as prognostic biomarkers. Se-
lected FLT3 mutations, namely internal tandem duplication and tyrosine
kinase domain mutations, are frequent in AML and associated with poor
prognosis. Mutations involving this gene in MDS are rare and their value
remain to be clarified.
In the intermediate transition, only MLL3 is reported to provide a higher
probability of progression (see Table B.2). MLL3, also known as KMT2C,
is a member of the myeloid/lymphoid or mixed lineage leukemia (MLL)
gene family and it is involved in transcriptional activation. Deletions of
chromosome 7 and on the long arm of the chromosome 7 (7q) [7/del(7q)]
are reported in MDS and AML and they are associated with poor diagnosis
[224, 225]. Mutations in MLL3 are frequent and have a negative impact on
progression-free survival also in breast cancer [226], but are rare in MDS
and their prognostic impact is still not clear [227].
Several genes (Table B.3) seem to drive progression from “Intermediate”
to “High” risk. CBL is a proto-oncogene whose protein product regulates
transduction of signalling pathways. Mutations in CBL mainly occur as
late events in MDS [192]. Patients with overlapping syndromes between
MDS and myeloproliferative neoplasms (MPN) harbouring pathogenic CBL
mutations are associated with poor prognosis [228], and they have been
observed during AML transformation [229]. Interestingly, it has been re-
cently suggested to include CBL mutations, along with IDH2, DNMT3A,
ASXL1 and TP53 mutations within the International Prognostic Scoring
System to improve MDS risk stratification, since these genes are indepen-
dent biomarkers of shorter survival [230]. SF3B1 gene is involved in RNA
splicing and it is recurrently mutated in MDS. This mutated gene is as-
sociated with a favourable prognostic value in low-risk disease, which is
not retained in advanced stages, likely as a consequence of additional sub-
clonal genetic lesions. Notably, these include gene rearrangements that are
not captured by DNA sequencing-based platforms, as the one adopted in
this study [231].TET2 gene encodes for a protein involved in myelopoiesis,
therefore defects in this gene are associated with several myeloid disor-
ders. In MDS, its prognostic role is still unclear, with some studies stat-
ing TET2 as a favourable prognostic factor [232], other works reporting
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instead a poor overall survival [233]. CREB binding protein (CREBBP)
interacts with DNA damage response and DNA repair proteins enhancing
their functions. Moreover, CREBBP modulates the activity of poly(ADP-
ribose) polymerase-1 (PARP1), a factor involved in transcriptional reg-
ulation. CREBBP is a known target of translocations events in acute
leukaemia and so our Cox model rightly assigned a positive regression co-
efficient to driver mutations in this gene for Intermediate-High transitions
[234].The NRAS gene codifies a protein called N-Ras that is primarily in-
volved in regulating cell division. NRAS mutation are enriched in AML
[222] and are associated with poor prognosis, particularly in lower MDS
risk levels: mutations in this gene predict a shorter overall survival as con-
firmed by our Cox model. Moreover, the prognostic significance of NRAS
mutations is independent from other risk factors, such as sex, age and mu-
tations in 16 other genes.
MDS genomes show different global DNA methylation patterns compared
to normal bone marrow cells suggesting that there may be methylation-
specific gene alterations that contribute to these diseases. DNMT3A is a
DNA methyltransferase enzyme that mediates methylation of CpG dinu-
cleotides, and it is often involved in cancer onset. DNMT3A mutations are
the most common drivers of pre-malignant clonal expansions referred to as
age-related clonal hematopoiesis or clonal hematopoiesis of indeterminate
potential [235, 236]. Progression into myeloid neoplasms is driven by ad-
ditional subclonal mutations, which are usually the major determinant of
disease phenotype and course, while the independent prognostic value of
DNMT3A mutations remain to be clarified.
Eventually, 3 genes are reported to be significant in progression from“High”
to “Very High” risk (Table B.4) CDKN2A gene encodes proteins that reg-
ulate two critical cell cycle regulatory pathways, the p53 pathway and the
RB1 pathway. In MDS patients, an aberrant methylation is found during
disease progression and it is associated with leukemic transformation and
tends to shorten the overall survival [237]. Cox model wrongly computed a
negative regression coefficient for driver mutations in this gene.
CTNNA1 gene is a tumour suppressor for its roles in inhibiting prolifera-
tion and promoting apoptosis. It is associated with MDS and its deletion
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is likely to contribute to a poor diagnosis(Hemmat et al., 2014). More-
over, acquired epigenetic inactivation of CTNNA1 is associated with higher
IPSSR risk in MDS and it is a component of leukaemia progression in pa-
tients with myeloid malignancies [238, 239]. Deletion in CTNNA1 seems to
provide a growth advantage towards MDS and AML [240]. These evidences
are confirmed by the very high Cox regression coefficient given to mutations
in this gene.
Regarding transitions towards death, during low stages of the disease,
Charlson score values mainly determine the likelihood of the transition.
Charlson comorbidity index estimates relative risk of death for each comor-
bidity [241]. Therefore, in lower stages, our result suggests that death is
mainly caused by other comorbidities and not by MDS. In higher stages,
clinical features such as promonocytes percentage or karyotype are asso-
ciated with poor prognosis. Notably, recent studies showed that founding
genetic lesions driving pre-malignant or early malignant clonal expansions,
are also associated with an increased risk of death not explained by the risk
of developing a myeloid neoplasm, and mostly associated with increased car-
diovascular morbidity and mortality, as well as with inflammation-driven
diseases [242, 243] This evidence is supporting the notion of a direct con-
nection between MDS and extra-hematologic comorbidities, as captured by
our model. However, the contribution of specific gene mutations in this
process remain to be clarified and deserve addition biological and clinical
studies.
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Chapter 5
Conclusions

Genomic screening programs can identify individual at risks, and there-
fore facilitate risk management and early diagnosis [244] in a Precision
Medicine setting. Cancer, and in particular heterogenous disorders such as
hematologic diseases, represents a suitable area of application of PM strate-
gies. The assumption is that the genomic information, which can be now
extracted from large cohorts of patients, will elucidate previously unseen
mechanism of the diseases, that were obscure so far, and that may explain
heterogenicity in treatment response and disease progression among differ-
ent individuals. Relying on this new type of information, patient care can
be conducted in a more precise and personalized way. For instance, genomic
screening and tailored treatments, along with early diagnosis, have shown
to increase survival probability in breast cancer [245]. However, another
trial has shown no improvement in progression-free survival when molec-
ular target agents are used [246]. We are facing an understandable hype
in genomics-based medicine, due to the increasing number of data from
sequencing projects and findings in this field. Yet, functionally-validated
data to detect new actionable variants still need to be collected [247].
In this context, bioinformatics and data analysis play an essential role to
mine the huge amount of sequencing data and to turn that data into vi-
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able information and knowledge supporting clinical decision making [15,
246, 248]. This thesis focuses on computational tools for the interpretation
of somatic variant and for the integration of mutational and clinical infor-
mation for disease monitoring. The proposed approaches include Artificial
Intelligence and Machine Learning methodologies and address different is-
sues that hamper the effective application of such tools in daily clinical
care, as well as the extraction of possible information also from uncomplete
data.
The methodologies developed in this thesis examine the role of mutations
in cancer development and progression, by using Artificial Intelligence and
statistical methodologies. The design of the AI-based tools will allow future
updates as new knowledge will be acquired, the identification of prediction
failures and the interpretability of guidelines-based interpretation. Simu-
lation of longitudinal data, starting from patient similarity computed with
data fusion approaches, can be used to locate a patient into a pathway of
disease progression for prognostic purpose. Overall, these tools can support
the implementation of Precision Medicine in the hematological context, by
suggesting possible oncogenic mutations, matching treatment and prognos-
tic indicators.
The following paragraphs discuss results and outline possible limitations,
as well as future directions, for each methodologies presented in this thesis.

5.1 Somatic Variant Pathogenicity Prediction

The distinction between passenger and driver mutations in tumor sam-
ples is a critical step to understand patients individual cancerogenesis.
Thanks to the great availability of public cancer data, bioinformaticians
have often trained ML models to classify somatic variants into driver or
passenger. However, many known variants could not be used for train-
ing since their ground truth labels are missing. Semi-supervised learning
approaches could allow to fully benefit from genomic sequencing data re-
ported by public resources. Moreover, as our evidence about oncogenic
variants will increase, ML algorithms for driver and passenger classification
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should allow the incorporation of new knowledge. In this thesis, an incre-
mental semi-supervised approach has been proposed. Unlabeled data and
meta-features representation have been conveyed to improve performance
of standard supervised methods. Unlabeled data from large sequencing
studies are effectively assimilated to learn an informative representation
from known genomic-annotation features of somatic variants by autoen-
coder networks. Labeled data, collected from different public resources,
represents a pan-cancer dataset of point mutations and short indels, repre-
sentative of the plethora of possible somatic mutations (coding, non-coding,
missense, frameshift). Labeled data are exploited to train a Random Forest
algorithm, that can allow incremental training when new examples will be
available. A case study, with driver variants detected in Myelodysplastic
syndromes patients, is performed to show incremental learning with differ-
ent parameters, that can influence the learning rate of the algorithm on the
new data. The incremental training with peculiar variants from a cancer
type can allow the development of cancer-specific models, starting from the
available pan-cancer background.

5.1.1 Feature Transformation

Several Deep Learning and Neural Networks architectures for data trans-
formation have been tested. RFs trained on such transformations are com-
pared with RF trained on “raw” annotation data and linearly transformed
(PCA) components. Performance are compared in terms of several met-
rics. The most performing models are the RFs trained with meta-features
extracted from AEs. The number of meta-features that seems to be more
informative for the RFs is actually high (from 70 to 100). This result is
confirming results from Wang et al., that showed increasing accuracy as the
dimension of the data transformation increases [249]. Nevertheless, the us-
age of highly non-linear transformation of data hampers the explainability
of the model. Methodologies to interpret AE meta-features in the light of
variant annotation features are required and represent an interesting future
direction of this work.
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5.1.2 Machine Learning model

The best final Random Forest model for deployment is selected accord-
ing to precision: in fact, given that NGS sequencing could detect hundreds
of variants, it is imperative to have high precision (i.e. a lower number of
False Positive while having a high number of True Positive), to suggest to
clinicians a concise number of variants to study. It is worth to note, how-
ever, that in our approach the threshold for driver classification has been
moved from 0,5 to have a good balance of precision and recall. Therefore,
even if the final model is selected according to precision, recall (or speci-
ficity) will not decrease to undesired levels, as also the comparison with
state-of-art tools showed. The division of training and test variants consid-
ers circularity issue, i.e. the possible information leakage due to gene-based
information shared by multiple variants [74]. To do so, genes whose variants
are selected for training will not be represented by any variant in the test
set. The training and test set division also reflects the proportion of driver
and passenger variants in the entire dataset, which ultimately reflects the
actual proportion in many tumor samples. By comparing the results of a
10-fold cross validation on the training set and on the Test Set, it is shown
that circularity is a serious issue that be must carefully addressed.
The Random Forest trained on Autoencoder meta-features is compared
with other tools commonly used for driver and passenger classification. A
further important step will be the comparison with the Standard Oper-
ating Procedure (SOP) very recently proposed by the Variant Interpreta-
tion for Cancer Consortium (VICC) Knowledge Curation and Interpreta-
tion Standards (KCIS) working group. These guidelines encode genomics
information into criteria and rules similar to the ACMG/AMP germline
pathogenicity assessment, to determine the oncogenicity of somatic variants
[66]. Given their interpretability and the parallelisms with widely adopted
germline guidelines, SOP aims at becoming the standard for variant onco-
genicity prediction. A comparison with such guidelines may be important
to quantify whether a completely data-driven approach, like the one pro-
posed in this thesis, is able to capture nuances of variant interpretation not
reported into the guidelines.
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To identify possible failures in the prediction, a new reliability estimation
approach is proposed. Reliability, or trustfulness, of ML prediction is an
important topic to implement ML models in the medical context. Reliabil-
ity assessment is essential to identify failures, possible bias and unfairness
in the data, which are among the reasons that prevent the actual spread
of AI-based tools in the clinical practice [16]. The methodology compares
new variants to be classified with the most informative training examples
according to the POP instance selection algorithm [178]. The reliability
reflects to which degree the new variants is “distant” to the informative
examples and detects a subset of unreliable variants for which the classifi-
cation made by the Random Forest may be wrong at a higher rate.
To ease the usage of the developed framework, a Graphical User Interface
(GUI) in Python is implemented. The GUI allows for (1) variant annotation
based on a popular annotation tool (Ensembl-VEP) (2) variant interpreta-
tion in terms of pathogenicity (driver or passenger status) and (3) reliability
assessment for prediction. Source code is available on github.
The proposed model for somatic variant interpretation is based on the as-
sumption that cancer is driven by only a subset of variants (driver), while
all the remaining (passenger) are considered benign and therefore not im-
plicated in cancer development and progression [27, 33]. Based on this
assumption, tools for somatic variant classification, including the one sug-
gested in this thesis, provide a binary distinction between driver and passen-
ger [135, 133, 132, 250]. Moreover, each variant is classified independently
from each other. Yet, works are highlighting that cancer development and
progression is a more multifaceted process, where also passenger mutations
can have an active role by working in synergy with other mutations. This
type of passenger mutations is called “latent driver”. Latent drivers are
inert, but when cooperating, they cause allosteric events that can turn a
cell from normal to cancer, or that can push cancer to metastasize [251].
Mathematical modeling on COSMIC data confirms the suggested impact of
passenger mutations on cancer progression [252], yet functional studies are
still lacking. Following a “binary” distinction between passenger and driver
variants, current tools are failing in the identification of cooperativity.
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Incremental Model

In this thesis, incremental learning is obtained by adding new trees to
the initial Random Forest, which is considered the “reference” model. This
model, trained with pan-cancer data, shows balanced accuracy around 77
% on a test set, outperforming previously developed tools.
Ensemble strategies, including Random Forest, combine a collection of dif-
ferent models and for this reason they are seen as suitable methods to
represent and mediate different information in parallel [253]. For instance,
Lean++ incrementally adds weak neural network classifiers as new data for
training are available. The inclusion of weak classifiers to the initial pool in
an incremental manner efficiently deals with concept drifts that occur due
to unforeseen changes in data distribution [254, 255]. In [254], Hoeffding
trees represent the pool of weak classifiers. The voting weight of each tree
is related to its Mean Squared Error. When new labeled data are avail-
able, the incremental procedure is carried out both by updating the voting
weights of “old” trees based on new data misclassification, and by adding a
new single tree trained on the new data. This last tree is seen as the “per-
fect” classifier since it is trained on the most recent data, and it will have a
higher weight in the final classification. Yet, given this assumption, a tree
should be added only when the collected chunk of data is representative and
sufficient for training. To avoid a potential infinite increase in the number
of weak classifiers, a maximum number of trees k is decided as model pa-
rameter. When the number of trees reaches k, and when a new trained
tree is ready to be included in the initial pool, the least accurate classi-
fier is removed. Incremental algorithms based on Random Forest are often
devoted to the incorporation of new class [256] and they update a trained
RF by increasing the number of splits at the leaf nodes [257, 258] rather
than adding new trees. Instead, in this thesis new trees are added to the
initial pool of the Random Forest, in a workflow more similar to [254, 255].
The new trees are trained on the new set of labelled data, while the initial
pool is not updated. Once the new trees are added, a new unseen variant
will be classified according to the majority class of the entire updated Ran-
dom Forest. The number of trees to be added is an important parameter
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of the algorithm that must assure a proper weighting of the information
encoded in the different chunks of data. A possible approach could be the
addition of a number of trees such that the proportion between the size of
data and the number of trees is the same as in the initial Random Forest.
Also, the maximum number of trees should be set as model parameter, and
therefore a strategy for including and removing trees needs to be chosen.
The predictive ability of a Random Forest is associated with the strength
and diversity of its individual trees. The main issue is assessing whether
each single tree, especially if trained on few data, has a sufficient prediction
ability. Out-of-bag training data could be used to select the subset rep-
resentative trees, as proposed by [259]. Yet, the decision of incrementally
learning new trees (or other weak classifiers) should not be taken only on
the basis of the availability of new labelled data, but it should be related
with model diagnostics and monitoring over time. Especially in the clinical
environment, it is essential to assess whether the performance of a classifier
is deteriorating [260]. Model maintenance strategies can include the period-
ically re-training of the algorithm on new data, although this approach can
neglect information learned from past associations, and can lead to model
that lack generalizability [260, 261]. The incremental learning of Ensemble
methods should be performed within model monitoring framework, to pre-
vent possible deterioration and distortion of the classification.

5.2 Somatic Variant Interpretation according to
standard guidelines

In a clinical setting, variant pathogenicity assessment should not be the
only source of genomic information. Rather, standard guidelines for inter-
pretation of the clinical significance should be used to find known biomark-
ers that can effectively drive patient care towards Precision Medicine. The
actual implementation of interpretation guidelines in clinical practice calls
for tools able to reason over a heterogeneous and always growing knowledge
base. We collected and standardized data from 6 databases over 1500 mu-
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tations known to have a clinical impact in cancer. Within the annotation
process, we associated each variant with further information. Developed
ETL pipelines will allow future update of the knowledge base. We then im-
plemented an Expert System that reasons over the collected standardized
knowledge base and automatically interprets somatic variant according to
standard AMP/ASCO/CAP guidelines. ES architecture will allow future
updates of the Rules, avoiding complex alteration of the application code.
The ES receives as input a list of genomic variants, performs inference,
and then provides as output a JSON file for each variant, reporting vari-
ant annotation and AMP/ASCO/CAP interpretation, according to MVLD.
Thanks to output files, the ES allows user to follow the reasoning process
that lead to the final classification. We interpreted more than 800 variants
in patients with myelodysplastic syndromes, suggesting that almost half of
the cohort carried variants of strong or potential clinical significance. This
information could therefore help clinicians in clinical decision-making pro-
cess. Future improvements will be the possibility to interpret also complex
alteration and the development of a web tool where user could query the
ES interpretations. Moreover, other databases could be included in the
knowledge base.
The two different but complementary variant classification tools that have
been developed spans through the variant interpretation process (Figure
1.2), by addressing (1) the pathogenicity classification of somatic variants
and (2) the clinical significance interpretation of somatic variants. While
the first approach may suggest putative oncogenic variants to be function-
ally validated to detect new biomarkers, the second guidelines-based ap-
proach translates current knowledge about biomarkers and actionable vari-
ants into insights that can guide decision making for a given patient. Both
tools rely on data collection and information encoded in available omics re-
sources. Yet, such databases may not be frequently updated. Versioning of
the knowledge base will be essential to capture all the incoming information
and to keep track of the variant interpretation path. An important aspect
that should be addressed is the incorporation of knowledge not only from
structured databases, but also from published works. In fact, findings from
sequencing studies are usually reported as text in scientific papers, before
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they included in databases and repositories. Text mining and Natural Lan-
guage Processing approaches can support the automatic extraction of such
knowledge from high number of papers published each year [262]. Another
aspect of somatic variant interpretation that should be further analyzed
is the impact of structural variations. The tools developed in this thesis
aim at classifying somatic point mutations (SNVs) and short insertions and
deletions (INDELs). Despite SNVs and INDELs characterize the majority
of actionable variants in cancer, more complex structural variations, such
as gene fusion, play an important role in different cancer types, and their
interpretation should be addressed as well [263]. Moreover, to further eluci-
date the functional role of variations in cancer development, the integration
of different omics data, such as transcriptomics and proteomics, along with
the genomics, can be studied [21]. The analysis of sequencing data from
Single-Cell technologies can inspect tumor samples at an unprecedented
level of detail. Given the heterogenicity of cancer, a more effective Preci-
sion Medicine strategy may require insights from Single-Cell sequencing.

5.3 Risk Progression Prediction in Myelodysplas-
tic syndromes

The last part of the thesis focuses on how knowledge from interpreted
variants can be integrated with patient clinical characteristics to predict
disease progression. Statistical approaches can reveal associations between
particular mutations and disease progression, as long as that longitudinal
data from a cohort of patients are provided. However, longitudinal data
collection is time and cost demanding. A possible solution is the devel-
opment of new approaches for the simulation of repeated observations in
time. It is whether statistical analysis performed on simulated longitu-
dinal dataset could support clinical decision making by providing mean-
ingful insights in the progression of myeloid neoplasms. It is proposed
a method for simulating trajectories of disease progression across known
stages from cross-sectional data, taking into account patient similarity. The
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simulated longitudinal dataset allows to apply well-known statistical ap-
proaches, i.e. Cox and Markov models, to suggest covariates that could play
a role in disease progression and to assess survival probabilities in different
stages. This strategy is applied to a cohort of patients with myelodysplas-
tic syndromes, hematopoietic diseases that can evolve into Acute Myeloid
Leukemia through different known prognostic stages. This framework could
therefore be applied to any type of disease where different stages can be
observed. In this work, the focus is in the contribution of mutated genes
in MDS evolution. In most cases, the results are consistent with literature
findings, and Cox analysis on simulated longitudinal dataset reveals that in
the MDS cohort the KDM6A gene is a prognostic biomarker. Alteration in
this gene have been associated with lower overall survival in different type
of cancers, suggesting that this type of analysis can propose new potential
biomarkers to be experimentally evaluated. It must be noted, however,
that a systematic validation of the simulation algorithm with a real longi-
tudinal dataset could not be provided. This limitation highlights the need
for longitudinal studies to be made available to the research community.
Despite these constraints, it is was possible to assess whether statistical
approaches applied on simulated datasets can provide useful information
about the prognostic impact of molecular alteration.
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Autoencoder results
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Figure A.1: Single-Layer Autoencoders Training and Test Loss and R2 on
Unlabeled data
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Figure A.2: Deep Autoencoders Training and Test Loss and R2 on Unla-
beled data
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Figure A.3: Training Loss and R2 of an Autoencoder with 4 layers and 35
nodes in the hidden dimension
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Appendix B
Cox and Markov Model
Results from simulated
dataset

B.1 Matrix Trifactorization

Matrix Trifactorization techniques are data fusion approaches that per-
form dimensionality reduction of large and sparse data sets. The com-
puted latent variable could reveal hidden interactions in data. In Precision
Medicine studies, this interaction has been associated with patient similar-
ity.
The algorithm works as follows.
Given c different concepts, such as patients, genes, pathways, and given a
data source that relates these concepts (for instance we can relate genes
and pathway through KEGG database), we can represent each relationship
with a relationship matrix RijεRni×nj , where ni is the number of objects
of type i, and nj the number of objects of type j. The entire set of Rij are
represented in a block matrix R:
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R=


R11 R12 · · · R1r

R21 R22 · · · R2r
...

...
. . .

...
Rr1 Rr2 · · · Rrr


(B.1)
R values are in a range between 0 and 1 and they represent the strength of
the relationships between two objects.
We could also know the relationship between objects of the same type, such
as co-expression of genes. This information is represented by a constraint
matrix ΘiεRni×ni . The comprehensive constraint matrix Θ is therefore a
diagonal block matrix, whose values could vary from -1 to 1, where -1 in-
dicates perfect similarity and 1 full dissimilarity.

A crucial parameter is the rank, i.e. the dimension of the latent factor
that we want to achieve through the matrix factorization. The rank ki must
be empirically set for each of the concepts. Then, after rank selection, two
lower-rank block matrices, G and S, are defined:

S=


Sk1×k111 Sk1×k212 · · · Sk1×kr1r

Sk2×k121 Sk2×k222 · · · Sk2×kr2r
...

...
. . .

...

Skr×k1r1 Skr×k2r2 · · · Skr×krrr


(B.2)
The two matrices are reconstructed by minimizing the following objective
function:

where ||.|| is the Frobenius norm and tr() is the trace of the matrix.
G and S are randomly initialized and they are iteratively updated till con-
vergence [264]. The algorithm above has been adapted in order to compute
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the similarity between two objects of the same type [211], such as “pa-
tients”. In particular, Gi is a niki, where the rows correspond to patients
and the columns to groups. Therefore, we can cluster each patient in the
group identified by the column with the maximum value in the patient row.
Since the optimization strategy strongly depends on the initialization, i.e.
the choice of the ranks ki, which also correspond to the number of groups,
the final consensus matrix C is obtained over n application (in our case,
n = 10). The value cij in C shows how many times the patient pi is clus-
tered together with the patient pj . For instance, if cij is equal to 0.5, this
means that the patient pi is grouped with pj 5 times out of 10. The final
consensus matrix is shown in Figure B.1.

B.2 Progression Algorithm

In order to assess the proper number of Monte Carlo simulations needed
to build patient trajectories (see Algorithm 2) we relied on the mathemati-
cal theory behind Markov chains and their absorbing states [265]. Since our
final step is to model MDS disease stages as a Markov process, we ensured
that the simulation converges to the absorbing state, i.e. the fixed stages
that once reached, the system will never leave. In our case, the final stage
is the Very High IPSSR stage, therefore we are looking for trajectories that
span through all intermediate stages up to the absorbing one. The distri-
bution of Markov states at time tn of the Markov chain is the vector v:
vn = v0 ∗ P (tn)
Where P is the transition probability between different stages.
To estimate the number of iterations, we suppose that Pij between stage i
and stage j is represented, in the worst case scenario, by the lowest tran-
sition probability between two patients in the two subsequent stages. Ac-
cording to our approach, a patient enconpasses two probabilistic steps to
be part of a trajectory: first, he/she can evolve according to the mean
transition probability in his/her stage [194]; if he/she evolves, the following
patient in the trajectory is selected through a Roulette wheel with prob-
abilities proportional to matrix trifactorization similarity (see Algorithm
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Figure B.1: Consesus matrix representing MDS patient similarities. Higher
values (yellow cells) indicate higher similarity.
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2). Therefore, in the worst case scenario, the probability of transition is
the product of the mean transition probability from the literature[206] and
the lowest similarity (corresponding to the more distant patient) computed
with the matrix trifactorization. The computed P is equal to:

P=

(0.9977 0.0023 0 0 0
0 0.9949 0.0051 0 0
0 0 0.9932 0.0068 0
0 0 0 0.9902 0.0098
0 0 0 0 1)

Starting from the lowest risk stage (v0 = [1, 0, 0, 0, 0]) the final final
distribution of the Markov states vn at tn = 4, 000 is equal to vn =
[0, 0, 0, 0, 0.999], while for tn = 5, 000 or higher, the Makov chain con-
verges to the absorbing state (vn = [0, 0, 0, 0, 1]). A conservative choice,
since our final aim is to estimate P after longitudinal dataset simulation,
is to set the number of iterations tn to be 104.

B.3 Cox and Markov model

The results of Cox modelling are the list of genomic and clinical features
that play a role in MDS progression across IPSSR stages.
Here, we mainly focus our attention on genomic features. In our dataset
genomic covariates correspond to a numeric score that represents the dam-
aging effect of somatic mutations in 44 genes associated with MDS. In the
transition between“Very Low”and“Low”IPSSR levels, mutations on IDH1,
NPM1 and KDM6A genes promote the progression of the disease, whereas
driver mutations on FLT3 have a protective role (Table B.1).

In the transition between “Low” and “Intermediate” levels of risks, dif-
ferent clinical features have a significant prognostic impact. Only a gene
was reported to provide a higher probability of progression (see Table B.2).
Cox results on transition between “Intermediate” and “High” IPSSR levels
of risks suggest that many genes have a prognostic impact in our cohort.
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Table B.1: Genes where driver somatic mutations have an effect in “Very
Low” to “Low” transition, according to Cox results. The References col-
umn lists previous published works that confirm or not our results. “Poor
prognosis”” definition refers to covariates with positive β coefficients, indi-
cating that mutations in that particular gene are associated with a higher
probability of progression towards higher stages.

Gene Effect References

KDM6A Poor prognosis
PMID: 27023522;
PMID 27235425;

IDH1 Poor prognosis
PMID: 28873367;
PMID: 20494930;
PMID 27992414

NPM1 Poor prognosis

PMID: 16455956;
PMID: 21173125;
PMID 27992414;
PMID 24220272

FLT3 Good prognosis PMID: 23115106
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Table B.2: Genes where driver somatic mutations have an effect in “Low”
to “Intermediate” transition, according to Cox results. The References col-
umn lists previous published works that confirm or not our results. “Poor
prognosis” definition refers to covariates with positive β coefficients, indi-
cating that mutations in that particular gene are associated with a higher
probability of progression towards higher stages.

Gene Effect References

MLL3 Poor prognosis
PMID: 24794707;

PMID: 27610619; PMID 29615405

Mutations in DNMT3A seems to be protective against disease progression.
In contrast, genomic variations in CBL, SF3B1, TET2, CREBB, NRAS
and IDH2 are associated with poor prognosis.
In the transition between “High” and “Very High” IPSSR stages according
to Cox results, driver mutations in CDKN2A, CTNNA1 and IDH1 genes
are reported to provide a higher probability of progression and are associ-
ated with poor prognosis (Table B.4).

Regarding transitions towards death, during low stages of the disease,
Charlson score values mainly determine the likelihood of the transition.
We analysed the transitions probabilities among different IPSSR stages rel-
atively to ten years after the diagnosis (Matrix 2). Transitions between non
subsequent levels of risk subtend transitions between intermediate stages,
since our Markov model allows evolutions only towards the subsequent
stage.

P (t) =



0.211 0.288 0.127 0.132 0.0288 0.213
0 0.185 0.122 0.195 0.0469 0.451
0 0 0.0184 0.112 0.0316 0.838
0 0 0 0.0413 0.0125 0.946
0 0 0 0 1.51− 06 0.999
0 0 0 0 0 1
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Table B.3: Genes where driver somatic mutations have an effect in “In-
termediate” to “High” transition according to Cox results. The References
column lists previous published works that confirm or not our results. “Poor
prognosis” definition refers to covariates with positive β coefficients, indi-
cating that mutations in that particular gene are associated with a higher
probability of progression towards higher stages, while “Good prognosis”
states that the covariate is protective.

Gene Effect References
CBL Poor prognosis PMID: 23010802;PMID 2131879

SF3B1 Poor prognosis
PMID: 25957392
(not confirming);
PMID: 23160465

TET2 Poor prognosis
PMID: 19666869
(not confirming);
PMID: 21714648

CREBB Poor prognosis PMID: 21390130;

NRAS Poor prognosis
PMID: 23708912;
PMID 27992414

IDH2 Poor prognosis PMID: 29549529; PMID 27992414

DNMT3A Good prognosis
PMID: 21415852
(not confirming)
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Table B.4: Genes where driver somatic mutations have an effect in “High”
to “Very High”, transition according to Cox results. The References column
lists previous published works that confirm or not our results. “Poor prog-
nosis” definition refers to covariates with positive β coefficients, indicating
that mutations in that particular gene are associated with a higher prob-
ability of progression towards higher stages, while “Good prognosis” states
that the covariate is protective.

Gene Effect References

CDKN2A Good prognosis
PMID: 22248274
(not confirming)

CTNNA1 Poor prognosis

PMID: 25177364;
PMID: 25153418;
PMID: 19826047;
PMID 17159988

IDH1 Poor prognosis
PMID: 28873367;
PMID: 20494930;
PMID 27992414
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Sean Humphray, Markus Bauer, R. Keira Cheetham, Tony Cox,
Michael Eberle, Terena James, Scott Kahn, Lisa Murray, Aravinda
Chakravarti, Kai Ye, Francisco M. De La Vega, Yutao Fu, Fiona C. L.

132



BIBLIOGRAPHY

Hyland, Jonathan M. Manning, Stephen F. McLaughlin, Heather E.
Peckham, Onur Sakarya, Yongming A. Sun, Eric F. Tsung, Mark A.
Batzer, Miriam K. Konkel, Jerilyn A. Walker, Ralf Sudbrak, Mar-
cus W. Albrecht, Vyacheslav S. Amstislavskiy, Ralf Herwig, Dim-
itri V. Parkhomchuk, Stephen T. Sherry, Richa Agarwala, Hoda M.
Khouri, Aleksandr O. Morgulis, Justin E. Paschall, Lon D. Phan,
Kirill E. Rotmistrovsky, Robert D. Sanders, Martin F. Shumway,
Chunlin Xiao, Gil A. McVean, Adam Auton, Zamin Iqbal, Gerton
Lunter, Jonathan L. Marchini, Loukas Moutsianas, Simon Myers, Afi-
dalina Tumian, Brian Desany, James Knight, Roger Winer, David W.
Craig, Steve M. Beckstrom-Sternberg, Alexis Christoforides, The
1000 Genomes Project Consortium, Corresponding author, Steer-
ing committee, Production group: Baylor College of Medicine, BGI-
Shenzhen, Broad Institute of MIT and Harvard, Illumina, Life Tech-
nologies, Max Planck Institute for Molecular Genetics, Roche Applied
Science, Washington University in St Louis, Wellcome Trust Sanger
Institute, Analysis group: Agilent Technologies, Baylor College of
Medicine, Boston College, Brigham and Women’s Hospital, The Hu-
man Gene Mutation Database Cardiff University, Cold Spring Har-
bor Laboratory, Cornell and Stanford Universities, European Bioin-
formatics Institute, European Molecular Biology Laboratory, Johns
Hopkins University, Leiden University Medical Center, Louisiana
State University, US National Institutes of Health, Oxford Univer-
sity, and The Translational Genomics Research Institute. A map of
human genome variation from population-scale sequencing. Nature,
467(7319):1061–1073, October 2010. Number: 7319 Publisher: Na-
ture Publishing Group.

[36] Lea M. Starita, Nadav Ahituv, Maitreya J. Dunham, Jacob O. Kitz-
man, Frederick P. Roth, Georg Seelig, Jay Shendure, and Douglas M.
Fowler. Variant Interpretation: Functional Assays to the Rescue.
The American Journal of Human Genetics, 101(3):315–325, Septem-
ber 2017.

133



BIBLIOGRAPHY
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Roland F. Schwarz, Atul J. Butte, Alvis Brazma, Stephen J. Chanock,
Nilanjan Chatterjee, Oliver Stegle, Olivier Harismendy, G. Steven
Bova, Dmitry A. Gordenin, David Haan, Lina Sieverling, Lars Feuer-
bach, Don Chalmers, Yann Joly, Bartha Knoppers, Fruzsina Molnár-

136



BIBLIOGRAPHY
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Priyanka Dhingra, Francesco Favero, Stefan Dentro, Jeff Winter-
singer, Vasilisa Rudneva, Ji Wan Park, Eun Pyo Hong, Seong Gu Heo,
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Spanish Group of MDS (GESMD). Spanish Guidelines for the
use of targeted deep sequencing in myelodysplastic syndromes and
chronic myelomonocytic leukaemia. British Journal of Haematology,
188(5):605–622, March 2020.

[66] Peter Horak, Malachi Griffith, Arpad Danos, Beth A. Pitel, Subha
Madhavan, Xuelu Liu, Jennifer Lee, Gordana Raca, Shirley Li,
Alex H. Wagner, Shashikant Kulkarni, Obi L. Griffith, Debyani
Chakravarty, and Dmitriy Sonkin. Abstract 5707: A standard operat-
ing procedure for the interpretation of oncogenicity/pathogenicity of
somatic mutations. Cancer Research, 80(16 Supplement):5707–5707,
August 2020. Publisher: American Association for Cancer Research
Section: Tumor Biology.

[67] Lefteris Koumakis. Deep learning models in genomics; are we there
yet? Computational and Structural Biotechnology Journal, June 2020.

[68] W. Nicholson Price. Big Data and Black-Box Medical Algorithms.
Science translational medicine, 10(471), December 2018.

[69] Finale Doshi-Velez and Been Kim. Towards A Rigorous Science of
Interpretable Machine Learning. arXiv:1702.08608 [cs, stat], March
2017. arXiv: 1702.08608.

[70] Alex John London. Artificial Intelligence and Black-Box Medical De-
cisions: Accuracy versus Explainability. The Hastings Center Report,
49(1):15–21, January 2019.

[71] Eui Jin Hwang, Sunggyun Park, Kwang-Nam Jin, Jung Im Kim,
So Young Choi, Jong Hyuk Lee, Jin Mo Goo, Jaehong Aum, Jae-
Joon Yim, Julien G. Cohen, Gilbert R. Ferretti, Chang Min Park,

142



BIBLIOGRAPHY

and DLAD Development and Evaluation Group. Development and
Validation of a Deep Learning-Based Automated Detection Algorithm
for Major Thoracic Diseases on Chest Radiographs. JAMA network
open, 2(3):e191095, 2019.

[72] Jianxing He, Sally L. Baxter, Jie Xu, Jiming Xu, Xingtao Zhou,
and Kang Zhang. The practical implementation of artificial intel-
ligence technologies in medicine. Nature Medicine, 25(1):30–36, Jan-
uary 2019. Number: 1 Publisher: Nature Publishing Group.

[73] Jenna Wiens, Suchi Saria, Mark Sendak, Marzyeh Ghassemi, Vin-
cent X. Liu, Finale Doshi-Velez, Kenneth Jung, Katherine Heller,
David Kale, Mohammed Saeed, Pilar N. Ossorio, Sonoo Thadaney-
Israni, and Anna Goldenberg. Do no harm: a roadmap for responsible
machine learning for health care. Nature Medicine, 25(9):1337–1340,
September 2019. Number: 9 Publisher: Nature Publishing Group.
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to guide clinical decision-making in precision oncology: The Can-
cer Core Europe Molecular Tumor Board Portal. Nature Medicine,
26(7):992–994, July 2020. Number: 7 Publisher: Nature Publishing
Group.

[109] Arpad M. Danos, Kilannin Krysiak, Erica K. Barnell, Adam C.
Coffman, Joshua F. McMichael, Susanna Kiwala, Nicholas C. Spies,
Lana M. Sheta, Shahil P. Pema, Lynzey Kujan, Kaitlin A. Clark,
Amber Z. Wollam, Shruti Rao, Deborah I. Ritter, Dmitriy Sonkin,
Gordana Raca, Raymond H. Kim, Alex H. Wagner, Subha Madha-
van, Malachi Griffith, and Obi L. Griffith. The CIViC knowledge
model and standard operating procedures for curation and clinical

150



BIBLIOGRAPHY

interpretation of variants in cancer. bioRxiv, page 700179, July 2019.
Publisher: Cold Spring Harbor Laboratory Section: New Results.

[110] Sigve Nakken, Ghislain Fournous, Daniel Vodák, Lars Birger
Aasheim, Ola Myklebost, and Eivind Hovig. Personal Cancer Genome
Reporter: variant interpretation report for precision oncology. Bioin-
formatics, 34(10):1778–1780, May 2018. Publisher: Oxford Academic.
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Johann Böhm, Julie Thompson, Jocelyn Laporte, and Olivier Poch.
MISTIC: A prediction tool to reveal disease-relevant deleterious mis-
sense variants. PLOS ONE, 15(7):e0236962, July 2020. Publisher:
Public Library of Science.

[118] Priscilla Machado do Nascimento, Inácio Gomes Medeiros, Raul Maia
Falcão, Beatriz Stransky, and Jorge Estefano Santana de Souza. A de-
cision tree to improve identification of pathogenic mutations in clinical
practice. BMC Medical Informatics and Decision Making, 20(1):52,
December 2020.

[119] Marwa S. Hassan, A. A. Shaalan, M. I. Dessouky, Abdelaziz E. Ab-
delnaiem, and Mahmoud ElHefnawi. A review study: Computational
techniques for expecting the impact of non-synonymous single nu-
cleotide variants in human diseases. Gene, 680:20–33, January 2019.

[120] Yi Han, Juze Yang, Xinyi Qian, Wei-Chung Cheng, Shu-Hsuan Liu,
Xing Hua, Liyuan Zhou, Yaning Yang, Qingbiao Wu, Pengyuan Liu,
and Yan Lu. DriverML: a machine learning algorithm for identifying
driver genes in cancer sequencing studies. Nucleic Acids Research,
47(8):e45, May 2019.

[121] Jack P. Hou and Jian Ma. DawnRank: discovering personalized driver
genes in cancer. Genome Medicine, 6(7):56, 2014.

[122] Runjun D. Kumar, Adam C. Searleman, S. Joshua Swamidass, Obi L.
Griffith, and Ron Bose. Statistically identifying tumor suppressors
and oncogenes from pan-cancer genome-sequencing data. Bioinfor-
matics (Oxford, England), 31(22):3561–3568, November 2015.

152



BIBLIOGRAPHY
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valho, José H. Fregnani, Adhemar Longatto-Filho, Rui M. Reis,
Cristovam Scapulatempo-Neto, Henrique C.S. Silveira, Daniel O. Vi-
dal, Andrew Burnette, Jennifer Eschbacher, Beth Hermes, Ardene
Noss, Rosy Singh, Matthew L. Anderson, Patricia D. Castro, Michael
Ittmann, David Huntsman, Bernard Kohl, Xuan Le, Richard Thorp,
Chris Andry, Elizabeth R. Duffy, Vladimir Lyadov, Oxana Pak-
lina, Galiya Setdikova, Alexey Shabunin, Mikhail Tavobilov, Christo-
pher McPherson, Ronald Warnick, Ross Berkowitz, Daniel Cramer,
Colleen Feltmate, Neil Horowitz, Adam Kibel, Michael Muto, Chan-

155



BIBLIOGRAPHY

drajit P. Raut, Andrei Malykh, Jill S. Barnholtz-Sloan, Wendi Bar-
rett, Karen Devine, Jordonna Fulop, Quinn T. Ostrom, Kristen
Shimmel, Yingli Wolinsky, Andrew E. Sloan, Agostino De Rose,
Felice Giuliante, Marc Goodman, Beth Y. Karlan, Curt H. Hage-
dorn, John Eckman, Jodi Harr, Jerome Myers, Kelinda Tucker,
Leigh Anne Zach, Brenda Deyarmin, Hai Hu, Leonid Kvecher, Car-
oline Larson, Richard J. Mural, Stella Somiari, Ales Vicha, Tomas
Zelinka, Joseph Bennett, Mary Iacocca, Brenda Rabeno, Patricia
Swanson, Mathieu Latour, Louis Lacombe, Bernard Têtu, Alain
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