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Abstract

Precision Medicine is a new paradigm which is reshaping several aspects
of clinical practice, representing a major departure from the "one size �ts
all" approach in diagnosis and prevention featured in classical medicine. Its
main goal is to �nd personalized prevention measures and treatments, on
the basis of the personal history, lifestyle and speci�c genetic factors of each
individual.

Three factors contributed to the rapid rise of Precision Medicine ap-
proaches: the ability to quickly and cheaply generate a vast amount of biologi-
cal and omics data, mainly thanks to Next-Generation Sequencing; the ability
to e�ciently access this vast amount of data, under the Big Data paradigm;
the ability to automatically extract relevant information from data, thanks
to innovative and highly sophisticated data processing analytical techniques.

Machine Learning in recent years revolutionized data analysis and pre-
dictive inference, in�uencing almost every �eld of research. Moreover, high-
throughput bio-technologies posed additional challenges to e�ectively man-
age and process Big Data in Medicine, requiring novel specialized Machine
Learning methods and High Performance Computing techniques well-tailored
to process and extract knowledge from big bio-medical data.

In this thesis we present three High Performance Computing Machine
Learning techniques that have been designed and developed for tackling three
fundamental and still open questions in the context of Precision and Genomic
Medicine: i) identi�cation of pathogenic and deleterious genomic variants
among the "sea" of neutral variants in the non-coding regions of the DNA;
ii) detection of the activity of regulatory regions across di�erent cell lines
and tissues; iii) automatic protein function prediction and drug repurposing
in the context of biomolecular networks.

For the �rst problem we developed parSMURF, a novel hyper-ensemble
method able to deal with the huge data imbalance that characterizes the
detection of pathogenic variants in the non-coding regulatory regions of the
human genome. We implemented this approach with highly parallel compu-
tational techniques using supercomputing resources at CINECA (Marconi �
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KNL) and HPC Center Stuttgart (HLRS Apollo HAWK), obtaining state-
of-the-art results. For the second problem we developed Deep Feed Forward
and Deep Convolutional Neural Networks to respectively process epigenetic
and DNA sequence data to detect active promoters and enhancers in speci�c
tissues at genome-wide level using GPU devices to parallelize the compu-
tation. Finally we developed scalable semi-supervised graph-based Machine
Learning algorithms based on parametrized Hop�eld Networks to process in
parallel using GPU devices large biological graphs, using a parallel coloring
method that improves the classical Luby greedy algorithm.

We also present ongoing extensions of parSMURF, very recently awarded
by the Partnership for Advance in Computing in Europe (PRACE) consor-
tium to further develop the algorithm, apply them to huge genomic data
and embed its results into Genomiser, a state-of-the-art computational tool
for the detection of pathogenic variants associated with Mendelian genetic
diseases, in the context of an international collaboration with the Jackson
Lab for Genomic Medicine.
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Chapter 0

Introduction

0.1 Scope of this thesis and brief statement of

scienti�c advancements

In this thesis we focus on the development of High Performance Comput-
ing Machine Learning methods speci�cally devised for tackling problems in
Precision Medicine. Data analysis and inference in this research �eld poses
several unique challenges, as the volume of data is generally massive and
the computational approaches for extracting biomedical knowledge from the
data are extremely resource demanding. For this reason, new e�cient ways
of data processing must be conceived, and one of the most viable approach
is represented by High Performance Computing techniques.

Our main contributions �t in this picture, as we propose three HPC -
oriented approaches for open problems in Precision and Genomic Medicine:
speci�cally, we propose a parallel and highly scalable Machine Learning -
based solution for the prioritization of deleterious genomic variants; we also
investigate how Deep Neural Networks can be used to assess the activity of
the regulatory regions across di�erent cell lines; �nally, we propose a GPU
accelerated method used for labeling nodes on a graph, a general technique
used for modeling several problems in Precision Medicine, such as drug re-
purposing or automatic protein function assessment.

We hope that the High Performance Computing Machine Learning meth-
ods proposed in this thesis will represent valuable tools to support research
in Precision Medicine.
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0.2 Structure of the thesis

This work is structured as follows: in Chapter 1 we introduce Arti�cial In-
telligence methods for Precision Medicine. We discuss the three main factors
that in recent years contributed to its rise in popularity: Next-Genereation
Sequencing techniques, Big Data and Machine Learning. As one of the main
focus of this thesis is the last of the three, we brie�y provide an insight of
its speci�c application in Precision and Genomic Medicine, with attention
to the past and current research in variant pathogenicity prioritization and
regulatory region activity prediction. We also discuss some important critical
issues and open challenges in Machine Learning for Precision Medicine.

In Chapter 2 we summarize the main reasons behind the need of High
Performance Computing (HPC) and the main challenges that this paradigm
tries to solve. We present the hardware and software technologies which are
currently available. Hardware wise, we start the dissertation from multi-
and many- core architectures, up to large supercomputers. Software wise,
we illustrate the current frameworks that partially leverages the di�culties
in programming these parallel architectures. Finally, we brie�y discuss the
history and state of the art of HPC applications speci�cally developed for
use in Precision Medicine and Machine Learning.

In Chapter 3 we present parSMURF, a novel HPC Machine Learning
method for the prediction of deleterious and pathogenic Single Nucleotide
Variants in the non-coding area of the genome. This binary classi�er has been
speci�cally developed for dealing with highly skewed dataset, where one class
is orders of magnitude larger than the other: this makes the classi�cation
task highly di�cult and many traditional approaches fail. We provide a fast
parallel and scalable implementation which improves the original algorithm in
both execution speed and accuracy of the results. We also present ParBigMen
(parSMURF application to Big Mendelian data) an extension to this work
that was recently awarded by 50M computing core-hours by the Partnership
for Advanced Computing in Europe consortium (PRACE). Through the use
of the newly developed parSMURF-NG and by leveraging HPC facilities, we
plan to evaluate new genome-wide Regulatory Mendelian Mutation (ReMM)
scores for the prioritization of non-coding variation in the human genome,
which are going to be released in the next version of Genomizer, providing a
invaluable support for the entire scienti�c community working in this �eld.

In Chapter 4 we present a GPU accelerated Deep Neural Network model
for the assessment of the regulatory region type and activity across di�erent
cell lines. Speci�cally, we developed a Feed-Forward Neural Network and a
Convolutional Neural Network that leverage epigenomic and sequence data,
respectively, for identifying the activity of regulatory regions in the non-
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coding area of the genome. We show that our approach is able to detect
enhancers and promoters that regulate speci�c cell lines and, more in general,
is able to distinguish tissue-speci�c regulatory regions. We also show that
di�erent dataset rebalancing techniques, as recently used in literature, may
in�uence the outcome of the approach. Finally, through the use of Bayesian
Optimization and a parallelization scheme, we show how the execution time
can be substantially reduced and, at the same time, the quality of prediction
can be improved.

Finally, in Chapter 5 we present ParCOSNet, a multi-parametric Hop�eld
network -based GPU accelerated method for labeling partially labeled graphs.
This is a general problem that frequently comes up in Precision Medicine, for
example in pharmacogenomics, drug repurposing or the Automatic Function
Prediction problem. Our solution uses a co-operative CPU-GPU scheme that
substantially decrease the computation time, but keeps the Hop�eld dynam-
ics sequential by splitting the evaluation over several Maximal Independent
Sets of the underlying graph. Also, thanks to its e�cient memory allocation
scheme, ParCOSNet is capable to process very large datasets, thus making
this approach suitable for the Big Data era. We also present as extension
of this work, a novel GPU accelerated model for solving the Maximal In-
dependent Set problem over a graph, with a strong focus on balancing the
class size. We provide a GPU implementation of the approach and results
show that this new coloring strategy provides optimal class balancing with a
computational time comparable to greedy strategies.
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Chapter 1

Machine Learning for Precision

Medicine

This chapter introduces Machine Learning for Precision Medicine, de-
scribing its de�nition, its goals, the current state of the art and the future
objectives. The focus of this review is on Precision Medicine computational
aspects, in particular on some relevant Precision Medicine problems discussed
in this thesis. A strong focus is on deleterious and pathogenic variants predic-
tion and the prediction of regulatory regions, both using Machine Learning
methods.

1.1 Precision Medicine

Precision Medicine (PM) is a new paradigm of medicine which has re-
cently become very popular. According to the 1999 foundational paper by
Francis Collins "Medical and Societal Consequences of the Human Genome
Project" [1], Precision Medicine will "completely transform therapeutic medi-
cine".

However, it is very hard to provide a de�nition of Precision Medicine
which encompasses its every aspect and all of its goals. According to the
Precision Medicine Initiative [2], a consortium announced by former United
States of America president Barack Obama in 2015 then renamed 'All of Us',
Precision Medicine is de�ned as �an emerging approach for disease treatment
and prevention that takes into account individual variability in genes, envi-
ronment, and lifestyle for each person.� This represents a major departure
from the "one size �ts all" practice in diagnosis and prevention of classical
medicine, towards an approach that tries to �nd personalized treatment and
prevention measures speci�cally tailored to group and subgroups of patients
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1. Machine Learning for Precision Medicine

on the basis of their genomic material, lifestyle, personal history and external
environmental factors [3].

Also, another major di�erence from traditional evidence-based medicine
is the importance of incorporating a vast and variegated amount of biomed-
ical data - from bio-images to genetic material, but also physiological data
acquired with wearable devices - as support in the prevention, diagnosis and
treatment of illnesses: as a consequence, moving from the traditional analysis
of observable signs and symptoms towards the e�cient use of novel biomark-
ers, allows more precise diagnosis [4]. This is especially true, for example, for
cancer diagnosis and treatment, as cancer is more increasingly seen under a
molecular context rather than for its histology characteristics [5].

We can summarize these two pivotal concepts stating that Precision
Medicine is a paradigm in medicine which aims towards the identi�cation
of two new taxonomies: the �rst one for better stratifying patients, �nding
sub-grups on the basis of common genetic traits, lifestyle, and environmental
factors [4]; the second for better stratifying diseases: according to the Na-
tional Research Council Committee in [6], the three fundamental goal of the
de�nition of this new disease taxonomy are (by quoting):

� "Describe and de�ne diseases based on their intrinsic biology in addi-
tion to traditional physical �signs and symptoms�"

� "Go beyond description and be directly linked to a deeper understand-
ing of disease mechanisms, pathogenesis, and treatments"

� "Be highly dynamic, at least when used as a research tool, continuously
incorporating newly emerging disease information"

The di�culty in accurately de�ne Precision Medicine also comes from
the fact that over the years it replaced the terms personalized medicine,
individualized medicine or strati�ed medicine that still many authors use
interchangeably as synonym [7]. Nowadays Precision Medicine superseded
them: the argument here is that the term "personalized" could lead to the
erroneous conclusion that Precision Medicine aims at creating treatments
on individual level. However, since the dawn of modern clinical medicine,
physicians treated each patient on an individual basis [8, 6]. The focus here is
not on the individual patient, but in exploring how genetics, environment and
lifestyle can be used to identify population subgroups which could be more
susceptible to a particular disease, or could develop a particular prognosis
or could react in a speci�c way to a speci�c drug, with the aim of targeting
the most appropriate intervention strategy for the prevention, diagnosis and
treatment of each diseases in each subgroup [9, 6].
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1. Machine Learning for Precision Medicine

Also, Precision Medicine di�ers from personalized medicine in the health-
care model de�ned by the two approaches: personalized medicine, being
patient-centered, assumes a strong relevance in a patient preference, social
context, lifestyle and knowledge, thus creating a strong bond between pa-
tients and physicians. Instead, we can consider Precision Medicine as more
"data-driven", de�ning a model that goes beyond genomics and strongly re-
lies on information, thus focusing in bonding patients, physicians, researchers
and clinical laboratories, anywhere in the world [10, 11].

Finally, a common misconception comes from the fact that, despite a
great deal of clinical information is extracted from genetic material, there is a
tendency of confusing Precision Medicine with genomic medicine. However,
Precision Medicine does not rely solely on genomics [12, 13]: besides the
already cited lifestyle and environment factors, several biomedical data types
heterogeneously contribute to the assessment of prevention, risk, diagnosis
and treatment of illnesses. Examples of this biomedical data are not limited
to bioimages (X-Rays, MRI, fMRI, CAT scans, etc), physiological data (for
example coming from blood samples analysis), data collected by wearable
devices (continuous monitoring of oxygen level in the blood, blood �ow and
pressure, etc), and so on. For this reason, it has been proposed that Precision
Medicine should be considered as an umbrella term incorporating Predictive,
Preventive, Pharmacotherapeutic (Pharmacogenomic and Pharmacogenetic)
and Participatory Patient (Portable and Protective) components [14, 13].

In the following sections we will discuss the technology advancements
that made Precision Medicine possible - with a special focus on Machine
Learning - its current application in clinical research as well as future trends,
and current challenges and criticism.

1.2 The technologies behind PM

There are three major driving forces behind the rise of importance of
Precision Medicine:

(1) The ability to quickly and cheaply generate a vast amount
of biological and omics data.

Since its commercial introduction in 2005, Next Generation Sequencing
(NGS) revolutionized genomic sequencing, as it is a faster, more accurate and
cheaper alternative than traditional Sanger sequencing method [15]. Nowa-
days, the cost for Whole Genome Sequencing is about 1000 dollars and the
process takes less than an hour [16]. This ultimately led to massive col-
lections of samples and whole population screening programs, like the One
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1. Machine Learning for Precision Medicine

Thousand Genomes project [17].
Besides the collection of DNA samples, technology advancements also

allowed to substantially decrease the cost for collecting a wide variety of
biological and molecular data commonly referred as omics: [18] names a few
examples such as transcriptomics (the study of the expression level of each
gene of an organism), epigenomics (the whole-genome study of epigenetic
regulation), proteomics (the study of all the proteins in a cell or an organism),
metagenomics (the comprehensive analysis of all the genetic material - DNA
and RNA - of a patient sample comprising microbial, fungii, viruses and
parasites) and many more.

Also, data generation and collection is not limited to molecular biology,
but also biomedical data such as bioimaging [19], physiological data (ECG,...)
and a whole other range of datasets related to manually curated evaluation
by physician (Electronic Health Records). Lastly, we feel to include data
collected from diverse and unexpected sources, as in the case of Social Media
and mobile phones: an example comes from a 2013 study in epidemiology [20]
in which queries to Google Search and Twitter related to disease symptoms
have been used for detecting the spread of infective diseases [21, 22], or the
recent work that, by tracing mobile, quantitatively estimated the main causes
of COVID-19 spread across the population [23].

(2) The ability to store, e�ciently organize and distribute such
a vast amount of data under the Big Data paradigm.

Big Data is the term used for indicating the storage, process and distri-
bution of data which is often beyond the capability of a single local computer
due to constraints in memory size or processing power o�ered by a machine
[21]. Datasets complying to these traits are informally associated with the
"�ve Vs" de�nition:

� Variability (no inherent de�ned structure)

� Variety (includes heterogeneous data types)

� Velocity (requires high speed in both processing and transmission)

� Veracity (data may be noisy and uncertain)

� Volume (dataset extremely large in size for features, number of samples
or both)

Big Data technology involves both hardware and software solution specif-
ically designed to deal with such data. Hardware wise, data is stored in
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1. Machine Learning for Precision Medicine

server farms or data centers whose machines are quali�ed by huge memo-
rization capabilities, a fast interconnection subsystem and high processing
power. Software wise, data is managed (organized and made ready-available
for access and redistribution) by solutions speci�cally made for Big Data,
such as Apache Hadoop [24].

Datasets are organized and made available for researchers and physician:
several free-to-use omics database were created in the last years. A few exam-
ples are the ENCODE project [25] which identi�ed promoters and enhancers
in 147 cell types using a wide range of high-throughput technologies; the
FANTOM project, which employed CAGE (Cap Analysis of Gene Expres-
sion) technologies to broaden the spectrum of considered samples, includ-
ing 1,816 human and 1,016 mouse samples [26]; the International Human
Epigenomic Consortium [27], which aggregates several databases from seven
consortia, making available regulomic, methylomic, and transcriptomic data
from more than 600 cell lines.

(3) The ability to process, extract the relevant information and
create inferences on the basis of these data using modern comput-
erized approaches.

As the quantity of collected and ready-available data increased at an
unprecedented rate in the last years, researchers and physicians felt the urge
to �nd e�cient methods for data processing. Aside from the volume of data,
another issue that arose as a consequence of data-drive research is the ability
to integrate several di�erent data types (i.e. bioimages with genomic data)
for increasing the level of detail that can be extracted by the conjunction
of those data. The challenge here is to e�ciently extract useful information
from these multidimensional and articulate datasets [18].

Traditionally, ad-hoc mathematical and statistical models have been used:
for instance, [28] describes a mathematical model for deciphering the signa-
tures of mutational processes in cancer genomes. However, in recent years
methods based on Arti�cial Intelligence (AI), particularly Machine Learning
(ML), have been shown to perfectly �t in the data-driven Big Data approach
as they solve both the problem of high-volume data processing and hetero-
geneous data integration.

Machine Learning is a popular sub-�eld of Arti�cial Intelligence [29] used
for automatically detect patterns in data which often cannot be identi�ed by
hand. It leverages the use of very large dataset for training a learning algo-
rithm capable of discovering previously unknown associations and interaction
patterns among variables [30, 31]. Training of the learning algorithm follows
an adaptive approach, but without explicitly programming sets of rules that
may guide the learning process - as happens, for example, in expert sys-
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1. Machine Learning for Precision Medicine

tems [32]. The adaptive learning approach works iteratively by providing
data to the algorithm which automatically adjusts its internal parameters
(e.g. weights) by trial and error [21]. Once trained, ML models can be pro-
vided with new unseen data to make decisions such classi�cation, inference
or discrimination.

Data provided during the training phase can or cannot be associated
with a label; this ultimately identify two macro-classes of learning machines:
supervised and unsupervised learning algorithm. Supervised algorithm are
mainly used for classi�cation and regression, while unsupervised are used for
clustering, data exploration and generation of new hypothesis [32, 33]. Ex-
amples of supervised learning algorithms are linear and logistic regressors,
Generalized Addictive Model, Tree-based model such as Decision Trees, Ar-
ti�cial Neural Networks (shallow or deep), and Support Vector Machines;
instead, k means clustering and Principal Component Analysis are examples
of unsupervised models. We refer to [32] and [34] for an accurate dissertation
of each of these learning methods.

Another classi�cation of Machine Learning methods is based on whether
features are manually or automatically selected and extracted from the dataset.
Several ML algorithms such as Decision Trees and Random Forest rely on
the availability and quality of hand-curated / selected features that charac-
terize each sample of the dataset [29]. Features can be domain-speci�c (i.e.
targeted to the problem to be solved) or domain-agnostic [21]; regardless of
the type of features, its engineering is a delicate process that can a�ect the
outcome of the learner [35]. On the opposite, Deep Learning [36] leverages
the process of feature engineering by automatically learning the data rep-
resentation from the data itself. However, although easier to use and more
practical than hand-selected feature approaches, Deep Learning methods re-
quire a high volume of data for this process to be e�ective, hence it may be
unsuitable for small sized datasets [37].

In recent years, fueled by the rise of Big Data and the availability of
large dataset, ML has enjoyed a relevant success in various �elds such as
�nancial, social, insurance, security, home automation; it found its way in
every level and scale of business and society, from big companies like Google
and Facebook, to small businesses. Application types range from highly
sophisticated such as self-driving cars or face recognition, to more mundane
like photo image altering. Lastly, thanks to the di�usion of easy to use ML
and DL frameworks and hardware [38, 39], even small companies could a�ord
and implement a ML-driven solution for their business, as in this case where
a Japanese farmer uses Deep Learning for sorting cucumber depending on
their visual quality [40].

Machine Learning techniques have been been extensively used in medicine.
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1. Machine Learning for Precision Medicine

To cite a few examples, successfully applications have been created in the �eld
of bio-imaging for the detection of abnormalities by analyzing X-Rays im-
ages [41] or assessing the risk of aneurysm ruptures using CT scans [42]; on
clinical monitoring, [43] uses vital signs to forecast cardiovascular instability;
in [44] a Deep Neural Network trained on Electrocardiograms (ECG) is able
to predict better than trained cardiologists irregularities such as arrhythmia;
in [45] ML is used to model the heterogeneity of CD4+ T-cells.

For more speci�c dissertation on Machine Learning techniques used in
genomics, particularly for investigating its non-coding regions, we refer to
section 1.4.

1.3 How Precision Medicine is reshaping clini-

cal practice

One of the most relevant way of performing patient strati�cation is through
diagnostic and prognostic biomarker discovery. It is a well known fact that
the common presence or absence of a biomarker in a sub-group could be the
indicator of the potential risk of developing a disease in the future, or of the
presence of an on-going pathology. Speci�cally, according to [13], biomarkers
can be divided in four groups:

� Disease prevention biomarkers, used to identify individuals and groups
of individuals at risk of developing a condition

� Diagnostic biomarkers, used to distinguish between conditions

� Prognostic biomarkers, for assessing the prognosis of a disease (can be
used during diagnosis and prognosis for deciding the intervention steps)

� Disease progression biomarkers, that delineate the underlying mecha-
nism of disease progression

The presence of a genetic mutation, the detection of abnormal levels of
a speci�c protein, as well as cytological and histological characteristics are
well know biomarkers, but also gene expression or mRNA alteration have also
surfaced as valid alternatives. Also, Next-Generation Sequencing allowed the
discovery of new biomarkers related to cancer such as mutation signatures
or tumor mutational burden [46].

While there are several excellent reviews pro�ling the current status of
biomarker discovery, a deep report of the current state-of-the-art of this �eld
is out of the scope of this dissertation. As a brief reference, [47] shows sev-
eral examples of Big Data-driven precision medicine approaches that helped
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�nding biomarkers in motion system, circulatory system, respiratory system,
urinary system, endocrine system, digestive system, nervous system, repro-
ductive system and cancer; [10] reports similar �ndings applied to Diabetes,
particularly in patients having rare genomic variants; [13] in Multiple Scle-
rosis; [48] in pediatric oncology.

Traditionally, biomarkers discovery has been mechanism-driven, i.e. study-
ing and understanding the molecular mechanisms underlying biological pro-
cesses, which has the advantage of giving an actual insight on the causes and
e�ects of the biomarker itself. However, identifying biomarkers is challeng-
ing: the volume of whole-genome and whole-exome data is growing very fast
and, although this provides an ever growing source of information of molecu-
lar activities, computational methods are nowadays required for process this
amount of data [49]. Aside the traditional way that relies on hand-crafted
mathematical and statistical model, nowadays the preferred way of com-
putationally discover biomarkers is through the usage of Machine Learning
methods [50, 51, 52, 53, 54].

Biomarkers identi�cation is only one side of Precision Medicine, as drug
development and repurposing play an equal important role in reshaping clini-
cal practice. In the context of Precision Medicine, pharmacotherapy involves
the use of predictive methods to precisely select treatments and drugs dosage.
In this context, pharmacogenetics is the �eld of research that aim to identify
patients subgroups that are more likely to respond to a speci�c treatment
or experience side e�ects, based on their genomic pro�le and presence or
absence of relevant biomarkers. Also, pharmacogenetics aims at identifying
novel drugs and providing insights about the functional characteristics of the
expression of a gene inside a speci�c cell type or organism [10, 5].

The landmark study in this �eld is the one that ultimately led to the
discovery of the imatinib drug for the treatment of chronic myelogenous
leukemia (CML) [55, 5, 3]. The observation in the late 1960' that the 95% of
patients with CML has what has been called the Philadelphia chromosome
led to the discovery of the BCR-ABL biomarker. This ultimately led in the
late 1990' to the development of a drug which directly blocks the activity of
the BCR-ABL fusion protein. Its relevance is remarkable because it was the
�rst drug that was engineered for targeting a speci�c protein. Amusingly,
this discovery was worth the Time magazine front cover, labeled as "bullet"
against cancer [56].

Again, a comprehensive review of the state-of-the-art of pharmacoge-
nomics is not in the scope of this work, and we refer to [57, 58, 59, 3, 60].

Brie�y it is worth citing that another aspect of pharmacotherapy in Pre-
cision Medicine is related to drug repositioning, i.e. �nding possible new
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therapeutic purpose for already existing and available drugs. This is dic-
tated by the fact that the development of a new drug is usually a very
long process (requiring also several trial stages before clinical adoption) and
requires huge monetary investments by pharmaceutical companies. By lever-
aging omics data and Machine Learning techniques, it is possible to discover
new applications for drugs, as reviewed in [61].

Lastly, a few other new applications that are not omics-related but falls
under the Precision Medicine umbrella (as involving intensive data collecting
and processing) are related to health monitoring: for example [62] shows
how Chronic Obstructive Pulmonary Disease can be early detected by using
a respiratory sensor, telemonitoring and a ML algorithm, while [63] shows
how seizures can be detected using a wrist accelerometer, telemonitoring and
a DL approach; health related Apps [64, 65]. Finally, it is worth noting the
application of Natural Language Processing for summarizing and extracting
information from Electronic Health Records or from the huge amount of
scienti�c literature available online (literature mining) [46, 60].

1.4 Machine Learning in Precision Medicine

As brie�y illustrated in section 1.2, Machine Learning has been success-
fully applied in several studies related to Precision Medicine. In particu-
lar, the �eld of genomic medicine particularly bene�ts of this approach: as
an example, in the context of genomic analysis, Machine Learning methods
have been developed for recognizing the transcription start site in a genomic
sequence [66], as well as speci�c functional motifs such as promoters and
enhancers [67]. In this section we want to focus our attention on two promis-
ing application of Machine Learning methods to Precision Medicine and how
Machine Learning could be leveraged as a powerful tool for the analysis of
omics data.

1.4.1 Prediction of Deleterious Variants

One of the most important goal of research in human genetics is the iden-
ti�cation of DNA variants that impact biomedical traits, with a focus on
those that are causative of deleterious conditions or pathologies, as these can
deeply explain the biological mechanism underlying many common and rare
diseases. In the last 25 years, after the conclusion of the Human Genome
Project [68] and thanks to all the subsequent technology improvement - es-
pecially those related to genome sequencing, comprising whole exome and
whole genome sequencing - researcher were able to identify many genes and
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variants that are causal of diseases, from Single Nucleotide Polymorphism to
complex structural rearrangements of genetic material [69].

Initially, researchers were focused on the identi�cation of causative vari-
ants occurring in the coding area of the genome: this, for example led to
the discovery of the genetic cause of Huntington's disease [70, 71]. This was
justi�ed by the fact that until the late 2000's all the non-coding regions of
the DNA (around the 98% of all the human genetic material) was assumed
not to have any biological function, therefore being classi�ed as 'junk DNA',
hence variants and mutation occurring in these regions were thought to be
irrelevant and not to be causative of any medical condition [72]. However,
the ENCODE project and subsequent studies unraveled that the non-coding
regions of the DNA also have biological functions: it was shown that, for
example, they regulate the transcription of genes, as many of these areas
are accessible by transcription factors [25]. This evidence of functionality
changed the researchers' point of view, because now it is well accepted that
variants and mutations occurring in non-coding regions could be causative
of pathologies, since they may interfere with the transcription and gene ex-
pression mechanisms [73, 74, 25].

In this context, one of the most used experimental design for the as-
sessment of the correlation between genomic variants - in particular, Single
Nucleotide Polymorphism (SNP) - and biological traits in samples from a
population, are the Genome Wide Association Studies (GWAS) [75]. In this
protocol, the DNA of subjects within a population having a common phe-
notype is compared; through the use of SNP arrays, millions of common
SNP are read; �nally, SNP are ranked by frequency, so that the most fre-
quent variant is then said to be associated with the phenotype. SNP are also
ranked taking into account the SNP coming from a control group that does
not show the observed phenotype [76]. The underlying computational model
of GWAS studies is mainly statistical, and calculation is usually performed
through specialized tools such as PLINK [77], ProbABEL [78] or SNPTEST.
A comparison of several statistical methods for imputation-based association
methods is available in [79].

The �rst GWAS study was published in 2002, showing that SNPs in
the lymphotoxin-alpha gene are associated with susceptibility to myocardial
infarction [80]. Nowadays, successful GWAS studies are in the thousands:
a few more recent examples are [81, 82] for cancer or [83] for Alzheimer,
while countless excellent reviews have been published in recent years [84,
85]. Despite all these studies, GWAS shows several limitations, the most
important being that the identi�cation of a locus does not automatically
imply a causal correlation with a phenotype and additional steps are required
to identify the exact causal variant and, if the locus falls in a non-coding
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region, the corresponding target gene(s) [85].
In recent years, however, a more data-centric approach for the imputation

and prioritization of genetic variants has surfaced, and at the heart of this
approach are Machine Learning methods. Thanks to data integration and
powerful learning strategies, these methods are able to prioritize variants and
also predict the impact of SNPs in terms of deleteriousness and pathogenicity
across all the genome.

From the late 2000's, several methods were developed speci�cally for this
aim but, as assumption that non-coding regions of the DNA have a bio-
chemical impact came only in the early 2010's, the �rst methods were es-
sentially focused on evaluating the impact of SNPs occurring in the coding
regions. One of the �rst approach was the SIFT (Sorts Intolerant From
Tolerant substitution) algorithm [86] that exploits sequence homology and
an ad-hoc mathematical model for evaluating if an aminoacid substitution
a�ects protein function. It was followed by PANTHER [87] that uses an Hid-
den Markov Model to rank SNPs missense according to the likelihood of im-
pacting protein function. PhD-SNP [88] leverages Support Vector Machines
trained with protein sequence information for predicting the pathogenicity
of non-synonymous coding SNPs. Similarly, nsSNPanalyzer [89], but us-
ing a Random Forest classi�er. Also SNAP [90] was designed to evaluate
the deleteriousness of non-synonymous SNPs, but its relevance is in the fact
that was one of the �rst methods exploiting feed-forward neural networks.
MutPred [91] also uses a SVM classi�er, but in tandem with a Random
Forest for evaluating the probability of gain / loss in protein function be-
tween non-mutated and mutated protein sequences. PolyPhen-2 is one of
the earliest most important algorithm as it uses a di�erent set of heteroge-
neous features for performing the classi�cation task, as both sequence-based
and structure-base features are used [92], while the classi�er is Naive Bayes.
Finally, SNPandGO [93] is an interesting SVM-based method trained with
features from sequence and Gene Ontology.

More modern approaches, but still tied to the coding regions of the
genome are REVEL [94] which basically is a Random Forest classi�er trained
with 18 pathogenicity predictor from 13 di�erent tools; MISTIC [95] is an-
other ensemble learner based on Random Forest and Logistic Regression for
the evaluation of the impact of missense variants. A similar approach has
been developed in ClinPred [96], while PrimateAI [97] uses Convolutional
Neural Networks trained with sequence data for the prediction of the impact
of missense variations.

After the realization that non-coding regions of the DNA carry biological
functions, several Machine Learning methods were developed to overcome the
limitations of all the tools available at the time, as they were designed to deal
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only with variants occurring in the coding regions. However, this task proved
to be very challenging for several reasons including the fact that the number
of neutral variants is far larger than the pathogenic and deleterious ones;
also, the at-that-time understanding of biochemical mechanism and splicing
were a relevant support for the identi�cation of candidates, but non-coding
regions were - and still are - relatively new, hence many of the underlying
mechanisms are still to be unraveled.

The �rst and even today most important tool speci�cally design for this
aim was CADD [98]: its strength lies in the use of a single annotation com-
prising several features - the most relevant being evolutionary conservation
scores - for training a Support Vector Machine. In the latest version, the
classi�er was changed in favor of logistic regression [99]. CADD represented
a breakthrough in the assessment of the impact of variant, and was followed
by several other works. DANN [100] exploits CADD set of features for train-
ing a Deep Neural Network. GWAVA [101] uses a modi�ed Random Forest
classi�er trained with a set of features comprising conservation scores and
biological features. A similar approach was used in FATHMM-MKL [102],
using a classi�er based on multiple kernel learning, and in LINSIGHT [103]
using a Generalized Linear Model. Eigen [104] proposed a di�erent approach,
as it used unsupervised learning - i.e. training a classi�er using an unlabeled
dataset.

A radically di�erent approach is implemented in DeepSEA [105], Deep-
Bind [106] and gkm-SVM [107], as they do not rely on a set of biological or
evolutionary features, but they train their classi�er (Deep Neural Networks
for DeepSEA and DeepBind, and a gapped k-mer Support Vector Machine
for gkm-SVM) using raw DNA sequences.

Finally, the most recent approaches are ReMM [108], hyperSMURF [109]
and NC-BOOST [110] that leverage Random Forests (ReMM and Hyper-
SMURF) and gradient tree boosting (NC-BOOST) for scoring pathogenic
non-coding SNP variants in the context of Mendelian diseases. They all rely
on a set of features similar to CADD, but all the classi�ers were trained with
a set of manually curated known pathogenic or deleterious variants as pos-
itive class. hyperSMURF also addresses the problem of class unbalancing,
as known annotated Mendelian SNVs in the non-coding regions are vastly
outnumbered by neutral variants and, at present times, it is still the state-of-
the-art for the prediction of Mendelian SNVs in highly imbalanced datasets.

In this thesis we address the computational problems of hyperSMURF,
presenting an highly parallel approach to overcome the computational com-
plexity of the algorithm.
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1.4.2 Regulatory region prediction

Another important �eld of reasearch in precision medicine that greatly
bene�ts from Machine Learning, is the identi�cation of regulatory sequences
across the human genome. These are region of the non-coding DNA that
regulates gene expression: in particular, Cis-Regulatory Elements (CREs)
are regulatory regions that control the expression of neighboring genes [111].
These elements play di�erent roles in gene expression and can be grouped
depending on their function; the most well studied and characterized are
Enhancers and Promoters: the latter are regions very close to the gene to
be transcripted and include the region where transcription is initiated [112],
while the former are regions which can be either close or relatively far from
the transcription site that in�uence (enhance) the expression level [113].

It is now clear that these regions play a crucial role in gene expression.
For this reason, it is particularly important to identify them and correctly
understand their core roles in gene expression. This is particularly relevant
when dealing with diseases: several studies showed that variants and mu-
tations in these regions are associated with both rare and common diseases
[114, 115, 116].

One of the key characteristics of promoter and enhancer is that they
possess di�erent activation statuses depending on the cell types [117, 118]: on
the other way around, we can say that it has been shown that one of the key
mechanisms for cell type di�erentiation is the activation status of promoters
and enhancers [119]. For this reason, understanding their activity in speci�c
tissues provide a great insight on the in�uence of, for example, SNPs CREs, as
it is highly probable that variants occurring in active enhancers or promoters
are more likely to be associated with pathogenicity of a condition than those
occurring in their non active counterparts.

The identi�cation of putative cis-regulatory elements has been largely ac-
complished in several experimental ways, being classical genetics or, more
recently, through the use of biochemical methods [120, 121]. Such methods
involve the detection of chromatine features as well as histone modi�cation
which are associated with functional non-coding regions for inferring candi-
date cis-regulatory elements. Thanks to a fast and consistent decrease of
the cost of these in-vitro analysis methods, several consortia, including EN-
CODE [25], collected and aggregated the results of these biochemical assays
into large publicly available databases which now contain over one million
putative enhancers over several cell lines. These resources allowed researchers
to develop new in-silico methods for the identi�cation of CREs, as well as
their tissue speci�c activity level and the possible impact of variants occur-
ring in them. A list of currently available databases is available in [120],
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Table 1.
Among the �rst proposed work in this �eld, ChromHMM [122] is a seminal

computational method for the prediction of chromatine state. For this task,
it leverages a multivariate Hidden Markov Model trained with several chro-
matine marks; in 2012, it was one of the �rst methods that characterized the
biological function of cromatine states, correlating the results with large-scale
functional datasets. Following ChromHMM, Segway [123] is another unsu-
pervised method employing Dynamical Bayesian Networks trained with epi-
genetic features such as the positions of histone modi�cations, transcription-
factor binding and open chromatin for identifying transcription start sites,
gene ends, transcriptional regulator CTCF-binding regions repressed regions
and, most important, enhancers. Also in 2012, [124] proposed a Random
Forest -based method trained with so called Transcription-Related Factors
from the ENCODE database for the identi�cation of regions with active or
inactive binding, regions with extremely high or low degrees of co-binding
and �nally regulatory modules proximal or distal to genes; this in turn is used
to infer putative enhancers which have been also experimentally validated.

Starting from this work, over the years several ML-based methods have
been proposed for the identi�cation of enhancers: the following are presented
chronologically and represent only the most relevant methods among the ones
that have been published. In 2013, RFECS [125] employed a classi�er based
on Random Forest trained on genome-wide pro�les of 24 histone modi�ca-
tions in two distinct human cell types, embryonic stem cells and lung �brob-
lasts for the prediction of enhancers in di�erent cell lines. DEEP [126] (2014)
uses an ensemble of Support Vector Machines trained with features derived
from histone modi�cation marks or attributes coming from sequence charac-
teristics; it is able to correctly identify enhancers across di�erent cell lines.
DELTA (2015) [127] uses an AdaBoost classi�er trained with histone modi-
�cation features. Also in 2015, dREG [128] uses a support vector regression
model trained with features from global run-on and sequencing (GRO-seq)
for identifying enhancers, promoters and insulators. Few more methods pro-
posed in 2016 are eRFSVM [129] which uses a hybrid SVM and RF classi�er
trained with features from ChIP-Seq datasets and labels from the FANTOM5
database [26]; EMERGE [130] is an integrative framework that leverages a
classi�er based on logistic regression for the identi�cation of enhancers, and
the novelty lies in the fact that features are heterogeneous in nature, being
extracted from di�erent data types such as ATAC-seq, ChIP-seq and conser-
vation scores. REPTILE [131] (2017) is another method based on Random
Forest trained with features based on tissue-speci�c local epigenetic marks
such as DNA methylation and histone modi�cation pro�ling. A similar ap-
proach has been used in EAGLE [118] employing AdaBoost as base learner;
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the focus of this work, however, lies in the fact that the classi�er is trained
with a very small number of features. The idea behind this choice is that,
being the roles of enhancers and promoters tissue-speci�c, it may be possi-
ble that not all the features are available on a wide range of tissues, hence
providing a small number of very descriptive features may be su�cent for
correctly discriminate among a wide number of di�erent cell types. Finally,
PREPRINT [132] (2020) uses a probabilistic Bayesian approach.

As previously stated, Deep Neural Networks were a major game changer
in Machine Learning as they introduced notable breakthroughs in data pro-
cessing, data analysis and statistical inference. As a consequence, several
DNN-based methods were speci�cally developed for the identi�cation of CREs.
One of the key advantage of DNN methods compared to other Machine Lear-
ing techniques, is that there is no need to manually curate the sets of features,
as data representation is automatically learned from the data. In this con-
text, it means that, for the �rst time, CREs could be identi�ed by the raw
DNA or RNA sequence itself, without relying on other biochemical assays.
The following is an list of the most relevant methods, presented in - almost
- chronological order.

DeepBind [106] (2015) was one of the �rst DNN models to predict bind-
ing sites from sequence speci�cities of DNA- and RNA-binding proteins. Ac-
cording to the authors, its Convolutional Neural Network (CNN) model was
trained with 12 TeraBytes of sequence data, and outperformed any other
at-the-time available method for the prediction of binding sites. Its novelty
paved the way for a deeper exploration of the subject: to this end, PEDLA
[133] (2016) provided a more speci�c approach to enhancer identi�cation.
Its model was trained with a wide range of heterogeneous features derived
from ChIP-Seq data included 27 histone modi�cation marks, 15 TFs and
co-factors, but also chromatin accessibility and transcription obtained from
DNase-Seq and mRNA-Seq, and �nally features comprising DNA methyla-
tion, CpG islands and evolutionary conservation. The underlying model is a
1 or 2 hidden layer Feed-Forward Neural Network (FFNN). Also in 2016, a
similar approach was used in EP-DNN [134], as a deeper 5-level FFNN was
trained on epigenomic data based on four histone modi�cation dataset. More
similarly to DeepBind, BiRen [135] (2017) attempts to predict enhancers
solely by using raw sequence data. Its model is based on a hybrid approach,
as CNN and gated recurrent unit (GRU)-based bidirectional recurrent neural
network (BRNN) modalities are used for this task. Also DeepEnhancer [136]
(2017) has been similarly proposed, but only employing CNNs. One of the
latest work which proposes a model for CREs identi�cation is Aikyatan [137]
(2019) which uses a conjunction of SVM, RF and CNN models trained with
epigenomic features for the identi�cation of Distal Regulatory Elements.
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All the methods that have been presented so far have as a common trait
the fact that they are speci�cally designed to identify whether a non-coding
region is a CRE. However, as previously stated, CRE are characterized also
by tissue-speci�c activation status which is particularly relevant when evalu-
ating, for instance, the impact of a SNP in a CRE speci�c to a cell type. For
this reason, in the latest years, the focus of the research community shifted
towards the characterization of the regulatory region activity level across cell
lines, and recently several new methods have been proposed. Basset [138]
(2016) is the �rst step towards this goal, as its CNN network trained with
DNase-seq features is able to correctly predict the accessibility of DNA se-
quences (chromatine state) across a wide range of cell tipe. More recently
(2018), Basset was improved and re-released as Basenji [139] and the main
improvement lies in its learning model, as the CNN now accepts raw sequence
data and is able to correctly predict promoters and distal regulatory elements.
DECRES [140] (2018) was recently proposed and used a FFNN model with
three hidden layer and trained on epigenomic features for identifying pro-
moter and enhancers, together with their activation states as either active or
inactive in a speci�c tissue. Two of the latest works in this �eld (2019) are
ChromDragoNN [141] and MPRA-DragoNN [142]: the former is a method
for predicting genome-wide chromatine accessibility based on Basset, but its
strength lies in its multi-modal model, as both expression and sequence data
are used to provide a better outcome, since both data types provide di�erent
information that are used e�ciently by the Residual Neural Network learner;
the latter, is able to predict and interpret CREs activity from massively par-
allel reporter assays (MPRA) data. Also iEnhancer-ECNN [143] (2019) is
an ensemble of CNN for identifying enhancer together with their activity
starting from raw sequence data.

Finally, during the last year, new integrated frameworks for leveraging
many cumbersome tasks were released. These frameworks are modular by
design and comprise di�erent interacting parts for data downloading from
publicly available catalogs, data pre-processing and merging, and also fea-
ture several learning modules ranging from classical machine learning (SVM,
RM, and so on) to DNN. These frameworks are able to handle the CRE
identi�cation and activity prediction tasks. Two of the proposed frameworks
are Janggu [144] and Selene [145].

In Chapter 4 we propose a Deep Neural Network model for the prediction
of the regulatory region activity across di�erent cell lines. Our research is
aimed to expand the work of [140] and we developed a model based on a
FFNN trained with epigenomic data and a CNN trained on raw sequence
data.
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1.5 Critical issues and challenges

1.5.1 Critical issues in Precision Medicine

Despite the astounding technical advancements that in the last 20 years
turned Precision Medicine from a bright promise into an actual tool for clin-
ical research, there are still many open issues and challenges that need to be
addressed before Precision Medicine could be mass introduced and accepted
into clinical practice.

Many authors cited data privacy as one of the main concern of the con-
sequence of mass data collecting: this is an issue that transcends genomic
and precision medicine, as the issue of compulsive data collection is proper
of the Big Data paradigm. Privacy, ownership and control of genetic infor-
mation, and consumer use (and even abuse) are still partially regulated or
completely unregulated. Several authors urge the need of debating and reg-
ulating genetic privacy, as each individual DNA is unique and proper to that
subject: DNA cannot be changed as if it were a password, a phone number
or an address. Also regulation of this instance means that consumer should
be properly informed how the collected genetic material could be used. Pos-
sible unauthorized use of this piece of information can in�uence, for example,
health insurance fees or could lead to discrimination in job selection processes
[21, 146, 147]. This matter is further complicated by the fact that di�erent
countries generally have di�erent approaches and regulations to data privacy.

Another interesting issue involving the ethics of Precision Medicine is re-
lated to the possible source of discrimination in the process of patient strat-
i�cation. The observation comes from the fact that increasing strati�cation
increases the chances of having subgroups with reduced sample size, hence
only certain subgroups will be considered for clinical trials. This is particu-
larly true in subgroups characterized by rare biomarkers where uncertainty
of treatment e�ect is particularly high [148, 149].

Several authors compare the e�ectiveness of Precision Medicine to more
standard approaches, questioning if the e�ort of investing time, energy and
money in the development of Precision Medicine -based treatments is worth
the investment. In [21], the author noted that changes in environmental
factors and change in lifestyle related to diet and exercise may be more
e�ective and more relevant than genetic factors in several diseases [150] -
also far away more economical than developing a new drug that only a small
minority of very wealthy people would bene�t. Also, Since the National
Center for Human Genome Research was founded in 1989, life expectancy
in the U.S.A. increased by four years, and none of the reason was tied to
genomic advancements: this increment is more justi�ed by, for example,
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development of more e�ective vaccines, increased tobacco restrictions and
control, or improved screening programs for common cancers. Also, these
interventions were targeted to a major segment of population, often at a very
low cost for public and private health companies [151]. As a side e�ect, this
is very indicative of how a proper cost-bene�t evaluation should be included
not only in Precision Medicine, but in every �eld of research.

Strictly related to the economic factors and ethics, Precision Medicine
could exacerbate the disparity between patients, as genomic treatments are
still some of the most expensive on the market [10]. Moreover, as consequence
of patient strati�cation, [3] states that patients that bene�t from precision
oncology are those carrying speci�c sets of variants, and usually those are
in a very small subset of population [152]. Regarding the economic interest
of pharmaceutical companies and the consequent disparity between patient,
[48] reports that in pediatric precision oncology there is a general lack of
interest in developing drugs that target genes mutated in common pediatric
cancers, and the reason - quite sadly, however understandable - is that there
is not an acceptable pro�t for developing such drugs, and the priority goes
towards more common type of cancers such as lung, breast os colorectal.

Other minor issues and critical aspects are related to the trust of physi-
cian and patients towards PM methods [22, 46] that ultimately contributes
to hinder the regulation and widespread inclusion in clinical practice, the
liability of physician when adopting AI-driven PM methods [153] and reim-
bursement of PM practices by national and private health agencies [22, 154].

However, the glass is half full, as several of these issues and criticism can
be addressed by discussion between physicians, researchers and lawmakers,
and by introducing adequate regulations so to insure the staples of equity
and equality proper to correct ethics.

1.5.2 Critical issues in Arti�cial Intelligence and Ma-
chine Learning

Several challenges and open issues are present in the context of Arti�cial
Intelligence and Machine Learning, too: most of them are not exclusive to
Precision Medicine and can be extended to other settings. However, data
analysis in Precision Medicine poses several challenges, as biological systems
are very complex and current models fails to correctly explain their complete
dynamics: until a few years ago, it was thought that a few gene variants
could explain the risk of complex and common diseases. However, several
GWAS studies showed that diabetes, hypertension or obesity - to name a
few - are connected to hundreds and sometimes thousands of gene variants
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that alone (or even as a whole) fail to explain the actual risks and frequency
of these diseases [155].

Another issue that is frequently associated with AI and ML is the lack of
model explainability and results interpretability as they are often perceived
as 'black boxes' - i.e. it is uncertain how a trained system produces a predic-
tion - hence, it is very di�cult to extrapolate which features are the 'most
important', i.e. which feature(s) ultimately drive the outcome [154, 156, 157].
This may not be a problem in some context - for example Optical Charac-
ter Recognition - but in clinical research often the 'why' is as important as
the outcome itself. Also, there is a high chance that a lack of interpretabil-
ity in this instance could lead to erroneous predictions due to artifacts or
confounding e�ect which are not the actual cause of an observed behavior
[158, 159]. For this reason, when identifying relevant biomarkers for a certain
disease it is mandatory to �lter items that show a strong correlation factor
but lack causative e�ects. Unfortunately, this process cannot be automated,
as in this �eld, knowledge is driven by experts that manually annotate data
and evaluate results, thus strongly limiting scalability, as bound to human
processing [46].

Quality of data is another issue: there is a common perception that qual-
ity of data greatly varies between the available sources [157, 154, 22] and this
ultimately complicates data integration between sources and between di�er-
ent data types, especially in the context of multi-omics analysis [156] where
better standards for data generation and reporting are required [160, 161].

In the Big Data age, data is compulsively and constantly collected; for
this reason, data quantity is also perceived as an issue for AI and ML, mainly
for two reasons. First, sometimes datasets are incomplete due to inconsis-
tency or inaccuracy in data collection; however, missing data is not random
data and its inference must be precisely evaluated. Several attempts have
been proposed for the imputation of missing data such as [162] or [163] how-
ever this issue is still open as wrongly imputing missing samples could create
biases in the dataset and lead to wrong or misleading predictions. Second,
ML algorithms require a big amount of labeled data during the training pro-
cess and often they perform poorly if not enough data are available. This
is the case, for example, in datasets for extremely rare diseases were little
information is available, or when discriminating between classes showing an
abnormal disparity in size, for example when classifying a deleterious known
genetic variants among the sheer amount of benign variants in the non-coding
portion of the genome. The lack of labeled data which, again, must me manu-
ally curated, limits the scalability of the ML approch [157]. The drawback of
dealing with high unbalanced datasets is the inherent bias towards one class,
hence it is highly probable the AI algorithm during training only learns sam-
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ples belonging to the most represented class.
Another major issue is the lack of validation and standardization in the

application of AI and ML methods [46, 157]. This may a�ect the evaluation
of methods and its adoption in clinical research. A classic example is the mul-
tiple ways for the evaluation of the performance of a learning algorithm, as
there are several indexes for assessing how good a ML strategy could be. AU-
ROC is a highly adopted index, but fails to measure a classi�er performance
if the dataset is highly unbalanced towards one class, thus reporting only the
AUROC index could be highly misleading [156]. In this case, the evaluation
should be performed using indexes that take into account class disparities,
such the AUPRC index, as highly more informative than AUROC [164].

Finally, computational costs are also a big issue. In particular, the rise of
the importance of Deep Learning models in the last ten years is also due to
the widespread adoption of hardware accelerators such as Graphic Processing
Unit (GPU) that allowed the training of fairly complex network without
relying on server farms or other expensive specialized hardware. However,
often the complexity of the model or the size of the dataset pose a strict limit
on the size of the problem that can be addressed with AI methods.

As for the PM challenges, many of the proposed issues can be solved in
the near future by selecting appropriate guidelines (data quality, validation
and standardization). [154], for example, proposes the creation of accurate
reference datasets by experts in a certain application �eld, enforced by FDA
regulation for the evaluation of learning methods. As for the Interpretability
of the model, several attempts have been made to "crack the black box",
but they were case-speci�c and not very well generalizable. A more viable
approach is to invest time and scienti�c e�ort into the Explainable Arti�-
cial Intelligence (XAI) paradigm which aims at the development of methods
that, for example, ranks the dataset features to the predictor outcomes [165].
More technical problems are also being faced: in this work we propose three
di�erent accelerated ML strategies for overcoming the limitations imposed
by the complexity of the underlying model. Also, in chapter 3 we propose a
state-of-the-art model for dealing with highly imbalanced datasets.
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Chapter 2

High Performance Computing

and its application to genomics

In this chapter we summarize the current trends in High Performance
Computing, focusing on accelerated and parallel algorithm for Personalized
Medicine, Bioinformatics and Machine Learning.

2.1 The rationale behind High Performance Com-

puting

As stated in chapter 1, one of the staple of Big Data paradigm is the
extreme high volume of data and the consequent exceptional computational
power required for its storage and processing. Informally, the term Big Data
is used when a problem is represented by datasets that are unmanageable by
standard computational means, hence requiring special technology to store
and retrieve information from these, or extract some inference by applying
statistical and numerical methods on these. As Big Data rose in popularity,
concurrently the scienti�c community (but also the industry) felt the need
to rely on tools able to cope with the massive computational power needed
by the Big Data paradigm.

High Performance Computing (HPC) is an umbrella term that encom-
passes several aspects of this problem, as it both identi�es:

� the set of hardware and software tools capable of reaching extremely
high computing performance, generally by aggregating a large number
of computing devices that individually or cooperatively work for the so-
lution of a problem, hence including and superimposing several aspects
of parallel computing [166]
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� the ability itself to process information at a very high speed and volume
[167]

Big Data is not the only reason for the existence of HPC, as the develop-
ment of special computing techniques was traditionally driven by the need
of solving problems that could not run on a single computational unit, for
time or memory constraints (or both). For example, historically, parallel
computing techniques have always been used for increasing a problem size -
for example using larger dataset that cannot be stored in the memory of a
single machine - or decreasing the computational time required for reaching
a valid solution - for example, when the complexity of a problem is so high
that cannot be tackled in a useful time span by a single processing unit.

In recent years, several technologies were developed to satisfy the ever
increasing demand of computational power: nowadays, the most mature and
used are multicore CPUs, hardware accelerators (co-processors) and mas-
sively parallel computing. In the following section we provide a brief illus-
tration of each technology, as in this work they are all used - sometimes in
conjunction - to tackle di�erent problems. We point out that we cover the
hardware and software solutions for data processing, leaving out all the tech-
niques for data storage and retrieve. Also, special frameworks like Apache
Spark [168] and Apache Hadoop [169] are just brie�y discussed here, as they
are designed to hide the parallelization layer through an abstraction pro-
cess, focusing more on the usability of the framework itself, rather than the
e�ciency of execution.

2.2 Current trends in high performance com-

puting

2.2.1 Multicore CPU and emerging architechtures

It is a very well known fact that, since the mid-2000, Moore's law [170]
failed to hold up. Stated for the �rst time in 1965, it predicted that circuital
complexity of integrate circuit - measured as number of transistors - would
double every two years. Thanks to larger die size and increase in the minia-
turization, in 1975 the prediction was true [171] and circuital complexity was
also associated with computing power in terms of FLOPS of microprocessors
and clock speed (measured in Hertz). This trend, however, held for about
thirty more years, before microprocessors manufacturers impacted two phys-
ical barriers: limit to miniaturization and limit of power dissipation [172].
These barriers e�ectively stopped the Moore's law trend.
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Around 2000, Intel partially circumvented this limitation by introducing
CPUs featuring more than one processing core. Under this architecture, two
or more threads / processes (depending on the number of available cores)
can be executed simultaneously. This shift in CPU architecture forced a ma-
jor change in software design, as to e�ectively exploit the full computational
power of multi-core CPUs, programmers should embrace the parallel pro-
gramming paradigm in the form of multi-thread software design. To this end,
in recent years, several fairly high-level libraries were proposed to leverage a
programmer the hurdle with low level thread functions: among them, Open
Multi-Processing (OpenMP, in short) [173] is a C API comprising compiler
functionalities and directives for almost automatically distributing a program
workload over the available cores of a CPU.

A more low level approach of parallelization o�ered by contemporary
CPUs occurs at instruction level in vector operations: registers can be up
to 512-bit wide and, given some pre-requisites about memory alignment, it
is possible to load up to 64 8-bit words in one operation and operate on
them as a vector. For example, it is possible to add two 64 8-bit values
with only one add instruction, when stored in such a vector con�guration.
When originally introduced in mid 1990's - as the Intel MMX instruction
set extension - these features were available only as specialized low-level
instructions, hence they required to manually write parts of code in assembly
language. Nowadays, modern compilers implement several strategies of auto-
vectorization, i.e. they are able to detect which part of the code are eligible
for the use of vector instructions and automatically select them instead of
the standard scalar primitives.

The current trend in CPU architecture is to follow the multi-core ap-
proach, increasing the number of cores and favoring a parallel approach in
software design. In this context, a very interesting CPU architectures is the
Intel MIC [174] whose current implementation is the Intel XeonPhi family of
microprocessors: this is a particular derivation of standard x86-64 processors
targeted to HPC infrastructures, that provides up to 72 cores and 4x hyper-
threading engine for each core in a single CPU, hence they are able to execute
up to 288 threads concurrently. Its instruction set provides support for 512-
bit wide vector operations, so that 16 single or 8 double precision operations
per cycle can be executed in parallel. They also feature an impressive 16GB
of level 2 on-package cache memory that manages to hide latency in accessing
data from the main RAM. One of the main feature that makes Intel MIC
accessible to programmers is its support for common parallelization libraries
such as MPI and OpenMP; moreover, unlike NVidia CUDA, MIC program-
ming paradigm follows the standard C++11/14. Unfortunately, harnessing
such impressive computing power requires an exceptional e�ort in software
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design; moreover, few problems expose a level of parallelism that can be ex-
plicitly exploited for an e�cient implementation over this family of CPUs.
Nonetheless, in the next chapter we show how we designed a software able
to fully bene�t the features of the XeonPhi processors.

2.2.2 Heterogeneous computing: accelerators and GPUs

Another successful trend emerged in the latest years, which incidentally
is another way to overcome the barriers that halted Moore's law trend, is
represented by heterogeneous computing. Under this paradigm, the most
resource demanding tasks are not executed on a general purpose CPU, but
are o�-loaded to specialized hardware which can execute these tasks more
e�ciently, in terms of computing time, memory usage or power consump-
tion. This is not a new idea, as co-processors were available for early Intel
processors since the introduction of the 8086 CPU, being the 8087 math
co-processors an early example.

Currently, several families of hardware accelerators are available for sci-
enti�c use: a few examples are re-programmable FPGA cards, Intel XeonPhi
boards (XeonPhi as co-processors) and NEC Vector Accelerator Engine cards.
All of them can be used to directly o�-load a computation or cooperatively
work with the main host CPU.

However, the most successful family of co-processors are Graphic Pro-
cessing Units (GPU). As the name implies, GPUs were originally developed
in the late 80's and early 90's to provide hardware acceleration for solving
various tasks related to the graphical rendering problem. Silicon Graphics in
particular pioneered the �eld, proposing in 1993 a hardware architecture com-
prising 353 independent processors called Reality Engine [175] and proposing
one of the �rst open API for graphics programming, the OpenGL standard.
However, Silicon Graphics workstations were notoriously expensive and mass
di�usion of GPUs begun only in the early 2000's, as companies such as ATI
and NVidia popularized their usage for video game applications in personal
computers. Among these, in 2001 NVidia proposed the �rst consumer GPU
featuring programmable graphic stages, hence clever programmers started to
use GPU processors in a more general context, not strictly related to graph-
ics: hence the term GP-GPU - General Purpose GPU - started to be used.
Finally, in 2006 NVidia proposed the �rst o�cial API for using GPUs in sci-
enti�c application, Compute Uni�ed Device Architecture (CUDA) and this
paved the way for bringing parallel computation on a wide range of applica-
tions, also given that GPU processors are widespread across a large range of
electronic devices, from smartphone to fully �edged workstation.

Current GPU processors feature a computing power that is one order of
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magnitude higher than contemporary CPUs: their processor features hun-
dreds, if not thousands of highly specialized computing cores working con-
currently. A throughout description of GPU processors and the CUDA pro-
gramming model is available in [176].

However, as often in parallel computation, GPU accelerators have several
drawbacks that limit their �eld of applicability. First and foremost, not every
problem is suitable for e�cient execution on GPU processors: the problem
must show a high level of �ne grained parallelism, as execution e�ciency in-
creases if all the computing cores execute concurrently the same operation on
di�erent data (SIMD paradigm) and this does not hold true in several prob-
lems. Then, GPUs feature a limited amount of on-board memory that limits
the size of treatable problems. Finally, GPU architecture - comprising the
execution model and the memory hierarchy - is very complex; moreover, the
CUDA programming paradigm itself is very hard to master. This has been
partially solved in recent years, as several high-level libraries and frameworks
have been proposed to leverage the di�culty of GPU programming: these
libraries provides an interface for solving speci�c problems, hiding the under-
lying complexity of CUDA programming. A few examples are cuBLAS, cuS-
PARSE and cuSOLVER for dealing with linear algebra problems, OpenCL
for image and video processing, cuDNN and TensorFlow for Deep Neural
Network, and so on.

In chapter 4 we present how GPUs can be used in the context of precision
medicine, proposing a GPU accelerated Deep Neural Network for predicting
regulatory region activities; also, in chapter 5 we propose a GPU acceler-
ated method for solving the Automated Protein Function problem; �nally, in
chapter 5 we show a more general use of GPUs, proposing a novel approach
for solving the graph coloring problem.

2.2.3 Large scale computing

Multi-core, many-core and accelerator technologies provide hardware sup-
port for reducing computational times when facing small to medium size
problems - more generally, problems that can �t on a single machine, given
all its hardware constraints in terms of memory, disk space and computing
power. However, large and massive problems can be tackled only on mul-
tiple machines that may or may not work cooperatively. In this context,
Large Scaling Computing is a very broad term that encompasses a multitude
of research and technological �elds involved in writing, deploying, execut-
ing and analyzing techniques for solving a problem using a large number of
computing resources.

Large computing systems are composed by a conspicuous number of inter-
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connected computing machines (nodes). In a cluster or in a grid, computing
nodes are concentrated and hosted in a single facility, and they are connected
by a medium to fast network infrastructure; on the opposite, in a distributed
system, computing nodes can be placed in di�erent locations - even scattered
around the globe - and are generally connected by a slow network.

The di�erence between a cluster and a grid lies in the interconnecting
network, and this characteristics also in�uences their programming model
and the scope of target applications. A cluster features a very fast and re-
liable networking infrastructure, so that each node can inter-exchange data
with all the other nodes with a very small time overhead. Thanks to its fast
interconnection scheme, nodes can also share their hardware resources: as an
example, IBM General Parallel File System (GPFS) is a software abstraction
layer providing clustered �le system capabilities to a large parallel system;
thanks to GPFS, the hard drives of all the computing nodes are shared across
the network and perceived as a single big hard drive partition, instead of a
set of small separated drives. Clusters are suitable for running tasks that
require interactions between computing nodes, either for data sharing or for
simple synchronization. One example can be �nding the solution of a dy-
namic system using the Finite Elements Method (FEM) for partial derivative
systems over a large domain: it is possible to divide the domain in subsets,
assign each subdomain to a computing node and run the FEM solver on all
the computing nodes concurrently. In this example, data exchange between
nodes plays a critical role, as on every iteration of the FEM method each sub-
domain updates its state according to the state of each bordering subdomain,
hence data exchange over the network must be exceptionally fast.

Programming clusters is fairly complicated as, in order to exploit the
computational power o�ered by these systems, several details must be hand
curated: just to name a few examples, programmers have to explicitly man-
age data and message passing between nodes, manage the granularity of
the task in each node, provide each computing node a fair and balanced
amount of work, design communication patterns so that computation and
data exchange are overlapped to maximize e�ciency, and so on. The matter
is further complicated by the fact that each computing node may also have
dedicated accelerators - i.e. a set of GPUs - hence leading to very complex
hardware architectures.

On the opposite, grids are arrays of computing nodes interconnected by
a regular network infrastructure. This characteristic makes grids suitable for
running parallel tasks that require little to no data exchange or synchroniza-
tion between nodes, as the limited network throughput represents the major
bottleneck in computation. Grids are suitable for running the same operation
over a set of independent data, for instance to apply a BLAST alignment on
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a set of di�erent sequences: as each sequence can be self contained on a ded-
icated �le, one can choose to execute the alignment tool on a single machine,
processing all the �le sequentially, or use a grid to perform the alignment on
multiple machine, assigning a subset of �les to each node. For this reason,
the programming model of a grid is not di�erent than a local single machine.

The works presented in this document are targeted to both clusters and
grids. In particular, in chapter 3 we present a ML solution that splits the
workload across the node in a cluster; it explicitly orchestrates all the inter-
communication and synchronization between processes. The works presented
in Chapters 4 and 5 are instead targeted to a single workstation or a com-
puting grid.

2.2.4 Software libraries and frameworks for large scal-
ing computing

Most, if not all, programming languages that are in the top 20 TIOBE in-
dex chart provide some support for multi-threading or even multi-processing
[177]. None of them, however provide direct or indirect support for multi-
node programming. For this reason, inter-node communication and synchro-
nization is managed through the use of third-party libraries or programming
frameworks.

Message Passing Interface (MPI) [178] is the most used speci�cation stan-
dard for the implementation of libraries for the message-passing parallel pro-
gramming model. By using one of the MPI library implementation adhering
to this standard, a programmer can design an application able to exchange
data through messages between di�erent processes. Also, the standard re-
quires that processes exchanging messages may or may not be on a single
local machine, and a software abstraction leverages the mechanism of access-
ing and managing the underlying network for correctly delivering messages
across processes. The �rst draft for the MPI standard was proposed in late
1992 and over the years it has been subjected by a number of revisions, the
latest being version 3.1 presented in 2015. Being a standardization, rather
than a library, several implementations exist, such as OpenMPI [179] or In-
telMPI [180].

The MPI standard is considered to be a very low level library: its high
�exibility allows a programmer to �ne tune every aspect of the communica-
tion process, but this comes at the cost of increased di�culty. For this reason,
over the years several frameworks - some of them relying on MPI itself - have
been proposed to hide all the complexity of message passing. Google MapRe-
duce and Apache Hadoop [169] are two popular general purpose frameworks
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for processing Big Data with a distributed model on a cluster. They are
considered as multi-process extension of the map and reduce functions of
functional programming languages, where a map function applies �ltering
and sorting on a dataset, and a reduce operation apply a summation. How-
ever, there is no guarantee that the entire process is fast, and using these
framework only helps a programmer to access distributed hardware with less
di�culties than writing an MPI application. More modern and e�cient ap-
proaches are Apache Spark [168], Apache Flink [181], Apache Tez [182] and
Google DataFlow [183], each of them targeted to speci�c usages (based on
data size, pattern and the operations to be performed) and providing an
Application Programming Interface which is less cumbersome than accessing
the MPI standard. However, several comparative tests [184] showed that
maximum performance is achieved when using the latter, hence the MPI
standard is the de-facto choice for the works presented in this Thesis.

Most of the frameworks and libraries speci�c to Machine Learning and
Bioinformatics do not provide any support for parallel programming and
distribution of working tasks across a cluster. However, R and Python pro-
gramming languages provides implementations for the MPI library. Also, a
notable exception is TensorFlow library for Deep Neural Network[39], as it
supports parallel and distributed training in a cluster, out fo the box. Also,
the Microsoft Cognitive Toolkit [185] provides support for distributed and
parallelized training.

2.3 HPC in Precision Medicine

As stated in Chapter 1, Big Data is characterized by tremendous data size
which increases the computing power requirements for data processing and
analysis [186]. This is not limited to Genomic or Biomedical dataset: as an
example, if we consider the PANGAEA [187] collection, consisting in almost
400 thousands dataset for a total of more that 17 billions points, it is clear
that High Performance Computing techniques and facilities are mandatory
even for simple data analysis or quality assurance in most of the present
day research �elds. This problem is especially relevant in Precision and
Genomic Medicine as the complexity and heterogeneity of data often requires
advanced and exceptionally computing intensive data processing techniques
[188]. The use of High Performance Computing hardware, for instance those
presented in Section 2.2, is therefore mandatory for ensuring the feasibility
and usability of complex analysis approaches. However, this is often not
enough, as traditional data analysis tools have been proven not to scale well
on large computing infrastructures and usually do not implicitly bene�t the
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added computational power provided by, for instance, hardware accelerators.
For this reason, over the years, an increasing number of software solutions
explicitly developed for exploiting HPC resources, have been proposed.

Several, if not all, research �elds of Precision Medicine saw the devel-
opment of HPC solutions for data analysis. In Pharmacology, for exam-
ple, Molecular Dynamics and Molecular Docking are, respectively, the re-
search �eld which simulates the dynamics of physical movements of atoms
and molecules, and simulate the docking of molecules; they are both key re-
search area in new drugs discovery and in recent years, the demand for MD
studies by the pharmaceutical industries rapidly rose. For this reason, sev-
eral HPC solutions have been proposed for this highly computing demanding
task [189, 190, 191].

HPC also plays a central role in Physiology: as an example, over the years
many HPC-oriented computational models of cardiac physiology were pro-
posed, comprising models related to electrophysiology, bioelectricity, muscle
physiology and �uidodynamics [192, 193]. Also, in neurophysiology few de-
tailed HPC-oriented brain modeling simulation software have been proposed:
for instance, [194, 195] propose two di�erent methods for simulating whole
brain neuron-neuron interaction over a GPU.

Possibly, Bioinformatics and Computational Biology are two of the most
prominent research �elds that bene�t the most of the HPC approach. As
a few examples, in recent years many GPU accelerated software solutions
have been proposed for biochemical network simulation [196], whole-genome
gene-gene interaction analysis [197, 198], epistasis detection [199, 200]; [201]
reports how Intel MIC accelerators are used in the context of bioinformatics,
in particular phylogenetics [202, 203] and epigenetics; [204] proposes a Xeon-
Phi accelerated package for the whole-genome DNA methylation detection;
as for large scale HPC supercomputer, [205] proposes a MPI-driven multi-
node tool for phylogenetics, and [206] a MPI-driven multi sequence alignment
tool.

Indeed, sequence alignment and analysis are two of the research �elds in
bioinformatics for which HPC made a great impact in the past few years.
For several of the most used algorithms for sequence alignment, at least one
parallel counterpart had been developed, targeting di�erent architectures:
the Smith and Waterman algorithm [207] had been accelerated for multicore
[208], Intel MIC [209, 210, 211], MPI [212, 213], GPU [214, 215], GPU clus-
ters [216] and many more. The Clustal family of multialignment algorithms
[217] is another example: this algorithm is exceptionally expensive as it pro-
duces a score for every pair of sequences via a pairwise sequence alignment
approach; recently an MPI-based multi-node implementation has been pro-
posed in [218]. Basic Local Alignment Search Tool (BLAST) [219] is another
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popular algorithm for sequence comparison and local alignment, and several
parallel versions have been developed for various platforms [220, 221, 222].

As for sequence analysis, the situation is a bit di�erent, as few Bioinfor-
matics software were expressively developed with HPC goals. Other than the
above mentioned packages, we notice that even the popular SAMTools [223]
used for post-processing DNA readings, is at best multi-threaded. Several
processing pipeline relies on these tools and each step is inherently sequen-
tial. Also, many packages commonly used in Bioinformatics are written in
the R programming language, whose interpreter is single-threaded and not
performance oriented. However, a few sparse exceptions exist: Hail is an
open-source library for scalable genomic data exploration based on Spark;
[224] proposes a parallel pipeline for identifying genomic variants from whole-
exome sequencing data; [225] proposes a GPU-accelerated analysis method
for Shotgun Metagenomics; [226] proposes a MPI distributed algorithm for
similarity clustering of nucleotide sequences; CoVaCs [227] is a parallel sys-
tem for genotyping and variant annotation of resequencing data.

Unsurprisingly, Machine Learning resources speci�cally developed for HPC-
oriented Bioinformatics uses are quite scarce. A few methods are listed in
[228], but unfortunately, most of them are more suitable for distributed archi-
tectures, rather than supercomputers; also, many of the listed ML tools are
generic ML algorithms, hence not properly developed for the key challenges
of Bioinformatics.

Conversely, several HPC ML tools are available, starting from parallel
implementations of basic classi�ers such as Random Forest [229], Support
Vector Machines for both Intel MIC [230] and GPU [231], and so on, with
more few examples in [232]. Also, HPC -oriented domain -speci�c ML ap-
plications have been proposed: for instance, [233] describes an RF -based
parallel algorithm for image segmentation, and [234] shows a parallel MPI
-based SVM method for image classi�cation.

Our work aims towards the development of new HPC -oriented ML algo-
rithms with speci�c applications in several research �elds of Bioinformatics
by presenting, in the following Chapters, three applications in this context
to �ll this gap.
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Chapter 3

A HPC hyper-ensemble ML

system for the genome-wide

prediction of pathogenic variants

in the non-coding DNA

Several prediction problems in Computational Biology and Genomic Me-
dicine are characterized by both big data as well as a high imbalance be-
tween examples to be learned, whereby positive examples can represent a
tiny minority with respect to negative examples. For instance, deleterious
or pathogenic variants are overwhelmed by the sea of neutral variants in the
non-coding regions of the genome: as a consequence the prediction of delete-
rious variants is a very challenging highly imbalanced classi�cation problem,
and classical prediction tools fail to detect the rare pathogenic examples
among the huge amount of neutral variants or undergo severe restrictions in
managing big genomic data.

To overcome these limitations we propose parSMURF, a method that
adopts a hyper-ensemble approach and oversampling and undersampling
techniques to deal with imbalanced data, and parallel computational tech-
niques to both manage big genomic data and signi�cantly speed-up the com-
putation. The synergy between Bayesian optimization techniques and the
parallel nature of parSMURF enables e�cient and user-friendly automatic
tuning of the hyper-parameters of the algorithm, and allows speci�c learning
problems in Genomic Medicine to be easily �t. Moreover, by using MPI par-
allel and machine learning ensemble techniques, parSMURF can manage big
data by partitioning them across the nodes of a High Performance Computing
cluster.

Results with synthetic data and with single nucleotide variants associated
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with Mendelian diseases and with GWAS hits in the non-coding regions of the
human genome, involving millions of examples, show that parSMURF achieves
state-of-the-art results and a speed-up of 80× with respect to the sequential
version.

The C++ OpenMP multi-core version tailored to a single workstation and
the C++ MPI/OpenMP hybrid multi-core and multi-node parSMURF ver-
sion tailored to a High Performance Computing cluster are both available
from github: https://github.com/AnacletoLAB/parSMURF

This Chapter has been published in [235].

3.1 parSMURF1 and parSMURFn

3.1.1 Background

High throughput bio-technologies, and the development of Arti�cial In-
telligence methods and techniques has opened up new research avenues in
the context of the Genomic and Personalized Medicine [236, 237]. In par-
ticular Machine Learning [238], whole-genome sequencing (WGS) technolo-
gies [239, 240], and large population genome sequencing projects [241, 242]
play a central role for the detection of rare and common variants associated
with genetic diseases and cancer [73, 74].

In this context, while disease-associated variants falling in the protein-
coding regions of the genome have been largely studied [243, 244, 245], this is
not the case for disease-associated variants located in the non-coding regions
of the genome, where our understanding of their impact on cis and trans-
regulation is largely incomplete. Nevertheless, several studies ended up that
most of the potential pathogenic variants lie in the non-coding regions of the
human genome [246].

Driven by the aforementioned motivations many e�orts have been de-
voted in recent years by the scienti�c community to develop reliable tools
for the identi�cation and prioritization of �relevant� non-coding genetic vari-
ants. CADD is one of the �rst machine learning-based method applied for
this purpose on a genome-wide scale [98]. By combining di�erent annotations
into a single measure for each variant using �rstly an ensemble of support
vector machines and in the current version a fast and e�cient logistic regres-
sion classi�er, CADD likely represents the most used and well-known tool to
predict deleterious variants [99].

Starting from this work other machine learning-based methods for the
detection of deleterious or pathogenic variants have been proposed, ranging
from multiple kernel learning techniques [102], to deep neural networks [100,
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105], multiple kernel learning integrative approaches [102], unsupervised learn-
ing techniques to deal with the scarcity of available annotations [104], and
linear models for functional genomic data combined with probabilistic mod-
els of molecular evolution [103]. Other approaches predicted the e�ect of
regulatory variation directly from sequence using gkm-SVM [107] or deep
learning techniques [247]. More details are covered in two recent reviews on
machine learning methods for the prediction of disease risk in non-coding
regions of the human genome [248, 249].

All these tools are faced with relevant challenges related to the rarity
of non-coding pathogenic mutations. Indeed neutral variants largely out-
number the pathogenic ones. As a consequence the resulting classi�cation
problem is largely unbalanced toward the majority class and in this setting it
is well-known that imbalance-unaware machine learning methods fail to de-
tect examples of the minority class (i.e pathogenic variants) [250]. Recently
several methods showed that by adopting imbalance-aware techniques we
can signi�cantly improve predictions of pathogenic variants in non-coding
regions. The �rst one (GWAVA) applied a modi�ed random forest [251],
where its decision trees are trained on arti�cially balanced data, thus reduc-
ing the imbalance of the data [101]. A second one (NCBoost) used gradi-
ent tree boosting learning machines with partially balanced data, achieving
very competitive results in the prioritization of pathogenic Mendelian vari-
ants, even if the comparison with the other state-of-the-art methods have
been performed without retraining them, but using only their pre-computed
scores [110]. The unbalancing issue has been fully addressed by ReMM [108]
and hyperSMURF [109], through the application of subsampling techniques
to the �negative� neutral variants, and oversampling algorithms to the set
of �positive� pathogenic variants. Moreover a large coverage of the training
data and an improvement of the accuracy and the diversity of the base learn-
ers is obtained through a partition of the training set and a hyper-ensemble
approach, i.e. an ensemble of random forests which in turn are ensembles
of decision trees. hyperSMURF achieved excellent results in the detection of
pathogenic variants in the non-coding DNA, showing that imbalance-aware
techniques play a central role to improve predictions of machine learning
methods in this challenging task.

Nevertheless these imbalance-aware methods have been usually imple-
mented with no or very limited use of parallel computation techniques, thus
making problematic their application to the analysis of big genomic data.
Furthermore, the hyperSMURF method is computationally intensive and
characterized by a large number of learning parameters that need to be tuned
to ensure optimal performance, thus requiring prohibitive computing costs,
especially with big genomic data.
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To address the aforementioned limitations, we propose parSMURF, a
novel parallel approach based on hyperSMURF. While other methods suit-
able for the assessment of the impact of variants located in protein-coding
regions are able to run in parallel environments [252], this is not true for
the assessment of non-coding variants. The main goal in the design and de-
velopment of parSMURF is to make available to the scienti�c community a
general and �exible tool for genomic prediction problems characterized by
big and/or highly imbalanced data, while ensuring state-of-the-art predic-
tion performance. The high computational burden resulting by the proper
tuning and selection of the learning (hyper)-parameters is addressed through
a scalable and parallel learning algorithm that leverages di�erent levels of
parallelization, and a Bayesian optimizer for their automatic and e�cient
tuning.

Therefore, in this setion we present the parSMURF algorithm, its relation-
ships with its sequential version hyperSMURF, and its two di�erent imple-
mentations respectively for multi-core workstations and for a highly parallel
High Performance Computing cluster. In the Results section experiments
with big synthetic and actual genomic data show that parSMURF scales
nicely with big data and signi�cantly improves the speed-up of the compu-
tation. Finally experiments with Mendelian data and GWAS hits at whole-
genome level show that parSMURF signi�cantly improves over its sequential
couterpart hyperSMURF, by exploiting its multiple levels of parallelism and
the automatic tuning of its learning hyper-parameters through a grid search
or a Bayesian optimization method. parSMURF1 multi-thread and hybrid
multi-thread and multi-process MPI C++ parSMURFn implementations are
well-documented and freely available for academic and research purposes.

3.1.2 Methods

Parallel SMote Undersampled Random Forest (parSMURF) is a fast, par-
allel and highly scalable algorithm designed to detect deleterious and pathogenic
variants in the human genome. The method is able to automatically tune its
learning parameters even with large data sets, and to nicely scale with big
data.

Starting from the presentation of the characteristics and limitations of hy-
perSMURF [109], in this section we introduce the parallel algorithm parSMURF
and its two variants named multi-core parSMURF (parSMURF1) and multi-
node parSMURF (parSMURFn). The �rst one is suitable for the execution
on a single workstation that features one or more multi-core processors, while
the second one is designed for a High Performance Computing cluster, where
the computation is distributed across several interconnected nodes. Although
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Figure 3.1: High-level scheme of hyperSMURF. Step (1): partitioning of the
training set (the minority/positive class is represented in blue, while the
majority/negative class is in green). Step (2): application of oversampling
and undersampling approaches, and assembling of the training set. Step (3):
training of the RF models. Step (4): Testing and aggregation of predictions
outcomes.

developed for di�erent hardware architectures, they both share the same core
parallelization concepts and the same chain of operations performed on each
parallel component of the algorithm. Finally, we discuss the computational
algorithms proposed to automatically learn and tune the parSMURF hyper-
parameters in order to properly �t the model to the analyzed genomic data.

From hyperSMURF to parSMURF

hyperSMURF is a supervised machine learning algorithm speci�cally de-
signed to detect deleterious variants where variants associated with diseases
are several order of magnitude lesser than the neutral genetic variations. hy-
perSMURF tackles the imbalance of the data using three learning strategies:

� balancing of the training data by oversampling the minority class and
undersampling the majority class;

� improving data coverage through ensembling techniques;

� enhancing the diversity and accuracy of the base learners through
hyper-ensembling techniques.

The high-level logical steps of the hyperSMURF algorithm are summa-
rized in Figure 3.1. At step (1) hyperSMURF creates several sets of training
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data by using all the available examples of the minority (positive) class and
partitioning the set of the majority (negative) class: as a result each set in-
cludes all the positive examples and a subset of the majority (negative) class.
From this point on, each training set is processed independently. In step (2),
examples of the minority class are oversampled through the SMOTE algo-
rithm [253] while examples of the majority class are undersampled according
to an uniform distribution. Each training set is now formed by a comparable
number of positive and negative examples and it can be used in step (3)
to train the random forest. This process is applied to all the parts of the
partition of the original training set, thus generating an ensemble of random
forest models. At step (4) all the predictions separately computed by each
trained model are �nally combined to obtain the �consensus� prediction of
the hyper-ensemble.

The behavior of the algorithm strongly depends on the learning hyper-
parameters, reported in Table 3.1, which deeply in�uence the hyperSMURF
performance, as shown in [254], and �ne tuning of the learning parameters
can dramatically improve prediction performance. Since hyperSMURF is an
ensemble of random forests which in turn are ensembles of decision trees,
its sequential implementation undergoes a high execution time, especially
on large datasets, thus limiting a broad exploration of the hyper-parameter
space. Moreover hyperSMURF cannot be easily applied to big data, due to
its time and space complexity issues.

Parameters Description
nParts Number of parts of the partition

fp Multiplicative factor for oversampling the minority class.
For instance with fp = 2 two novel examples are synthe-
sized for each positive example of the original data set,
according to the SMOTE algorithm.

ratio Ratio for the undersampling of the majority class. For
instance, ratio = 2 sets the number of negatives as twice
the total number of original and oversampled positive ex-
amples.

k Number of the nearest neighbors of the SMOTE algorithm
nTrees Number of trees included in each random forest
mtry Number of features to be randomly selected at each node

of the decision trees included in the random forest

Table 3.1: hyperSMURF learning hyper-parameters

Nevertheless, looking at Figure 3.1, we can observe that hyperSMURF is
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Figure 3.2: Comparison between the sequential hyperSMURF (top) and
multi-core parSMURF1 (bottom) execution schemes.

characterized by the following features:

1. the same operations (over- and under-sampling, data merging, training
and model generation and prediction evaluation) are performed over
di�erent data belonging to di�erent partitions;

2. the operations performed over di�erent data are independent, i.e. there
is no interaction between the computation of two di�erent partitions;

3. the algorithm does not require any explicit synchronization during the
elaboration of two or more partitions.

Putting together these observations, we can redesign hyperSMURF lever-
aging its intrinsic parallel nature and using state-of-the-art parallel compu-
tation techniques. The resulting newly proposed parSMURF algorithm is
schematically summarized in Algorithm 1. The parallelization is performed
by grouping parts of the partition in chunks (see also Figure 3.2). The
parSMURF parameter q (number of chunks) determines at high level the
parallelization of the algorithm, i.e. how many chunks can be processed in
parallel.

During training, the main activities of the parSMURF algorithm are ex-
ecuted in parallel for each chunk (outer for loop in Algorithm 1). A further
level of parallelism can be realized through the inner for loop where each
part N ′ of the chunk Ci undergoes a parallel execution. Note however that
�parallel� in the inner for loop is in brackets to highlight that this second level
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Algorithm 1 parSMURF algorithm (training)

Input:
P : positive examples set
N : negative examples set
n, fp, ratio, k, nTrees,mtry: parameters described in Table 3.1
q: number of partition chunks
Output:
M = {m1, ..,mn}: set of trained RF models

{N1, ..,Nn} ← partitioning(N , n)
{C1, .., Cq} ← chunkGroups({N1, ..,Nn}, q)
idx← {1, .., q}
j ← 0
M ← ∅
for all i ∈ idx parallel do

for N ′ ∈ Ci (parallel) do
j ← j + 1
P ′ ← SMOTE(P , fp, k)
N ′′ ← undersample(N ′, ratio)
T ← P ∪ P ′ ∪N ′′
mj ← RFtrain(T, nTrees,mtry)
M ←M ∪mj

end for
end for
return M = {m1, ..,mn}

of parallelization can or cannot be implemented, according to the complexity
of the problem and the available underlying computational architecture.

Algorithm 2 also shows that hyper-ensemble predictions conducted during
testing can be easily performed through parallel computation: each model
can be tested independently over the same test set and the consensus pre-
diction is computed by averaging the ensemble output.

Multi-core parSMURF: parSMURF1

The idea on which multi-core parSMURF builds upon is that all oper-
ations performed on the di�erent parts of the partition can be assigned to
multiple core/threads and processed in parallel. Namely, given q threads, the
data parts N1, . . . , Nn are equally distributed among threads so that thread
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Algorithm 2 parSMURF algorithm (testing)

Input:
M = {m1, ..,mn}: set of trained RF models
T : test set
Output:
HS: prediction score for each example t in test set T

idx← {1, .., n}
for all i ∈ idx parallel do

for all t ∈ T do
Pi(t)← P(t is positive |mi)

end for
end for
for all t ∈ T do

HS(t)← 1

n

n∑
i=1

Pi(t)

end for

i receives a subset (chunk) Ci of parts, and processes its assigned parts in
sequence. Since each partition chunk is assigned to its own thread, chunk
processing is performed in parallel with architectures featuring multiple pro-
cessing cores.

In Figure 3.2 (top) a scheme of the execution of the sequential hyper-
SMURF is shown: each partition is processed sequentially and the output
predictions are accumulated as the computation goes on. On the contrary,
with parSMURF1 (Figure 3.2, bottom), chunks of partitions are assigned to
di�erent execution threads and are processed in parallel. To avoid data races,
each thread accumulates partial results, and then the master thread collects
them once the computation of each thread is ended. Moreover, each thread
keeps only a local copy of the subset of the data which is strictly required for
its computation; this minimizes memory consumption and, at the same time,
does not impose any need for synchronization between concurrent threads.

This scheme is expected to show a remarkable speedup with the increase
of processing cores and the available local memory of the system. Since par-
allelization occurs at �partition chunk� level, instances of parSMURF1 with
a reduced partition size bene�ts only partially of a multicore execution. On
the other side, partitions characterized by a very high number of parts can
theoretically scale well with the number of processing cores but, unfortu-
nately, current processors have constraints in the number of available cores.
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Moreover, big data computation may exceed the storage capacity of a single
workstation, thus making the application of parSMURF1 in this experimental
context problematic.

Figure 3.3: High-level scheme of the multi-node parSMURFn implementa-
tion.

Multi-node parSMURF: parSMURFn

This version of parSMURF has been designed to process big data, to both
improve speed-up and make feasible computations that exceed the storage
capacity of a single workstation. Moreover parSMURFn allows the �ne tuning
of the model parameters even when big data should be analyzed.

parSMURFn architecture

As for the multi-core version, parSMURFn exploits parallelization at par-
tition level, but also introduces a second level of parallelization: the higher
level is performed through the computing nodes of a cluster, i.e. a set of com-
puting machines interconnected by a very fast networking infrastructure; the
lower level is realized through multi-threading at single node level by exploit-
ing the multi-core architecture of each single node of the cluster. In this novel
scheme, each node receives a partition chunk, which is processed in parallel
with the other chunks assigned to the remaining nodes. Chunks in turn are
further partitioned in sub-chunks, distributed among the computing cores
available at the local node. Finally an optional third level of parallelization
is available by assigning multiple threads to the random forests which process
the di�erent parts of the partition (recall that a random forest is in turn an
ensemble of decision trees).
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The higher level of parallelization leverages the MPI programming paradigm
and standard [178] to transfer information among nodes. This programming
paradigm requires that several instances of the same program are executed
concurrently as di�erent processes (MPI processes) on di�erent nodes inter-
connected by a network. Being di�erent instances of the same program, each
MPI process has its own memory space, therefore intercommunication, i.e.
data exchange between processes, occurs explicitly by invoking the corre-
sponding actions, as required by the MPI standard.

parSMURFn adopts a master�slave setting, with a master process coor-
dinating a set of MPI slave processes, also called worker processes, which
in turn manage the partition computation. Master and worker roles are
described below:

� the master process is responsible for processing the command line pa-
rameters, loading data in its memory space, generating partition and
chunks, sending the proper subset of data to each worker process (in-
cluding the test set and the proper fraction of the training set) and
�nally collecting and averaging their output predictions.

� each worker process realizes the computation on the assigned chunk of
partitions, generates sub�chunks of its own chunk and processes them
through multi-threading - i.e. distributes the computation of the sub�
chunks over the available computing threads - and sends the output
predictions back to the master process.

We point out that in principle parSMURFn can be executed also on a
single machine, where multiple copies of the same program are processed
by the available cores, but in this case it undergoes the same limitations of
parSMURF1. Figure 3.3 provides a high level scheme of the execution of
parSMURFn.

parSMURFn intercommunication

Figure 3.4 shows a schematic view of the intercommunication between
parSMURF MPI processes.

The computation in the worker processes is performed as in the multi-
core version of parSMURF, except for a slight di�erence in the subsampling
of the majority class, since this operation is no longer executed by the worker
processes but by the master instead. Indeed, by observing that subsampling
requires some examples to be discarded, there is no need of sending to the
worker processes an entire part of the partition, but only the selected subset
of examples. This design choice minimizes the amount of data to be sent to
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Figure 3.4: High-level intercommunication scheme between MPI processes in
multi-node parSMURFn. Blue arrows represent data �ows from the master
process to worker processes (di�erent chunks of partitions and the same test
set) and yellow arrows represent data �ows from the worker processes to the
master (output predictions).

a worker process, since for each partition only the positive samples (that are
going to be oversampled in the worker process) and the already undersampled
negative examples are sent to the worker processes.

In an ideal parallel application, computing nodes should never interact,
since every data exchange creates latencies that a�ect the overall occupancy
- i.e. the ratio between the amount of time a computing node is processing
data and the total execution time. However, in real applications this rarely
happens, and data have to be exchanged between processes. As a general
rule, communication should be minimal in number and maximal in size, since
the following equality holds:

ttot = tstart + d× ttrn

where ttot is the total time for the data send, d is the amount of data in
bytes to be transferred, ttrn is the time required to transfer one byte of
data and tstart is the time required by the interconnecting networking system
for beginning a communication between nodes. tstart is constant, therefore
transferring data as a big chunk is generally faster than several smaller ones,
since tstart penalty is paid only once in the former case.

However, in real world MPI parallel applications, the main objective is
to parallelize computation to speed-up execution, and maximum e�ciency is
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achieved by overlapping data transmission and computation. This is easier to
obtain when data is streamed, i.e. sent in small chunks which are consumed
as soon as they reach the receiver MPI process: in this way we can minimize
the inactivity time of a node, waiting for data to be received.

Maximizing parSMURFn performance

For maximizing performances parSMURFn adopts the following strategies
to �nd the optimal balance between the size and number of data transmis-
sions:

� maximize occupancy,

� reduce the number of data send or broadcast,

� minimize latency.

Tomaximize occupancy, the master process does not send the entire chunk
of partitions to each worker process in a big data send; instead, parts are sent
one by one. This choice is ideal in the context of multithreading in worker
processes: supposedly, given a partition with n parts and a number x of
computing threads assigned to a working process, the master at �rst sends
to each worker process x parts of its assigned chunk. When a worker thread
�nishes the computation of a part, another one is sent by the master for
processing. This process goes on until the chunk is exhausted.

To reduce the number of data send or broadcast - i.e. one MPI process
sending the same data to all the other processes - for each part, the master
process assembles an array having all the relevant data required for the com-
putation, i.e. the positive and negative examples (already subsampled, as
stated earlier) and the parameters needed for the computation. Hence with
just one MPI send operation, a part of the partition with its parameters is
transferred to the worker process. Also, partial results of the predictions are
locally accumulated inside each worker and sent to the master once the jobs
for the assigned chunk are �nished.

To minimize latency, the assembly of the data to be sent is multithreaded
in the master process. In instances characterized by relatively small datasets
and a high number of parts in the partition, it may happen that the master
could not prepare and send data fastly enough to keep all the worker processes
busy. For instance, a thread in a worker process may �nish the computation
for a part before data for the next one arrive, leaving the thread or the entire
process inactive. This has been solved by spawning a number of threads
in the master process equal to the number of worker processes the user has
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requested, each one assigned for preparing and sending the data to the cor-
responding worker. However, since memory usage in the master process can
be greatly a�ected, an option is provided for disabling multithreading in the
master. In this case, only one thread takes care of this task and parts are
sent in round robin fashion to the working processes: this has been experi-
mentally proven to be e�ective for those instances that require a particularly
high memory usage.

Hyper-parameters tuning

As in most ML methods, the accuracy of the predictions of the parSMURF
models are directly related to the set S of hyper-parameters that control
its learning behaviour. Hence, to maximize the usefulness of the learning
approach, the value of each hyper-parameter of the set S must be chosen
appropriately. In parSMURF the hyper-parameter set is composed by the
6-tuple of parameters reported in Table 3.1. Each parameter is discretized
and constrained between a maximum and minimum value, hence the hyper-
parameter space H is a discrete six-dimensional hypercube. The validation
procedure for the evaluation of each h ∈ H is the internal cross-validation
process, and the objective function (performance metrics) which has to be
maximized is the Area Under the Precision Recall Curve (AUPRC).

parSMURF features two modes for automatically �nding the hyper-para-
meters combination h0 ∈ H that maximizes the model accuracy (parameter
auto-tuning). The �rst strategy is a grid search over H, where each h ∈ H
is evaluated by internal cross-validation. This strategy is generally capable
of �nding values close to the best hyper-parameters combination, but it is
very computationally intensive and su�ers from the curse of dimensionality.
The second strategy is based on a Bayesian Optimizer (BO) which itera-
tively builds a probabilistic model of the objective function f : H → R+ (in
parSMURF, the AUPRC) by evaluating a promising hyper-parameter com-
bination at each iteration and stopping when a global maximum of f is ob-
tained. This procedure is less computationally intensive than the grid search
and may also outperform the latter in terms of prediction e�ectiveness. The
Bayesian optimizer is based on [255] and its implementation "Spearmint-lite"
[256] is included in the parSMURF package.

The whole procedure is summarized in Algorithm 3. Brie�y, parSMURF
provides the automatic tuning of the hyper-parameters in a context of inter-
nal n-fold cross-validation, and the Bayesian Optimizer (BO) is invoked in
the while loop. At each iteration, a new hyper-parameter combination h ∈ H
is generated by taking into account all the previously evaluated h. A new
model is then trained and tested in the internal cross-validation procedure
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Algorithm 3 Automatic hyper-parameters tuning in parSMURF featuring
Bayesian Optimization.

Input:
T : P ∪N (data for training and validation)
H: Hyper-parameter space
n: number of CV folds
maxIter: maximum number of iterations
ε: Bayesian Optimization (BO) error tolerance
Output:
H ′: set of best combination (one of reach fold) of hyper-parameters

{T1, .., Tn} ← foldSubdivision(T , n)
for i ∈ {1, .., n} do

TestSet← Ti
TrainingSet←

⋃
j 6=i

Tj

{T ′1 , .., T ′n−1} ← foldSubdivision(TrainingSet, n− 1)
iter ← 1
H ← ∅
while (error > ε) ∧ (iter < maxiter) do

h← BO_generate(H)
for k ∈ {1, .., n− 1} do

V alidationSet← T ′k
TrainingSet′ ←

⋃
l 6=k

T ′l

model′ ← parSMURF_train(TrainingSet′, h)
predictions′k ← parSMURF_test(model′, V alidationSet)

end for
predictions′ ←

⋃
k

predictions′k

eval← AUPRC(predictions′)
H ← H∪ (h, eval)
error ← BO_errorEval(H)
iter ← iter + 1

end while
hi ← argmaxh∈H {(h, eval)}
model← parSMURF_train(TrainingSet, hi)
predictions← parSMURF_test(model, TestSet)

end for
H ′ ←

⋃
k

hk
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by using the newly generated h. The quality of the prediction is evaluated by
means of AUPRC, and the tuple (h, eval) is submitted back to the Bayesian
Optimizer for the generation of the next h. The while loop ends when the
Bayesian Optimizer �nds a probable global maximum (no further improve-
ment in the error evaluation) or when the maximum number of iterations is
reached. Grid search works in a similar way, but all h ∈ H are exhaustively
tested in the internal cross-validation phase.

3.1.3 Results and Discussion

We applied parSMURF to both synthetic and real genomic data to show
that the proposed method is able to:

� scale nicely with big data;

� auto-tune its learning parameters to optimally �t the prediction prob-
lem under study;

� improve hyperSMURF as well as other state-of-the-art methods in the
prediction of pathogenic variants in Mendelian diseases and of regula-
tory GWAS hits in the GWAS Catalog.

All the experiments have been performed on the Cineca Marconi Super-
computing system [257], speci�cally using its Lenovo NeXtScale architech-
ture, with 720 nodes, each one having 128 GBytes of RAM and 2× 18-cores
Intel Xeon E5-2697 v4 (Broadwell) CPUs at 2.30 GHz. The interconnecting
infrastructure is a Intel Omnipath featuring 100 Gb/s of networking speed
and a fat-tree 2 : 1 topology.

Datasets

Genomic data are highly imbalanced toward the majority class, since
the SNVs annotated as pathogenic represent a tiny minority of the overall
genetic variation. Synthetic data have also been generated to obtain a high
imbalance between positive and negative examples, in order to simulate the
imbalance that characterizes several types of genomic data.

Synthetic data have been randomly generated using a spheric gaussian
distribution for each of the 30 features. Among them only 4 are informative
in the sense that the means of positive and negative examples are di�erent,
while all the other features share the same mean and standard deviation with
both positive and negative examples. Synthetic data, as well as the R code
for their generation are available from the GitHub repository [258].
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As an example of application of parSMURF to real genomic data, we
used the dataset constructed in [108] to detect Single Nucleotide Variants
(SNVs) in regulatory non-coding regions of the human genome associated
with Mendelian diseases. The 406 positive examples are manually curated
and include mutations located in genomic regulatory regions such as pro-
moters, enhancers and 5' and 3' UTR. Neutral (negative) examples include
more than 14 millions of SNVs in the non-coding regions of the reference
human genome di�ering, according to high con�dence alignment regions,
from the ancestral primate genome sequence inferred on the basis of the
Ensembl Enredo-Pechan-Ortheus whole-genome alignments of six primate
species [259], and not including variants present in the most recent 1000
Genomes data [241] with frequency higher than 5% to remove variants that
had not been exposed for su�ciently long time to natural selection. The im-
balance between positive (mutations responsible for a Mendelian disease) and
negative SNVs amounts to about 1:36,000. The 26 features associated to each
SNV are genomic attributes ranging from G/C content, population-based fea-
tures, to conservation scores, transcription and regulation annotations (for
more details, see [108]).

We �nally analyzed GWAS (Genome Wide Association Studies) data to
detect 2115 regulatory GWAS hits downloaded from the National Human
Genome Research Institute (NHGRI) GWAS catalog [260], and a set of neg-
atives obtained by randomly sampling 1/10 of the negative examples of the
Mendelian data set, according to the same experimental set-up described in
[109], thus resulting in an imbalance between negative and positive examples
of about 1 : 700. We predicted chromatin e�ect features directly from the
DNA sequence using DeepSEA convolutional networks [105]: in this way we
obtained 1842 features for each SNV, as described in [109], and we used that
features to train parSMURF.

Table 3.2 summarizes the main characteristics of both the synthetic and
genomic data used in our experiments.

parSMURF scales nicely with synthetic and genomic data

Experiments reported in this section follow the classic experimental setup
for the evaluation of the performances of parallel algorithms [261]. In par-
ticular, since our executions employ multiple computer processors (CPU)
concurrently, we use speedup and e�ciency to analyze the algorithm perfor-
mances by measuring both the sequential and parallel execution times.

By denoting with Ts the run-time of the sequential algorithm and with Tp
the run-time of the parallel algorithm executed on P processors, the speedup
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Table 3.2: Summary of the datasets used in the experiments. Datasets are
highly imbalanced towards the negative class.

Name
Number of
samples

Number of
features

Number of
positive
samples

Imbalance
ratio

synth_1 106 30 400 1 : 2500
synth_2 107 30 400 1 : 25000
synth_3 5× 107 30 1000 1 : 50000
Mendelian 14.755.605 26 406 1 : 36300
GWAS 1.477.630 1842 2115 1 : 700

and e�ciency are de�ned respectively as:

S =
Ts
Tp

and E =
Ts

Tp × P
.

Speed-up and e�ciency analysis with synthetic data

For every synthetic dataset, we run parSMURF1 and parSMURFn several
times by varying the number of threads (for both the multi-core and multi-
node versions) and the number of MPI worker processes assigned to the task
(for the multi-node version only). More precisely the number of threads
n.thr varied in n.thr ∈ {1, 2, 4} for synth_1 and synth_2 datasets, while
for synth_3 n.thr ∈ {1, 2, 4, 8, 16, 20}. Moreover we considered a number
of MPI processes n.proc in the range n.proc ∈ {1, 2, 4, 8} for synth_1 and
synth_2, and n.proc ∈ {1, 2, 4, 6, 8, 10} for synth_3.

For each run we collected the execution time and evaluated the speed-
up and e�ciency: the Ts sequential time of formulas (1) and (2) has been
obtained by running parSMURF1 with 1 thread, hence obtaining a pure
sequential run.

All experiments were executed using a 10-fold cross validation setting.
The learning hyper-parameters employed in each experiment are the follow-
ing:

� synth_1: nParts = 128, fp = 1, ratio = 1, k = 5, nTrees = 128,
mTry = 5;

� synth_2: nParts = 64, fp = 1, ratio = 1, k = 5, nTrees = 32,
mTry = 5;

� synth_3: nParts = 128, fp = 1, ratio = 5, k = 5, nTrees = 10,
mTry = 5
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For each synthetic data set we run experiments considering all the di�er-
ent numbers of threads n.thr for parSMURF1, while for parSMURFn we run
di�erent hyper-ensembles considering all the possible combinations of n.thr
and n.proc.

Figure 3.5 reports the results for the batch of executions with the synth_1
and synth_2 datasets. Results are grouped by the number of MPI working
processes (each line represents three runs obtained by keeping the number of
MPI processes �xed and by varying the number of threads per process).

Figure 3.5: Execution time of parSMURF1 and parSMURFn on the syn-
thetic datasets synth_1 (left) and synth_2 (right). On x axis, the number
of threads for each MPI process; on y axis, execution time in seconds; ex-
periments are grouped by the number of MPI processes. Black line is the
multi-thread version, while orange, gray, yellow and light blue are the MPI
version with 1, 2, 4, and 8 MPI processes.

Both graphs show that the multi-core and the multi-node implementa-
tions of parSMURF introduce a substantial speed-up with respect to the
sequential version (the point in the black line with 1 thread in the abscissa).
Note that in Figure 3.5 the black line represents parSMURF1, while the or-
ange line parSMURFn: their execution time is very similar since both use the
same overall number of threads, with a small overhead for the MPI version
due to the time needed to setup the MPI environment. Table 3.3 shows that
the speed-up achieved by parSMURFn is quasi-linear with respect to the over-
all number of �aggregated threads� (i.e. the product n.thr×n.proc) involved
in the computation, at least up to 16 threads. By enlarging the number of
�aggregated threads� we have a larger speed-up, but a lower e�ciency, due
to the lower number of parts of the partition assigned to each thread, and to
the larger time consumed by the MPI data intercommunication.
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Table 3.3: Execution time and speed-up of parSMURFn with synth_1 and
synth_2 datasets. Threads are counted as �aggregated� in the sense that
they are the product of the number of MPI processes with the number of
threads for each process. All executions have been performed with a 10-fold
cross-validation setting.

Aggregated threads synth_1 time (s) synth_1 speed-up

1 3768.59 -
2 1910.19 1.97
4 571.56 3.88
8 542.35 6.95
16 288.82 13.05
32 248.84 15.18

Aggregated threads synth_2 time (s) synth_2 speed-up

1 9981.82 -
2 5020.18 1.99
4 2539.10 3.93
8 1329.74 7.51
16 788.31 12.66
32 686.41 14.54

Results with the synthetic dataset synth_3, that includes 50 million ex-
amples, con�rm that parSMURF scales nicely also when the size of the data
is signi�cantly enlarged. Indeed Figure 3.6 (left) shows that by increasing
the number of processes and threads we can obtain a signi�cant reduction of
the execution time. These results are con�rmed by grouping the execution
time with respect to the �aggregated� number of threads, i.e. the product
n.thr × n.proc (Figure 3.6 (right)).

Figure 3.7 shows the speed-up (left) and e�ciency (right) obtained with
this dataset; results are again grouped by the �aggregated� number of threads.
Note that with this large dataset we can obtain a larger speed-up, even if, as
expected, at the expenses of the overall e�ciency.

Di�erent research works showed contradictory results about the compari-
son of the performance of pure multiprocess MPI, pure multithread OpenMP
or hybrid MPI-OpenMP implementations of the same algorithm, showing
that several factors, such as algorithms, data structures, data size, hard-
ware resources, MPI and OpenMP library implementations, in�uence their
performance [184, 262, 263, 264, 265, 266].

Regarding our experiments, from Figure 3.6 and 3.8, we can notice how,
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Figure 3.6: Execution time of parSMURF1 and parSMURFn on the synthetic
dataset synth_3. Left: on x axis, the number of threads for each MPI
process; on y axis, execution time in seconds. Experiments are grouped by
the number of MPI processes. Black line is the multi-thread version, while
orange, gray, yellow, light blue, green and blue are the MPI version with 1,
2, 4, 6, 8 and 10 MPI processes. Right: results are grouped by total number
of threads (n.thr× n.proc). When a combination is obtainable in more than
one way only the best time is considered.

in some cases, a pure MPI implementation may outperform an heterogeneous
MPI-multithread or a pure OpenMP-multithread implementation. However,
more in general, parSMURFn allows a higher degree of parallelism, thus
resulting in a larger speed-up and e�ciency with respect to the pure multi-
thread parSMURF1 (Figure 3.7 and 3.9).

Speed-up and e�ciency analysis with genomic data

To show how parSMURF performs in term of speed-up and e�ciency on
a real genomic dataset, we carried out the same batch of experiments as in
the previous section using this time the Mendelian dataset.

Figure 3.8 shows the execution time of parSMURF1 and parSMURFn as a
function of the �aggregated number of threads�, i.e. the product of the num-
ber of MPI processes and the number of threads per process. As expected,
results show a substantial decrement in execution time with respect to the
number of the aggregated threads.

Figure 3.9 shows the speed-up and e�ciency of parSMURF: on x axis of
both graphs, threads are counted as �aggregated�, that is the total number of
threads is computed by multiplying the number of processes by the number
of threads assigned to each process. For the evaluation of speed-up and
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Figure 3.7: Left: Speed-up of parSMURF1 and parSMURFn on the syn-
thetic dataset synth_3. On x axis, the �aggregated� number of threads; on
y axis, speed-up. Right: e�ciency of parSMURF with the synthetic dataset
synth_3. On x axis, the �aggregated� number of threads; on y axis, e�ciency
in percentage. Blue line refers to parSMURFn, orange line to parSMURF1.

e�ciency, parSMURF1 with only one computing thread has been used as
reference for obtaining the computation time of the sequential version.

The maximum speed-up of parSMURF1 is about 17×, with the execution
time decreasing from 97287 seconds of the sequential version to 5695 seconds
of the multi-threaded version using 24 cores. The speed-up of parSMURFn is
even better, with a maximum speed-up of 80× (1181 seconds execution time)
obtained using 10 MPI processes with 20 computing threads each. The graph
shows that both parSMURF1 and parSMURFn follow the same trend in the
increment of the speed-up, but the multi-thread version is limited to 24
threads (each one assigned to a di�erent core), while parSMURFn continues
this trend up to 288 threads, reaching a speed-up saturation level of 80×.
As just observed with synthetic data (Figure 3.7), the e�ciency tends to
decrease with the number of aggregated threads.

Summarizing both experiments with synthetic and genomic data show
that parSMURF scales nicely with large data and achieves a signi�cant speed-
up that allows its application to big data analysis and to the �ne tuning of
learning parameters.

Auto-tuning of learning parameters improves prediction of pathogenic
non-coding variants

The speed-up introduced by parSMURF allows the automatic �ne tun-
ing of its learning parameters to improve predictions on real genomic data.
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Figure 3.8: Execution time of parSMURF1 and parSMURFn on the
Mendelian data set. Left: on x axis, the number of threads for each MPI
process; on y axis, execution time in seconds. Experiments are grouped by
number of MPI processes. Black line is the multi-thread version, while or-
ange, gray, yellow, light blue, green, blue and brown are the MPI version
with 1, 2, 4, 6, 8, 10 and 12 MPI processes. Right: results are grouped by
total number of threads (n.thr × n.proc).

Indeed, as preliminarily shown in [254], �ne tuning of hyperSMURF learning
parameters can boost the performance on real data.

To this end we run parSMURFn on the Cineca Marconi cluster using auto-
tuning strategies to �nd the best learning parameters for both the prediction
of pathogenic non-coding SNVs in Mendelian diseases and for the prediction
of GWAS hits that overlap with a known regulatory element.

We compared the auto-tuned results only with those obtained with the de-
fault learning parameters of hyperSMURF, since our previous studies showed
that hyperSMURF outperformed other methods, such as CADD [98], GWAVA
[101], Eigen [104] and DeepSea [105] with both Mendelian diseases and
GWAS hits data [109], and, above all, since we are more interested in showing
a proof-of-concept of the fact that auto-tuning of learning parameters may
lead to better performances in a real genomic problem.

Generalization performances have been evaluated through an external
10-fold �cytogenetic band-aware� cross-validation (CV) setting. This CV
technique assures that variants occurring nearby in a chromosome (i.e. in
the same cytogenetic band) do not occur jointly in the training and test
sets and thereby biasing results, since nearby variants may share similar
genomic features [109]. Learning parameters were selected through a grid
search realized through a 9-fold internal CV, that is for each of the 10 training
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Figure 3.9: Left: Speed-up of of parSMURF1 and parSMURFn with the
Mendelian dataset. On x axis, the �aggregated� number of threads; on y axis,
speed-up. Right: e�ciency of parSMURF with the Mendelian dataset. On x
axis, the �aggregated� number of threads; on y axis, e�ciency in percentage.
Blue line refers to parSMURFn, orange line to parSMURF1.

sets of the external cross-validation, their 9 `cytogenetic band-aware� folds
have been used to select the best learning parameters and to avoid putting
contiguous variants located in the same cytoband both in training and in the
validation set.

This experimental set-up is computationally demanding, but by exploit-
ing the di�erent levels of parallelism available for parSMURFn we can obtain
a su�cient speed-up to experiment with di�erent hyper-ensembles having
di�erent sets of learning parameters.

Performances of the prediction are evaluated via the Area Under the
Receiver Operator Characteristic Curve (AUROC) and the Area Under the
Precision-Recall Curve (AUPRC). Since data are highly unbalanced, we out-
line that it is well-known that in this context AUPRC provides more infor-
mative results [267, 164].

Improving predictions of pathogenic Mendelian variants

We at �rst executed hyperSMURF with default parameters (speci�cally:
nParts = 100, fp = 2, ratio = 3, k = 5, nTrees = 10 and mTry = 5) in a
context of 10-fold cytogentic-band aware CV, as this experiment is used as
reference for the next steps.

We tested the auto-tuning feature by performing a grid search over the
hyper-parameter space Hg de�ned in Table 3.4, central column. Such hyper-
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Hg Hb

nParts {10, 50, 100, 300} [10, 300]
fp {1, 2, 5, 10} [1, 10]

ratio {1, 2, 5, 10} [1, 10]
k {5} {5}

nTrees {10, 20, 100} [10, 100]
mtry {2, 5, 10} [2, 10]

Table 3.4: Hyper-parameter spaces for grid search (Hg) and Bayesian opti-
mizer (Hb) used for the auto-tuning on the Mendelian dataset.

space provides 576 possible hyper-parameter combinations h ∈ Hg. Then,
we applied the auto-tuning strategy based on the Bayesian optimizer, by
de�ning the hyper-parameter space Hb as in Table 3.4, right column.

To fully exploit the scalability of parSMURF, we launched the grid search
with the following con�guration: 10 instances of parSMURFn, one for each
fold of the external CV, each one having 10 worker processes, with 6 dedi-
cated threads for processing the di�erent parts of the partition plus further
4 threads for each random forest training and testing. Hence, for the grid-
search, we used a total of 2400 CPU cores. Since the Bayesian auto-tuning
procedure is less computationally intensive, we chose a more conservative
approach on resource utilization for this experimental set-up: we launched
one instance of parSMURFn having 24 worker processes with 16 threads for
the partitions and one for the random forest training and testing. Folds
of the external CV are processed sequentially. Therefore, for the Bayesian
optimization set-up we used 384 CPU cores.

At the end of this phase, for each optimization strategy, parSMURF re-
turns the best hyper-parameter combination for each fold. We then executed
10 repetitions of the external CV using the default parameters, 10 using
the best hyper-parameters found by the grid search and 10 using the best
hyper-parameters found by the Bayesian optimizer. Performances in terms of
AUROC and AUPRC were measured for each repetition and then averaged.

Performance improvements relative to the above parameter tuning ex-
periments and their execution times are summarized in Table 3.5. Results
in columns 4 and 5 show a signi�cant improvement in the prediction per-
formances in terms of AUPRC using both optimization strategies (Wilcoxon
rank sum test, α = 10−6). On the other hand, AUROC is very high in all the
experiments, con�rming that this metric is not su�cient for the evaluation of
prediction performances in the context of highly unbalanced datasets. In Ap-
pendix 6, Figures 1 and 2 show the computer ROC and precision-recall curves
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of both hyperSMURF and parSMURF. Also, the Bayesian optimizer proves
to be e�ective in both improving the prediction performances and reducing
the computational time: although slightly lower, predictions are comparable
to the grid search, but they are obtained at a fraction of the computational
power required by the latter. As a matter of fact, the CPU time required by
the entire grid search counted more than 120k hours, compared to 16k hours
used by the Bayesian optimization strategy.

Table 3.5 reports th average AUROC and AUPRC measured on the train-
ing sets: results show that the ratio between training and test AUROC or
AUPRC is quite similar between hyperSMURF and parSMURF, and even
if, as expected, results on the training sets are better, they are comparable
with those obtained on the test data. These results show that performance
improvement is not due to over�tting, but to a proper choice of the hyper-
parameters well-�tted to the characteristics of the problem.

Table 3.5: Summary of performance improvements obtained by
parSMURF by tuning the learning parameters on the Mendelian dataset.
Results are averaged across 10 repetitions of the 10-fold cytoband-aware
cross-validation. "AUROC avrg" and "AUPRC avrg" are averaged across
the 10 folds; standard deviation in brackets. Columns 2 and 3 report AU-
ROC and AUPRC metrics on the training set, columns 4 and 5 report the
same metrics evaluated on the test set. Default parameters: nParts 100, fp
2, ratio 3, nTrees 10, mTry 5.

training AUROC
mean (std)

test AUROC
mean (std)

Default parameters 0.99958 (0.00005) 0.99281 (0.00032)
Grid search 0.99986 (0.00009) 0.98968 (0.00140)
Bayesian optimizer 0.99989 (0.00011) 0.99264 (0.00043)

training AUPRC
mean (std)

test AUPRC
mean (std)

Default parameters 0.53143 (0.02714) 0.42332 (0.00391)
Grid search 0.60023 (0.15977) 0.47025 (0.00585)
Bayesian optimizer 0.65388 (0.22123) 0.46153 (0.00302)

To assess whether the di�erence in performance between hyperSMURF and
parSMURF can be related to their di�erent capacity of selecting the most
informative features, we measured Spearman correlation between both hy-
perSMURF and parSMURF scores with each of the 26 features used to train
the hyper-ensembles for all the examples of the dataset. Table 3 in Appendix
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6 reports the correlation between the true labels of the examples and the pre-
dictions obtained by hyperSMURF using the default set of hyper-parameters,
parSMURF with the default, grid optimized and Bayesian optimized set of
hyper-parameters. We found that hyperSMURF and parSMURF achieved
very similar Spearman correlation on each feature (the Pearson correlation
between the vectors of Spearman correlations of hyperSMURF and parSMURF is
about 0.98). Both hyperSMURF and parSMURF obtained the largest Spear-
man correlation coe�cients for features related to the evolutionary conserva-
tion of the site (e.g. vertebrate, mammalian and primate PhyloP scores) and
for some epigenomic features (histone acetylation, methylation and DNAse
hypersensitivity). Again, these results show that it is unlikely that the im-
proved performance of parSMURF can be explained through its better ca-
pacity of selecting the most informative features, but instead by its capacity
of auto-tuning its learning hyper-parameters and its capacity to �nd a model
that better �ts the data.

In addition, in Table 3.6 some examples of pathogenic variants which
have been ranked remarkably better by parSMURF than hyperSMURF are
reported. Further details about these variants are shown in Table 6 of Ap-
pendix 1.

Table 3.6: Examples of pathogenic Mendelian variants better ranked by
parSMURF with respect to hyperSMURF. The �rst two columns report the
chromosomal coordinates, while the last two the di�erence in ranking between
respectively parSMURF with grid search (Hg) and with Bayesian optimizer
(Hb) with respect to hyperSMURF. The larger the absolute di�erence, the
higher the improvement (see also Table 6 in Appendix 6 for more informa-
tion).

chr pos hS rank −Hg rank hS rank −Hb rank
1 100661453 2308597 169786
3 12421189 663054 421027
X 138612889 194290 111499
13 100638902 70175 69069
6 118869423 63078 55789
16 31202818 50539 103623
12 121416444 21848 65773
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Prediction performances of parSMURF with an independent Mendelian
test set

We collected novel Mendelian pathogenic variants by adding 64 newly
positive (pathogenic) non-coding variants manually annotated according to a
comprehensive literature review. We included only those variations and pub-
lications judged to provide plausible evidence of pathogenicity (Appendix 6,
Table ??). As negatives we used common variants downloaded from NCBI
[268], i.e. variants of germline origin and having a minor allele frequency
(MAF) ≥ 0.01 in at least one major population, with at least two unrelated
individuals having the minor allele, where major populations are those in-
cluded in the 1K genome project [17]. We selected only those variants that lie
in non-coding regions using Jannovar [269]. The �nal number of negatives
(about 3 millions of examples) has been randomly sampled in such a way
that the ratio positives/negative in the original and in the new Mendelian
data set used for validation is approximately the same. Both the positive
and negative examples have been annotated with the same 26 genomic and
epi-genomic features used for the original Mendelian data set. We trained
hyperSMURF and parSMURF on the overall original Mendelian data set and
then we tested the resulting models on the unseen separated new Mendelian
data set used for validation. Since the new positive set also contains small
insertions and deletions, similarly to [108], to predict the pathogenicity of
the deletions, we used the maximum score of any nucleotide included in the
deleted sequence, while for insertions we used the maximum score computed
for the two nucleotides that surround the insertion. Results with the inde-
pendent Mendelian test set show that the models are able to obtain relatively
high AUPRC results, especially when parSMURF is applied, showing that
our models can nicely generalize. Also with this new independent data set
parSMURF signi�cantly outperforms hyperSMURF (Table 3.7).

Model AUROC AUPRC

hyperSMURF 0.945216 0.098153
parSMURF- Grid Search 0.941026 0.409067

parSMURF- Bayesian optimizaion 0.928158 0.192568

Table 3.7: hyperSMURF and parSMURF (with Grid Search and Bayesian
optimization) prediction performances obtained over a fully independent
Mendelian test set composed by newly annotated pathogenic variants (posi-
tive examples) and common neutral variants (negative examples).
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Improving predictions of GWAS hits

A similar experimental setup has been employed for improving the predic-
tions of GWAS hits. At �rst we executed parSMURF with the default param-
eters as reference for the next batches of experiments. Then, we tested the
auto-tuning feature by performing a grid search over the hyper-parameter
space Hg de�ned in Table 3.8, central column. Such hyperspace provides
256 possible hyper-parameter combinations h ∈ Hg. Next, we tested the
Bayesian optimizer by de�ning the hyper-parameter space Hb as in Table
3.8, right column.

Table 3.8: Hyper-parameter space for Grid search and Bayesian Optimization
used for auto-tuning parSMURF on the GWAS data set.

Grid-search Bayesian-opt.
nParts {10, 20, 30, 40} [10, 40]

fp {1, 2, 5, 10} [1, 10]
ratio {1, 2, 5, 10} [1, 10]
k {5} {5}

nTrees {10, 20, 50, 100} [10, 100]
mtry {30} {30}

Results are shown in Table 3.9. As for the Mendelian dataset, AUROC
is very high in all experiments. On the other hand, test results show a
signi�cant increase of AUPRC with both auto-tuning strategy, with the grid
search leading a better outcome than the Bayesian optimizer. Figures 3 and 4
in Appendix 6 show the ROC and precision-recall curves of hyperSMURF and
parSMURF.

These results further show that �ne tuning of learning parameters is fun-
damental to signi�cantly improve prediction performances, showing also that
parSMURF is a useful tool to automatically �nd �near-optimal� learning pa-
rameters for the prediction task under study.

Assessment of the e�ect on prediction performance of the variants
imbalance across regulatory regions.

As recently pointed out in [110], pathogenic scores predicted by several
state-of-the-art methods are biased towards some speci�c regulatory region
types. Indeed also with Mendelian and GWAS data the positive set of vari-
ants is located in di�erent functional non-coding regions (like 5'UTR, 3'UTR
or Promoter) and is not evenly distributed over them. This is also the case
for the negative set (see Tables 4 and 5 in Appendix 6). Because of this
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imbalance, performances of di�erent categories are di�erent as already men-
tioned by Smedley et al. for the ReMM score on the Mendelian data [108].
It is possible that our parSMURF parameter optimization will favor di�er-
ent categories because of the number of available positives and the di�erent
imbalance between positives and negatives across di�erent genomic regions.
To show that the optimization is robust to this characteristic of the data we
compared performances on each genomic category before and after parameter
optimization. Variant categories have been de�ned through Jannovar [269]
using the RefSeq database.

Then we retrained and re-optimized the parameters on a training set using
cytoband-aware cross-validation, where all categories have the same imbal-
ance by subsampling negatives to the smallest imbalance of the categories.
More in detail, we used the following strategy: (1) sub-sample the negatives
to the same imbalance in all categories. Mark the variant if it is in this
new subset; (2) partition the whole dataset into 10 folds as done previously;
(3) for each training step select only the previously marked variants of the
9 training folds; (4) sub-sample the test set using the same categorization
and ratios as in (1). To take into account the variability between runs, we
repeated this process 10 times for the Mendelian dataset and 5 times for the
GWAS dataset. Using this strategy both training and test sets are equally
�per region balanced�, so that category unbalance is kept under control and
we can correctly evaluate whether our approach may unnaturally in�ate pre-
dictions towards a speci�c region due to the original per-region imbalance of
both datasets.

Table 3.9: Summary of the performance improvements obtained by
parSMURF by tuning its learning parameters with the GWAS Catalog
dataset. Results are averaged across 10 repetitions of the 10-fold cytoband-
aware cross-validation. "AUROC avrg" and "AUPRC avrg" are averaged
across the 10 folds. Default par: nParts 100, fp 2, ratio 3, nTrees 10, mTry
5.

AUROC average AUROC stdev

Default parameters 0.99426 0.00169
Grid search 0.99459 0.00174
Bayesian optimizer 0.99346 0.00193

AUPRC average AUPRC stdev

Default parameters 0.48058 0.07138
Grid search 0.72533 0.03616
Bayesian optimizer 0.71945 0.03675
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Results are shown in Figures 5 and 6 of Appendix 6: for all variant cate-
gories we see a performance gain or similar performance in parSMURF with
respect to hyperSMURF for both the Mendelian and GWAS data set, suggest-
ing that parSMURF is robust to the categorical composition of the variants.
Moreover in the �per region balanced� setting AUPRC results are systemat-
ically better with the Mendelian data set (Figure 5, Appendix 6) and quite
always better or comparable with the GWAS data (Figure 6, Appendix 6).
These experimental results show that both hyperSMURF and parSMURF can
properly handle di�erent imbalances of variant categories, by using "smart"
balancing techniques on the training set able to both balancing and at the
same time maintaining a large coverage of the available training data. The
increase of performance of parSMURF with respect to hyperSMURF is not
driven by the under- or over-representation of variants belonging to a partic-
ular region type, but by its capacity of automatically �ne-tuning the set of
its hyper-parameters, according to the given task at hand.

Analysis of the hyper-parameters

Since we adopted cross-validation techniques to estimate the generaliza-
tion performance of the models, we averaged the best parameters values
separately estimated for each fold, in order to obtain a single set of optimal
parameters. Tables 1 and 2 of Appendix 6 show the sets of best hyper-
parameters found by both the optimization techniques with the Mendelian
and GWAS datasets.

Of the 6 hyper-parameters, we noticed that nParts, fp and ratio are the
main factors that drive the performance improvement. Fp and ratio hyper-
parameters provide the rebalancing of the classes. A larger fp value translates
into a larger number of positive examples generated through the SMOTE al-
gorithm (see Section Methods), thus reducing the imbalance between positive
and negative examples in the training set: Tables 1 and 2 of Appendix 6 show
that enlarging the ratio of novel positive examples parSMURF improves re-
sults over hyperSMURF, and con�rm that �ne-tuned balancing techniques
can improve the results. The ratio hyper-parameter controls the ratio be-
tween negative and positive examples of the training set. Results in Tables
1 and 2 of Appendix 6 show that values larger than the default ones improve
performance, since in this way we can both reduce the imbalance between
negatives and positives (for the Mendelian data sets we move from 36000 : 1
to 10 : 1, and for GWAS from 700 : 1 to 10 : 1), and at the same time we
maintain a relatively large coverage of the negative data (in each partition
negative examples are sampled in such a way to obtain ten negatives for each
positive of the training set).
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The results also show that a larger coverage of negative examples is ob-
tained by incrementing the nParts hyper-parameter, since by increasing the
number of partitions, less negatives are discarded. Moreover more random
forests are trained thus improving the generalization capabilities of the hyper-
ensemble. Finally, for the GWAS dataset, the mtry hyper-parameter plays a
fundamental role in the increment of the performance, due to the high num-
ber of features of the dataset. Overall, the analysis of the hyper-parameters
con�rms that their �ne tuning is fundamental to improve the performances
of the hyper-ensemble.

3.2 parSMURF-NG and ParBigMen

Encouraged by the promising results of parSMURF, we further devel-
oped its core concepts to increase its scalability and prediciton accuracy.
In this section we present a newly developed version of parSMURF called
parSMURF-NG(ParSMURF New Generation), together with its future ap-
plication in the context of precision medicine: we plan to expand the original
Mendelian dataset with new pathogenic variants and genomic features, and
incorporate parSMURF-NG in the next version of Genomiser [108]. This,
however, requires a massive amount of computational power: for this reason,
we applied to the 21st PRACE (Partnership for Advanced Computing in Eu-
rope) call, and the project was awarded with 50 million computing core-hours
for pursuing these goals.

This section summarizes the motivations and technical details of the
whole project, called ParBigMen (ParSMURF application to Big genomic
and epigenomic data for the detection of pathogenic variants in Mendelian
diseases), as illustrated in the PRACE project proposal.

3.2.1 Motivation

Starting from the premises introduced by parSMURF, we already estab-
lished that variant identi�cation and analysis of NGS data plays a central
role in genomic and personalized medicine, and has been �nally made feasi-
ble by high-throughput bio-technologies and Arti�cial Intelligence. We also
already stated that while disease-associated variants which fall in protein-
coding areas of the DNA are fairly well studied [243, 244], the understanding
of the impact of variants occurring in the non-coding regions of the genome
is largely incomplete. Nonetheless, several studies showed that most of the
potential pathogenic and deleterious variants do not lie in the coding areas of
the genome [246], hence the scienti�c community started to shift its attention
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towards the understanding of non-coding portions of the genome.
However, facing this task with traditional Machine Learning methods has

been proven to be particularly challenging for several reasons, most of which
are related with the sparsity of pathogenic mutations among the �sea� of
the neutral variants: from a machine learning standpoint, this ultimately
translate to a high unbalance between classes of examples to be learned,
leading to a very challenging classi�cation problem.

The imbalancing problem has been addressed in hyperSMURF which,
compared to other approaches, reaches state-of-the-art results in terms of
accuracy of predictions when dealing with extremely unbalanced datasets.
hyperSMURF represents the evolution or ReMM (Regulatory Mendelian Mu-
tation), the ML core of Genomiser [2], a whole genome analysis framework
which is able to score the relevance in terms of pathogenicity and delete-
riousness of a variant in the non-coding portions of the genome, and as-
sociate regulatory variants to speci�c Mendelian diseases. In Genomiser,
hyperSMURF is trained with a dataset composed of 406 manually curated
pathogenic Mendelian SNVs and more than 14 million of neutral SNVs, all
belonging to non-coding genome. Each SNV is annotated with 26 genomic
features, including conservation scores, transcription and regulation anno-
tations, DNAse hypersensitivity and more. In the Genomiser framework,
hyperSMURF trained with this dataset is called ReMM model (Regulatory
Mendelian Mutation) and a score is assigned to each SNV (ReMM score),
predicting the deleteriousness of each position. As Genomiser and the ReMM
scores have been extensively used by the scienti�c community working in this
�eld, our proposal represents a natural follow up of the research work per-
formed for these tools, and it is aimed to improve the identi�cation of new
pathogenic SNVs in non-coding regions. However, computational requests
for advancing this research are very high and they are only feasible with the
use of a HPC system.

Originally, ReMM scores were evaluated with the hyperSMURF initial
software implementation, which was written in the R programming language;
due to its ine�ciency, we only managed to perform a very brief tuning of
its learning hyper-parameters. However, in [254] we showed that hyper-
SMURF hyper-parameter tuning plays a major role in providing accurate
predictions. For overcoming the limitations of hyperSMURF, we developed
parSMURF - as discussed in section 3.1 - that thanks to its e�cient imple-
mentation aimed to multicore and multinode architectures, and several auto-
tuning features, is able to improve the quality of the learner, thus improving
the predictions altogether. This, however, required a dedicated infrastruc-
ture to be accomplished: we used Cineca Marconi SKL computing power
for the auto-tuning of the learner hyper-parameters over the Mendelian SNV
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dataset, reducing the computational time from 18 years (estimated - using a
single core machine) to less than two weeks: for this reason, such task cannot
be faced without an adequate computing power that nowadays is available
only on HPC facilities.

As a natural evolution of the work performed on ReMM, hyperSMURF and
parSMURF, we developed a newer version of the algorithm, called parSMURF-
NG, with several goals in mind, more in detail:

� the release of the highly parallel parSMURF-NG application able to
scale with big data and to fully exploit the High Performance Com-
puting architectures for relevant prediction problems in the context of
Personalized and Precision Medicine

� the application of parSMURF-NG to big omics data, where a large
number of features will be investigated and used to predict pathogenic
variants. We expect to obtain breakthrough models able to achieve a
signi�cant advance in state-of-the-art prediction of pathogenic variants
in Mendelian and complex genetic diseases.

� the evaluation and release of new ReMM scores to the entire scienti�c
community for the prioritization of pathogenic and deleterious SNVs.

We expect to achieve breakthrough results in the prediction of Mendelian
pathogenic variants, and to embed parSMURF-NG into Genomiser, the state-
of-the-art tool for the molecular diagnosis of Mendelian diseases, in collabo-
ration with the US Jackson Lab.

We also want to remark the interdisciplinarity of this approach, as its
impact may be relevant in di�erent contexts: starting from the method and
its implementation, we point out that its high level of parallelism and its
programming model may be taken as a paradigm for introducing a new class
of automatic learning methods speci�cally designed for HPC infrastructures.
Also, parSMURF-NG is designed for genomic problems, but it can easily be
adapted for dealing with di�erent kinds of highly imbalanced dataset and
for providing di�erent classes of outcomes, hence expanding its usability in a
broader range of contexts. Finally, the impact of the newly predicted scores
can transcend its usage in genomic and precision medicine, as nowadays even
more medical research studies uses heterogeneous data, explicitly taking into
account inside its mathematical model the role of genomic pool.

However, even by using the newly developed and more e�cient parSMURF-
NG, this project requires exceptional computational resources, only available
in specialized HPC facilities. To this end, we applied to the 21st PRACE open
access call for high impact scienti�c discovery and engineering research & de-
velopment: this project is among those that hava been awarded with Tier-0
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computing resources on European High Performance Computing centers, and
we have been granted 50M core-hours on the SuperMUC-NG partition of the
Leibniz Supercomputing Centre in Garching (Munich, Germany). This su-
percomputer is in the top 10 ranking of the current TOP500 list; also, the
equivalent estimated value of the awarded computing time is approximately
half a million Euros.

3.2.2 From parSMURF to parSMURF-NG

parSMURF-NG has been developed from the ground up taking parSMURF
as reference and, at the best of our knowledge, is the only HPC-oriented
machine learning software able to cope with extremely unbalanced genomic
dataset. parSMURF-NG is the parallel version of hyperSMURF and the
more e�cient and Big Data oriented version of parSMURF. The e�ectiveness
of the learning strategy common to all implementations has been shown in
[109] where we compared our learning approach with several other tools for
automatic learning applied to genomic and personalized medicine: we showed
that hyperSMURF outperformed all the considered alternative tools. Also,
hyperSMURF has been used to evaluate Regulatory Mendelian Mutation
(ReMM) scores for relevance prediction of non-coding variations in the hu-
man genome [108] used in the state-of-the-art tool Genomiser. For these
reasons, we believe that parSMURF-NG will be the ideal tool for identify-
ing pathogenic and deleterious SNVs, given the expanded dataset with new
genomic features, and to evaluate new ReMM scores.

From a technical standpoint, parSMURF-NG is written in C++. The
choice of this programming language is given by the pursuit of uncompro-
mised performance, e�ciency and optimal memory usage, as the algorithm
is very CPU intensive and the size of dataset to be processed is in the or-
der of tens of Gigabytes; such goals are not really obtainable with other
programming languages: as a matter of fact, the original hyperSMURF is
implemented in the R programming language and the di�erence in e�ciency
and execution times is tenfold. Also, using C++ allowed us to �ne tune the
performance of the implementation depending on the underlying hardware
con�guration: the code is optimized for standard x86-64 processors, but,
for instance, it also exploits the additional features of Intel XeonPhi CPUs.
Also, interfacing with the MPI library and manually managing each MPI
operation allowed us to �ne tune synchronization and intercommunication
between processes.

A small part of the code � the Bayesian Optimizer core � is written in
Python. This is justi�ed by the fact that one of the strategies for �nding the
optimal set of learning hyper-parameters is based on Bayesian Optimization.
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One popular, e�ective and highly con�gurable package for this task is skopt,
included in the SciKit Learn library, also written in Python. We also con-
sidered the package spearmint, as in the previous version of parSMURF, but
its di�culty in con�guration and usage made us prefer skopt.

parSMURF-NG is mostly self-contained and it does not require partic-
ular libraries or external applications. This makes parSMURF-NG code
extremely portable and can be compiled on any platform that provides a
C++11/14 compiler and an implementation of the MPI library (mandatory).
The main machine learning strategy of parSMURF-NG is the random forest
algorithm. We use the Ranger library1 to provide this functionality. Also,
K-Nearest Neighbor search strategy for the SMOTE oversampling method
is provided by the ANN library2. Code of both libraries is included in the
parSMURF-NG repository, as they have been heavily modi�ed for the use
in our codebase. parSMURF-NG relies on a few utility libraries, namely
Easylogging++3, Zlib4, jsoncons5 and getopt. Code for these libraries is
downloaded at compile time. Bayesian Optimization is done through the
skopt Python package. This requires Python 3.5 (or newer), but it is not
mandatory if Bayesian Optimization is not performed.

One of the major constraint that limited the scalability of parSMURF over
hundreds of computing nodes was its master-slave(s) programming paradigm:
under this model, a single master process orchestrates a pool of workers.
Although being a rational model, as the master process manages the data
to be sent to and received from each worker and also manages the execution
�ow orchestrating the execution of the workers, this imposes a severe limit
to the scalability, as the workload on the master process increases with the
number of workers. As an extreme case, several workers may be idle, waiting
the master process to send them the data to be processed, thus a�ecting the
global e�ciency of the approach.

On the opposite, parSMURF-NG has been re-designed to circumvent this
limitation: we chose a parallel programming model where a set of processes
independently work on several subsets of the dataset. In this model, a rel-
evant coordination and synchronization occurs only when the �nal results
need to be collected, hence maximizing e�ciency and scalability. This ap-
proach guarantees that each process is a worker and no orchestration by a
master is required. In almost all the execution �ow, each worker is in charge
of autonomously read the data that it needs for performing the assigned com-

1https://github.com/imbs-hl/ranger
2https://www.cs.umd.edu/~mount/ANN/
3https://github.com/amrayn/easyloggingpp
4https://zlib.net/
5https://github.com/danielaparker/jsoncons
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putation, and is in charge as well of synchronizing itself with the rest of the
pool: this has the dramatic e�ect that, by increasing the number of workers,
scalability is not a�ected (if not marginally), hence hundreds of processes -
and hundreds of computing nodes - can e�ciently work for solving a single
task. However, we have to remark that, although being minimal, additional
synchronization is required during parameters tuning.

In parSMURF-NG di�erent strategies have been employed to reach a
high degree of parallelization at nested levels: computation is distributed
across nodes of an HPC facility using the MPI library, which also manages
intercommunication between processes. Inside each node, parallelization is
performed through threading by using the low-level C++ 11/14 STL threads
library. The previous version of parSMURF relied on OpenMP 2, but exper-
imental results showed that this approach did not scale well with the number
of computing threads, due to major overheads in scheduling and threads
management. On the contrary, C++ threads library has been proven to be
very e�cient even in architectures featuring a very high core-per-package
count, such as Intel XeonPhi CPUs. Lowest level of parallelization occurs at
instruction level, as the access pattern for data from memory is optimized so
that x86-64 vector instructions can be used. Also, code is optimized so that
automatic vectorization and unrolling of loops is performed at compile time:
this is particularly important in Intel XeonPhi processors, as by exploiting
512-bit registers and AVX-512 instruction set allows major speed-ups.

I/O usage during the execution of parSMURF-NG is time-wise limited,
as access to storage and networking occurs only at the beginning of the ex-
ecution, when each process reads the data from the (network) �le system,
and at the end of the computation, when results are gathered to rank 0 and
saved to disk; this last operation, however, does not represent a bottleneck
in computation as, due to the small size of the output �le, requires a few
seconds to be completed (tests performed on real HPC systems). Additional
I/O access due to synchronization occurs in hyper-parameter tuning. How-
ever, data import can stress the I/O infrastructure a lot, as the entire pool of
MPI processes accesses the dataset at the same time and must import a great
amount of data. This impacts the performance of the I/O stage especially in
Network File Systems (NFS) as those used in all major HPC facilities. For
this reason, I/O operations (disk read and write, network access) involve the
use of the MPI library and are optimized to use the underlying hw infras-
tructure. Preliminary tests with non-MPI disk operation functions (standard
C++ STL) which disregards the HPC optimized I/O capabilities turned into
a 75× increase of import time in the Marconi KNL system (20 seconds vs.
25 minutes for importing 12GB of data over 128 MPI processes). Hence, we
cannot stress enough how an optimized I/O infrastructure is relevant in keep-
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ing the execution time low. The dataset is composed of two �les: a matrix in
plain text or binary format, and a labeling �le. Depending on the problem,
they can span from a few KiloBytes to dozens of GigaBytes. Results are
stored in a single �le containing a vector of �oating-point numbers (one for
each sample in the dataset).

One of the tasks of the project - actually, the �rst - is dataset preparation
as the rare Mendelian Single Nucleotide Variant dataset needs to be expanded
with new features. This requires raw data downloads from publicly available
repositories and a small pre-processing - i.e. aggregation of several datasets
and some elementary �ltering and statistical (average, minimum, maximum,
etc. . . ). This dataset enrichment, data upload and feature selection will be
performed in batches: once a su�cient number of features have been added
to the SNV dataset, this is transferred to the data center for feature selection
with the wrapper method (parSMURF-NG itself).

3.2.3 ParBigMen: a project to boost prediction of pathogenic
Mendelian variants

In this PRACE project, we will use the newly implemented parSMURF-
NG, which further improves the e�ciency and scalability of our approach, in-
cluding at the same time all the functionalities of parSMURF. As parSMURF-
NG is already in production stage and has already been extensively tested
on several HPC facilities, the pursuit of the goals of this project requires two
macro tasks:

1. the creation of an enlarged new dataset of Mendelian SNV

2. the production of new ReMM scores by �nely tuning parSMURF-
NG on the Mendelian dataset.

For task 1., the starting point is the original Mendelian SNV dataset ini-
tially used for evaluating the ReMM scores. This dataset is composed of
more than 14 million SNVs, out of which only 406 are marked with very
high probability to be pathogenic or deleterious, with evidence from state-
of-the-art literature. Each SNV is characterized by 26 genomic attributes
comprehensive of conservation scores, DNAse hypersensitivity, transcription
and regulation annotations, methylation and more. From a computational
standpoint, the original dataset is a matrix of 14M x 26 �oating point ele-
ments.

Expanding this dataset requires the identi�cation of new deleterious or
pathogenic SNVs and the annotation of each SNV with new genomic at-
tributes (features). Adding new deleterious SNVs not only reduces the im-
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balance between classes, but also introduces novel essential information about
pathogenic variants located in di�erent regulatory regions, thus enlarging the
availability of positive SNVs to train the ensemble model. Moreover, adding
new genomic attributes to the Mendelian dataset overcomes one of the lim-
itations of the original approach, that is training a model with a dataset of
few genomic features for reducing the empirical time and space complexity
of the task.

More in detail, regarding the addition of newly discovered pathogenic or
deleterious SNVs, we already identi�ed more than 80 new variants that are
going to be added to the dataset, thanks to the collaboration with the Jack-
son Lab. As for the set of the new genomic features, we plan to use omics
features from the ENCODE Project6, UCSC Genome7 and the International
Human Epigenomic Consortium8. We will enlarge by two orders of magni-
tude the number of informative genomic attributes to better characterize the
deleterious and pathogenic SNVs in order to further improve the quality of
the predictions.

Speci�cally, preparing the raw features requires to download the raw data
from the available repositories, and pre-process and aggregate them, as data
in these repositories are subject and tissue speci�c. Numerical data pre-
processing can be performed by applying simple statistics, such as mean,
standard deviation, minimum, maximum, etc. After pre-process, the result-
ing feature is a vector of �oating point values that will be added to the
existing SNV dataset.

Finally, as not all the computed features are equally informative, some
methods of feature analysis and selection must be applied, either by running
the parSMURF-NG application with the new set of features and compare to
the existing results, or independently from the application, by applying uni
and multivariate techniques for feature relevance analysis.

The whole process can be executed iteratively, as we can collect data,
generate a set of features (for instance 50), test them using a wrapper method
(i.e. with parSMURF-NG itself), keep only the most informative and then
repeat the process with the newly enriched dataset. We remark that the
most time consuming operation in these steps is the features evaluation with
parSMURF-NG, as the download and pre-process steps are almost sequential
and can be automated with the use of Python scripts. Incidentally, evaluation
with parSMURF-NG is also the step that mostly requires the usage of Tier-0
resources, while the rest can either be executed on the HPC facility - this

6https://www.encodeproject.org/
7https://www.genome.ucsc.edu/
8https://ihec-epigenomes.org/
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may come handy for preserving the raw data in case further analysis might
be required - or o�ine. We also remark that as the �rst batch of features is
ready, we can start using parSMURF-NG at its full potential: this means that
HPC usage will start within the �rst two weeks from the project allocation.

The task 2. will be performed when a relevant and highly informative
set of features is added to the Mendelian SVN dataset. In this step we will
use this newly constructed dataset with parSMURF-NG for producing a new
set of ReMM scores. This is the most computing intensive task of the whole
project, as we need to fully explore the hyper-parameter space with the auto-
tuning technique for ensuring the best possible performance of the learning
algorithm. For this reason, the use of Tier-0 resources for this task is manda-
tory, to provide the computational infrastructure needed for running such a
complex task in a feasible amount of time. We remark that task 2. can also
start before the end of the feature selection stage, as we can also consider
the SNV dataset composed by all the new evaluated features - i.e. without
feature selection. In this way, at the end of task 2. we will have two di�erent
models: one generated by training parSMURF-NG with the dataset compris-
ing all the available features, and one by training parSMURF-NG with the
dataset comprising a subset of asserted most informative features.

3.2.4 Scalability results with parSMURF-NG

At present time, we extensively tested the scalability performance of
parSMURF-NG in two datacenters featuring di�erent hardware architectures.
As this is a proposal for a future work, we do not have results concerning the
evaluation of the new ReMM scores. However, performance of the learning
strategy has been validated by repeating the tests over the Mendelian and
GWAS datasets presented in the previous section, obtaining the same results,
thus con�rming the state-of-the-art preformance of the algorithm.

The experiments presented in this section have been performed in the
context of PRACE Access calls: in special calls, research groups are awarded
with a limited amount of computing core-hours on HPC infrastructure of
choice, with the aim of testing the scalability of software solution that will
concur in the actual PRACE calls. For us, we applied to the PRACE Type A
Preparatory Calls 2010PA5046 and 2010PA5332, both awarded with 100000
core-hours on Cineca Marconi KNL partition for the �rst call) and 50000 on
the HLRS Apollo HAWK for the second.

Results have been o�cially presented on the two �nal reports that have
been submitted to the PRACE consortium. In this section we report the
main scalability results obtained with synthetic data.

73



3. A HPC hyper-ensemble ML system for the genome-wide

prediction of pathogenic variants in the non-coding DNA

Scalability of parSMURF-NG over synthetic data

The production code of parSMURF-NG has been extensively tested on
multiple HPC infrastructures. As a matter of fact, we evaluated its scalability
performance under a synthetic dataset on Cineca Marconi KNL and HLRS
Apollo Hawk partitions. Code has also been tested and used on Cineca
Galileo and Marconi SKL partitions, but no o�cial scalability tests have been
performed there. Hardware speci�cations of the two systems are summarized
in Table 3.10.

Table 3.10: Summary of the speci�cation of the HPC systems used for evau-
lating the scalability of parSMURF-NG.

Cineca Marconi
A2 KNL partition

HLRS Apollo
HAWK partition

CPU Family
Intel Xeon-Phi
Knights Landing AMD Rome

CPU Specs
68 cores
(4x hyper-threading)
1.4 GHz

64 cores
(2x hyper-threading)
2.24 GHz

CPUs per node 1 2
Memory per node 96 GBytes 256 GBytes
Number of nodes 3600 5632
Interconnection:
brand, topology
and speed

Intel Omnipath
2:1 Fat-tree
100GBit/s

Intel In�niBand HDR200
Enhanced 9D-Hypercube
200 GBit/s

On both systems, we followed the gold standard rules for assessing the
performance, that is evaluating both strong and weak scalability. The former
requires to solve for several times a problem of �xed size, each time by grad-
ually increasing to computational power assigned to the task. This means,
creating a single dataset and running di�erent simulation with an increasing
numbers of CPU cores or computing nodes. Ideally, the speed-up would lin-
early increase with the number of added computing resources, i.e. if n cores
require time t for solving a problem, using 2n cores would require t/2 time,
hence obtaining a speed-up of 2x.

On the other hand, weak scalability is a di�erent approach for measuring
the performance of a parallel implementation, as this requires to solve several
times a problem whose size is proportional to the employed computational
power. This means creating di�erent datasets of increasing size and solving
the respective problem employing a likewise increasing amount of computa-
tional resources. Ideally, the computing time among runs would be the same,
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i.e. if a problem of size d is solved in t time using n CPU cores, a problem
of size 2d would be solved again in t time by using 2n CPU cores.

To insure comparability of the results, we performed the same tests on
both systems, as the task to be solved was the same in terms of algorithm
parameters and hyper-parameters. The only di�erence was in the number of
computing threads assigned to each MPI process, as AMD Rome architecture
manages less threads per package than Marconi's Intel XeonPhi processors.
This also explains the di�erence in total computing time. The software was
compiled with Intel ICC on Marconi KNL and with AMD AOCC on HLRS
Hawk, using the same set of optimizations (whenever possible).

Scaling tests were executed by launching the same con�guration several
times, each time increasing the number of computing nodes from 1 to 128
following the power-of-2 law. On Marconi KNL, each MPI rank was in-
structed to launch 8 threads for partition processing, each of them managing
24 threads for random forest train and test and 4 threads for oversampling
of the minority class, hence the total number of threads on each node is
8*(24+4)=224. To stress-test the inter-nodes intercommunication capability
o�ered by the infrastructure, we forced the allocation of MPI processes so
that each MPI rank was assigned to a di�erent node.

On Hawk, each MPI rank was instructed to launch 8 threads for partition
processing, each of them managing 16 threads for random forest train and
test and 1 thread for oversampling of the minority class, hence the total
number of threads on each node is 8*16=128. As each Hawk node features
two 128-cores processors, two MPI processes have been assigned to each node.

For the strong scalability test we used a matrix of 30M rows and 100
columns, with a label �le of 30M elements. Out of the 30M samples, 2000
are marked as belonging to the minority class (1) and the rest are marked as
negatives (0) in the label �le. Out of the 100 features, only 20 are informative
of each sample class, while the rest is randomly generated.

For the weak scalability test we generated three groups of datasets, each
one with a di�erent number of rows and di�erent proportion of positives.
However, all datasets have the same number of columns (50), out of which
only 15 are signi�cant. Datasets for weak scaling are summarized in Figure
3.10. All the datasets used in the following tests are similar in size to the
�nal dataset that will be used in the proposed project.

Strong scaling

As before, for the evaluation of strong and weak scaling we followed the
classic experimental setup for the assessment of the performances of parallel
algorithms [261].
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Figure 3.10: Summary of the datasets used for evaluating weak scaling of
parSMURF-NG.

We evaluated the algorithm on the two HPC systems, and the results
are reported in Figure 3.11 and show a remarkable speed-up (up to 91x on
Marconi KNL and 100x on Hawk) at a very high e�ciency. Although the
speed-up between the two systems is comparable, Hawk runs apparently take
considerably more time: this is due to the lower number of cores-per-node
of the machines in this system - actually, the number of threads-per-node,
as XeonPhi processors are able to schedule 4 threads per computing cores,
compared to 2 of the AMD Rome architecture. This experiment fully ful�lls
our expectations in terms of scalability and e�ciency; moreover, results are
impressive on both architectures and are obtained by simply recompiling
the code. Also, results show that parSMURF-NG is more than capable of
dealing with Big Data, as memory consumption is well-optimized and should
be capable of processing larger dataset.

Weak scaling

Real-world genetic problem designed to be solved with parSMURF-NG are
always �xed-sized, thus it is very unlikely that a variable-size dataset needs
to be processed with this software. Also, weak scalability is harder to mea-
sure for parSMURF because the computational complexity of the problem
strongly depends on the number of samples assigned to the minority class,
rather than the total number of samples of the dataset. For these reasons
we believe that tests performed under the strong scalability setup provide a
more fair and impartial analysis of the behavior of the algorithm. However,
to prove that results are only dependent on the number of minority class
samples, we designed three experimental setups di�ering only in the dataset
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Figure 3.11: Strong scaling results of the Hawk system (green) and Cineca
Marconi KNL partition (blue). Speed-up (left), e�ciency (right) and ac-
tual times (bottom) of parSMURF-NG using a �xed size problem (strong
scaling). In both graphs, x-axis shows the number of computing nodes. Ef-
�ciency shown in percentage. Each rank was launched with the following
con�guration: 8 threads for partition processing, 16 threads for random for-
est model generation and test, so the total number of threads for each rank is
128. parSMURF-NG hyper-parameters used on this test: nParts=256, fp=1,
ratio=1, k=5, nTrees=50, mtry=�default�. Dataset is composed by 30000000
samples (2000 positives), each one having 100 features. parSMURF-NG was
con�gured to execute a 10-fold cross-validation on the dataset.
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composition (see Figure 3.10). In the �rst run, we used a series of datasets
whose size and number of positive samples increase proportionally with the
number of computing nodes. Results are shown in Figure 3.12. E�ciency
rapidly decreases, but results are misleading, since the same curve (Figure
3) can be obtained with a di�erent experimental setup. Curves in Figure
3.13 have been obtained just by changing the distribution of samples: in
this experiment we keep the datasize �xed to 2000000 samples, but we pro-
gressively increase the number of samples belonging to the minority class,
in proportion with the number of assigned computing nodes (see Table 1).
Computing time and e�ciency are comparable to the previous experiment.
Finally, we devised a third experimental setup for which the total number
of samples increases as in the �rst experiment, but the number of samples
belonging to the minority class is �xed (2000 samples). Results are reported
in Figure 3.14, and again are very misleading: dataset composition follows
the gold standard rule for the evaluation of weak scalability, however results
show a superscalar behavior.

These contradicting results may be caused by di�erent reasons. From the
table in Figure 3.10 and the graphs in Figures 3.12, 3.13 and 3.14 we see
a clear indication that the computational complexity is correlated with the
number of examples in the minority class. This is justi�ed by the fact that
the partition size is ultimately set by the number of examples in the minority
class assigned to each partition. Another reason is that the workload does
not proportionally increase with the partition size, as more burden is placed
in the training of the base learners: this could be addressed by increasing the
number of computing threads assigned to the random forest training, but we
have not explored this possibility in this speci�c testing phase.

3.3 Conclusions

In this Chapter we presented parSMURF, a High Performance Comput-
ing tool for the prediction of pathogenic variants, designed to deal with the
issues related to the inference of accurate predictions with highly unbalanced
datasets in a genomic medicine context. We showed that hyperSMURF, de-
spite its encouraging results with di�erent genomic data sets, su�ers from two
major drawbacks: a very demanding computing time and the need of a proper
�ne tuning of the learning parameters. The proposed parSMURF method
provides a solution for both problems, through two e�cient parallel imple-
mentations - parSMURF1 and parSMURFn - that scale well with respectively
multi-core machines and multi-node HPC cluster environments.

Results with synthetic datasets show that parSMURF scales nicely with
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Figure 3.12: Weak scaling results (setup 1) of the Hawk system (green)
and Cineca Marconi KNL partition (blue). Computing time (left), e�ciency
(right) and actual times (bottom) of parSMURF-NG using a variable size
problem with proportional increment of both positive and negative samples
(weak scaling). In both graphs, x-axis shows the number of computing nodes.
Computing time in seconds. E�ciency shown in percentage. Launch con�g-
uration and hyper-parameters as per Figure 3.11. Data size is proportional
to the number of computing nodes: 1 node / 250000 samples (250 positives),
2 nodes / 500000 samples (500 positives), up to 128 nodes / 32000000 sam-
ples (32000 positives). Each sample has 50 features. parSMURF-NG was
con�gured to evaluate only one fold out of a 10-fold cross-validation on the
dataset.
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Figure 3.13: Weak scaling results (setup 2) of the Hawk system (green)
and Cineca Marconi KNL partition (blue). Computing time (left), e�ciency
(right) and actual times (bottom) of parSMURF-NG using a variable size
problem with proportional increment of both positive and negative samples
(weak scaling). In both graphs, x-axis shows the number of computing nodes.
Computing time in seconds. E�ciency shown in percentage. Launch con�g-
uration and hyper-parameters as per Figure 3.11. Data size varies di�erently
with regard to Figure 3.12. The total number of samples is �xed (2000000),
but the number of positive in each run varies proportionally to the num-
ber of computing nodes: 1 node / 2000000 samples (250 positives), 2 nodes /
2000000 samples (500 positives), up to 128 nodes / 2000000 (32000 positives).
Each sample has 50 features. parSMURF-NG was con�gured to evaluate only
one fold out of a 10-fold cross-validation on the dataset.
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Figure 3.14: Weak scaling results (setup 3) of the Hawk system (green)
and Cineca Marconi KNL partition (blue). Computing time (left), e�ciency
(right) and actual times (bottom) of parSMURF-NG using a variable size
problem with proportional increment of both positive and negative samples
(weak scaling). In both graphs, x-axis shows the number of computing nodes.
Computing time in seconds. E�ciency shown in percentage. Launch con�g-
uration and hyper-parameters as per Figure 3.11. Data size varies di�erently
with regard to Fig. 3.12 and 3.13. The number of positive samples is �xed
(2000), but the number of total samples in each run varies proportionally to
the number of computing nodes: 1 node / 250000 samples (2000 positives), 2
nodes / 500000 samples (2000 positives), up to 128 nodes / 32000000 (2000
positives). Each sample has 50 features. parSMURF-NG was con�gured to
evaluate only one fold out of a 10-fold cross-validation on the dataset.
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large data sets, introducing a sensible speed-up with respect to the pure
sequential version. Especially for large data sets, as expected, we should
prefer the hybrid MPI-multi-thread version parSMURFn, while for relatively
smaller datasets we can obtain a reasonable speed-up also with the pure
multi-thread version parSMURF1 that can run also with a o�-the-shelf laptop
or desktop computer, by exploiting the multi-core architecture of modern
computers.

parSMURF features two di�erent and both e�ective strategies for the
auto-tuning of the learning parameters: the �rst is based on an exhaustive
grid search which proves to be e�ective in �nding the best combination of
hyper-parameters in terms of maximizing the AUPRC rating, but turns out
to be very computing intensive. The other strategy is Bayesian optimiza-
tion based and aims to �nd a near-optimal hyper-parameter combination
in a fraction of time compared to the grid search strategy. Experimental
results with Mendelian diseases and GWAS hits in non-coding regulatory
regions show that parSMURF can enhance hyperSMURF performance, con-
�rming that �ne-tuning of learning hyper-parameters may lead to signi�cant
improvements of the results.

The high level of parallelism of parSMURF, its autotuning hyper-parameters
capabilities and its easy-to-use software interface allow the user to apply this
tool to ranking and classi�cation problems characterized by highly imbal-
anced big data. This situation commonly rises up in Genomic Medicine
problems, since only a small set of �positive� examples is usually available
to train the learning machines. For this reason parSMURF can be a useful
tool not only for the prediction of pathogenic variants, but also for any im-
balanced ranking and classi�cation problem in Genomic Medicine, provided
that suitable big data are available for the problem at hand.

We also discussed a currently in progress extension of the work which will
be used for the evaluation of a new set of ReMM scores with the aid of the
newly developed parSMURF-NG: this new version overcomes a few minor
limitations of parSMURF and thanks to its improved scalability it repre-
sents the current state-of-the-art solution for dealing with highly imbalanced
dataset in the context of Genomic Medicine. The proposal has been awarded
by the PRACE consortium with 50 millions core-hours in the Leibniz Su-
percomputing Centre in Garching (Munich, Germany). The newly evaluated
ReMM scores will be made available through the new version of Genomiser,
the state-of-the-art tool for the molecular diagnosis of Mendelian diseases,
hence expecting to achieve a major breakthrough in this �eld and proposing
a major contribution to the scienti�c community.
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Chapter 4

GPU-Based Deep Neural

Networks for the tissue-speci�c

prediction of active regulatory

regions in the human genome.

The annotation and characterization of tissue-speci�c cis-regulatory ele-
ments (CREs) in non-coding DNA represents an open challenge in computa-
tional genomics. Several prior works show that machine learning methods,
using epigenetic or spectral features directly extracted from DNA sequences,
can predict active promoters and enhancers in speci�c tissues or cell lines. In
particular, very recently deep-learning techniques obtained state-of-the-art
results in this challenging computational task.

In this study, we provide additional evidence that Feed Forward Neural
Networks (FFNN) trained on epigenetic data and one-dimensional convolu-
tional neural networks (CNN) trained on DNA sequence data can successfully
predict active regulatory regions in di�erent cell lines. We show that model
selection by means of Bayesian optimization applied to both FFNN and CNN
models can signi�cantly improve deep neural network performance, by auto-
matically �nding models that best �t the data.

Further, we show that techniques applied to balance active and non-active
regulatory regions in the human genome in training and test data may lead to
over-optimistic or poor predictions. We recommend to use actual imbalanced
data that was not used to train the models for evaluating their generalization
performance.
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4.1 Background

Non-coding DNA regions, which include 98% of the human genome, are
that part of DNA that does not encode for structural proteins and enzymes.
A subset of those regions, so-called cis-regulatory elements (CREs) determine
spatiotemporal patterns of gene expression [270, 271] and therefore play a key
role in the control of transcription. CREs are involved in the development
of di�erent cell types/tissues, in the timing and intensity of gene expression
during the cell life, in the dynamical response to changes in physiological con-
ditions through interactions with DNA-binding transcription factors (TFs),
and in the focal alteration of chromatin structure [272]. Genome-wide as-
sociation studies (GWAS) discovered thousands of variants associated with
diseases and traits enriched in non-conding sequences, and several lines of
research show that genetic variants in regulatory regions may be deleterious
or directly involved in genetic diseases [109, 99, 235].

A great deal of research has been devoted to the identi�cation of CREs
and to their cell-speci�c activation status. Such studies are essential to dis-
sect the mechanisms underlying the modulation of gene expression and to
understand the functional impact of genetic variants on human diseases. In-
deed, the e�ect of genetic variants in non-coding regions is strongly related to
the prediction of active regulatory regions (e.g. nucleosome-free regions that
are accessible by TFs). Conversely, if a genetic variant, even if potentially
deleterious/functionally constrained (e.g. high conservation), is located in
an inactive DNA region, it is less likely to be pathogenic.

Thus, great e�ort has been undertaken to map TF binding sites and
histone modi�cations across cell types and tissues [273, 274, 25, 275, 276].
In particular, the ENCODE project [25] identi�ed promoters and enhancers
in 147 cell types using a wide range of high-throughput technologies, while
the FANTOM project employed CAGE (Cap Analysis of Gene Expression)
technologies to broaden the spectrum of considered samples, including 1,816
human and 1,016 mouse samples [26, 277]. The Roadmap Epigenomics Con-
sortium [278] studied the epigenomic landscape of 111 representative pri-
mary human tissues and cell-lines. However, the experimental identi�cation
of CREs is still expensive and time consuming, and, despite the e�orts of the
above-mentioned projects, researches are still far from obtaining a compre-
hensive mapping of CREs across all cell types, disease status and develop-
mental stages.

The use of computational methods, and in particular machine learning
approaches, can be a crucial tool to identify the location and activation sta-
tus of these regions. To this aim, initial approaches, due to the reduced set of
reliable annotations, applied unsupervised learning techniques [122, 123] to
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data from the ENCODE project [25]. However, their low accuracy (around
26%) in predicting enhancer [279], pushed the development of more sophisti-
cated supervised learning models, such as random-forest methods [124] and
AdaBoost-based models [127]. The subsequent availability of large-scale and
high-resolution CREs provided by the FANTOM5 Consortium [26] enabled
the development of ensembles of support vector machines [126], and allowed
for more complex models, such as deep neural networks[136, 140].

Deep learning models signi�cantly contributed to the advance of machine
intelligence [280, 281, 282], providing the ability to model complex systems
and capture high-level patterns from data, when an underlying, even non-
obvious, structure is present.

Recently, deep learning methods have been applied in regulatory genomics
[283] and, in this context, the identi�cation of CREs shows promising results.
In particular, DeepEnhancer [136] uses CNNs to identify cell-speci�c en-
hancers from the genomic background using only sequence data; BiRen [135]
similarly uses a hybrid deep learning architecture that integrates a gated
recurrent unit-based bidirectional recurrent neural network and a CNN to
predict human and mouse enhancers from sequence data.

Considering that approaches that employ only DNA sequences do not
take into account the regulatory mechanisms encoded in the epigenetic data,
PEDLA [133] predicts enhancers by using an extensive set of heterogeneous
data (i.e. epigenomic, sequence, and conservation data) and a novel hybrid
architecture integrating a deep neural network and a hidden Markov model.
Interestingly, PEDLA iteratively learns from 22 training cell types/tissues
and achieves high accuracy when predicting across 20 independent test cell
types/tissues, showing high and consistent generalization performance across
samples

To improve the prediction capabilities of these methods by explicitly tak-
ing into account whether CREs are active in the considered cell-lines/tissues,
DECRES [140] uses FFNN to identify not only the presence of enhancers and
promoters, but also if they are active in a speci�c human cell-line. To this
end, authors extracted annotation data from FANTOM [284] and a wide set
of epigenomic features from ENCODE [25].

This method is able to predict active enhancers and promoters from non-
active regulatory regions, achieving high performance in all the considered
tasks and outperforming state-of-the-art unsupervised methods. Moreover,
DECRES predictions extend the FANTOM enhancer atlas of 16,988 bidirec-
tionally transcribed loci, therefore providing the most complete annotation
of CREs in the human genome so far. Nevertheless, DECRES exploits an ex-
perimental setup where both the training and the test sets are balanced, thus
distorting the actual distribution of the data. The training set is typically
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balanced to avoid the creation of a model which over�ts the over-represented
class, but the test set is kept unbalanced to avoid biasing the performance
estimation. The peculiar balancing scheme adopted by the authors of DE-
CRES poses the question how train and/or test set balancing a�ects classi�er
performance.

In this study, we show results obtained for predicting the activity state
of CREs. We developed two deep neural network models (a Feed Forward
Neural Network (FFNN) and a Convolutional Neural Network (CNN)) and
investigated how the chosen model and the experimental setup (i.e. the bal-
ancing of the training and the test set) in�uence performance. We apply
Bayesian optimization for model selection, and we analyze the impact of
di�erent balancing techniques on the overall results and performance evalu-
ation.

Our results show that: 1) model selection by Bayesian optimization has
the potential of improving performance; 2) CNN trained only on sequence
data are competitive with FFNN trained on combined and richer epigenetic
features, thus suggesting that multi-modal architectures can be applied in
this context; 3) experimental setup plays a central role in the evaluation
of the performance � we show that naive balancing techniques may lead to
over-optimistic evaluation of the results and to poor training results.

4.2 Data set

Machine learning algorithms were trained and tested on genomic (DNA)
regions of transcriptionally active enhancer and promoters downloaded from
FANTOM5 [26] and matched features collected by Yifeng Li et. al [140] from
ENCODE [25] for four cell lines, as follows: (GM12878, HelaS3, HepG2,
K562).

� GM12878: a lymphoblastoid cell line produced from the blood of a
female donor with northern and western European ancestry by EBV
transformation.

� HelaS3: an immortalized cell line that was derived from a cervical
cancer patient.

� HepG2: a cell line derived from a male patient with liver carcinoma.

� K562: an immortalized cell line produced from a female patient with
chronic myelogenous leukaemia (CML).
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Yifeng Li et. al [140] de�nes six di�erent classes, active enhancers (A-E),
active promoters (A-P), active exons (A-X) and their inactive counterparts
(I-E, I-P, I-X), using thresholds on tags per million (TPM) values of the
Cap Analysis of Gene Expression (CAGE) data set downloaded from the
FANTOM5 database1. Classes of active and inactive exons are de�ned based
on exon transcription levels from RNA-seq data downloaded from ENCODE2.
Finally, an unknown class (UK) labels regions sampled from the genome,
but excluding those regions overlapping FANTOM CAGE tags, exons and
DNaseI peaks. The employed genomic regions and thresholds, as well as the
considered features, are the same as those used in [140]. Table 4.1 provides
an overview of the class distribution in each cell line.

Table 4.1: For each data set (on columns) we report the number of samples
per class and the cardinality of the whole data set.

Labels HepG2 HelaS3 K562 GM12878

A-E 1465 1847 894 2878
A-P 11467 10759 10076 10816
A-X 9931 9123 9033 8226
I-E 34556 32179 34392 28156
I-P 96184 79004 82829 73891
I-X 19071 22071 20261 19078
UK 79417 81502 78081 80004
Total 252091 236485 235566 223049

To train and test FFNN methods, the feature set consisted of histone
modi�cation and TF binding ChIP-seq, DNase-seq, FAIRE-seq, and ChIA-
PET data from ENCODE [25] CpG islands and phastCons scores were in-
cluded in the feature set by computing the mean value of the feature signal
which falls within 200-bps bins centered at each labelled region.

To train and test CNN methods, we used sequence data obtained from the
human reference genome GRCh37/hg19 In particular, each genomic region
is represented by a sequence of 200 one-hot encoded nucleotides.

Thus, for each cis-regulatory element (regardless of labelling), we have two
di�erent representations: (1) a set of numeric features suitable for training
FFNN models [285], and (2) nucleotide sequences to be processed with CNN
models [286].

1FANTOM5 Data at http://fantom.gsc.riken.jp/5/data.
2ENCODE Data at ftp://hgdownload.cse.ucsc.edu/goldenPath/hg19/

encodeDCC.
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Figure 4.1: Decomposition in the �rst two principal components of epige-
nomic data (cell line GM12878) using TSNE for 1 of the 10 generated hold-
outs. Top row: train set; bottom row: test set. Each column shows a di�erent
classi�cation task. In order, from left to right: Inactive Enhancers vs Inactive
Promoters, Active Promoters vs Inactive Promoters, Active Enhancers vs In-
active Enhancers, Active Enhancers vs Active Promoters, Active Enhancers
and Promoters vs anything else.

Figure 4.2: Decomposition in the �rst two principal components of sequence
data (cell line GM12878) using MCA for 1 of the 10 generated hold-outs.
Top row: train set; bottom row: test set. Each column shows a di�erent
classi�cation task. In order, from left to right: Inactive Enhancers vs Inactive
Promoters, Active Promoters vs Inactive Promoters, Active Enhancers vs
Inactive Enhancers, Active Enhancers vs Active Promoters, Active Enhancers
and Promoters vs anything else.
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To provide some insights into the class distribution of the data, we show
the projections of the training matrices for one of the cell lines (GM12878)
with the two principal components computed by t-SNE [287] for the epige-
nomic data set (�gure 4.1) and MCA [288] for sequence data (�gure 4.2).
MCA and t-SNE plots for tasks �AP vs IP�, �AE vs AP� and �AE+AP vs
ELSE� (second, fourth and �fth columns in �g. 4.1 and 4.2, respectively)
show that the classes are well separated. Hence, we expect that our models
will reach good performance in such classi�cation tasks. MCA decomposi-
tion for task �AE vs IE� (third column) shows no clear pattern, while t-SNE
shows a clearly separable task. Here, we expect that the CNN model will
perform worse than FFNN. Finally, an high level of entanglement among
classes is shown in the t-SNE decomposition for task �IE vs IP� (�rst col-
umn), therefore we expect that CNNs will provide better predictions for this
task.

In the following we describe the characteristics of each model and the
employed bayesian optimization technique. All the presented models were
developed using Keras [38] with the TensorFlow backend [39].

4.3 Methods

The identi�cation of active regulatory regions can be modeled as a binary
classi�cation task. To perform our experiments, we used Feed Forward Neu-
ral Networks (FFNN, [285]) for processing epigenomic data, while sequence
data was analyzed using Convolutional Neural Networks (CNN, [286]).

For each method (FFNN and CNN) we developed a ��xed� baseline model,
and an �optimized� model, with hyper-parameters selected by Bayesian op-
timization Therefore, we obtained four di�erent models, which we call �xed-
FFNN, �xed-CNN, Bayesian-FFNN and Bayesian-CNN.

4.3.1 Bayesian Optimization

When designing a neural network (NN) for a given classi�cation task, the
choice of architecture (number of layers, neurons and activation functions)
and setting of learning hyper-parameters (e.g. optimizer algorithm, batch
size, learning rate) are critical for achieving reliable and high performances.

At current time state-of-the-art, no well-accepted or uni�ed method for
manually or automatically �nding the appropriate hyper-parameters for a
given task has been de�ned, and model selection is generally performed by
relying on past experience, involving empirical tests or applying automatic
methods which explore the hyper-parameter space in a bounded domain.
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�Grid search� is one such approach which �nds the best combination of
learning hyper-parameters and network architecture by exhaustively evalu-
ating a user-de�ned objective function for every possible hyper-parameter
combination in the bounded domain of the search space, looking which com-
bination realizes the absolute minimum/maximum of such objective function.
Although being e�ective and highly parallelizable, grid search su�ers from
its high computational costs, exponentially increasing with the dimension
of the hyper-parameter space. For this reason, alternative approaches have
been proposed in recent years. For instance, �random search� [289] e�ciently
explores the hyper-parameter space by evaluating a sequence of randomly
extracted points, while �Spectral approach� [290] applies the Fourier trans-
form to search the maximum or minimum of the objective function in the
frequency domain.

�Bayesian Optimization� (BO) [291] has proven to be an e�ective and
cost e�cient solution to hyper-parameter optimization. Brie�y, the idea is
that the �objective function�, characterized by high cost for the evaluation
of each point of a bounded domain, can be approximated by building a
probabilistic model (the �surrogate function�) which is relatively cheaper to
query. Optimization can then be performed by substituting the objective
with the surrogate function. As the surrogate function represents an �a priori�
distribution of the objective function, given some observations obtained by
evaluation of the objective, it is possible to exploit Bayes's rule to generate
an �a posteriori� estimation of the (objective) function and then update the
probabilistic model (surrogate function). Candidates for the observations
are suggested through an appropriate �Acquisition function� which uses the
information gained by the probabilistic model (estimated by the n already
observed points) for suggesting the next n+ 1 candidate.

Depending on the task, it is possible to select the most appropriate ac-
quisition function from a wide array of choices. A common trait of these
functions is that they all act upon the criteria of �exploration versus ex-
ploitation�, so that the sequence of suggested points will provide a better
overlook of the objective function (exploration) or a better identi�cation of
its maximum/minimum (exploitation). A comprehensive review of possible
acquisition functions is available at [292].

4.3.2 Fixed-FFNN and Bayesian-FFNN

We designed a baseline �xed-FFNN whose architecture is composed of
three cascading fully-connected layers (with 16, 4 and 2 neurons, respec-
tively) with the Recti�ed Linear Unit (ReLU) [293] activation function. A
�nal layer structured as a single neuron with sigmoid activation function
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acts as output layer, computing the �nal binary predictions. During net-
work training, weight values were adjusted using the Stochastic Gradient
Descent iterative method with a relatively small value for the batch size
hyper-parameter (32), learning rate 0.5, learning rate decay of 0.1, l2 regu-
larizer of 0.0 and no momentum; the net get trainied for a maximum of 64
epochs.

This baseline model acted as a reference for developing the Bayesian-
FFNN, featuring automatic model selection. To perform this task, in [140]
authors used a grid search, which exhaustively explores the hyper-parameter
space of the folloing variables: the network con�guration, i.e. the number
of hidden layers (from 0 to 3) and the number of their units (from 0 to
a maximum of 256, 128, 64 neurons in the �rst, second and third layer,
respectively), the initial learning rate, and the l2-regularization amount in
continuous intervals (not reported by the authors).

Our setup di�ers from that in [140] since we substituted the computa-
tionally expensive grid search with Bayesian optimization [255], which max-
imizes the mean AUPRC computed over the validation sets of 10 internal
hold-outs). More precisely, Bayesian optimization chooses the network ar-
chitecture from the previous search space [140], while keeping other hyper-
parameters equal to those of �xed-FFNN. Once the optimal architecture was
found, we optimize other learning hyper-parameters. The �xed-FFNN and
Bayesian-FFNN models are summarized in table 4.2. In particular, we note
that the chosen number of layers in Bayesian-FFNN was often equal to that
of �xed-FFNN, the number of chosen units was always bigger than that of
�xed-FFNN, and the learning parameters were often selected in the lower
spectrum of the continuous search interval, except for the maximum number
of epochs.

4.3.3 Fixed-CNN and Bayesian-CNN

To analyze raw DNA sequence data, we used 1D-Convolutional Neural
Networks. Like for FFNN models, we �rst developed a �xed model to assess
whether this approach e�ectively recognizes active regulatory regions. After
obtaining promising results, we aimed at improving performance by automat-
ically selecting the CNN model parameters through Bayesian optimization.

The �xed-CNN model is outlined in Table 4.3. The core of the network
is composed of three consecutive blocks, each consisting of three (consecu-
tive) convolutional layers followed by one 1-dimensional max/average pooling
layer. The number of units in the three convolutional layers of each block,
as well as the �lter sizes, are �xed. A �lter size of 5 for the �rst three convo-
lutional layers was chosen as this represents a reasonable motif size. As for
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Table 4.2: The architecture and learning parameters of the �xed-FFNN (top
table) and the Bayesian-FFNN (bottom table) models. Optimized hyper-
parameters are highlighted with coloured cells. The hyper-parameter space
explored by the bayesian optimizer is shown in square brackets (continuous
bounded interval) or curly brackets (�nite discrete set). Selected values are
highlighted with bold characters.

�xed-FFNN

Layers Units Activation
Fully connected 16 ReLU
Fully connected 4 ReLU
Fully connected 2 ReLU

Output 1 Sigmoid

Learning parameters
learning rate 0.5

learning rate decay 0.1
l2 regularizer 0.0
batch size 32

weight value estimation SGD
max no. epochs 64

Bayesian-FFNN

Layers Hyper-parameter Space Activation
No. of fully

connected layers {0, 1, 2, 3}

No. of units layer 1 {256, 128, 64, 32, 16, 8, 4, 2} ReLU
No. of units layer 2 {128, 64, 32, 16, 8, 4, 2} ReLU
No. of units layer 3 {64, 32, 16, 8, 4, 2} ReLU

Output 1 Sigmoid

Learning parameters
learning rate [0.1, 0.5]

learning rate decay [0.01, 0.2]
l2 regularizer [0, .., 0.001, .., 0.1]
batch size [32, .., 100, .., 256]

weight value estimation SGD
max no. epochs [32, 1000]
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the FFNN models, all neurons in each layer have ReLU activation function
with the exception of the output layer, where the output neuron has sigmoid
activation. The Nadam algorithm was used to adjust weight values during
training, learning rate was set to 0.002, and batch size set to 100 examples.

Considering that the �xed-CNN architecture has many weights that need
to be set, we applied Bayesian optimization to simplify its architecture. We
maximized the mean AUPRC computed over the validation sets of 10 internal
hold-outs to choose the number of blocks from 1 to 3, and to choose, for each
layer, a number of units lower than that of the �xed-CNN model. In table 4.4,
the architecture of the Bayesian-CNN model is shown. Again, the Nadam
algorithm was used to estimate the weight values, the learning rate is set to
0.002, and the batch size to 100.

Table 4.3: Architecture of the �xed-CNN model. �Max Pool 1D� refers to
max-pooling 1D layer, �Avg. Pool 1D� refers to average-pooling 1D layer and
�Batch Norm� refers to a batch normalization layer.

�xed-CNN

Layers Type Units Kernel Activation Notes
3 Convolutional 64 5 ReLU -
1 Max Pooling 1D - - - size 2
3 Convolutional 128 3 ReLU -
1 Max Pooling 1D - - - size 2
3 Convolutional 128 3 ReLU -
1 Avg. Pooling 1D - - - -
1 Dropout - - - Prob. 0.5
2 Dense 10 - ReLU -
1 Dropout - - - Prob. 0.5
1 Dense 1 - Sigmoid -

Learning parameters
learning rate 0.002
batch size 100

weight value estimation Nadam
epochs 100

4.3.4 DeepEnhancer

We compared our Bayesian-CNN model with the �ve DeepEnhancer net-
works [136], which are 1D-CNNs using one-hot encoded sequence data for
distinguishing enhancers from background sequences.
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Table 4.4: Architecture of the Bayesian-CNN model. Values optimized by
BO are highlighted with coloured cells. Square brackets show the explored
hyper-parameter space; bold value font indicates the selected values. �Max
Pool 1D� refers to max-pooling 1D layer, �Avg. Pool 1D� refers to average-
pooling 1D layer and �Batch Norm� refers to a batch normalization layer.

Bayesian-CNN

Layers Type Units Kernel Activation Notes

3
Convolutional
+ Batch Norm 64 5 ReLU -

1 Max Pooling 1D - - - Size 2

1
Convolutional
+ Batch Norm {32, 64, 128} {5, 10} ReLU -

1 Max Pooling 1D - - - Size 2
1 Flatten - - - -
1 Dense {10, 32, 64} - ReLU -
1 Dropout - - - Prob. 0.1
1 Dense {10, 32, 64} - ReLU -
1 Dropout - - - Prob. 0.1
1 Dense 1 - Sigmoid -

Learning parameters
learning rate 0.002
batch size 100

weight value estimation Nadam
epochs 100

For DeepEnhancer, the best performing model is 4conv2pool4norm [136]
which consists of four convolutional layers, each one followed by a batch
normalization operation. In the second and fourth layer, batch normalization
is followed by a max-pooling layer. The �rst two convolutional layers contain
128 kernels of shape 1 × 8, while the other convolutional layers contain 64
kernels with shape 1×3. They are followed by two dense layers, with 256 and
128 neurons respectively, interleaved with a dropout layer (ratio 0.5), while
a �nal 2-way softmax layer computes the classi�cation probability results.
The ReLU activation function is employed in the dense layers.

We used an implementation of this 4conv2pool4norm model to distin-
guish the activity state of enhancers versus promoters. We kept network
structure and hyper-parameters of the original 4conv2pool4norm model (see
[136] for further details), but modi�ed the output layer by substituting the
2 output neurons (with softmax activation) with one single output neuron
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with a sigmoid activation function to generate the �nal binary predictions,
in line with our FFNN and CNN models.

4.3.5 GPU parallelization

As very brie�y discussed in Section 4.2, we implemented the proposed
approach in Python 3, leveraging the Tensor�ow and Keras frameworks for
the Deep Neural Network part of the code. In particular, Tensor�ow is
an highly optimized library speci�c for the development and deployment of
DNNs: its computational core is able to seamless exploit CPU cores and
GPU accelerators for providing almost state-of-the-art results in terms of
computing time and performance. For this reason, we avoid to optimize the
internal operation of the library and we focused on a more coarse grained
task which represented a major bottleneck in computing performance, that
is the selection of the best model by grid search and Bayesian optimization.

During the development of the CNN and FFNN networks, we noticed
that training and testing of both networks are tasks characterized by high
computational time. This is especially aggravated during model selection, as
several models need to be trained and tested. However, we also noticed that
training of the FFNN models requires a remarkable low GPU cores occupancy
and low GPU memory occupancy (the opposite holds for the CNN models,
as training and testing are high GPU and memory occupancy tasks), hence
it is possible to train and test several models concurrently even on a single
GPU without incurring in computational penalties.

Hence we parallellized the model selection phase, so that several models
can be evaluated concurrently, speeding-up the computation. For this task
we exploited the master/slave parallel paradigm: in our design, one master
process is in charge of managing the inter-process communication, the col-
lection of the results and the delivery of the hyper-parameter combinations
to be evaluated (either by scanning a grid or being generated by a Bayesian
optimizer), while a pool of slave processes do the actual model evaluation.

To this end we designed a system of message passing between the mas-
ter and each slave processes. This inter-process communication scheme is
summarized in Figure 4.3. As master and slaves processes do not share a
common memory space, inter-communication between processes has been im-
plemented via the message passing paradigm using the Queue Python class.
Each message contains a status word and may also contain data. The master
assigns an input Queue - in the Figure, results_queue - and an output Queue
- parameters_queue - to each slave process. Output queues are used by the
master process to provide instructions and data to each slave process, while
input queues are used by slave processes to signal their status or return the
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results of the evaluation of an hyper-parameter combination to the master
process.

Figure 4.3: High level scheme of the inter-process communication protocol.
On the left side, pseudo-code of the master process; right side, pseudo-code
of each slave process. Message passing occurs vie Python Queue objects: red
arrows indicate the direction of the message.

As a brief comment to the high level pseudo-code, the main process it-
erates on the slave processes, skipping the inactive ones and checking the
assigned output queue. If the queue is not empty, one of the three following
condition could be met:

� no stopping condition has been met, the slave process has put the
"waiting" message in its input queue and is currently idle. Then, the
master process proceed to interrogate the Bayesian optimizer, obtain-
ing a new hyper-parameter combination to be evaluated; it sends the
extracted point to the slave process by placing it in the output queue
and increments the number of current evaluations.

� the result of the evaluation of an hyper-parameter combination has
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been placed in the queue. The master process passes the result, along
with the evaluated point, to the Bayesian optimizer. This point is used
by the BO for updating its internal model. Note that after placing the
result in the input queue, the slave process places also the "waiting"
message and suspends its execution.

� one of the stopping condition has not been met, the slave process has
put the "waiting" message in the corresponding input the queue and
is currently idle. The master process sends the "stop" message to the
slave and updates its status from "running" to "not running"

This loop ends once all the slave processes have stopped. The stopping condi-
tions are two: model selection may end if the maximum number of evaluations
(set by the variable max_iterations) has been reached, or if no signi�cant
performance improvement in the last 3 evaluated models is recorded.

On the other hand, each slave process constantly monitor its input queue.
It can receive two types of messages: a valid hyper-parameter combination,
and in this case it is evaluated by building, training and testing the cor-
responding model; otherwise, if the "stop" message is received, the slave
process terminates itself.

Grid search works exactly in the same way, with the minor di�erence that
points are not in-line generated, but are extracted from a list containing all
the possible points of the pre-de�ned search space.

We want to remark that this task would have been more easily imple-
mented using multi-threading instead of multi-processing, but Python is un-
suitable for the former execution model, as Python interpreter includes a
Global Interpreter Lock mechanism, so threads in a pool are executed se-
quentially in round robin at regular intervals: to preserve the status between
objects and prevent race conditions, only one thread can be active in any
moment.

4.4 Results and discussion

4.4.1 Experimental setup

For each of the cell lines introduced in the dataset Section, we test our
methods on �ve dichotomic tasks proposed in [140]:

1. Inactive Enhancers vs Inactive Promoters (IE vs IP);

2. Active Promoters vs Inactive Promoters (AP vs IP);
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3. Active Enhancers vs Inactive Enhancers (AE vs IE);

4. Active Enhancers vs Active Promoters (AE vs AP);

5. Active Enhancers and Promoters vs anything else ((AE + AP) vs
ELSE);

We note that while the �rst four tasks use only samples belonging to
the involved classes, task 5 requires using all the samples in the data set.
This leads to classi�cation tasks having di�erent class imbalance, with ratios
ranging from 2.5 to 38.5 (see table 4.5).

Table 4.5: Imbalance factor of di�erent tasks and cell lines. Unbalanced
setup (�rst to �fth column): for each data set and each task (�rst �ve rows
from top to bottom), we report the class imbalance factor, measured as the
ratio of cardinalities for the higher represented and lower represented class.
The �fth column shows the average imbalance over all cell lines, when an
unbalanced setup is used. Full-balanced setup (sixth column), imbalance
factors for each task (equal across cell lines).

Unbalanced

Task HepG2 HelaS3 K562 GM12878 Avg per task
IE vs IP 2.78 2.46 2.41 2.62 2.57
AP vs IP 8.39 7.34 8.22 6.83 7.70
AE vs IE 23.59 17.42 38.47 9.78 22.32
AE vs AP 7.83 5.83 11.27 3.76 7.17
AE + AP
vs else 18.49 17.76 20.47 15.29 18.00

Avg per
cell line 12.22 10.16 16.17 7.66 11.55

Full-balanced [140]
Task All cell lines

IE vs IP 1
AP vs IP 2
AE vs IE 2
AE vs AP 1

AE + AP vs else 8
Avg per cell line 2.8

All classi�cation tasks are executed using 10 randomly generated (exter-
nal) hold-outs, each composed by splitting the data set into training (contain-
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ing 70% of samples) and test set (containing 30% of samples). Classi�cation
tasks involving model selection were performed using additional 10 internal
hold-outs (with the same proportion, 70%-30%, of train and test samples).
The internal hold-outs are generated by randomly splitting each training set
10 times, thus forming 10 (internal) training and validation sets, used in
Bayesian Optimization to select the best model by maximizing performance
(AUPRC) on the validation sets. Training features are normalized using
�MinMax� scaling between 0 and 1. The same normalization is applied on
validation and test sets.

Performance is measured by using both Area Under the Receiver-Operating
Curve (AUROC) [294] and Area Under the Precision-Recall Curve (AUPRC)
[295] metrics computed over all test sets in the 10 hold-outs. While AUROC
is a de-facto standard for evaluating classi�er performance, AUPRC is more
suitable when dealing with unbalanced data sets [296, 250, 164].

To investigate the e�ects of class balancing in training and test set data,
all experiments were repeated three times and applied the following balanc-
ing setups:

1. full-balanced setup as proposed in [140]. Initially, the train and test set
are randomly sampled to have 70% and 30% of samples in training and
test sets, respectively. The training set is then randomly downsampled
to at most 3000 samples per class. This provides a balanced training
set. The samples in the training and test sets are also randomly down-
sampled to generate a corresponding test set with proportion of A-E:A-
P:A-X:I-E:I-P:I-X:UK=1:1:1:2:2:1:10, according to the setup proposed
in [140]. Note that the described test set subsampling greatly reduces
class imbalance reported in Table 4.5 for all available cell lines.

2. balanced setup: only the training set is balanced as described in 1);

3. unbalanced setup: any balancing is avoided, maintaining the imbalance
that characterizes the original class distribution (Tables 4.1 and 4.5).

4.4.2 Bayesian optimization improves prediction perfor-
mance of FFNN and CNN models

Our �rst goal was to investigate the e�ect of model selection on gen-
eralization performance of FFNN and CNN models, to inspect whether a
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systematic exploration of the hyper-parameter space leads to better classi�-
cation results.

To this end, by using the aforementioned unbalanced setup, we assessed
the performance of the two FFNN learning models (using epigenomic fea-
tures) and the two CNN models (based only on sequence) for the �ve classi�-
cation tasks listed in the experiental setup subsection. For each combination
of model / task / data set, mean AUPRC and AUROC computed over the
10 repetitions and over the cell lines are shown in Figure 4.4. Performance
of ��xed� and �Bayesian� models on each task were compared by applying
Wilcoxon signed rank tests (at 0.01 signi�cance level) [297, 298, 299] to de-
tect statistically signi�cant di�erences in the mean values of the classi�ers
AUPRC and AUROC distributions.

Figure 4.4: Comparison of deep neural network models with �xed parameters
and Bayesian optimized parameters. The plotted AUPRC (left) and AUROC
(right) are averaged over cell lines. Black bars represent standard deviations.

For AUPRC, Wilcoxon test showed a statistically signi�cant di�erence
between Bayesian-FFNN and �xed-FFNN in all tasks. We remark that
Bayesian-FFNN achieved a better AUPRC value than �xed-FFNN for all
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AUPRCs computed over all hold-outs, tasks, and cell lines, i.e. Bayesian-
FFNN outperformed �xed-FFNN in 200 out of 200 comparisons.

Comparing performance of the two CNN models, Bayesian-CNN signif-
icantly outperformed �xed-CNN. Indeed, when looking again at the full list
of AUPRC values across hold-outs, tasks, and cell lines, Bayesian-CNN al-
ways outperformed �xed-CNN. Our results suggest that model selection by
Bayesian optimization improved AUPRC results.

Regarding AUROC results, Bayesian-FFNN scores better average ratings
than �xed-FFNN in all tasks with the exception of �AE+AP vs else�. Also,
Wilcoxon tests detected a statistically signi�cant di�erence in mean between
Bayesian-FFNN and �xed-FFNN in all tasks but one (�AE+AP vs else�).
Considering all AUROC values computed over the 10 hold-outs, �ve tasks,
and four cell lines, Bayesian-FFNN outperformed the �xed-FFNN the 93%
of the times (186 out of 200).

Comparing CNN models, we note again that Bayesian-CNN always out-
performs �xed-CNN. These results suggest that Bayesian model selection is
a valid aid for improving both AUPRC and AUROC values of CNN models.
This is also true for Bayesian-FFNN, as model selection improved the results
in both AUPRC and AUROC for almost all tests.

4.4.3 Bayesian CNN models show comparable results
with state-of-the-art methods

Due to the very promising performance achieved by Bayesian-CNN, we
decided to further assess its capability for detecting active regulatory regions
from raw DNA sequences by comparing it with the best performing Deep-
Enhancer neural network model (the 4conv2pool4norm net, see the DeepEn-
hancer section and [136]). Precisely, we used the unbalanced setup and the
four cell lines to perform the three classi�cation tasks involving enhancers
(�IE vs IP�, �AE vs IE� and �AE vs AP�). Using 4conv2pool4norm for these
classi�cation tasks is appropriate, as DeepEnhancer networks have been de-
veloped for recognizing enhancers against the background genome, and the
original authors [136] state that it can be used for similar tasks.

Both models were assessed using the 10 hold-outs. In Figure 4.5 we
show, for each of the three tasks, the mean AUPRC (left) and the mean
AUROC (right). Wilcoxon tests con�rmed that the di�erence in means of
the computed AUPRC and AUROC distributions are statistically signi�-
cant. Looking at individual AUPRC results, Bayesian-CNN outperforms the
DeepEnhancer 4conv2pool4norm model 199 times out of 200. For AUROC
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(a) AUPRC (b) AUROC

Figure 4.5: Comparison between Bayesian-CNN and DeepEnhancer. The
plotted AUPRC (Left) and AUROC (Right) are averaged across multiple
hold-out. Black bars represent the standard deviation.

values, 4conv2pool4norm outperforms Bayesian-CNN in only one task (54
out of 200). These results suggest that Bayesian optimization is able to se-
lect models competitive with state-of-the-art CREs classi�ers. Moreover, we
con�rm that a CNN model trained on sequence data may achieve accurate
results in the prediction of cis-regulatory element activity.

4.4.4 Test set balancing may lead to over-optimistic re-
sults

Yifeng Li et. al [140] deal with the data imbalance that characterizes the
prediction of active regulatory regions by balancing both training and test
data. We reproduced this experimental setup that we name "full-balanced".
In addition, we test a "balanced" setup where we only balance the training
set, and we compare both with the "unbalanced" experimental setup, for
which results have been presented so far.

To summarize the di�erent levels of imbalance between the di�erent ex-
perimental setups, across all the tasks and cell lines, Table 4.5 reports the
imbalance factor, which is measured as the ratio of cardinality of the higher
represented class divided by the cardinality of the lower represented class,
when the unbalanced and full-balanced setup are used.

Table 4.6 reports the average AUPRC across Bayesian FFNN and CCN
models for the three di�erent balancing techniques. In the last row, average
AUPRC values over all tasks are reported for each balancing setup.

Comparing the AUPRCs in table 4.6 and in �gure 4.6, we note that
the balanced experimental setup is the one with the worst performance in
all tasks. Wilcoxon tests con�rm that, on average, the full-balanced setup
produces the highest AUPRC scores.

We assume that a reduced performance of the balanced setup may be
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Table 4.6: Average AUPRC compared across the di�erent experimental se-
tups. For each experimental setup (columns) and task (rows), we report
the AUPRC averaged with respect to the Bayesian optimized FFNN and
CCN models and the four cell lines. Bold text highlights signi�cantly best
results according to Wilcoxon rank sum tests at 0.01 signi�cance level be-
tween full-balanced and unbalanced experimental settings; both unbalanced
and full-balanced signi�cantly outperform the balanced setting.

Task balanced full-balanced unbalanced
IE vs IP 0.627 0.787 0.791
AP vs IP 0.745 0.884 0.901
AE vs IE 0.660 0.885 0.814
AE vs AP 0.834 0.945 0.856

AE + AP vs else 0.671 0.882 0.824
All tasks 0.707 0.877 0.837

Figure 4.6: Comparison of the mean AUPRC obtained by Bayesian-
FFNN (left) and Bayesian-CNN (right) among the three di�erent balancing
setups for each the �ve classi�cation tasks. Black bars represent the standard
deviation.
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due to the fact that training set balancing is performed by sub-sampling,
which requires to discard a relatively large amount of training samples. This
ultimately a�ects data coverage during training and the neural network may
not be able to e�ectively learn the intra-class variability, which results in a
reduced generalization capability.

In contrast, the better performance obtained by the full-balanced experi-
mental setup (Figure 4.6) could be the result of a distortion in the distribution
of the test data (i.e. arti�cial increment of the ratio minority/majority class),
thus leading to an over-optimistic estimation of the generalization capabili-
ties of the predictor. Furthermore, test set balancing is not always feasible
or possible, for instance when predicting the activity of not previously anno-
tated CREs, since in this application the true labeling is not known.

4.4.5 CPU/GPU parallelization dramatically reduces com-
putational time

All the tests performed so far have been done with the parallel optimiza-
tion introduced in the previous section; thanks to that, model selection is
performed in parallel using a multi-process master-slave paradigm to test
multiple models concurrently. To measure the e�ciency of this strategy,
we performed a model selection over a grid search composed by 196 hyper-
parameters candidates, comparing the execution times of a plain sequential
model selection - where each candidate is evaluate one after another - and
the optimized parallel strategy. We used the same dataset of the previous
experiments.

More in detail we designed an experimental setup in which the workload
between parallel and sequential where approximately the same: the grid is
composed 93 di�erent network con�gurations in terms of number of hidden
layers and number of neurons per hidden layer, and two values for learning
rate, thus the total number of point to be evaluated is 196. Table 4.7 summa-
rize the grid space among the best model would be selected. We minimized
the intervention of any "early stopping" criteria by increasing the "patience"
parameter to 50 and the "delta" parameter to 10−5, so that the condition
for early stopping is hardly met: this ultimately provide a workload that did
not vary between runs and between models, as the model training of each
hyper-parameter combination was performed up to the maximum number
of epochs with high probability. For the same reason, we did not run this
test with the Bayesian optimization, as the model selection time strongly
depends on the total number of evaluation that the optimizer proposes, and
this greatly varies among runs, thus in�uencing the evaluation of the actual

104



4. GPU-Based Deep Neural Networks for the tissue-specific

prediction of active regulatory regions in the human genome.

speed-up between sequential and parallel runs.

Table 4.7: The architecture and learning parameters of the model used for
measuring the e�ciency of the parallel FFNN model selection method. The
hyper-parameter space explored by the grid search is shown in curly brackets.

Bayesian-FFNN

Layers Grid Space Activation
No. of fully

connected layers {0, 1, 2, 3}

No. of units layer 1 {256, 128, 64, 32, 16, 8, 4, 2} ReLU
No. of units layer 2 {128, 64, 32, 16, 8, 4, 2} ReLU
No. of units layer 3 {64, 32, 16, 8, 4, 2} ReLU

Output 1 Sigmoid

Learning parameters
learning rate {0.1, 0.2}

learning rate decay 0.01
l2 regularizer 0.001
batch size 100

weight value estimation SGD
no. epochs 1000

We run 10 repetitions of each of the �ve tasks for the GM12878 cell line
in the rebalanced modality. Tests have been performed on the Cineca Galileo
partition: each computing node features 2x 18-cores Intel Xeon E5-2697 v4
(Broadwell) at 2.30 GHz and 2x NVidia K80 GPUs. The sequential run uses
one master process and one slave process, exploiting the acceleration of one
K80 GPU. The parallel run uses one master process and 12 slave processes
and 2 GPUS; the pool of worker processes was splitted in two groups of 6
processes, and each group was assigned to a GPU, hence equally distributing
the workload on the available accelerators. Each execution runs entirely
intra-node. For each run we measured the computational time, including the
training and test of the �nal best model. Results are summarized in Figure
4.7: we notice that time required for performing the grid search is greatly
reduced in the parallel version. Speed-up varies between 7.5x and 9x.

4.4.6 Conclusions

In this work we presented two Neural Network models for the detection of
the activity of Cis-Regulatory Elements, and our experimental results con�rm
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Figure 4.7: Comparison of the execution times required for performing the
model selection through a grid search de�ned on Table 4.7 using the sequen-
tial (blue bars) and parallel (red bars) versions of the optimizer.

that deep neural networks can accurately predict active regulatory regions
in speci�c cell lines.

We investigated the e�ect of model selection on the achieved performance,
using BO techniques to automatically select the best network architecture
and learning parameters for both FFNN and CNN models. Our comparative
analysis con�rmed that the learning models tuned by BO systematically out-
performed their non-optimized counterparts. This shows that the Bayesian
exploration of the hyper-parameters space is e�ective and produces optimal
models. State-of-the-art methods usually employ ��xed structures� of the
networks [136, 135], chosen based on previous work, expert domain knowl-
edge, or based on a systematic exploration of the hyper-parameter space by
means of grid search [140, 133]. To the best of our knowledge, this is the �rst
time that BO is used to tune deep learning models to predict CREs.

The Bayesian FFNNs outperform Bayesian CNNs in tasks where we need
to predict active versus inactive regulatory regions (i.e A-E vs I-E or A-P vs
I-E). This is not surprising as epigenetic features are more informative than
pure sequence data in predicting whether a regulatory region is active or not
in a speci�c cell-type. On the contrary, when we need to discriminate between
di�erent types of regulatory regions (i.e. I-E vs I-P or A-E vs A-P) Bayesian
CNNs outperform Bayesian FFNNs, as CNNs seem to extract DNA sequence
motifs or characteristics (like GC or CpG content) that distinguish enhancers
from promoters. These results indicate that FFNN and CNN models capture
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di�erent characteristics of CREs and suggest that a multi-modal approach,
i.e. a model that is able to evaluate heterogeneous data set, may be able to
outperform the current state-of-the-art in the detection of active CREs.

We also showed that model selection can be e�ciently performed in paral-
lel even on a single machine, and this ultimately has dramatic e�ects, leading
to a substantial decrease of computational time.

Further, our results show that balancing the test set may lead to an over-
optimistic estimation of the generalization performance of the model, and
naive balancing of the training data may lead to poor generalization results.

Finally, we note that we applied Bayesian optimization only to a relatively
small subset of the learning hyperparameters of the deep neural models. We
hypothesize that enlarging the spectrum of the optimized learning parame-
ters, as well as the range of exploration, we may further improve prediction
performance in the challenging task of the prediction of tissue-speci�c regu-
latory regions.
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Chapter 5

Scalable semi-supervised learning

in biological networks through

e�cient parallel GPU computing

Several problems in network biology and medicine can be cast into a
framework where entities are represented through partially labeled networks,
and the aim is inferring the labels (usually binaries) of the unlabeled part.
Connections represent functional or genetic similarity between entities, while
the labellings often are highly unbalanced, that is one class is largely under-
represented: for instance in the automated protein function prediction (AFP)
for most Gene Ontology terms only few proteins are annotated, or in the
disease-gene prioritization problem only few genes are actually known to be
involved in the etiology of a given disease. Imbalance-aware approaches to
accurately predict node labels in biological networks are thereby required.
Furthermore, such methods must be scalable, since input data can be large-
sized as, for instance, in the context of multi-species protein networks.

We propose a novel semi-supervised parallel enhancement of COSNet
[300], an imbalance-aware algorithm built on the Hop�eld neural model re-
cently suggested to solve the AFP problem. By adopting a suitable represen-
tation of the graph and assuming a sparse network topology, we empirically
show that it can be e�ciently applied to networks with millions of nodes. The
key strategy to speed up the computation is to partition nodes into indepen-
dent sets so as to process each set in parallel by exploiting the power of GPU
accelerators. This parallel technique ensures the convergence to asymptot-
ically stable attractors, while preserving the asynchronous dynamics of the
original model. Detailed experiments on real data and arti�cial big instances
of the problem highlight scalability and e�ciency of the proposed method.

By parallelizing COSNet we achieved on average a speed-up of 180x in
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solving the AFP problem in the S. cerevisiae, Mus musculus and Homo sapi-
ens organisms, while lowering memory requirements. In addition, to show
the potential applicability of the method to huge biomolecular networks, we
predicted node labels in arti�cially generated sparse networks involving hun-
dreds of thousands to millions of nodes.

We outline that the proposed parallel algorithm based on parametric
Hop�eld Networks can be applied to several relevant problems in genomic
medicine, ranging from disease gene prioritization to pharamcogenomics and
drug repurposing.

As an extension to this research project and a possible future work, we
also present a novel MCMC-based strategy for partitioning a graph into its
maximal indipendent sets. This strategy is particularly tailored for CosNET-
GPU, as the algorithm is designed to provide balanced solutions - i.e. maxi-
mal indipendent sets of almost the same number of nodes processed in parallel
- thus allowing a better utilization of hardware resources and, at the same
time, overcoming the ine�ciency caused by small node clusters.

These research projects have been published or presented on [301], [302]
and [303].

5.1 Par-COSNet

5.1.1 Background

The Automated Function Prediction of proteins (AFP) conveys the need
of annotating the huge amount of protein sequences with their biomolecular
functions. High-throughput sequencing technologies are rapidly increasing
the gap between known protein sequences and proteins with experimentally
annotated functions; indeed, more than 60 millions of protein sequences are
available at the UniProt repository [304], and for instance less than 1% of
these sequences have manually curated annotations in SwissProt [305]. Ac-
cordingly, the computational assignment of the biological functions to the
proteins of an organism can greatly help in reducing this gap [306]. From
this point of view, AFP can be modeled as a set of binary classi�cation
problems on graphs (one for every function), where nodes represent proteins,
egdes encode their functional similarity, and nodes are labeled according to
the current function (see �g 5.1). Two main characteristics of AFP are the
large imbalance between positive (proteins annotated with the function under
study) and negative nodes (the remaining proteins), and the large dimension
of the input graph, since networks can contain millions of proteins (see for
instance multi-species protein networks [307]).
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Numerous graph/network-based approaches have been proposed by the
scienti�c community to deal with the AFP problem, ranging from approaches
relying on the guilt-by-association principle [308], assuming proteins topolog-
ically close in the graph are likely to share their functions, to label prop-
agation algorithms based on Markov [309] and Gaussian Random Fields
[310, 311, 312, 313]. Other studies based their evaluation on global [314]
and local convergence properties, the latter one exploiting Hop�eld net-
works (HNs) [315], and parametric variants of this model [316, 317, 318],
including an extension of the Hop�eld model to a multi-category context
[319, 320], where nodes are inherently partitionable into separated categories
(e.g. in the multi-species protein networks). In addition, since most AFP ap-
proaches exploit a protein neighborhood to infer the functions of that protein,
some works introduced a generalization of the notion of pairwise-similarity
among nodes by taking into account the contribution of neighbors shared by
nodes[321, 322]. Finally, other relevant studies adopted techniques based on
random walks [323, 324, 325], kernel matrices [326, 327], communities [328]
and co-citations [329].

Despite their large diversity and their e�ectiveness in solving the AFP
problem, most of the above mentioned methods neglect the class-imbalance
problem, leading to classi�ers tending to learn mainly the negative class, thus
often obtaining a sensible deterioration of their performance [330]. Moreover,
they do not suitably scale with the input size, in terms of both memory
usage and execution time, since they usually adopt matrix representations
to embed the graph (without exploiting the graph sparsity), and basically
utilize sequential programming in their model design. Indeed, recent and
interesting works proposed to use secondary memory-based technologies to
exploit the large disks available in standard computers to apply to big data
standard graph-based semi-supervised learning algorithms; nevertheless, this
can be done at the expense of the e�ciency, since the swapping between
secondary and primary memories data increases the computational burden
[331].

In this study we propose Par-COSNet (Parallel COSNet), a method-
ology for solving AFP problem speci�cally designed to cope with the label
imbalance problem and the big size of input data. It extends COSNet (Cost-
Sensitive Neural Network) [317], a state-of-the-art semi-supervised method
for AFP based on HNs. COSNet introduces a parametric HN to e�ectively
handle the label imbalance, but its available implementation [300] still adopts
a matrix representation of input data, allowing its application (on ordinary
o�-the-shelf computer) only to networks with few tens of thousands of nodes.

As �rst contribution, Par-COSNet reduces the memory requirements of
COSNet by adopting a sparse representation of both network connections
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Figure 5.1: AFP problem as a set of binary classi�cation problems. The aim
is determining the color/label of unlabeled nodes/proteins, given the graph
topology and the labels of the known part of the graph.

and node labeling, leveraging the sparsity of input graphs and the scarcity
of positive proteins characterizing data in the AFP context. On the other
side, the overall excution time is remarkably reduced 1) by splitting the HN
dynamics over independent sets of neurons, where nodes in the same inde-
pendent set are updated in parallel, and 2) by exploiting Graphics Processing
Unit (GPUs) devices under the CUDA (Compute Uni�ed Device Architec-
ture) parallel programming model [332] to use one or multiple GPUs in par-
allel along with the CPU. Speci�cally, multiple GPU cores are assigned to
a single independent set, thus updating in parallel the neurons within each
independent set, while independent sets are in turn sequentially updated to
preserve the HN convergence properties. Considering that usually multiple
GO terms should be predicted for each protein, the proposed implementa-
tion adds another level of parallelism through the multithreading execution,
where each CPU thread is given an instance of the AFP problem (a function
to be predicted), and multiple threads are run in parallel (each using multiple
cores in parallel). This thereby results in a noticeable speedup with regard
to the original COSNet implementation.

We evaluated the Par-COSNet gain in terms of both memory require-
ments reduction and execution speedup by testing COSNet and Par-
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COSNet in predicting the Gene Ontology functional terms [333] for three
eukaryotic organisms. Furthermore, synthetic graphs of di�erent sizes, from
hundreds of thousands to millions of nodes, and of di�erent densities have
been generated to empirically show the applicability of Par-COSNet on
large networks.

Par-COSNet source code has been publicly released for evaluation and
testing purposes, and is available on the o�cial AnacletoLab GitHub repos-
itory, at [334].

5.1.2 Methods

In this section we recap the original formulation of COSNet , introduce
and in-depth describe the parallel version and its GPU implementation -
Par-COSNet - with all the associated technique for providing a fast and
scalable approach to the problem.

Semi-supervised learning on graphs

Semi-supervised learning on graphs comprises a class of Machine Learning
algorithms that uses the features observed on a sub-set of nodes in a graph
for estimating missing values in other nodes [335].

Formally, we consider the set of nodes V = {1, 2, . . . , n} in a graph
G = 〈V,EW 〉, with edge set EW induced by W , a symmetric n × n real
weight matrix, whose elements wij encodes the relationship (for instance,
the similarity) between pairs (i, j) ∈ V × V .

The nodes V are labeled with {+,−}, leading to the subsets P and N of
positive and negative nodes. However, it may happen that this labeling is
known only for a subset S ⊂ V , while is unknown for U = V \ S. Moreover,
let be S+ = S ∩ P and S− = S ∩ N . In this case, the labeling problem
consists in �nding a bipartition (U+, U−) in U , where U+ and U− are the
subsets of unlabeled nodes considered candidates for the classes U ∩ P and
U ∩N , respectively.

It is worth noting that this kind of labeling problem is highly relevant
in Precision and Genomic Medicine, as several problems can be recasted as
such, for instance, gene-disease prioritization or drug repositioning.

The Automated protein function prediction problem can be also recasted
as such by modeling a set of proteins as the set V of the nodes of a graph, wij
as the functional similarities between pairs (i, j) of proteins, and functional
classes the di�erent -partial - labeling of the graph. In this context, AFP is
set as a semi-supervised learning problem on graphs, since protein functions
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can be predicted by exploiting both labeled and unlabeled nodes/proteins
and the weighted connections between them [336].

COSNet

COSNet (COst Sensitive neural Network) [316, 317] is a neural algo-
rithm recently proposed to face with the problem of labeling partially labeled
graphs, like the AFP problem. More speci�cally, this technique relies on a
parametric family of the Hop�eld model [337], where the network parame-
ters are learned to cope with the label imbalance and the network equilibrium
point is interpreted to classify the unlabeled nodes.

Formally, for a given a set of nodes V = {1, . . . , n}, COSNet is a triple
H = 〈W,λ, ρ〉, where:

- W ∈ Rn×n is a symmetric weight matrix whose elements wij ∈ [0, 1]
represent the connection strength between the neurons (nodes) i and j
(naturally wii = 0),

- λ = {λ1, . . . , λn} ∈ Rn denotes the neuron activation thresholds,

- ρ ∈ [0, π
2
) is a parameter which determines the two neuron activation

(state) values {sin ρ,− cos ρ}.

The rationale of the parameter ρ is to conceptually separates node labels
and neuron activation values, since for classical HNs activation values are
in the set {−1(0), 1}, that means node labels and neuron activation values
coincide. Thus, appropriately learning the parameter ρ allows the algorithm
to counterbalance the large imbalance towards negatives (see [317]).

A relevant issue for the correct design of this kind of recurrent neural net-
works is the synchronization of its computing nodes. The Hop�eld model is a
discrete-time dynamical system which admits synchronous or asynchronous
updating or even both if an hybrid setting is admitted. In case of asyn-
chronous (sequential) updating, each unit is updated independently from the
others at any time t. Thus, by denoting with π = π(1), · · · , π(n) an arbitrary
permutation on nodes V and with xπ(i)(t) the state of neuron π(i) at time t,
the dynamics assumes the form:

xπ(i)(t+ 1) =

{
sin ρ, if hπ(i)(t+ 1) ≥ 0

− cos ρ, otherwise
, (5.1)
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where

hπ(i)(t+ 1) =

π(i−1)∑
j=π(1)

wπ(i)jxj(t+ 1)

+

π(n)∑
j=π(i+1)

wπ(i)jxj(t)− λπ(i).

Convergence depends on the weight matrix structure W and the rule by
which the nodes are updated. In particular, if the matrix is symmetric, it
has been proved that the network converges to a stable state when operating
in asynchronous mode, while it converges to a cycle of length at most 2 when
operating in a synchronous (fully-parallel) mode. The proof of these prop-
erties is grounded on the so-called energy function, which is non decreasing
when the state of the network x = (x1, x2, · · ·xn) changes as a result of the
computation (5.1). Since the energy function is upper-bounded, it follows
that the system will converge to some state. In the classic discrete Hop�eld
model the energy function has the following quadratic form:

E(x) = −1

2
xTWx+ xTλ. (5.2)

As a major result, it has been shown that (5.2) is a Lyapunov function for
the Hop�eld dynamical systems with asynchronous dynamics, i.e., for each
t > 0, E(x(t+1)) ≤ E(x(t)) and exists a time t̄ such that E(x(t)) = E(x(t̄)),
for all t ≥ t̄. Moreover, the reached �xed point x̂ = x(t̄) is a local minimum
of (5.2).

The overall scheme of the COSNet algorithm adopting dynamics (5.1)
can be sketched as follows:

INPUT. A symmetric weight matrix W ∈ [0, 1]n×n, a labeling function
y : V → {+,−}; the subsets S+, S− and U of positive, negative
and unlabeled instances, respectively; an initial value x(0) ∈ {sin ρ,
− cos ρ, 0}n; a permutation π on the set U .

Step 1. Learn the parameters ρ = ρ̄ and λi = λ̄ ∈ R on the sub-network
restricted to labeled nodes S such that the state represented by known
labels is �as close as possible" to a minimum of the network energy.

Step 2. Regularize the network dynamics in order to prevent the network
stucking into trivial energy minima by suitably changing the thresholds
and the connection weights (see [317] for more details). Hereafter,
abusing notation, we assume this regularization is embedded in the
connections wij and thresholds λi, for each i, j ∈ V .
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Step 3. Run the sub-network restricted to unlabeled nodes embedding the
learned parameters ρ̄ and λ̄ until an equilibrium state û is reached.
Based on state û compute the bipartition (U+, U−) of U into the pos-
itive and negative neurons.

OUTPUT. A bipartition (U+, U−).

Step 1 and 2 allow the method to deal with labeling imbalance, since the
�rst step counterbalances the predominance of negatives in the node neigh-
borhood, whereas the second step ensures to avoid trivial states composed of
all negative predictions.

Parallel COSNet

The goal of this work is to speed-up the COSNet algorithm by intro-
ducing a partial synchronous updating of the computational units in order
to parallelize the network evolution stage while preserving the asynchronous
dynamics. Since in context like AFP the weight matrix W is usually sparse,
several nodes are independent from each others.

The basic idea is to partition the nodes belonging to the undirected graph
G = 〈V,EW 〉 (with edge set EW induced by W ) into a small number of
independent subsets, which can be done recasting the problem as a vertex
coloring problem of G.

Let a vertex coloring be a map c : V → C, where C is a set of distinct
colors. We say that a coloring is proper if adjacent vertices of G receive
distinct colors of C, which in turn means that if (i, j) ∈ EW , then c(i) 6= c(j).
Clearly, in any proper vertex coloring of G the vertices that receive the same
color are independent. A k-coloring of a graph G is a vertex coloring of
G that uses at most k colors and G is said to be k-colorable if it admits
a proper vertex coloring using at most k colors. Hereafter, we denote a
proper k-coloring by a partition P = {V1, . . . , Vk} of the vertex set V into k
independent subsets.

Under this setting it is easy to show that by simultaneously updating the
nodes of each element Vi of P , one at a time, whatever the permutation of
{1, . . . , k} is, the Hop�eld network asynchronous dynamics is preserved. This
implies that, given an initial state, the network is guaranteed to converge to
a unique �xed point which is a local minimum of (5.2). To see that this
property holds, we can start by observing that each partition P induces a
permutation πP (that for sake of notation we simply denote by π) on the set V
such that, for all i = 1, . . . , k, the subsequence πi = πi(1), . . . , πi(ni) collects
the nodes within Vi = {πi(1), . . . , πi(ni)}, being ni = |Vi|. The permutation
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π, for a �xed P , is then written as the juxtaposition of all subsequences
π = π1, · · · , πk.

It is easy to see now that, synchronously updating all nodes in the sub-
sequence πi, but asynchronously accordingly to an arbitrary permutation
ω = ω(1), . . . , ω(k) on all subsequence indexes {1, . . . , k}, the constraints
prescribed by the asynchronous updating rule are respected. Indeed, given
the permutation π(ω) = πω(1), · · · , πω(k) induced by a k-coloring P and the
permutation ω of the partition indexes, by applying the following partially-
parallel update

∀u ∈ πω(i), xu(t+ 1) =

{
sin ρ, if hu(t+ 1) ≥ 0

− cos ρ, otherwise
, (5.3)

where

hu(t+ 1) =
∑

v∈πω(1)···πω(i−1)

wuvxv(t+ 1)

+
∑

v∈πω(i+1)···πω(k)

wuvxv(t)− λu.
(5.4)

done in parallel on u ∈ πω(i) and sequentially over πω(1), · · · , πω(k), we obtain
the same attractor as in (5.1) with sequential update dictated exactly by
π = π(ω).

Therefore, the Par-COSNet algorithm - which stands for "ParallelCOS-
Net" - encompassing a graph coloring strategy and adopting the Hop�eld
dynamics (5.3), can be sketched as follows:

INPUT. Idem as in COSNet; a k-coloring P = {U1, . . . , Uk} of U inducing
the permutation π; a permutation ω on the �rst k integers.

Step 1. Idem as in COSNet.

Step 2. Idem as in COSNet.

Step 3. Run the sub-network restricted to unlabeled nodes embedding the
learned parameters ρ̄, λ̄ and then updating (5.3) in parallel for nodes
Ui by following the update permutation π(ω) = πω(1), · · · , πω(k) until
an equilibrium state û is reached. On the basis of state û compute the
bipartition (U+, U−) of U into the positive and negative neurons.

OUTPUT. A bipartition (U+, U−).
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Despite the additional computational cost for �nding a suitable k-coloring,
Par-COSNet shows a signi�cant performance speed-up compared to origi-
nal algorithm, mainly due to the structure of partition P and the number of
processors N at hand. Although in many applications it is required to �nd a
partition P having minimum cardinality (also called the chromatic number
of G), our parallelization task is instead aimed at making the evolution of the
Hop�eld neural system in COSNet as fast as possible; therefore, we rather
seek a k-coloring able optimize the computational e�ciency of the processors.
In the following we discuss some implementation issues regarding a speci�c
parallel architecture provided by GPUs (Graphics Processing Units) rather
than carrying out cost analysis for abstract theoretical models.

GPU implementation

Originally designed for graphics applications, GPUs have gradually ac-
quired increasing importance for scienti�c computing and computer simu-
lations and their processing power is one order of magnitude higher than
current generation CPUs. This considerable computational power, due to
speci�c hardware design, has paved the way for big data applications. For
instance, in many domains it is frequent to address problems on very large
graphs, often involving millions of vertices and graphics accelerator hardware
has become a cost-e�ective parallel platform to solve them [338].

For this reasons, an implementation of Par-COSNet, speci�cally tar-
geted to NVIDIA GPUs [334] has been developed for assessing the e�ective-
ness and performances of the algorithm. This implementation has been devel-
oped under the CUDA (Compute Uni�ed Device Architecture) programming
model [332]. Also under the same programming paradigm, a parallel imple-
mentation of a Greedy Graph Coloring (GGC) algorithm has been developed
for solving the graph coloring problem, as required by the Par-COSNet al-
gorithm.

A GPU processor is composed by an array of Streaming Multiprocessors
(SM), each one having a variable number of CUDA cores, depending on the
generation of the GPU. Therefore, a single GPU processor can be seen as an
array of thousands of simpli�ed processing cores capable of scheduling and
concurrently running a very large number of threads. Threads are executed
according to the SIMT (Single Instruction Multiple Thread) architecture - a
variation of the SIMD execution model (Single Instruction, Multiple Data) -
in which every thread in a block is executed independently and concurrently.

In Par-COSNet and in the GGC algorithms this execution model has
been exploited to achieve a high level of �ne grained parallelism: in the
GGC algorithm, each node of the graph is assigned to a thread, while in
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the Hop�eld dynamics, an entire block of threads, ranging from 32 to 512, is
assigned to a neuron for updating its state. Launching a very large number
of threads has a useful side e�ect in the CUDA programming model, since it
helps to hide latencies between the processing core and the on-board video
RAM, where data are stored.

One of the major di�culty in GPU programming lies in managing its com-
plicate memory model, since data can be stored in di�erent address spaces,
each one having its own trade-o�s in terms of accessing speed and size; on
top of that, CUDA kernels - i.e. programs that run on the GPU - are able to
access only data residing on the on-board RAM (limited in size, compared
to the host memory), therefore the host system must copy the relevant part
of data on the GPU before the actual computation starts, and copy back the
results after the computation ends. Repeatedly copying data back and forth
the GPU causes latencies that slows down the computation.

In Par-COSNet a good trade-o� has been achieved through several
strategies. First of all, to cope with the limited amount of video ram, the
graph is stored in the host RAM by means of a compressed representation,
such that the entire net takes roughly (2× n+ 2×m) doubles, being n and
m respectively the number of nodes and the number of edges of the net; this
is possible by exploiting the sparsity of the net. Then, only the unlabeled
portion of the graph is copied to the GPU and processed, therefore further
reducing the transmitted data volume.

Another strategy to minimize latencies occurring in the GPU program-
ming model is to reduce the number of synchronization points between the
host system and the GPU. In an ideal heterogeneous system, the host and the
hardware accelerator should work independently for maximizing concurrency,
but this can be not feasible if the algorithm requires several synchronization
points; when such points are hit during the execution, one device may be put
to halt, waiting for the other to reach the synchronization point, thus slowing
down the computation. This was the case of the Greedy Coloring, where each
iteration on the GPU required a validation on the host system. We solved
this issue by writing a coloring kernel which is rather independent from the
system host, exploiting CUDA Dynamic Parallelism, where each kernel can
spawn a set of sub-kernels (this is opposed to the traditional kernel launch-
ing model, where only the host system is allowed to launch computational
tasks on the GPU). In this way, the entire coloring task does not require any
synchronization by the host, which is therefore free to accomplish other tasks
and concurrency between GPU and host is maximized.
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Parallel Greedy Graph Coloring

As highlighted in previous section, graph coloring is a key strategy to
make an e�cient use of parallel (SIMT) architecture because it allows to
split complex tasks into small independent subtasks that can be carried out
concurrently. In our setting, each subtask can be identi�ed by the so called
Maximal Independent Set (MIS) of a graph, i.e., a maximal collection of
vertices I ∈ V subject to the restriction that no pair of vertices in I are
adjacent. This subgraph structure is strictly connected to coloring, because
it represents a common parallel approach for graph coloring, leveraging the
parallel MIS algorithm as a subroutine (see the schema in Algorithm 4). In
this approach, a partition P = {V1, . . . , Vk} is conceived as a collection of
MISs yielded by subsequent call of the Luby parallel algorithm [339] (called
LubyMIS in the pseudocode) which works in a greedy modality. The idea
is that in every round i it �nds a subset Ī ⊂ V which is an independent
set. Then it adds Ī to the current independent set I, and removes Ī and
its neighbors N (Ī) from the current graph V ′ (see pseudocode). If Ī ∪N (Ī)
is a constant fraction of |V ′|, then it will only needs O(log |V |) rounds to
determine I. It will instead ensure that by removing such subset from the
graph, it removes a constant fraction of the edges. The �nal subset I at
round i is then considered a set Vi in the partition P .

To choose Ī in parallel, each vertex v independently adds itself to Ī with a
well chosen probability p(v). Since we want to avoid adding adjacent vertices
to Ī, we will prefer to add low degree vertices. But, if for some edge (u, v),
both endpoints were added to Ī, then we keep the higher degree vertex. The
above strategy is concisely summed up in the statement called choice in the
GPULubyMIS pseudocode.

As for the implementation, the latter procedure has been implemented in
SIMT form through the curand library available within CUDA toolkit. Each
thread handles a node of the whole graph, draws a random number following
a binomial distribution with �xed probability p(v) and establishes whether
it belongs or not to the MIS under construction.

Par-COSNet

Here we present and discuss the implementation of the parallel Hop�eld
algorithm using CUDA programming model, sketched in the pseudocode of
Algorithm 5.

To face with the parallelization of the asynchronous dynamics (broadly
described in previous sections), it should be noted that at the base of this
neural architecture there is an intrinsic parallelism in the computation of the
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Algorithm 4 Parallel greedy coloring

Input: graph G = 〈V,E〉
Output: coloring (partition) P = {V1, . . . , Vk}

P ← ∅
i← 1 . �rst color
while G 6= ∅ do

Vi ← GPULubyMIS(G)
P ← P ∪ {Vi}
Z ← Vi ∪N (Vi) . union of Vi with its neighbors
G ← sub〈V − Z,E〉 . induced subgraph excluding Z
i← i+ 1 . set new color

end while

procedure GPULubyMIS(G)
I ← ∅
G ′ = 〈V ′, E ′〉 ← G = 〈V,E〉
while G ′ 6= ∅ do

choice Ī ⊆ V ′ . select an independent set of G ′
I ← Ī ∪ I
Z ← Ī ∪N (Ī) . union of Ī with its neighbors
G ′ ← sub〈V ′ − Z,E〉 . induced subgraph excluding Z

end while
return I . MIS of G

end procedure

activation function (5.4): each single neuron implements this simple thresh-
olding function, whose state is either �active� or �not active�. This state is
determined by calculating the weighted sum of the states of its connected
neurons. If the sum exceeds the threshold, the state will change to active,
otherwise, the neuron will be non-active.

All these observations are captured in what we call GPUHopfieldNet
procedure within the pseudocode. This algorithm naturally exposes two dif-
ferent levels of parallelism which can be exploited for realizing an e�ective
scheme well suited for GPU execution. These levels correspond to two nested
and di�erent tasks: the �rst consists in concurrently compute the update of
all nodes sharing the same color (i.e., belonging to i-th cluster Vi), while the
second consists in running in parallel the addition and thresholding required
for the update of the state of each neuron. Also, the tasks are characterized
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Algorithm 5 Par-COSNet: Hop�eld net (Step 3)

Input: net H = 〈WU , λ̄, ρ〉, k-coloring P = {U1, . . . , Uk} of vertices in U
Output: �nal state û

u← 0 . net state
nonstop ← true . stop �ag
while nonstop do
u′ ← u
for i← 1, k do
u′ ← GPUHopfieldNet(H, Ui,u′)

end for
if u 6= u′ then
u← u′

else
nonstop ← false

end if
end while

procedure GPUHopfieldNet(H, U,u)
for all v ∈ U do . in parallel

use SIMT to compute hv . compute (5.4)

uv ←

{
sin ρ, if hv ≥ 0

− cos ρ, if hv < 0
. compute (5.3)

end for
û← u
return û . partially update �xed point

end procedure

by di�erent granularity, the latter being more �ne-grained than the former.
The �rst and more coarse-grained task, i.e. concurrently updating all

the nodes having the same color, has been tackled by sequentially launching
k di�erent instances of the GPUHop�eldNet kernel during each iteration,
being k the number of colors returned by the coloring algorithm. Note that
this approach respects the sequential requirements of the Hop�eld dynamics.
Each kernel is launched with a di�erent con�guration re�ecting the number
of nodes belonging to each cluster Vi. In particular, we assign |Vi| CUDA
thread blocks to the i-th kernel, i.e. one CUDA thread block per node.

To perform the second task, i.e. to update the state of each neuron, a
�xed number nT of threads (ranging from 32 to 1024) is in turn assigned
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Figure 5.2: CPU/GPU schema of the Par-COSNet parallelization. Multi-
ple CPU threads are launched in parallel each one solving the AFP problem
for a given class/protein function. The GPU thread blocks, each composed
of several CUDA threads, �rst solve the coloring problem for the graph and
then concurrently process all neurons of a given color, for all colors in se-
quence. A further �ne-grained level of parallelism is �nally introduced by
assigning to each neuron a thread block to perform the neuron level local
computations.

to each thread block. To process the weigthed contributions of each neuron
neightborhood, we proceed in SIMT modality using shared memory among
all threads in the same block and applying the known primitive called parallel
reduction: this is a tree-based approach used within each CUDA thread block
frequently applied to process very large arrays of N elements. It can be
shown that, having at disposal P CUDA threads physically in parallel (P
processors), the time complexity of the parallel reduction is O(N/P +logN).
By varying nT , the algorithm can be adapted to the density of the graph:
very dense graphs will bene�t from an increase of nT , since more threads
will speed-up the evaluation of the neighborhood and the computation of the
parallel reduction.

CPU multithreading and data representation

On top of the parallelization of the Hop�eld dynamics and graph coloring,
Par-COSNet exploits the independence of protein functions (target classes)
to further accelerate the computation, since as stated in the introduction
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multiple AFP problems can be solved concurrently.
As shown in Fig. 5.2, in Par-COSNet we exploit this natural additional

level of parallelism by means of CPU multi-threading, where each target
class is assigned to a di�erent CPU thread. In this computing modality,
each thread reads a di�erent class labeling, trains its associated net and then
executes the coloring and Hop�eld dynamics on the GPU. This dramatically
improves the performances of the overall process since each AFP instance is
independent, therefore multiple instances can be run concurrently. On the
other side, CPU multi-threading implies to share the resources of a single
GPU among multiple CPU threads, leading to serialization latencies. To
deal with this problem, we exploited a CUDA compiler option that allows
to assign at runtime each CPU thread to a di�erent CUDA stream, where
a CUDA stream is a queue of commands or operations that are executed
in a speci�c order; while operations on a stream are executed sequentially,
operations in di�erent streams may be executed concurrently or out of order
with respect to one another. In the speci�c case of Par-COSNet, kernel
executions belonging to di�erent AFP problems are interleaved and executed
concurrently.

Also, the algorithm in principle could bene�t of additional GPU devices
to split the workload, for instance, in a system with 2 GPUs, all the odd-
numbered CPU threads might o�oad the parallel computation to the �rst
GPU, while the even-numbered to the second GPU.

An issue that arises when working with big datasets is memory consump-
tion. We chose to adopt a compressed format for storing the net and the
labeling y. Indeed, by exploiting the sparsity of W , for each node solely its
neighbors are kept in memory at run time; moreover, leveraging the scarcity
of positives, only the nodes belonging to the minority class are maintained,
thus saving a huge amount of memory when the input graph contains millions
of nodes.

5.1.3 Results and Discussion

In this section we present the experimental results obtained by deeply
testing Par-COSNet; we provide speed-up memory allocation and e�ciency
indexes in both simulated and real contexts, using synthetic and real datasets.

All tests have been performed on a workstation having 2 Intel Xeon E5−
2620v3 CPUs clocked at 2.40 GHz, 64 GB of RAM memory, 2 TB disk and
Linux Ubuntu 16.04 as operating system. The workstation is equipped with
an NVidia GeForce GTX980 GPU card, featuring 2048 CUDA cores, 4 GB
of dedicated on-board video memory and having Compute Capability 5.2.
The C++ portion of the code has been compiled wit GCC 5.4.0, while the
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rest (that is, the CUDA kernels) with NVCC 8.0.44. As for COSNet, it has
been executed under R version 3.4.2.

As for the evaluation of the computational speed-up of Par-COSNet with
respect to the already available COSNet implementation, we followed the
usual guidelines for the evaluation of computing performances as in [261].
Par-COSNet has been executed using 1, 4, 8 and 12 CPU thread.

To assess the scalability of the multithread approach, the overall CPU
occupancy of each execution has been measured and reported. Also the
maximum memory footprint and the execution time have been collected; the
latter is used to evaluate the speed-up de�ned as S = Ts/Tp, where Ts and
Tp are the execution times of sequential and parallel implementation, respec-
tively. Computing times have been recorded using the high precision timer
integrated in the C++14 STL library. Occupancy and maximum memory
footprint have been measured through the htop Linux command line utility.

As a refence for both prediction quality and execution time we consid-
ered the COSNet implementation publicly available as an R package [300],
which e�ciently implements the time consuming procedures (e.g. parame-
ter learning and Hop�eld dynamics) in C language. However, this package
adopts a matrix representation for the input network, since the R language
is optimized for matrix-based computations.

Experimental data

This section is devoted to the description of both real and arti�cial net-
works used throughout the paper.

Real Data. Three organisms have been considered for the AFP prob-
lem, namely Homo sapiens (human) and two model organisms S.cerevisiae
(yeast),Mus musculus (mouse). The input networks have been retrieved from
the STRING database, version 10.0 [307]: the STRING networks are highly
informative networks merging several sources of information about proteins,
coming from databases collecting experimental data like BIND, DIP, GRID,
HPRD, IntAct, MINT or from databases collecting curated data such as
Biocarta, BioCyc, KEGG, Reactome. The total number of proteins is 6391,
21151 and 19576 for yeast, mouse and human organisms, respectively.

All networks have one large connected component, with human and mouse
networks with one or more smaller connected components. Furthermore, the
human network is the most compact, having the smallest ratio between the
number of nodes and the network diameter (see Table 5.1 for the network
topological characteristics).

In the STRING database each protein-protein connection is associated
with a con�dence score: in principle, discarding edges with con�dence score
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Table 5.1: Characteristics of protein networks. Column Compon. denotes
the number of connected components in the network, whereas Largest com-
pon. size is the number of nodes in the largest connected component. Di-
ameter is the number of edges on the longest path between two nodes,
without considering edge weights.

Organism Nodes
Average
degree

Compon.
Largest
compon.
size

Diameter
Weighted
diameter

Yeast 6391 314.0563 1 6391 6 1.0925
Mouse 21151 596.3804 21 21105 9 1.8362
Human 19576 579.9477 2 19574 6 1.0302

lower than a �xed threshold would allow to select more reliable connections;
on the other side, it would generate isolated proteins (proteins with no con-
nections), which accordingly should be discarded from the analysis. Since the
aim of this study is supplying a methodolgy able to work on large networks,
no edge threshold has been applied, thus including all available proteins.

Protein networks have been normalized as follows: denoted by Ŵ the ma-
trix obtained from the STRING connections, the �nal networkW is obtained
by applying the normalization

W = D−1/2ŴD−1/2,

where D is a diagonal matrix with non-null elements dii =
∑

j Ŵij. Note
that W is still symmetric.

Protein functional annotations have been retrieved from the Gene Ontol-
ogy (GO) database, using the UniProt GOA releases 69 (9 May 2017), 155 (6
June 2017) and 168 (9 May 2017) respectively for yeast, mouse and human
organisms. The GO terms have been selected from all the three branches
Biological Process (BP), Molecular Function (MF), and Cellular Component
(CC), by considering terms with at least 50 annotated proteins with ex-
perimental evidence, in order to obtain a minimal amount of information
for the prediction of GO terms. The number of the resulting GO terms is
summarized in Table 5.2. The mapping from UniProt to STRING protein
identi�ers was carried out according to the mapping �les provided at UniProt
repository.

Arti�cial data. In order to assess the performances in terms of com-
putational time and memory consumption over larger datasets, the parallel
implementation has also been tested on several arti�cial datasets which have
been randomly generated. For random graphs we use the Erd®s model in
which the graph size n and the probability p to have an edge between a pair
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Table 5.2: Number of GO terms with at least 50 annotations.

Organism CC MF BP

Yeast 50 74 191
Mouse 85 112 733
Human 115 193 580

of nodes are �xed. In particular, the range chosen for n goes from 5 · 105

to 1.5 · 106, while for p we chose values so as to reproduce a graph density
σ = np close to that of biological networks. Edge weights were uniformly
generated in [0, 1], while the corresponding set of labels has been generated
so as to respect the unbalancing of realistic cases.

We run Par-COSNet with the resulting 9 arti�cial datasets and recorded
the computation time and memory consumption.

Real data

Although COSNet has already been validated in [317, 318, 340] to solve
the AFP problem, for the sake of completeness we report in Table 5.2 its
capability in predicting the GO terms. The generalization abilities of COS-
Net have been assessed through a 5-fold cross validation (CV), and evaluated
in terms of Precision (the proportion of positives correctly predicted) and Re-
call (the proportion of real positive discovered) combined in the F measure
which is the harmonic mean of precision and recall. In this context, where
positives are rare, these measures are more informative than the error rate.
Moreover, to evaluate the ability of COSNet as ranker, we also report the
Area Under the Precision Recall Curve (AUPRC), measure adopted in the
recent CAFA2 international challenge to evaluate protein ranking [341]. To
provide a protein ranking for COSNet related to the current GO term, we
adopted the internal energy on neuron at equilibrium, as done in [342, 318].
Table 5.3 contains the corresponding results averaged across terms in each
GO branch.

For validating the correctness of Par-COSNet, we run the same tests on
the same dataset and using the same con�guration, i.e. 5-fold cross validation
and the same learning hyper-parameters, con�rming that its classi�cation
performances are the same as COSNet.

Table 5.4 reports the average execution time in seconds of COSNet and
Par-COSNet for computing an entire CV cycle for a single GO term.

To better evaluate the contribution of multithreading, Table 5.6 shows the
average CPU occupancy of each execution of Par-COSNet. Data collected
in this table is useful to assess the scalability of the parallelization over the
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Table 5.3: Average COSNet performance in predicting GO protein func-
tions.

Organism Precision Recall F AUPRC

Yeast - CC 0.2827 0.5252 0.3407 0.3611
Yeast - MF 0.2071 0.3705 0.2519 0.2513
Yeast - BP 0.2225 0.3765 0.2624 0.2628
Mouse - CC 0.1144 0.1790 0.1320 0.1172
Mouse - MF 0.0865 0.1464 0.1032 0.0908
Mouse - BP 0.0550 0.0796 0.0626 0.0504
Human - CC 0.1534 0.2564 0.1806 0.1631
Human - MF 0.0885 0.1399 0.1032 0.0889
Human - BP 0.0705 0.1126 0.0823 0.0684

Table 5.4: Average CPU time in seconds for COSNet and Par-COSNet to
perform a CV cycle on a single GO term.

Method Yeast Mouse Human

COSNet 8.86 107.57 84.03
Par-COSNet 0.28 1.71 1.49
Par-COSNet4 0.09 0.54 0.48
Par-COSNet8 0.07 0.33 0.31
Par-COSNet12 0.06 0.28 0.26

number of CPU threads. Optimal values for this table should be ideally
near 100% × n, with n the number of threads assigned to the task. As an
example, optimal scalability for Par-COSNet executed on 12 CPU threads
is achieved when occupancy reaches 1200%.

Finally, to evaluate also the memory usage, Table 5.7 reports the maxi-
mum memory footprint of COSNet and Par-COSNet when predicting a
single GO term. For COSNet, memory usage excludes the memory required
by the R interpreter itself, thus counting just the space of objects created by
R and C procedures.

The time reduction obtained by Par-COSNet is impressive (Table 5.4):
for instance on mouse data the execution time is reduced from 107s to 1.71s,
when using a single thread. Multithreading further accelerates the execution,
passing to 0.54s, 0.33s and 0.28s respectively when using 4, 8, and 12 CPU
threads. To better understand these results, we report in Table 5.5 the speed-
up gained by Par-COSNet when compared with COSNet. Even when
using a single thread implementation, Par-COSNet achieves a speed-up
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Table 5.5: Average speed-up for Par-COSNet to perform a CV cycle on a
single GO term. COSNetis used as baseline for calculating the speed-up.

Method Yeast Mouse Human

Par-COSNet 31.64x 62.90x 56.39x
Par-COSNet4 98.44x 199.20x 175.06x
Par-COSNet8 126.57x 325.96x 271.06x
Par-COSNet12 147.66x 384.18x 323.19x

Table 5.6: Average CPU occupancy in percentage for Par-COSNet to per-
form a CV cycle on every GO term. Optimal scalability is achieved when
the occupancy reaches 100%× n with n the number of CPU threads.

Method Yeast Mouse Human

Par-COSNet 99% 100% 100%
Par-COSNet4 345% 364% 368%
Par-COSNet8 613% 659% 692%
Par-COSNet12 815% 941% 975%

of range 31.64× (yeast) and 62.90× (mouse), whereas it gains up to two
order of magnitude with respect to COSNet implementation when using in
multithreaded version, up to 383.18× on mouse data.

Moreover, Par-COSNet occupancy is not far from the optimal value
when using 4 threads, while slightly decreasing (in proportion) when the
number of threads increases (see Table 5.6). This is due to the fact that all the
CPU threads concurrently access the same GPU, creating a minor bottleneck
in computation. Indeed, we are fairly sure that adding more GPUs to the
host system signi�cantly improves the occupancy in multithread execution,
since the workload can be equally divided between the devices.

Although having been executed with 1, 4, 8 and 12 CPU threads, we
only report the memory footprint of the single-thread execution, since the
allocation footprints for the 4, 8 and 12 thread runs are pretty similar: as a
matter of fact, maximum memory consumption is reached before the actual
computation starts, i.e. while importing and compressing the network �le
(Table 5.7). Results show that, thanks to the compressed representation of
both the net and labeling, memory usage is remarkably decreased, ranging
from almost the half memory used by Par-COSNet on yeast, to less than
one third on human and mouse.

128



5. Scalable semi-supervised learning in biological networks

through efficient parallel GPU computing

Table 5.7: Maximum memory usage in GigaBytes for COSNet and Par-

COSNet when running a CV cycle on a single GO term.

Method Yeast Mouse Human

COSNet 0.40 3.73 3.26
Par-COSNet 0.27 1.13 0.94

Arti�cial data

Tests performed on the arti�cial dataset are aimed to evaluate the poten-
tial application of Par-COSNet on big data. We tested the method on the
single AFP problem, hence the method has been executed in a single CPU
thread mode. Table 5.8 shows the average execution time in seconds and
the maximum memory occupancy in GigaBytes of Par-COSNet. Three
dataset sizes have been considered, (each corresponding to a column in the
table) and, for each size, datasets having di�erent density (average degree
per node) have been generated.

Table 5.8: Average CPU time in seconds (upper Table) and maximum mem-
ory consumption in GB (lower Table) for Par-COSNet to perform a single
CV cycle on one class over the synthetic datasets.

Density
Execution time (s)

500k nodes 1000k nodes 1500k nodes
50 45.3 137 330
100 54.3 166 360
300 92.9 248 609

Density
Max memory allocation (GB)

500k nodes 1000k nodes 1500k nodes
50 1.94 3.86 5.81
100 3.69 7.37 11.1
300 10.7 21.4 32.1

Interestingly, Par-COSNet is able to predict node labels on graphs with
1.5 millions of nodes and average degree 300 in around 10 minutes, and
using less than 32 GigaBytes of RAM, nowadays available on the major-
ity of ordinary o�-the-shelf workstations (Table 5.8). Furthermore, Par-
COSNet shows a good scalability in terms of both computational time and
memory consumption. The execution time increases less than linearly with
the density, and little more than linearly with the number of nodes. The
memory usage grows less than linearly with the number of nodes and little
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more than linearly with the density. This is likely due to the fact that most
of the memory consumption occurs with the import and compression of the
net. Nevertheless this limitation can be addressed by o�-line preprocessing
the data and then importing the resulting �le in compressed format. This
strategy would allow Par-COSNet to process even larger datasets: as an
example, the actual memory footprint recorded during the computation of
the dataset composed by 1.5 million nodes with the average density of 300
edges per nodes, is around 4 GigaBytes of RAM memory and 1 GigaByte of
GPU memory, which is a tiny fraction compared to the maximum quantity
of RAM used for compressing the graph.

5.2 MCMC Colorer

For Par-COSNet we developed a parallel coloring method based on
the Luby greedy algorithm. Despite this solution is e�ective in producing
a proper coloring, generally minimizing the number of colors, it produces
highly skewed color classes. This is undesirable for many applications, such as
parallel job scheduling, that require balancing among classes. For this reason,
we propose an alternative coloring strategy based on probabilistic methods,
and expressively developed for parallel execution. We plan to incorporate
this coloring strategy in a future version of Par-COSNet.

5.2.1 Background

The graph coloring problem consists in �nding an assignment of colors
to the vertices of a given graph such that no two adjacent vertices share
the same color. As graph theory plays signi�cant roles in modeling real-
world problems and exhibits numerous applications in Pattern Recognition,
Operation Research, Chemistry, Physics and Engineering disciplines among
others, graph coloring �nds very practical applications, for example, in so-
cial networks problem such as Community Identi�cation in Dynamic Social
Networks [343], summarization of social networks messages [344], Improving
Friends Matching in Social Networks [345], and for Collective Spammer De-
tection [346]. Moreover, it can be used for recording medical or biometric
images [347, 348] and for �nding good resource allocation for device-to-device
(D2D) communications [349, 350], used in modern wireless communication
systems [351].

A common characteristic of these problems is that the graphs have very
large size, thus requiring a speed up of the traditional greedy sequential col-
oring heuristics [352] typically by introducing parallelization techniques. For
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instance, in [353] and [354] the authors focus on thread scalability for hun-
dreds or thousands of threads, showing that it is possible to achieve both
good performance and high quality with massive parallelism. Thus, thread
scalability in parallel algorithms, namely the ability of hardware and soft-
ware to deliver greater computational power when the amount of resources
is increased, is crucial and widely exploited in this work.

In the literature, parallel graph coloring problem has been tackled by sev-
eral approaches but, at the best of our knowledge, very few of them address
the problem of balancing the color classes in parallel manner. One category
of them is based on searching for a maximal independent set of vertices on
a progressively shrunk graph and on the concurrent coloring of the vertices
in the found independent set. Often the independent set itself is computed
in parallel using some variant of the Luby's algorithm [339]. Examples of
such approaches are [355, 356]. Another category includes methods that
color as many vertices as possible concurrently, tentatively tolerating poten-
tial con�icts, while detecting and solving con�icts afterwards (e.g. [357]).
Despite these solutions are e�ective in producing a proper coloring, generally
minimizing the number of colors, they produce highly skewed color classes,
undesirable for many applications, such as parallel job scheduling, that re-
quires balancing among the classes. At the other extreme, one could search
for a coloring being equitable, that is a coloring that guarantees that the
sizes of any two color classes di�er by at most one [358]. This constraint is
very expensive and somehow too stringent for practical applications; more-
over class size constraints are known to usually raise computational hardness
when performing partitioning [359]. Balanced coloring relaxes the equitable
constraint requiring that any two color class sizes di�er by an integer l greater
than 1. Few approaches have been proposed to tackle Balanced graph col-
oring (e.g. [356, 360]). However, the limit of these methods is still that
they are intrinsically sequential thus not scalable, becoming unfeasible on
large graph. A promising direction of research on graph coloring concerns
the Markov Chain Monte Carlo (MCMC) methods that allow sampling from
non analytic complex distributions. The idea is to de�ne an ergodic Markov
chain whose steady state distribution is de�ned over the set of colorings we
wish to sample from. Within the framework of graph coloring using Markov
chains several contributions have been proposed. In [361] a simple sequential
solution based on the Glauber dynamics has been adopted. The Glauber
dynamics produces a Markov chain on a proper coloring where at each step
a random vertex v is recolored, choosing a color uniformly at random from
the permissible ones.

To deal with large graphs, we present an algorithm based on MCMC
method producing balanced graph coloring in a parallel way. Moreover, we
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show the e�ectiveness of this stochastic approach through experiments on
random and real-world graphs. Brie�y, in this work we analyze the conver-
gence the proposed MCMC algorithm on the basis of the probability rules
used in the di�erent stages of the overall sampling process; we provide an
intuitive and non-rigorous analysis about the balancing mechanism, whereas
we assess the quality of the �nal balancing through a suitable asymptotic
hypothesis test of statistical �tting; we have conducted experiments on ran-
domly generated and social graphs (extracted from real data).

As for experiments, to achieve signi�cant speedups we leverage on modern
many-core GPUs architectures [332]. Numerical results also show that the
number of threads used by the parallel algorithm scales well with the graph
sizes, even if compared with the GPU exploitation by the greedy strategy.

5.2.2 Material and methods

Notations

We will consider a simple undirected graph G = 〈V,E〉 with n = |V |
vertices and the set [k] = {1, . . . , k} of colors used to label the vertices. A
k-coloring c : V → [k], also represented as vector c = (c(1), . . . , c(n)) ∈ [k]n,
is called proper if adjacent vertices receive di�erent colors, otherwise it is
termed improper. It is well-known that, if ∆(G) is the maximum degree of G,
k = ∆(G) + 1 colors are su�cient to properly color the graph by a sequential
greedy algorithm.

For a given coloring c, let N (v) denote the neighborhood of node v in G,
and cN (v) ⊆ [k] be the set of colors occupied by vertices N (v) and c̄N (v) its
complement; let us denote the respective cardinalities with gv(c) = |cN (v)|
and ḡv(c) = |c̄N (v)|. Given c, an edge uv ∈ E with cu = cv is a con�ict and
#(c) : [k]n → N counts the number of con�icts. We will also consider the
absolute frequency of the color j in c: fj(c) = |{u ∈ V : cu = j}|.

Hereafter we will use lowercase letters, e.g. c, c′, c∗, for given colorings and
uppercase for random colorings, e.g. C,C ′, C∗. For example the probability
of C ′ = c′ given C = c will be denoted p(C ′ = c′ | C = c) or p(c′ | c) for
short.

Markov Chain Monte Carlo for sampling colorings

This novel parallel Markov Chain Monte Carlo (MCMC) technique relies
on a 1st-order ergodic Markov chain (Ci)∞i=1 visiting a sequence of (possibly
improper) k-colorings c ∈ [k]n and whose stationary distribution π strongly
depends on the set of con�icts involved in c. As usual, we consider the Gibbs

132



5. Scalable semi-supervised learning in biological networks

through efficient parallel GPU computing

distribution as target stationary distribution for the Markov chain:

θ(c) =
e−β#(c)

Z(β)
, with Z(β) =

∑
c′∈[k]n

e−β#(c′). (5.5)

The role of parameter β in (5.5) aims to penalize improper colorings, lead-
ing π toward the uniform distribution over the proper colorings only with
exponential decrease (as β increases). It is known from MCMC theory that
the latter distribution is asymptotically approached in the sampling process
when the chain is suitably constructed using the well-established Metropolis-
Hastings algorithm [362]. This construction requires the speci�cation of
a proposal probability encapsulating the acceptance ratio and a transition
probability for the chain.

As for the transition probabilities of the Markov chain, given a coloring
C = c we sample the successive coloring C∗ in two phases acting according
to a typical �rejection sampling� scheme [363]: �rst a candidate coloring C ′

is generated according to a suitable proposal probability r(c, c′) := p(c′ |
c), then the proposal C ′ is accepted e�ectively as successive coloring C∗

according to the acceptance ratio α(c, c′) := min
{
θ(c′)r(c′,c)
θ(c)r(c,c′)

, 1
}
:

p(c′ | c) :=

{
α(c, c′), c′ 6= c

1− α(c, c′), otherwise
.

The proposal coloring C ′ is sampled with probability r(c, c′) as follows. Each
node v ∈ V is drawn independently and with identical distribution p(c′v | c)
of colors so that the overall proposal probability is

r(c, c′) =
∏
v∈V

p(c′v | c). (5.6)

Notice that, in the construction of the acceptance ratio also the backward
probability r(c′, c) is required, hence r(c, c′) is called forward probability.

The choice of the node proposal probability p(c′v | c) is a key step and
is hence detailed distinctly in the following subsection. It is also important
to observe from the computational viewpoint that the independent drawing
of all c′v, v ∈ V , allows for the generation of the new coloring in a parallel
manner.

Proposal distribution for new colorings

Here we specify the algorithm for the proposal distribution procedure so
that the stochastic evaluations follow consequently from the analysis of the
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color generation. First, the behavior of the algorithm splits into two cases
based on the old coloring c. When there is some con�ict locally for v, namely
cv ∈ cN (v), the new proposed color C ′v for v shall be redrawn with the aim of
reducing the possible con�icts. We draw it from the free colors c̄N (v) following
a nearly uniform distribution of C ′v = j given c:

ηv(j, c) =

{
1−ε gv(c)
k−gv(c)

, if j ∈ c̄N (v)

ε, if j ∈ cN (v).
(5.7)

The rationale behind such de�nition is that we want to generate with
high probability, a color equally likely among those free, in order to aim at
the balancing objective of the method. Nevertheless, we keep a negligible
chance ε > 0 to pick a color that is not free, in order to widen the search
space.

As for the case of no con�ict for v, i.e. cv ∈ c̄N (v), it is desirable to keep
nearly surely the old color cv to facilitate the convergence of the algorithm,
or otherwise pick another color with a small chance ε. Hence, in the case of
no con�ict, for the node v the proposal color C ′v = j given c is distributed as

ζv(j, c) =

{
1− ε (k − 1), if j = cv

ε, if j 6= cv.
(5.8)

With the above de�nitions we derive the following conditional distribution
for proposal color (also called forward):

p(c′v | c) =

{
ηv(c

′
v, c), if gv(c) < k, cv ∈ cN (v)

ζv(c
′
v, c), otherwise.

(5.9)

The backward probabilities

r(c′, c) = p(C ′ = c | C = c′) =
∏
v∈V

p(C ′v = cv | C = c′)

can be obtained by symmetrical reasoning, i.e. exchanging the role of c
and c′ in the calculations outlined above. This allows to compute then the
acceptance ratio α(c, c′).

The main procedural steps of the MCMC algorithm described above are
sketched in Algorithm 6.

Algorithm analysis

This section deals with the study of the behavior of the highly scalable
parallel MCMC algorithm for graph coloring outlined in the previous section.
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Algorithm 6 Parallel MCMC Graph Coloring

Input: Graph G = 〈V,E〉 with n = |V |;
Number k of colors;
Gibbs parameter β � 1
Output: Random proper coloring C ∈ [k]n

C ← random initial coloring ∈ [k]n

while #(C) > 0 do
for v ∈ V in parallel do

Calculate CN (v)

gv(C)← |CN (v)|
p(c′v | C)← Compute according to (5.9)
C ′v ← Generate with distribution p(c′v | C)

end for

C ′ ← Proposed coloring (C ′1, C
′
2, ..., Cn)

r(C,C ′)← Compute forward probability
r(C ′, C)← Compute backward probability
α(C,C ′)← min

{
r(C′,C)
r(C,C′)

e−β(#(C′)−#(C)), 1
}

Accept C ← C ′ with probability α(C,C ′)
end while

First, we claim that in the Markov chain, the color distribution stochastically
converges to proper colorings by repeatedly sampling a pool of easier proposal
distributions built upon the sets of neighboring node colors. Then, we also
develop a discussion about the quality of balancing achieved, the latter being
the main goal of this modeling.

As for the convergence properties of Algorithm 6, due to the intrinsic ran-
domness in drawing colors we cannot guarantee that the number of con�icts
#C strictly decreases at each iteration. Therefore we give a characterization
of the convergence in probabilistic terms, studying a slight variant of Algo-
rithm 6 where we bring the parameters to the extreme values: acceptance
ratio α(C,C ′) = 1 and ε = 0.

Lemma 1. Given current coloring C, let #T and #T ∗ be number of nodes in
G having some con�ict at, respectively, any current and successive iteration
of Algorithm 6, where we set acceptance ratio α(C,C ′) = 1 and ε = 0. For
any integer r > 1 and provided a number of colors k ≥ ∆(G)+r, the following
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expectation inequality holds:

E[#T ∗ | C] ≤ ρ#T

for some 0 < ρ = 1− (1− 1/r)∆(G) < 1.

Proof. Preliminarily, we introduce the convenient notation of indicator ex-
pression 1(cond) that takes value 1 if the condition cond is true, and 0
otherwise. The number of con�icts in the new coloring C∗ can be writ-
ten as #C∗ =

∑
uv∈E 1(C∗u = C∗v ), while the number of local con�icts is

#vC
∗ =

∑
u:uv∈E 1(C∗u = C∗v ); similar de�nitions can be given for #C and

#Cv. Given the current coloring C we partition V into nodes with con�icts,
T = {u ∈ V : #uC > 0}, and con�ict-free nodes T̄ = V r T .

First, notice that the number of local con�icts at any v ∈ T is simply

#vC
∗ =

∑
u∈T :uv∈E

(C∗u = C∗v )

due to
∑

u∈T̄ :uv∈E 1(C∗u = C∗v ) = 0, since when u is not in T it maintains
the old color C∗u = Cu 6= C∗v . Hence, in the summation in #vC

∗ each term
1(C∗u = C∗v ) is a Bernoullian variable with parameter

puv :=
|C̄N (u) ∩ C̄N (v)|
|C̄N (u)| · |C̄N (v)|

≤
min

{
|C̄N (u)|, |C̄N (v)|

}
|C̄N (u)| · |C̄N (v)|

≤ 1

r
,

conditioned on C, i.e.

1(C∗u = C∗v ) | C ∼ Bernoulli(puv).

Moreover, these terms are stochastically independent since the drawing of
C∗u for each neighbor u of v is done autonomously from the other neigh-
bors. Given C, the variable #vC

∗ is hence a sum of independent Bernoullian
variables having parameters puv with uv ∈ E, u ∈ T , namely a so-called
Poisson-Binomial random variable:

#vC
∗ | C ∼ PoissonBinomial({puv : uv ∈ E, u ∈ T})

We de�ne the Bernoulli variable B∗v := 1(#vC
∗ > 0) indicating whether

v has some con�ict in the new coloring. Thanks to the observation above,
its distribution conditioned on C is easily determined as

(B∗v | C) = (1(#vC
∗ > 0) | C) ∼ Bernoulli(1− Πu∈W :uv∈E(1− puv)) (5.10)

when v ∈ W , since Πu∈T :uv∈E(1−puv) is the probability that v does not have
any con�ict with the neighbors in the new coloring C∗. Clearly, B∗v = 0 if
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v /∈ T . The number #T ∗ = #{u ∈ V : #uC
∗ > 0} =

∑
v∈T B

∗
v of con�icting

nodes in the new coloring C∗ thus satis�es the following relationships

E[#T ∗ | C] = E

[∑
v∈T

B∗v | C

]
=
∑
v∈T

E[B∗v | C] (5.11)

=
∑
v∈T

[
1−

∏
u∈T :uv∈E

(1− puv)

]
(5.12)

≤
∑
v∈T

[
1−

∏
u∈T :uv∈E

(
1− 1

r

)]
(5.13)

≤
∑
v∈T

[
1−

(
1− 1

r

)deg v
]
≤

[
1−

(
1− 1

r

)∆(G)
]∑
v∈T

Bv (5.14)

=

[
1−

(
1− 1

r

)∆(G)
]

#T = ρ#T (5.15)

where 0 < ρ := 1− (1− 1/r)∆(G) < 1. That is, the claim E[#T ∗ | C] ≤ ρ#T
holds.

Directly following the previous result, we have the following convergence.

Theorem 1. The number of con�icts #C converges in probability to 0, i.e.
limt→∞ p(#(Ct) < δ) = 1 ∀δ > 0.

Proof. From Lemma 1, using the monotonicity property of the expected value
we have

E[E[#T ∗ | C]] ≤ ρE[#T ].

By the Tower Rule of the conditional expectation (E[E[#T ∗ | C]] = E[#T ∗])
we can give the bound

E[#T ∗] ≤ ρE[#T ].

The coloring C∗ is the one successive to C; hence building the sequence of
successive colorings Ct, t = 0, 1, 2, ... by means of the algorithm above, one
can guarantee E[#T t] ≤ ρtE[#T 0] for any t. Hence, applying limt→∞ to both
side, we have the convergence in expectation of the number of con�icting
nodes to 0:

lim
t→∞

E[#T t] = lim
t→∞

ρtE[#T 0] = 0.

Now, it is well known that convergence in expectation (namely, L1-convergence
in the proper probability space (Ω,F , p)) implies the convergence in proba-
bility, i.e.

lim
t→∞

p(#T t < δ) = 1 for any δ > 0.
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Since the number #Ct of con�icts is easily bounded above by 1
2
∆(G)#T t, it

converges in probability to 0 as well:

lim
t→∞

p(#Ct < δ) = 1 for any δ > 0.

The balancing of color classes is an important aspect but it is di�cult to
prove it rigorously, due to the complex role that the distributions arising from
the model play in the evolution of the algorithm towards attaining the �nal
coloring. Nevertheless, in this section we sketch a qualitative non-rigorous
analysis of this process in order to provide some intuition and rationale about
the nearly uniform character of �nal color distributions, regardless of the
topology of the graphs at hand.

To carry out this analysis, we resort to the (n, k)-Poisson Multinomial
Distribution (PMD) [364] which is the distribution of the sum of n inde-
pendent random vectors supported on the set Bk = {e1, . . . , ek} of standard
basis vectors in Rk, representing the k colors provided to the algorithm. We
replace the representation of the color set [k] with Bk for technical reasons
in this section only.

At each iteration step t of the Algorithm 6, each node v ∈ V randomly
draws a color with probability distribution (5.9). Let F (t)

v ⊆ Bk be the set
of free colors, at step t, for node v whose color is represented by the random
variable C(t)

v ∈ Bk, and let p(t)
v =

(
p

(t)
v,1, . . . , p

(t)
v,k

)
be the distribution of the

free colors for v on Bk. Clearly, due to the random drawing triggered by (5.9)
we have

p
(t)
v,j ≈

{
1/|F (t)

v |, if ej ∈ F (t)
v

0, if ej /∈ F (t)
v

(5.16)

in case of con�ict for v (eq. (5.7)), or

p
(t)
v,j ≈

{
1, if ej = C

(t)
v

0, otherwise
, (5.17)

when v is con�ict-free (eq. (5.8)). This means that the process of assign-
ing a new color C(t+1)

v ∈ Bk to node v, can be expressed by a multinoulli
distribution with parameter p(t)

v , i.e.,

C(t+1)
v ∼ Multinoulli(p(t)

v ).

Notice that each node in the color C(t+1)
v is drawn independently from each

other.

138



5. Scalable semi-supervised learning in biological networks

through efficient parallel GPU computing

Let X(t) =
∑

v∈V C
(t)
v be the number of occurrences of all colors in the

graph coloring at time t. In particular, for each j ∈ [k], X(t)
j represents the

frequency of color ej within the coloring C(t). Hence, the random vector X(t)

is the sum of independent but not identically distributed multinoulli random
variables, which follows a (n, k)-PMD, where n is the number of vertices and
k the number of colors. Let ξ(x) = p(X(t) = x) denote the probability mass
function of X(t), where x is a k-dimensional vector with non-negative integer
entries summing up to n. Clearly, in order to have the desired balancing,
it is crucial to assign high probability ξ(x) to the elements x with equalized
entries. In the following, we provide a qualitative and non-rigorous analysis
of the dynamics of color assignments and its distribution evolution in order to
support the experimental evidence that the color classes are quite balanced
among each other. Let us investigate the following steps in the coloring
process generated by Algorithm 1.

Step 1. Assume that in the �rst step the colors are assigned independently
and uniformly at random at each node. As a consequence, the set of
free colors F (1)

v of v comes up uniformly among all subsets of size
∣∣∣F (1)

v

∣∣∣.
Let us observe how a new coloring is generated by focusing on a color ej
through all the n independent trials, each one corresponding to a node
v. To consider the overall chances ej has, we have to focus in turn on

the probability sets Pj =
{
p

(1)
v,j : v ∈ V

}
. In particular, for large n and

under the above independence assumptions, it results that p(1)
v,j is the

same on average for all v due to the uniformness of F (1)
v , so that ej is

assigned nearly the same chance to be selected in each trial. In other
words, the averages over all nodes P̄j should be approximately 1/k for
large graph size n.

Step t. Assuming that at time t−1 the (in general improper) coloring C(t−1)

is quite balanced in terms of color frequencies, we can conclude that
also the new coloring C(t) could achieve a good balancing. This should
happen thanks to the following two facts. First, some colors are de�-
nitely �xed since they are randomly chosen in some previous step, as
described by the (5.17) and this contribute to uniformly spread the
colors in the neighborhoods of those nodes that have to make a choice.
Second, those nodes that have to update the color, are in the same
condition described in Step 1, thus they repeat the same independent
drawings.

Figure 5.3 provides an empirical demonstration of the balancing trend
exhibited by the MCMC algorithm and described in the above steps for a
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social graph (labeled ca-coauthors-dblp) introduced in the next section on
numerical simulations. In fact, the balancing quality in each repetition (light
blue lines) and on average (red line) is maintained quite constant over all
iterations (Step t) apart from the �rst iteration (Step 1) that requires an
adjustment as a consequence of the random initial coloring.

Figure 5.3: Color balancing quality of a sample graph (the social graph ca-
coauthors-dblp) during the iterations of the parallel MCMC algorithm for the
�rst 10 states (colorings) visited by the Markov chain.

5.2.3 Results and discussion

In this section we report some numerical simulation results of the parallel
MCMC method. Our coloring strategy has been evaluated on arti�cial /
randomly generated graphs and on real-world graphs in the context of social
network.

To this aim, we developed a fast parallel implementation of the presented
strategy, hereafter called MCMC-GPU, using the NVIDIA CUDA program-
ming paradigm. NVIDIA GPU processors feature up to 5000 processing
cores, hence a very large number of processing threads can be scheduled and
executed concurrently in a shared memory model. Thanks to this, paral-
lelization in MCMC-GPU occurs at vertex level, i.e. a thread is assigned to
each vertex of the graph which is therefore processed concurrently to every
other vertex.

MCMC-GPU implementation closely follows Algorithm 6: during the
iterations, each vertex v is assigned to a processing thread which evaluates
both p(c′v | c) and p(cv | c′) (the forward and backward probabilities) and
draws the new color cv accordingly. Thread synchronization occurs only at
the end of each iteration, where the total number of con�icts and the rejection
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factor α(c, c′) of the new coloring have to be evaluated. In MCMC-GPU the
algorithm is executed until a proper k-coloring is found, or the maximum
number of allowed iterations is reached.

We compared our GPU implementation to a non-parallel implementation
(called MCMC-CPU) of the same algorithm which runs on a standard CPU.
The purpose of this comparison is to evaluate the scalability and speed-up
of the parallel approach taking the sequential implementation as baseline
reference.

Finally, as a third comparison, we tested the MCMC-GPU implemen-
tation against a fast and fully parallel greedy coloring strategy inspired by
[339] work, called Luby-GPU. Luby has described a greedy parallel strategy
to �nd a maximal independent set (MIS) of vertices (i.e. a subset of vertices
such that no two vertices are neighbors) in undirected graphs. Consequently,
given that any MIS can be colored in parallel, a greedy graph coloring strat-
egy could be de�ned by repeatedly �nding the largest MIS on subgraphs
gradually resulting from pruning previous recovered MIS. Clearly, the Luby
inspired colorer is not meant for balanced graph coloring problem. However,
we use it for two reasons: on one hand just for sake of comparison with a
simple scheme graph colorer, on the other hand to empirically show that the
two algorithms have comparable computational times on sparse graphs.

All the algorithms were implemented in C++ and both MCMC-GPU and
Luby-GPU levarages the NVidia CUDA programming paradigm ([332])1 All
the host code is single-threaded and it is meant to be run on a single machine,
hence no other libraries (such as pthread, C++11 threads, OpenMP, MPI,
etc...) are required. Both CPU and GPU code is compiled with NVidia nvcc
v10.1, using the underlying GNU GCC v5.4.0 as C++ compiler.

For running the experiment we used a workstation with 2× Intel Xeon
CPU E5-2620 v3 @ 2.40GHz, 64GB of RAM, Linux 16.04 and an NVidia
GTX980 GPU featuring 2880 cores and 4GB of VRAM. MCMC-CPU runs
are single-threaded, hence were run on a single core of the host CPU. For
LubyGPU and MCMC-GPU, on the host the processes are single-threaded
as well, and parallelization occurs only on the GPU side where 2880 cores of
a single NVidia GTX980 GPU are used.

In all tests we aim at measuring the quality of balancing in the color
class sizes produced by all the considered coloring strategies, in particular
by MCMC-GPU, as this works by improving the balancing of an existing
(improper) coloring moving vertices from one color class to another on the
basis of random choices, as highlighted by the proposed distribution over

1The software used for the experiments is freely available on the GitHub repository:

https://github.com/phuselab/MCMC_Colorer.
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colors given in Section 5.2.2. Let us �rst introduce a measure of deviation of
a coloring c ∈ [k]n from a perfectly balanced coloring where each color class
j has size nj = n/k, for each j ∈ [k]. This can be quanti�ed by de�ning
γn,k(j) = |fj − n/k| which represents the target to be minimized in respect
of which our heuristic will perform local random arrangements. An overall
measure of balancing quality closely related to the standard deviation of the
color class sizes can be then de�ned as

Γn,k(c) =

(
1

k

k∑
j=1

γ2
n,k(j)

)1/2

(5.18)

called unbalancing index hereafter. Clearly, a coloring c is perfectly balanced
if Γn,k(c) = 0.

Arti�cial Data

Here we report some numerical simulation results of the parallel MCMC
method exploiting the Erd®s-Rènyi graph (ER) model [365]. This model is
widely used to generate random graphs and has some valuable properties to
leverage in order to asses the behavior of the proposed coloring strategy both
for �xed graph sizes and asymptotically.

In the ER model G(n, p), a n-vertex graph is constructed by connecting
vertices randomly and including each edge with probability p independently
from every other edge. Equivalently, the probability that a vertex v has
degree k is Binomial, i.e. p(deg(v) = k) =

(
n−1
k

)
pk(1−p)n−1−k, with expected

value E[deg(v)] = (n−1)p. As n goes to in�nity, the probability that a graph
in G(n, 2 ln(n)/n) is connected, tends to one. Another relevant property of
ER graphs is the edge density which is a random variable with expectation
exactly equal to the background probability p.

The role that ER model plays in this picture is important because it
ensures the possibility to provide graphs with certain properties, giving us
at same time an e�ective and sound algorithmic procedure to compute them
in practice.

A demonstration on how MCMC-GPU and Luby-GPU perform in terms
of color balancing is given in Fig. 5.4, where the curves represent the unbal-
ancing index (5.18).

More precisely, the graphics relate to average amounts achieved on ER
graphs of various size and densities 0.1% and 0.5% respectively. To capture
a wide scale of ER graphs, once the density p has been �xed, we varied the
graph size n up to 500K vertices, averaging over 10 trials for each pair (n, p)
to reach satisfactory con�dence level.
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Figure 5.4: Average unbalancing index achieved by MCMC-GPU and Luby-
GPU on ER graphs of various size and densities 0.1% and 0.5% respectively.

Regarding the number of colors k used by MCMC-GPU, assuming a reg-
ular structure of the generated graphs we �x k = dnpe corresponding to the
expected vertex degree, which anyway assures the existence of proper color-
ing with high probability. Note that, under this setting a coloring c for a
graph in G(n, p) has balancing index

Γn,dnpe(c) ≈

(
1

np

k∑
j=1

γ2
n,k(j)

)1/2

.

As can be noticed in the plots, MCMC-GPU not only outperforms Luby-
GPU, but also provides invariant unbalancing index with respect to the graph
sizes, being Γn,dnpe(c) ≈ constant (with very low standard deviation), for all
n in the range 25K ÷ 500K. In spite of the limited number of experiments,
as a general trend we have that the sum of within-class deviations γ2

n,k(j)

roughly grows linearly with the number of vertices, i.e.
∑k

j=1 γ
2
n,k(j) ≈ pcpn,

where cp is a constant depending on the density p. For instance, in Fig.
5.4, the constants cp = 26.29 and cp = 11.84 are shown for p = 0.1% and
p = 0.5% respectively.

With regard to the computational times of the conducted experiments,
their averages are reported in Fig. 5.5. Whereas we can notice very high
speedups (up to 20) between sequential and parallel MCMC implementations,
the times spent by MCMC-GPU and Luby-GPU remain comparable (they
turn in favor of Luby-GPU only for 500K).

A second experiment is aimed at studying the balancing quality achieved
when varying both the graph density and the number of colors made available
to MCMC-GPU. In particular, here we set the graph density in terms of
vertex degree d = dnpe, with d falling in the range 100 ÷ 350, while the
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Figure 5.5: Average execution times of Luby-GPU, MCMC-CPU and
MCMC-GPU on ER graphs of various size and densities 0.1% and 0.5%
respectively.

number k = r dnpe of colors is scaled down by a factor r ∈ (0, 1) ranging
from 0.5 and 1. Average values of the unbalancing index over colorings carried
out by the two algorithms are plotted in Fig. 5.6 (note that the ratio between
the scales of the two graphs is about 33).
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Figure 5.6: Average unbalancing index achieved by MCMC-GPU (left) and
Luby-GPU (right) on ER graphs varying both vertex degrees d = dnpe and
color number k.

Real Data

Here we extend the evaluation to a small sample of real-world instances,
where graphs describe relations among individuals, to identify di�erences
and analogies in behaviour between synthetic and real-world data. A second
purpose of these experiments is to empirically validate both algorithm con-
vergence and balancing properties in the light of the analysis delineated in
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the previous section.
The three coloring approaches have been tested on four real-world social

graphs taken from the [366] repository. They greatly vary in terms of size
(number of nodes and edges) and average/maximum degree, thus providing
a small but relatively diverse array of use cases. Their relevant features are
summarized in Table 5.9. The maximum number of possible colors to be
used is a parameter in our algorithm and it has to be �xed in advance. We
had �xed this parameter in such a way that the results are stable for each
trail. Table 5.9 shows the values of this parameter for each graph used in the
experiment.

Table 5.9: Features of the graphs used in the experiments: In the upper
table, the number of nodes and edges (columns 2-3), maximum and average
degree (columns 4-5); in the lower table, the average number of colors found
by Luby-GPU (column 2) and the parameter of maximum number of colors
to be used, set for MCMC-GPU (and MCMC-CPU) (column 3).

Graph Nodes Edges Max

deg

Avg

deg

sc-shipsec5 179.1K 4.4M 75 24

sc-pwtk 218K 11.4M 179 51

ca-coauthors-dblp 540K 30M 3.3K 56

ca-hollywood-2009 1.1M 56M 11.5K 105

Graph N. colors by

Luby

N. colors by

MCMC-GPU

sc-shipsec5 33 50

sc-pwtk 43 85

ca-coauthors-dblp 337 460

ca-hollywood-2009 2209 2400

Figure 5.7 top shows the average unbalancing index over 35 repetitions
for each coloring algorithm applied to the 4 sample graphs. Giving to its
greedy design, Luby-GPU achieved a worse balancing performance, being
largely outperformed by MCMC strategy. For the latter we set a number of
colors barely greater than to that obtained by Luby (for details see Table
5.9).

Figure 5.7 bottom shows the average computing times over the trials.
Being inherently sequential, MCMC-CPU is the slowest and a direct com-
parison with MCMC-GPU results in an average speed-up ranging from 28×
(for sc-pwtk) up to 69× (for ca-hollywood-2009 ). We also remark that in
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Figure 5.7: Average unbalancing index (left plot) of �nal colorings achieved
by the three algorithms for the graphs of Table 5.9 and related average exe-
cution times (right plot), expressed in seconds. Results are on 35 repetitions
(standard deviation as error bar) and plotted in logarithmic scale.

every experiment, MCMC-GPU produces a proper coloring for each graph
in less time than Luby-GPU does, showing that sometimes it is even faster
than the greedy approach.

For statistically assessing the balancing, we test the uniformness of color
distribution through a hypothesis test starting from the balancing index
(5.18). Given a coloring c produced by MCMC-GPU, we consider the statis-
tic de�ned as

K2 =
(k Γn,k(c))

2

n
=

k∑
j=1

(nj − n/k)2

n/k
.

In fact, this expression is well known in statistical inference as the Pear-
son's chi-squared statistic for goodness-of-�t test [367, �IX.5.2], that is used
for assessing whether the observed categorical outcomes of the experiment
have frequencies (nj) following a hypothesized category distribution, namely
uniform distribution in our case (i.e. color class sizes n/k). With this so-
called null hypothesis H0, it was proved using the Central Limit Theorem
and a suitable geometric transformation (see [368]) that such statistic K2 has
asymptotically a χ2(k − 1) distribution (chi-squared distribution with k − 1
degrees of freedom) as n→∞: hence, χ2(k − 1) is a good approximation of
the true distribution for large number n of nodes, as in our experiments.

The key point is that the statistic K2 is large and the corresponding
p-value is small, when the produced color class sizes are unbalanced, and
vice-versa. Results of the test are reported in Table 5.10 for 35 runs: notice
that the range of rather large p-values leads to accept the H0 hypothesis
stating the color balancing in all analyzed graphs.
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Table 5.10: Test for �tting uniform color distribution on the result of 35
runs with the analyzed graphs. Ranges of observed Pearson's chi-squared
test-statistics and corresponding p-values are shown.

Graph K2 statistic range p-value range

sc-shipsec5 [19.51, 50.52] [0.413, 0.999]

sc-pwtk [31.14, 64.57] [0.940, 1.000]

ca-coauthors-dblp [368.09, 473.42] [0.310, 0.998]

ca-hollywood-2009 [2205.43, 2446.97] [0.242, 0.997]

5.3 Conclusions

Par-COSNet is a method for node label prediction in big graphs, well-
suited to process large protein networks with strongly unbalanced labels. We
presented applications to the protein function prediction problem, but it can
be applied to other relevant problems in Computational Biology and Net-
work Medicine, including disease gene prioritization and drug repurposing.
Par-COSNet introduces a parallel and sparse implementation of COSNet,
a state-of-art imbalance-aware method for predicting protein function, which
allows to remarkably speed up the computation and reduce the memory re-
quirements. In particular, the dynamics of the Hop�eld network on which
COSNet builds upon is parallelized by solving a vertex coloring problem on
the graph/network, partitioning nodes into sets of independent nodes which
are updated in parallel by using Graphics Processing Unit (GPUs) devices
and CUDA programming. By leveraging the sparsity of biological networks
and of the available annotated proteins characterizing the AFP context, Par-
COSNet adopts a sparse representation for both network connections and
protein functions/labels. This, together with the parallel design and the us-
age of GPU devices, allows to signi�cantly speed-up the computation with or-
dinary single-species biological networks, and opens the avenue to e�ciently
predict protein functions in large multi-species networks on ordinary comput-
ers, as shown in the experiments performed with synthetic networks having
millions of nodes and hundreds of millions of edges.

As a possible future work for the improvement of Par-COSNet, we also
have proposed a new parallel algorithm for graph coloring problem based on
Markov Chain Monte Carlo techniques. The main goal of this new method
is to produce balanced solutions, which is a direction not much explored
yet in the literature. Experiments show the e�ectiveness of the approach
on random graphs and real-world graphs. We have studied the convergence
properties of the algorithm and we also have sketched a qualitative analysis
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of the achieved balancing, remarking that it is as important as di�cult to
formally derive an analytic form for the distribution on the �nal colorings,
due to the complex dynamics among the service probability distributions the
model puts into play during its evolution.
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Chapter 6

Conclusions

In this thesis we presented three High Performance Computing Machine
Learning solutions speci�cally designed to tackle current open issues in the
research �elds of Precision and Genomic Medicine.

We presented parSMURF, a novel HPC Machine Learning method for the
prediction of deleterious and pathogenic variants in the non-coding area of
the genome. Thanks to its fast parallel implementation, capable of scaling
on multi-core and multi-node architectures, and its hyper-parameters auto-
tuning capability provided by Bayesian Optimization, parSMURF represents
the current state of the art solution when facing classi�cation problems char-
acterized by highly imbalanced datasets.

We also presented a GPU accelerated Deep Neural Network model for
the assessment of the regulatory region type and activity across di�erent
cell lines. Our model is in turn composed by two Deep Neural Network
classi�ers - a Feed-Forward Neural Network trained with epigenomic data
and a Convolutional Neural Network trained with sequence data - that are
able to discriminate whether a regulatory region is active or not in a given cell
line. We also showed the importance of a correct balancing strategy among
classes, as its improper use may lead to over-optimistic results, and a novel
parallelization method for Bayesian Optimization that sensibly increase the
performance of the model without incurring in computational overhead that
may limit the exploration of the hyper-parameters space.

Finally, we presented Par-COSNet, a Hop�eld network -based GPU ac-
celerated method for the solving the labeling problem on partially labeled
graphs. Its novel CPU-GPU co-operative parallelization scheme is able to
sensibly speed-up the overall computation and, at the same time, keeping the
Hop�eld dynamics sequential. Also, its e�cient memory allocation scheme
opens Par-COSNet to a whole new range of Big Data applications.

To face some of the open issues of our works, we proposed several on going
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and future extensions. We developed a more scalable version of parSMURF,
called parSMURF-NG (New Generation), that will we applied in the project
ParBigMen (ParSMURF application to Big genomic and epigenomic data for
the detection of pathogenic variants in Mendelian diseases). In this European
Union funded project, which is recently been awarded 50 Millions core hours
in the Liebniz Supercomputing Center by the PRACE consortium, we will
evaluate new genome-wide pathogenicity scores to be included in the new
version of Genomizer.

We are also improving the model presented for the prediction of regulatory
regions activity: by observing that epigenomic and sequence data are able
to extract di�erent kind of information from the data, we are now currently
designing and evaluating a multi-modal DNN model that will improve the
prediction capability over the current model.

Finally, we noticed that the computing performance of Par-COSNet could
further be improved. For this reason, we designed and developed a new
parallel probabilistic coloring solution. This strategy is going to be included
in the next release of Par-COSNet, and provides a balanced workload to the
GPU for achieving better performance of the overall execution.
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Appendix A - parSMURF

supplementary Figures and Tables

Here we report all the supplementary materials for chapter 3.
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Figure 1: Plot of Receiver Operating Characteristic curve of the predictions
for the Mendelian dataset using 3 sets of hyper-parameters: default (blue),
best from the grid search (red) and best from the Bayesian optimizer (green)
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Figure 2: Plot of Precision-Recall curve of the predictions for the Mendelian
dataset using 3 sets of hyper-parameters: default (blue), best from the grid
search (red) and best from the Bayesian optimizer (green)
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Figure 3: Plot of Receiver Operating Characteristic curve of the predictions
for the GWASn dataset using 3 sets of hyper-parameters: default (blue), best
from the grid search (red) and best from the Bayesian optimizer (green)
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Figure 4: Plot of Precision-Recall curve of the predictions for the GWAS
dataset using 3 sets of hyper-parameters: default (blue), best from the grid
search (red) and best from the Bayesian optimizer (green)
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Figure 5: Prediction performances (AUROC and AUPRC) for the Mendelian
dataset, with both the Original imbalanced Mendelian data set and with the
separated �per-region balanced� Mendelian data used for validation using
hyperSMURF(hS) and parSMURF(pS) with Bayesian optimization hyper-
ensembles (set of hyper-parameters found by the Bayesian optimizer: nParts:
36 - fp: 3 - ratio: 5 - k: 5 - numTrees: 55 - mtry: 5). Each group
shows prediction performances divided by regulatory region type. "Global"
group shows prediction performances of the entire dataset, disregarding the
regulatory region type. AUROC and AUPRC have been averaged across
�cytoband-aware� 10-fold cross validation. Results have been averaged across
10 repetitions of the same experimental setup (error bars represent standard
deviation). "Original imbalanced" and "Per-region balanced" stands respec-
tively for the original imbalanced setting and the balanced setting where
the same ratio of positives versus negatives in both training and test sets is
maintained in each regulatory region.
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Figure 6: Prediction performances (AUROC and AUPRC) for the GWAS
dataset, with both the Original imbalanced GWAS data set and with
the separated �per-region balanced� GWAS data used for validation using
hyperSMURF(hS) and parSMURF(pS) with Bayesian optimization hyper-
ensembles (set of hyper-parameters found by the Bayesian optimizer: nParts:
10 - fp: 2 - ratio: 5 - k: 5 - numTrees: 50 - mtry: 30). Each group
shows prediction performances divided by regulatory region type. "Global"
group shows prediction performances of the entire dataset, disregarding the
regulatory region type. AUROC and AUPRC have been averaged across
�cytoband-aware� 10-fold cross validation. Results have been averaged across
5 repetitions of the same experimental setup (error bars represent standard
deviation). "Original imbalanced" and "Per-region balanced" stands respec-
tively for the original imbalanced setting and the balanced setting where
the same ratio of positives versus negatives in both training and test sets is
maintained in each regulatory region.
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Table 1: Optimal sets of hyper-parameters returned by the optimizers em-
bedded in parSMURFwhile training the model with the Mendelian dataset.
Refer to Table 1 in the main paper for a brief explanation of each parame-
ter. Default values are those used with hyperSMURF. As Grid and Bayesian
optimizer returns the set of best hyper-parameters for each fold of the cross-
validation, optimal values have been computed by averaging each parameter
over the folds.

nParts fp ratio k nTrees mtry
Default 100 2 3 5 10 5
Grid search 260 7 10 5 50 4
Bayesian optimizer 74 8 10 5 50 5

Table 2: Optimal sets of hyper-parameters returned by the optimizers embed-
ded in parSMURFwhile training the model with the GWAS dataset. Refer to
Table 1 in the main paper for a brief explanation of each parameter. Default
values are those used with hyperSMURF. As Grid and Bayesian optimizer
returns the set of best hyper-parameters for each fold of the cross-validation,
optimal values have been computed by averaging each parameter over the
folds.

nParts fp ratio k nTrees mtry
Default 100 2 3 5 10 5
Grid search 10 5 10 5 100 30
Bayesian optimizer 10 4 10 5 100 30
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Table 3: Spearman correlation between HyperSMURF and parSMURF
scores for each of the 26 features of the Mendelian dataset.

Feature name
Hyper
SMURF

parSMURF
default

parSMURF
grid

parSMURF
BO

CpGobsExp 0.13968 0.13819 0.13893 0.13132
CpGperCpG 0.13969 0.13819 0.13893 0.13132
CpGperGC 0.13968 0.13819 0.13893 0.13132
DGVCount 0.03413 0.04442 0.05647 0.06046
DnaseClusteredHyp 0.32951 0.32044 0.24895 0.28336
DnaseClusteredScore 0.32908 0.32009 0.24869 0.28315
EncH3K27Ac 0.30594 0.30151 0.24630 0.30958
EncH3K4Me1 0.31055 0.30229 0.25376 0.31746
EncH3K4Me3 0.23845 0.23367 0.19111 0.22128
GCContent 0.20083 0.18597 0.15363 0.19790
GerpRS 0.35444 0.35057 0.31584 0.30759
GerpRSpv 0.18839 0.18847 0.15510 0.15381
ISCApath 0.00046 0.00916 −0.01227 0.00711
commonVar −0.18408 −0.20035 −0.13659 −0.16558
dbVARCount 0.03413 0.04442 0.05647 0.06046
fantom5Perm 0.06291 0.06130 0.05101 0.05391
fantom5Robust 0.06436 0.06269 0.05217 0.05513
fracRareCommon 0.18258 0.20198 0.15003 0.17902
mamPhastCons46way 0.14808 0.14348 0.15451 0.16040
mamPhyloP46way 0.37928 0.38087 0.37977 0.43174
numTFBSConserved 0.13326 0.14405 0.14100 0.13788
priPhastCons46way 0.24858 0.25781 0.26809 0.29352
priPhyloP46way 0.33472 0.33576 0.33014 0.37434
rareVar 0.02916 0.03668 0.05208 0.05687
verPhastCons46way 0.15317 0.15002 0.16128 0.16888
verPhyloP46way 0.38423 0.38685 0.38594 0.43717
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Table 4: Imbalance of the number of negative and positive examples across
di�erent regulatory region types in the Mendelian dataset. In column 4, the
ratio between negative and positive samples; in bold, the lowest ratio used
to under-sample the negatives for each regulatory region. The last column
reports the number of down-sampled negatives for each regulatory region
after applying the best ratio found in column 4.

Category
Number of
positive
samples

Number of
negative
samples

Ratio
(neg/pos)

Downsampled
negative
samples

Intronic 75 5393802 71917 64625
Exonic
non coding 2 35058 17529 1723

Intergenic 126 8325494 66075 108570
3' UTR 30 144348 4811 25850
5' UTR 158 843572 5339 136143
Other 15 12925 861 12925

Total
negatives:

349836

Table 7: List of newly annotated pathogenic variants used as independent
test set to assess the generalization capabilities of parSMURF. The �rst two
columns refer to chromosomal coordinates, REF and ALT to the reference and
alternative allele (including both SNVs, micro-insertions and micro-deletions),
Region the type of regulatory region, Gene the symbolic name of the gene and
PMID the PubMed ID of the related publication.

Chr Pos Ref Alt Region Gene PMID

1 155261709 G A
exonic

non-coding PKLR 18708292

1 155263324 C T
exonic

non-coding PKLR 26728349

1 155271259 C G promoter PKLR 18708292
1 155271269 CAGAGA C promoter PKLR 26728349
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3 10183453

AGCGCG
CACGCA
GCTCCG
CCCCGC
GTCCGA
CCCGCG
GATCCC
GCGGC

A 5' UTR VHL 30006056

3 10183466 C
CTCCGC
CCCGCG 5' UTR VHL 30006056

3 38675715 C T promoter SCN5A 27625342
4 89444948 C T promoter PIGY 26293662
5 131705516 G A 5' UTR SLC22A5 31187905
6 100040906 G T enhancer DHS6S1 26507665
6 100040987 G C enhancer DHS6S1 27551809
6 100041040 C T enhancer DHS6S1 26507665
7 19157199 C T 5' UTR TWIST1 30040876
7 19157207 G T 5' UTR TWIST1 30040876
7 156584142 A T enhancer LMBR1 27592358
7 156585476 C G enhancer SHH 29543231
8 11565816 G C 5' UTR GATA4 25099673
8 19796936 A G 5' UTR LPL 27578109
8 102505149 GA G 5' UTR GRHL2 29499165
8 102505272 CT C 5' UTR GRHL2 29499165
8 102505561 G T 5' UTR GRHL2 29499165

9 21974830

GCTCCC
CGCCGC
CCGCTG
CCTGCTC

G 5' UTR CDKN2A 26581427

9 21974847 G A 5' UTR CDKN2A 26581427
9 21974868 A T 5' UTR CDKN2A 26581427
9 21974916 CCCT C 5' UTR CDKN2A 26581427
9 21975024 GAGT AAAG 5' UTR CDKN2A 29216274

10 23481888

AGCGGC
GGCTGC
GGCGGC
GCGGCG

CCG

A
exonic

non-coding PTF1A 28663161

10 23508442 A G enhancer PTF1A 28663161
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11 31828391 ACTT CA 5' UTR PAX6 30291432
11 31828391 AC A 5' UTR PAX6 30291432
11 31828396 C T 5' UTR PAX6 30291432
11 31828461 TAA T 5' UTR PAX6 30291432
11 31828474 CT C 5' UTR PAX6 30291432
11 31832375 C T 5' UTR PAX6 30291432
11 67250359 CCG C promoter AIP 20506337
13 110802675 G T 3' UTR COL4A1 27666438
13 110802678 C T 3' UTR COL4A1 28369186
13 110802678 C A 3' UTR COL4A1 27666438
13 110802679 C A 3' UTR COL4A1 27666438
15 23810779 GTCAG G promoter MKRN3 29763903
15 23810849 C T promoter MKRN3 30462148
15 35080829 A G 3' UTR ACTC1 27139165
17 10536907 C T splicing MYH3 31491409
17 10559406 C T 5' UTR MYH3 31491409
17 41277375 T A 5' UTR BRCA1 30075112
17 61996359 G T promoter GH1 27252485
17 70117348 G A 5' UTR SOX9 28546996
18 28683379 C G promoter DSC2 27531918
19 2249105 CA C promoter AMH 31238341
19 49468612 GG CT 5' UTR FTL 28636169
X 38202566 G T enhancer OTC 29282796
X 38211793 T G 5' UTR OTC 29282796
X 38211808 G A 5' UTR OTC 29282796
X 38211811 A G 5' UTR OTC 29282796
X 38211834 C T 5' UTR OTC 29282796
X 38211835 C T 5' UTR OTC 29282796
X 38211844 C A 5' UTR OTC 29282796
X 70442966 C CT GJB1 28283593
X 70443186 G T GJB1 28283593
X 70444424 C T 3' UTR GJB1 29236290
X 85302634 G A promoter CHM 28271586
X 85302634 G T promoter CHM 28271586
X 138612871 AC A promoter F9 27865967
X 147031110 T C 3' UTR FMR1 26554012
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Table 5: Imbalance of the number of negative and positive samples across
di�erent regulatory region types in the GWAS dataset. In column 4, the
ratio between negative and positive samples; in bold, the lowest ratio used
to under-sample the negatives for each regulatory region. The last column
reports the number of down-sampled negatives for each regulatory region
after applying the best ratio found in column 4.

Category
Number of
positive
samples

Number of
negative
samples

Ratio
(neg/pos)

Downsampled
negative
samples

Intronic 937 539311 575 115166
Exonic
non coding 2 3511 1755 245

Intergenic 891 832571 934 109512
3' UTR 46 14470 314 5653
5' UTR 228 84300 370 28023
Other 11 1352 122 1352

Total
negatives:

259951

Table 6: Examples of pathogenic Mendelian single nucleotide variants where
parSMURF sensibly outperformed hyperSMURF. The �rst two columns refer
to the chromosomal coordinates of the variant. Ref and Alt to the reference
and alternative allele; OMIM to the OMIM code of the associated Mendelian
disease; Gene to the symbolic name of the target gene; PMID to the PubMed
ID of the related publication; Region to the type of the regulatory region.
The two last columns refer to the di�erence of ranking between respectively
parSMURF with grid optimization and parSMURF with Bayesian optimiza-
tion with respect to hyperSMURF.

Chr Position Ref Alt OMIM Gene PMID Region
Rank di�.

Grid/Default
Rank di�.
BO/Default

chr1 100661453 T G
MIM
248600 DBT

20570198
[369] 3' UTR 2308597 169786

chr3 12421189 A G
MIM
604367 PPARG

15531525
[370] Promoter 663054 421027

chrX 138612889 G A
MIM
306900 F9

23472758
[371] Promoter 194290 111499

chr13 100638902 A G
MIM
609637 ZIC2

22859937
[372] 3' UTR 70175 69069

chr6 118869423 A G
MIM
609909 PLN

18241046
[373] Promoter 63078 55789

chr16 31202818 G A
MIM
608030 FUS

23847048
[374] 3' UTR 50539 103623

chr12 121416444 T G
MIM
600496 HNF1A

22413961
[375] Promoter 21848 65773
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source code and materials

.1 parSMURF and parSMURF-NG

.1.1 Availability of source code and requirements

Project name: ParSMURF
Project home page: https://github.com/AnacletoLAB/parSMURF
GitHub repository: https://github.com/AnacletoLAB/parSMURF
SciCrunch RRID: SCR_017560
Operating system(s): Linux
Programming language: C++, Python 2.7
Requirements for parSMURF1: Multi-core x86-64 processor, 512 MB RAM,
C++ compiler supporting OpenMP standard.
Requirements for parSMURFn: Multi-core x86-64 processor, 1024 MB RAM,
implementation of MPI library (i.e. OpenMPI or IntelMPI) installed on each
node of the cluster, a reasonably fast interconnecting infrastructure.
License: GNU General Public License v3

Project name: ParSMURF-NG
Project home page: https://github.com/AnacletoLAB/parSMURF-NG
GitHub repository: https://github.com/AnacletoLAB/parSMURF-NG
Operating system(s): Linux
Programming language: C++, Python 3.5 (only for the Bayesian Optimizer
portion of the code)
Requirements: Multi-core x86-64 processor, 1024 MB RAM, implementation
of MPI library (i.e. OpenMPI or IntelMPI) installed locally and on each
node of the cluster, a reasonably fast interconnecting infrastructure.
License: GNU General Public License v3

207

https://github.com/AnacletoLAB/parSMURF
https://github.com/AnacletoLAB/parSMURF
https://github.com/AnacletoLAB/parSMURF-NG
https://github.com/AnacletoLAB/parSMURF-NG


BIBLIOGRAPHY

.1.2 Availability of supporting data and materials

Datasets used for the assessment of scalability and prediction quality are
available at the following page of the Open Science Foundation project: [376].

Supplementary Information with detailed experimental results are down-
loadable from the GigaScience website.

Supporting data is available at GigaDB data repository [377].
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.2 Par-COSNet

.2.1 Availability of source code and requirements

Project name: Par-COSNet
Project home page: https://github.com/AnacletoLAB/ParCOSNet
GitHub repository: https://github.com/AnacletoLAB/ParCOSNet
Operating system(s): Linux
Programming language: C++ with NVidia CUDA extensions library
Requirements: x86-64 processor, 256 MB RAM (dependent on graph size),
NVidia GPU card with minimum Compute Capability 3.5 (v5.0 minimum
for Dynamic Parallelism kernel); Compiled with GCC C++ compiler v5.4.0
of greater, NVidia CUDA Toolkit v8.0 or greater
License: Apache 2.0
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.3 MCMC-Colorer

.3.1 Availability of source code and requirements

Project name: MCMC-Colorer
Project home page: https://github.com/phuselab/MCMC_Colorer
GitHub repository: https://github.com/phuselab/MCMC_Colorer
Operating system(s): Linux
Programming language: C++ with NVidia CUDA extensions library
Requirements: x86-64 processor, 256 MB RAM (dependent on graph size),
NVidia GPU card with minimum Compute Capability 3.5; Compiled with
GCC C++ compiler v5.4.0 of greater, NVidia CUDA Toolkit v8.0 or greater
License: MIT license
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