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“The whole is greater than the sum of its parts.”

Aristotle, 4th century BC



Abstract
One of the great challenges in modern biology is understanding the genome and its
translation into biological structures and function. In this context, the aim of this
dissertation is to show that combinatorial approaches of traditional methods and novel
machine learning ideas can be developed and successfully applied to analyze large-scale
biological datasets and provide novel insights into genetic and transcriptomic variation.
This proposed thesis is validated in two fields of biological research: genome-wide
association studies (GWAS) and single-cell RNA sequencing (scRNA-Seq). For the
analysis of such data, we propose three novel methods, each consisting of traditional
methods on the one hand and state-of-the-art machine learning algorithms on the other.
It is shown that these combinatorial approaches outperform both their individual
methodological components and existing techniques on suitable corresponding datasets
in terms of statistical power and accuracy.

The standard approach to the evaluation of GWAS is based on testing each position in
the genome individually for statistical significance of its association with the phenotype
under investigation. To improve the analysis, we propose a combination of machine
learning and statistical testing that takes correlation structures within the set of
single-nucleotide polymorphisms (SNP) under investigation in a mathematically
well-controlled manner into account. The general idea is to train an appropriate
state-of-the-art classification algorithm, selecting a subset of candidate locations that are
most relevant for the classifier’s decisions and examining only those for significant
associations via multiple statistical hypothesis testing. This dissertation’s first
methodological contribution, the two-step algorithm, COMBI, first trains a support
vector machine to determine a subset of candidate SNPs and then performs hypothesis
tests for these SNPs together with an adequate threshold correction. Applying COMBI
to generated datasets as well as data from a WTCCC study (2007), we show that the
novel method outperforms ordinary raw p-value thresholding and other state-of-the-art
methods. COMBI presents higher power and precision than the examined alternatives
while yielding fewer false (i.e. non-replicated) and more true (i.e. replicated)
discoveries when its results are validated on later GWAS.

Deep learning has become one of the leading methodologies in data science, which
oftentimes greatly improves prediction performances in comparison to conventional
approaches. Recently, explainable artificial intelligence has emerged as a novel area of
research that goes beyond pure prediction improvement by extracting knowledge from
deep learning methodologies through the interpretation of their results. Following these
developments, we present the second methodological contribution of this dissertation,
DeepCOMBI - an improved, deep learning- and explanation-based extension of the
previously proposed method COMBI. The three-step algorithm of DeepCOMBI first
trains a neural network to classify subjects into their respective phenotypes. Second, it
explains the classifier’s decisions by applying layer-wise relevance propagation as one



example from the pool of explanation techniques. The resulting importance scores are
eventually used to determine a subset of the most relevant locations for multiple
hypothesis testing in the third step, which remains unchanged as in the original COMBI
method. DeepCOMBI is shown to outperform COMBI, raw p-value thresholding and
other baseline methods on generated datasets and the 2007 WTCCC study.

Beyond improving the identification of associations between phenotypes and genotypes,
in this dissertation, we contribute to understanding how genetic information is translated
into physical structures and biological function. When exploring the flow of sequential
information from DNA to mRNA to proteins, we interpret the genome in the context of
cell types and aim to identify the genes that are active in certain cells. Within this frame
of reference, the goal of scRNA-Seq experiments is to define and catalog cell types
from the transcriptional output of individual cells, which refers to an unsupervised
clustering problem. To improve the clustering of small disease- or tissue-specific
datasets, for which the identification of rare cell types is often problematic, we propose
to combine conventional clustering algorithms with the machine learning concept of
transfer learning to utilize large and well-annotated reference datasets. This
dissertation’s third methodological contribution modifies the target dataset while
incorporating key information from the reference dataset via non-negative matrix
factorization before providing the modified dataset to a traditional downstream
clustering algorithm. We empirically evaluate the benefits of the novel approach on
simulated scRNA-Seq data as well as on publicly available datasets. Finally, we present
results for analyzing a recently published small dataset and find improved clustering
when transferring knowledge from a large independent reference dataset.

To summarize, this dissertation contributes to a better understanding of the genome and
the processes around its translation into biological structures and function. By proposing
three approaches for the analysis of large-scale biological datasets combining traditional
methods and state-of-the-art machine learning algorithms, it is shown that, in this
regard, too, “the whole is greater than the sum of its parts” (indirect quote derived from
Aristotle, 4th century BC).



Zusammenfassung
Eine der größten Herausforderungen der modernen Biologie besteht darin, das Genom
und seine Umwandlung in biologische Strukturen und Funktionen zu verstehen. In
diesem Zusammenhang wird in dieser Dissertation gezeigt, dass kombinatorische
Ansätze traditioneller Methoden und neuartiger Ideen des maschinellen Lernens
entwickelt und erfolgreich angewendet werden können, um große biologische
Datensätze zu analysieren und neue Einblicke in genetische und transkriptomische
Variationen zu erhalten. Diese für diese Arbeit aufgestellte These wird in zwei
Bereichen der biologischen Forschung validiert: genomweite Assoziationsstudien
(GWAS) und Einzelzell-RNA-Sequenzierung (scRNA-Seq). Es werden insgesamt drei
neue Methoden vorgeschlagen, die jeweils aus traditionellen Methoden auf der einen
Seite und modernen maschinellen Lernalgorithmen auf der anderen Seite bestehen. Es
wird gezeigt, dass diese kombinatorischen Ansätze sowohl ihre einzelnen methodischen
Komponenten als auch andere bereits existierende Konkurrenzmethoden bei der
Anwendung auf entsprechenden Datensätzen hinsichtlich statistischer Power und
Accuracy übertreffen.
Der Standardansatz für die Auswertung von GWAS basiert darauf, jede Position im
Genom einzeln auf statistische Signifikanz ihrer Assoziation mit dem untersuchten
Phänotyp zu testen. Um die Analyse zu verbessern, schlagen wir eine Kombination aus
maschinellem Lernen und statistischem Testen vor, bei der Korrelationsstrukturen
zwischen den untersuchten Einzelnukleotid-Polymorphismen (SNP) mathematisch
kontrolliert berücksichtigt werden. Die zugrundeliegende Idee besteht darin, zunächst
einen geeigneten Klassifizierungsalgorithmus zu trainieren, danach die Teilmenge aller
SNPs auszuwählen, die für die Entscheidungen des Klassifizierers am relevantesten sind
und letztendlich diese mit multiplen statistischen Hypothesentests auf signifikante
Assoziationen zu untersuchen. Der erste im Rahmen dieser Dissertation entwickelte,
zweistufige Algorithmus COMBI trainiert zunächst eine Support Vector Machine, um
die Teilmenge der bedeutendsten Kandidaten-SNPs zu bestimmen und führt dann
Hypothesentests mit einer entsprechenden Anpassung des Signifikanzlevels für diese
SNPs durch. Mit der Anwendung von COMBI auf generierten Datensätzen sowie auf
Daten aus einer WTCCC-Studie (2007) wird gezeigt, dass die neue Methode bessere
Ergebnisse liefert als gewöhnliches multiples Testen sowie andere
Konkurrenzmethoden. COMBI ermöglicht höhere statistische Power und Präzision als
die untersuchten Alternativen und liefert weniger falsche (d.h. nicht replizierte) und
mehr wahre (d.h. replizierte) Entdeckungen, wenn die jeweiligen Ergebnisse mit
unabhängigen GWAS validiert werden.
In den letzten Jahren wurde tiefes Lernen zu einer der führenden Methoden der
Datenwissenschaften, die die Vorhersageleistungen im Vergleich zu herkömmlichen
Ansätzen häufig erheblich verbessert. In jüngster Zeit hat sich zudem erklärbare
künstliche Intelligenz (Explainable AI) zu einem neuartigen Forschungsgebiet
entwickelt, das über die reine Vorhersageverbesserung hinausgeht und Wissen aus



Deep-Learning-Methoden extrahiert, indem ihre Ergebnisse interpretiert und erklärt
werden. Im Rahmen dieser Fortschritte entwickeln wir eine Erweiterung von COMBI,
die auf tiefem Lernen und erklärbarer künstlicher Intelligenz basiert. Dieser zweite im
Rahmen der Dissertation entwickelte, dreistufige Algorithmus DeepCOMBI trainiert
zunächst ein neuronales Netzwerk für die Klassifizierung von Probanden in ihre
jeweiligen Phänotypen. Anschließend werden die Entscheidungen der Klassifizierung
mit Layerwise Relevance Propagation erklärt und die Ergebnisse verwendet, um die
relevantesten SNPs zu identifizieren. Wie bei der ursprünglichen COMBI-Methode
werden diese SNPs im dritten Schritt auf statistische Assoziation getestet. Auf
generierten Datensätze und der bereits genannten WTCCC Studie von 2007 wird
gezeigt, dass DeepCOMBI bessere Vorhersageleistungen erbringt als COMBI,
gewöhnliches multiples Testen und andere Konkurrenzmethoden.
Über die Verbesserung der Identifizierung von Assoziationen zwischen Phänotypen und
Genotypen hinausgehend, tragen wir in dieser Dissertation dazu bei, besser zu
verstehen, wie genetische Informationen in phänotypische Strukturen und biologische
Funktionen übersetzt werden. Bei der Untersuchung der Umwandlung genetischer
Informationen von DNA über mRNA zu Proteinen wird das Genom häufig im Kontext
von Zelltypen interpretiert, indem untersucht wird, welche Gene in bestimmten Zellen
aktiv sind. In diesem Kontext ist das Ziel von scRNA-Seq-Experimenten die Definition
und Katalogisierung von Zelltypen basierend auf dem Transkriptom einzelner Zellen,
was auf ein unüberwachtes Clustering-Problem hinausläuft. Beim Clustern von kleinen
krankheits- oder gewebespezifischen Datensätzen ist die Identifizierung seltener
Zelltypen häufig problematisch. Deshalb schlagen wir vor, herkömmliche
Clustering-Algorithmen mit dem Konzept des Transfer Learnings zu kombinieren, um
große und gut untersuchte Referenzdatensätze verwenden zu können. Der dritte im
Rahmen der Dissertation vorgeschlagene, kombinatorische Ansatz modifiziert daher
den Zieldatensatz, indem Informationen aus dem Referenzdatensatz über eine
nichtnegative Matrixfaktorisierung einbezogen werden, bevor der modifizierte
Datensatz mit einem Clustering-Algorithmus analysiert wird. Die Leistung der
vorgeschlagenen Methode wird auf simulierten scRNA-Seq-Daten sowie auf öffentlich
verfügbaren Datensätzen empirisch evaluiert. Schließlich präsentieren wir die
Ergebnisse der Analyse eines kürzlich veröffentlichten kleinen Datensatzes und finden
ein verbessertes Clustering beim Transfer von Informationen aus einem großen
Referenzdatensatz.
Zusammenfassend trägt diese Dissertation zu einem besseren Verständnis des Genoms
und der Prozesse rund um seine Übersetzung in biologische Strukturen und Funktionen
bei. Mit der Entwicklung dreier kombinatorischer Ansätze für die Analyse biologischer
Datensätze aus traditionellen Methoden einerseits und modernen Algorithmen des
maschinellen Lernens andererseits, wird gezeigt, dass auch hier “das Ganze mehr ist als
die Summe seiner Teile” (sinngemäß Aristoteles, 4. Jh. v. Chr.).
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1‌ ‌Overview‌ ‌ 
‌ 

1.1‌ ‌The‌ ‌author’s‌ ‌thesis‌ ‌ 
This‌ ‌dissertation‌ ‌regards‌ ‌the‌ ‌validation‌ ‌of‌ ‌the‌ ‌following‌ ‌thesis:‌ ‌ 

“‌Combinatorial‌ ‌approaches‌ ‌of‌ ‌traditional‌ ‌methods‌ ‌and‌ ‌novel‌ ‌machine‌ ‌learning‌ ‌ideas‌‌                   
for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌large-scale‌ ‌biological‌ ‌datasets‌ ‌can‌ ‌be‌ ‌developed‌ ‌and‌ ‌successfully‌‌                       
applied‌ ‌to‌ ‌better‌ ‌understand‌ ‌the‌ ‌translation‌ ‌of‌ ‌genetic‌ ‌code‌ ‌into‌ ‌phenotypes‌ ‌and‌‌                       
biological‌ ‌function‌ ‌increasing‌ ‌the‌ ‌statistical‌ ‌power‌ ‌and‌ ‌accuracy‌ ‌of‌ ‌existing‌‌                   
techniques.‌”‌‌ ‌  

1.2‌ ‌General‌ ‌storyline‌ ‌of‌ ‌this‌ ‌dissertation‌ ‌ 
This‌‌dissertation‌‌focuses‌‌on‌‌developing‌‌and‌‌applying‌‌artificial‌‌intelligence‌‌methods‌‌for‌‌                     
the‌‌interrogation‌‌of‌‌large-scale‌‌biological‌‌data‌‌to‌‌improve‌‌our‌‌understanding‌‌of‌‌genetic‌‌                       
variation‌‌and‌‌its‌‌translation‌‌into‌‌biological‌‌function‌‌in‌‌health‌‌and‌‌disease.‌‌In‌‌particular,‌‌                         
the‌ ‌thesis‌‌to‌‌be‌‌validated‌‌in‌‌this‌‌work‌‌is‌‌that‌‌machine‌‌learning‌‌and‌‌traditional‌‌methods‌‌                             
can‌ ‌be‌ ‌combined‌ ‌and‌ ‌successfully‌ ‌applied‌ ‌to‌ ‌biological‌ ‌datasets‌ ‌to‌ ‌provide‌ ‌greater‌‌                       
insight‌‌into‌‌cellular‌‌and‌‌organismal‌‌phenotype,‌‌function‌‌and‌‌processes.‌‌It‌‌is‌‌to‌‌be‌‌shown‌‌                           
that‌ ‌such‌ ‌combinatorial‌ ‌approaches‌ ‌can‌ ‌outperform‌ ‌appropriate‌ ‌competitor‌‌techniques‌‌                 
on‌ ‌suitable‌ ‌biological‌ ‌datasets‌ ‌in‌ ‌terms‌ ‌of‌ ‌statistical‌ ‌power‌ ‌and‌ ‌accuracy.‌ ‌The‌‌                       
dissertation’s‌‌overall‌‌storyline‌‌is‌‌described‌‌in‌‌the‌‌following‌‌sections‌‌explaining,‌‌in‌‌brief,‌‌                       
biological‌ ‌background,‌ ‌general‌ ‌ideas‌ ‌and‌ ‌methods,‌ ‌empirical‌ ‌results‌ ‌and‌ ‌concluding‌‌                   
findings.‌ ‌ 

The‌‌entirety‌‌of‌‌an‌‌organism’s‌‌genetic‌‌material‌‌is‌‌called‌‌a‌‌genome‌‌and‌‌is‌‌present‌‌in‌‌each‌‌                               
of‌ ‌its‌ ‌individual‌ ‌(somatic)‌ ‌cells‌1‌.‌ ‌In‌ ‌most‌ ‌organisms,‌ ‌it‌ ‌is‌ ‌composed‌ ‌of‌ ‌multiple‌‌                         
deoxyribonucleic‌ ‌acid‌ ‌(DNA)‌ ‌biopolymer‌ ‌chains‌ ‌built‌ ‌from‌ ‌four‌ ‌basic‌ ‌chemical‌ ‌units‌‌                     
(including‌ ‌adenine‌ ‌(A),‌‌cytosine‌‌(C),‌‌guanine‌‌(G)‌‌and‌‌thymine‌‌(T))‌‌called‌‌nucleotides.‌‌                       
The‌‌genome‌‌sequences‌‌contain‌‌both‌‌coding‌‌regions‌‌called‌‌genes,‌‌which‌‌encode‌‌protein‌‌                       
sequences,‌‌and‌‌noncoding‌‌regions,‌‌which‌‌serve‌‌other‌‌important‌‌functions‌‌such‌‌as‌‌gene‌‌                       
regulation‌1‌.‌ ‌For‌ ‌information‌ ‌transfer,‌ ‌genes‌ ‌are‌ ‌transcribed‌ ‌into‌ ‌intermediate‌ ‌chain‌‌                   
molecules‌ ‌of‌ ‌messenger‌ ‌ribonucleic‌ ‌acid‌ ‌(mRNA),‌ ‌which‌ ‌are‌ ‌then‌ ‌translated‌ ‌into‌‌                     
sequences‌ ‌of‌ ‌amino‌ ‌acids.‌ ‌Eventually,‌ ‌these‌ ‌polypeptides‌ ‌may‌ ‌post-translationally‌ ‌be‌‌                   
folded,‌‌combined‌‌and‌‌modified‌‌further‌‌to‌‌generate‌‌proteins,‌‌which‌‌are‌‌considered‌‌to‌‌be‌‌                         
amongst‌‌the‌‌most‌‌essential‌‌functional‌‌molecules‌‌of‌‌life.‌‌They‌‌form‌‌structures,‌‌catalyze‌‌                       
chemical‌ ‌reactions‌ ‌and‌ ‌hence‌ ‌determine‌ ‌phenotypes‌ ‌and‌ ‌functionalities‌ ‌of‌ ‌cells‌ ‌and,‌‌                     
ultimately,‌ ‌the‌ ‌organism‌1‌.‌‌ ‌  

The‌ ‌process‌ ‌of‌ ‌determining‌ ‌the‌ ‌order‌ ‌of‌ ‌nucleotides‌ ‌in‌ ‌the‌ ‌genome‌ ‌is‌ ‌called‌ ‌DNA‌‌                           
sequencing‌ ‌and‌ ‌has‌ ‌enabled‌ ‌great‌ ‌advances‌ ‌in‌ ‌the‌ ‌field‌ ‌of‌ ‌biological‌ ‌and‌ ‌medical‌‌                         

‌ 
1‌ ‌ 
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https://paperpile.com/c/QS9fGm/sAv0
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research‌2‌.‌ ‌The‌ ‌first‌ ‌time‌ ‌an‌ ‌entire‌ ‌human‌ ‌genome‌ ‌was‌ ‌sequenced‌ ‌and‌ ‌all‌ ‌genes‌ ‌were‌‌                           
mapped‌‌to‌‌specific‌‌positions‌‌on‌‌the‌‌sequence‌‌was‌‌the‌‌result‌‌of‌‌over‌‌ten‌‌years‌‌of‌‌research‌‌                               
and‌‌cost‌‌almost‌‌three‌‌billion‌‌dollars‌3,4‌.‌‌Once‌‌the‌‌Human‌‌Genome‌‌Project‌‌-‌‌a‌‌large‌‌team‌‌                             
of‌ ‌research‌ ‌groups‌ ‌and‌ ‌scientists‌ ‌-‌ ‌succeeded‌ ‌in‌ ‌2003,‌ ‌the‌ ‌entire‌ ‌human‌ ‌genome‌‌                         
sequence‌ ‌of‌ ‌three‌ ‌billion‌ ‌letters‌ ‌was‌ ‌published‌3,4‌.‌ ‌One‌ ‌might‌ ‌have‌ ‌concluded‌ ‌that‌ ‌the‌‌                         
mystery‌ ‌of‌ ‌the‌ ‌human‌ ‌genome‌ ‌and‌ ‌its‌ ‌hereditary‌ ‌function‌ ‌was‌ ‌solved.‌ ‌However,‌ ‌the‌‌                         
published‌ ‌sequence‌ ‌was‌ ‌only‌ ‌an‌ ‌exemplary‌ ‌chimeric‌ ‌genome‌ ‌sequence:‌ ‌No‌ ‌two‌‌                     
individuals‌‌ever‌‌have‌‌the‌‌same‌‌DNA‌‌sequence.‌‌In‌‌addition‌‌to‌‌large‌‌structural‌‌variations,‌‌                         
they‌ ‌always‌ ‌differ‌ ‌at‌ ‌a‌ ‌large‌ ‌number‌ ‌of‌ ‌specific‌ ‌locations‌ ‌in‌ ‌the‌ ‌genome,‌ ‌which‌ ‌are‌‌                             
called‌ ‌genetic‌ ‌variants‌ ‌or‌ ‌single-nucleotide‌ ‌polymorphisms‌ ‌(SNPs)‌1‌.‌ ‌At‌ ‌this‌‌point,‌‌the‌‌                     
interdisciplinary‌ ‌scientific‌ ‌field‌ ‌of‌ ‌genomics‌ ‌was‌ ‌only‌ ‌at‌ ‌its‌ ‌beginning‌ ‌and‌ ‌more‌ ‌and‌‌                         
more‌ ‌individuals’‌ ‌DNA‌ ‌was‌ ‌sequenced‌ ‌to‌ ‌identify‌ ‌those‌ ‌SNPs.‌ ‌ 

What‌ ‌followed‌ ‌in‌ ‌the‌ ‌years‌ ‌after‌ ‌2003‌ ‌was‌ ‌an‌ ‌impressive‌ ‌genome‌ ‌sequencing‌‌                       
revolution‌2‌.‌ ‌Nowadays,‌ ‌sequencing‌ ‌a‌ ‌single‌ ‌human‌ ‌genome‌ ‌no‌ ‌longer‌ ‌takes‌ ‌ten‌ ‌years‌‌                       
and‌ ‌three‌ ‌billion‌ ‌dollars‌ ‌but‌ ‌can‌ ‌be‌ ‌done‌ ‌in‌ ‌less‌ ‌than‌ ‌24‌‌hours‌‌(‌e.g.‌‌with‌‌the‌‌Illumina‌‌                                 
NovaSeq‌ ‌6000‌ ‌platform)‌ ‌for‌ ‌less‌ ‌than‌ ‌1,000‌ ‌dollars‌5‌.‌ ‌Millions‌ ‌of‌ ‌different‌ ‌genomes‌‌                       
have‌ ‌been‌ ‌sequenced‌ ‌and‌ ‌large-scale‌ ‌datasets‌ ‌are‌ ‌available‌ ‌for‌ ‌analysis‌6‌.‌ ‌The‌‌                     
methodological‌ ‌challenge‌ ‌has‌ ‌shifted‌ ‌away‌ ‌from‌‌one‌‌of‌‌physical‌‌sequencing‌‌to‌‌one‌‌of‌‌                         
data‌‌storage,‌‌handling,‌‌analysis‌‌and‌‌interpretation.‌‌To‌‌gain‌‌biological‌‌insight,‌‌the‌‌aim‌‌is‌‌                         
now‌ ‌to‌ ‌convert‌ ‌the‌ ‌sheer‌‌abundance‌‌of‌‌data‌‌(‌i.e.‌‌millions‌‌of‌‌sequences‌‌of‌‌three‌‌billion‌‌                             
letters‌ ‌each)‌‌into‌‌an‌‌improved‌‌understanding‌‌of‌‌health‌‌and‌‌disease.‌‌In‌‌this‌‌dissertation,‌‌                         
the‌ ‌aim‌ ‌is‌ ‌to‌ ‌contribute‌ ‌to‌ ‌discovering‌ ‌what‌ ‌can‌ ‌be‌ ‌learned‌ ‌from‌ ‌all‌ ‌of‌ ‌this‌ ‌data‌ ‌by‌‌                                 
introducing‌ ‌state-of-the-art‌ ‌machine‌ ‌learning‌ ‌methods‌ ‌that,‌ ‌in‌ ‌combination‌ ‌with‌ ‌more‌‌                   
traditional‌ ‌analysis‌ ‌approaches,‌ ‌can‌ ‌improve‌ ‌our‌ ‌understanding‌ ‌of‌ ‌the‌ ‌genome‌ ‌and,‌‌                     
ultimately,‌ ‌provide‌ ‌novel‌ ‌biological‌ ‌insights.‌‌ ‌  

One‌‌way‌‌to‌‌identify‌‌and‌‌understand‌‌the‌‌meaning‌‌of‌‌genetic‌‌sequences‌‌is‌‌by‌‌conducting‌‌                           
genome-wide‌‌association‌‌studies‌‌(GWAS),‌‌where‌‌the‌‌genomes‌‌of‌‌a‌‌group‌‌of‌‌cases‌‌(with‌‌                         
a‌‌disease‌‌or‌‌trait)‌‌and‌‌a‌‌group‌‌of‌‌(healthy)‌‌controls‌‌(without‌‌the‌‌trait)‌‌are‌‌sequenced‌‌and‌‌                               
compared.‌ ‌SNPs‌ ‌that‌ ‌are‌ ‌statistically‌ ‌associated‌ ‌with‌ ‌the‌ ‌disease‌ ‌or‌ ‌trait‌ ‌under‌‌                       
investigation‌ ‌are‌ ‌discovered‌ ‌by‌ ‌creating‌ ‌tables‌ ‌of‌ ‌genotype‌ ‌counts‌‌and‌‌calculating‌‌the‌‌                       
corresponding‌ ‌‌p‌-values.‌ ‌One‌ ‌of‌ ‌the‌ ‌most‌ ‌widely‌ ‌used‌ ‌repositories‌ ‌for‌ ‌the‌ ‌findings‌ ‌of‌‌                         
such‌‌studies‌‌is‌‌the‌‌GWAS‌‌Catalog,‌‌which‌‌is‌‌a‌‌valuable‌‌resource‌‌that‌‌-‌‌as‌‌of‌‌April‌‌2021‌‌-‌‌                                   
contains‌ ‌the‌ ‌results‌ ‌of‌ ‌almost‌ ‌5,000‌ ‌published‌ ‌GWAS‌ ‌identifying‌ ‌over‌ ‌250,000‌‌                     
associated‌ ‌SNPs‌7‌.‌ ‌Surprisingly,‌ ‌however,‌ ‌these‌ ‌SNPs‌ ‌explain‌ ‌only‌ ‌a‌ ‌small‌ ‌fraction‌ ‌of‌‌                       
individual‌ ‌traits‌ ‌and‌‌most‌‌of‌‌the‌‌heritability‌‌remains‌‌unexplained.‌‌This‌‌phenomenon‌‌is‌‌                       
referred‌ ‌to‌ ‌as‌ ‌the‌ ‌„‌mystery‌ ‌of‌ ‌missing‌ ‌heritability‌“‌8,9‌ ‌and‌ ‌might‌ ‌be‌ ‌caused‌ ‌by‌ ‌the‌‌fact‌‌                             
that‌‌all‌‌SNPs‌‌are‌‌separately‌‌tested‌‌for‌‌association.‌‌An‌‌individual‌‌‌p‌-value‌‌of‌‌a‌‌SNP‌‌only‌‌                             
depends‌ ‌on‌ ‌the‌ ‌data‌ ‌in‌‌that‌‌SNP‌‌ignoring‌‌any‌‌interactions‌‌between‌‌SNPs‌‌and‌‌possible‌‌                           
correlations‌‌with‌‌the‌‌rest‌‌of‌‌the‌‌genome.‌‌To‌‌overcome‌‌this‌‌drawback‌‌of‌‌the‌‌conventional‌‌                           
multiple‌ ‌testing‌ ‌methods‌ ‌to‌ ‌analyze‌ ‌GWAS,‌ ‌we‌ ‌propose‌ ‌to‌ ‌employ‌ ‌the‌ ‌potential‌ ‌of‌‌                         
artificial‌‌intelligence.‌‌Machine‌‌learning‌‌approaches‌‌aimed‌‌at‌‌predicting‌‌a‌‌phenotype‌‌are‌‌                     
‌ 

‌ 
2‌ ‌ 
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not‌ ‌based‌ ‌only‌ ‌on‌ ‌the‌ ‌information‌‌at‌‌a‌‌specific‌‌SNP‌‌but‌‌take‌‌the‌‌entire‌‌dataset,‌‌‌i.e.‌‌all‌‌                                 
SNPs‌‌and‌‌correlation‌‌structures,‌‌into‌‌account.‌‌If‌‌we‌‌identify‌‌the‌‌specific‌‌positions‌‌in‌‌the‌‌                           
genome‌ ‌that‌ ‌are‌ ‌most‌ ‌important‌ ‌for‌ ‌the‌ ‌decision‌ ‌of‌ ‌a‌ ‌classifier,‌ ‌we‌ ‌can‌ ‌use‌ ‌this‌‌                             
information‌‌as‌‌an‌‌indicator‌‌for‌‌the‌‌relevance‌‌of‌‌each‌‌specific‌‌SNP‌‌in‌‌addition‌‌to‌‌the‌‌raw‌‌                               
p‌-values‌ ‌of‌ ‌statistical‌ ‌testing.‌ ‌This‌ ‌dissertation’s‌ ‌contribution‌ ‌lies‌ ‌in‌ ‌developing‌‌                   
combinatorial‌ ‌approaches‌ ‌that‌ ‌use‌ ‌a‌ ‌machine‌ ‌learning-based‌ ‌algorithm‌ ‌and‌ ‌statistical‌‌                   
testing‌ ‌to‌ ‌identify‌ ‌disease-associated‌ ‌SNPs.‌‌ ‌  

The‌‌proposed‌‌method,‌‌called‌‌COMBI‌10‌,‌‌first‌‌trains‌‌a‌‌support‌‌vector‌‌machine‌‌(SVM)‌11–13‌ ‌                       
to‌ ‌predict‌ ‌a‌ ‌phenotype‌ ‌based‌ ‌on‌ ‌genotypic‌ ‌data.‌ ‌Subsequently,‌ ‌in‌‌the‌‌second‌‌step,‌‌the‌‌                           
resulting‌ ‌SVM‌ ‌weight‌ ‌vector‌ ‌is‌ ‌interpreted‌ ‌as‌ ‌an‌ ‌importance‌ ‌score‌ ‌to‌ ‌select‌ ‌an‌‌                         
appropriate‌‌subset‌‌of‌‌candidate‌‌SNPs‌‌based‌‌on‌‌their‌‌relevance‌‌for‌‌phenotype‌‌prediction.‌‌                       
The‌ ‌final‌ ‌third‌ ‌step‌ ‌consists‌ ‌of‌ ‌statistically‌ ‌testing‌ ‌only‌ ‌those‌ ‌preselected‌ ‌SNPs‌ ‌for‌‌                         
association‌ ‌with‌ ‌the‌ ‌phenotype‌ ‌under‌ ‌investigation.‌ ‌As‌ ‌a‌ ‌result‌ ‌of‌ ‌the‌ ‌screening‌ ‌step,‌‌                         
COMBI‌‌elegantly‌‌filters‌‌out‌‌any‌‌irrelevant‌‌noise‌‌SNPs‌‌and‌‌enables‌‌a‌‌clear‌‌identification‌‌                         
of‌ ‌the‌ ‌most‌ ‌important‌ ‌associated‌ ‌SNPs‌ ‌via‌ ‌multiple‌ ‌testing.‌ ‌It‌ ‌is‌ ‌shown‌ ‌on‌ ‌both‌‌                           
generated‌ ‌semi-real‌ ‌datasets‌ ‌as‌ ‌well‌ ‌as‌ ‌on‌ ‌real‌‌2007‌‌data‌‌of‌‌seven‌‌major‌‌diseases‌‌that‌‌                             
COMBI‌ ‌outperforms‌ ‌all‌ ‌relevant‌ ‌baseline‌ ‌methods‌ ‌in‌ ‌terms‌ ‌of‌ ‌both‌ ‌power‌ ‌and‌                       
precision.‌‌ ‌  

Following‌ ‌recent‌ ‌developments‌ ‌in‌ ‌machine‌ ‌learning‌ ‌and‌ ‌the‌ ‌rise‌ ‌of‌ ‌deep‌ ‌neural‌‌                       
networks‌ ‌(DNN)‌ ‌as‌ ‌the‌ ‌most‌ ‌successful‌ ‌prediction‌ ‌tools‌14‌,‌ ‌we‌ ‌develop‌ ‌an‌ ‌improved‌‌                       
version‌‌of‌‌COMBI‌‌by‌‌introducing‌‌DeepCOMBI‌15‌ ‌as‌‌a‌‌deep‌‌learning-based‌‌extension‌‌of‌‌                       
the‌ ‌proposed‌ ‌method.‌ ‌Here,‌ ‌a‌ ‌DNN‌ ‌is‌ ‌trained‌ ‌instead‌ ‌of‌ ‌an‌ ‌SVM‌ ‌and‌ ‌layer-wise‌‌                           
relevance‌ ‌propagation‌ ‌(LRP)‌16–18‌ ‌is‌ ‌used‌ ‌as‌ ‌an‌ ‌explanation‌ ‌method‌ ‌for‌ ‌identifying‌‌                     
relevant‌‌SNPs.‌‌The‌‌final‌‌step‌‌of‌‌statistical‌‌testing‌‌remains‌‌unchanged.‌‌High-performing‌‌                     
deep‌‌learning‌‌techniques‌‌and‌‌state-of-the-art‌‌explanation‌‌methods‌‌significantly‌‌improve‌‌                 
the‌ ‌statistical‌ ‌power‌ ‌of‌ ‌the‌ ‌combinatorial‌ ‌approach‌ ‌and‌ ‌are‌ ‌shown‌ ‌to‌ ‌perform‌ ‌even‌‌                         
better‌‌than‌‌the‌‌original‌‌COMBI‌‌method.‌‌Both‌‌methods‌‌help‌‌to‌‌increase‌‌the‌‌heritability,‌‌                         
which‌ ‌can‌ ‌be‌ ‌accounted‌ ‌for‌ ‌in‌ ‌the‌ ‌GWAS‌ ‌Catalog.‌‌ ‌  

With‌ ‌the‌ ‌proposal‌ ‌of‌ ‌two‌ ‌novel‌ ‌methods‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS,‌ ‌a‌ ‌substantial‌‌                           
contribution‌ ‌is‌ ‌made‌ ‌for‌ ‌identifying‌ ‌important‌ ‌positions‌ ‌in‌ ‌the‌ ‌genome‌ ‌when‌‌                     
considering‌ ‌genome‌ ‌trait‌ ‌associations.‌ ‌Beyond‌ ‌that,‌ ‌when‌ ‌trying‌ ‌to‌ ‌understand‌ ‌how‌‌                     
genetic‌ ‌information‌ ‌is‌ ‌translated‌‌into‌‌phenotypic‌‌structures‌‌and‌‌function,‌‌the‌‌goal‌‌is‌‌to‌‌                         
focus‌ ‌on‌ ‌actual‌ ‌causation‌ ‌rather‌ ‌than‌ ‌raw‌ ‌association.‌ ‌The‌ ‌scientific‌ ‌question‌ ‌often‌‌                       
asked‌‌is‌‌whether‌‌a‌‌genetic‌‌variant‌‌is‌‌biologically‌‌meaningful.‌‌Why‌‌do‌‌we‌‌find‌‌a‌‌specific‌‌                             
SNP‌ ‌to‌ ‌be‌ ‌associated‌ ‌with‌ ‌a‌ ‌disease‌ ‌or‌ ‌trait?‌ ‌What‌ ‌happens‌ ‌with‌ ‌the‌ ‌associated‌ ‌gene‌‌                             
during‌ ‌the‌ ‌natural‌ ‌process‌ ‌of‌ ‌a‌ ‌cell’s‌ ‌life‌ ‌to‌ ‌actually‌ ‌cause‌ ‌disease?‌ ‌If‌ ‌we‌ ‌stop‌ ‌our‌‌                               
investigation‌‌after‌‌identifying‌‌significant‌‌SNP‌‌disease‌‌associations,‌‌it‌‌is,‌‌metaphorically‌‌                   
speaking,‌ ‌like‌ ‌having‌ ‌discovered‌ ‌the‌ ‌ingredients‌ ‌list‌ ‌of‌ ‌a‌ ‌recipe‌ ‌while‌ ‌knowing‌ ‌the‌‌                         
resulting‌ ‌dish‌ ‌but‌ ‌missing‌ ‌any‌ ‌kind‌ ‌of‌ ‌cooking‌ ‌instructions.‌ ‌To‌ ‌figure‌ ‌out‌ ‌the‌ ‌entire‌‌                           
recipe,‌ ‌we‌ ‌have‌ ‌to‌ ‌explore‌ ‌the‌ ‌flow‌ ‌of‌ ‌genetic‌ ‌information‌ ‌and‌ ‌investigate‌ ‌how‌ ‌the‌‌                           
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genome‌‌is‌‌translated‌‌into‌‌function.‌‌To‌‌this‌‌end,‌‌it‌‌is‌‌essential‌‌to‌‌interpret‌‌the‌‌genome‌‌in‌‌                               
the‌ ‌context‌ ‌of‌ ‌cell‌ ‌types.‌ ‌There‌ ‌is‌ ‌an‌‌enormous‌‌variety‌‌of‌‌cell‌‌types‌‌and‌‌tissues‌‌in‌‌the‌‌                                 
human‌‌body‌1‌.‌‌Some‌‌are‌‌easily‌‌distinguishable,‌‌‌e.g.‌‌skin‌‌cells‌‌from‌‌brain‌‌cells‌‌or‌‌blood‌                           
cells‌ ‌from‌ ‌muscle‌ ‌cells;‌ ‌others‌ ‌look‌ ‌morphologically‌ ‌identical‌ ‌but‌ ‌still‌ ‌have‌ ‌entirely‌‌                       
different‌ ‌functions‌ ‌or‌ ‌even‌ ‌change‌ ‌their‌ ‌function‌ ‌over‌ ‌time‌1‌.‌ ‌All‌ ‌of‌ ‌them‌ ‌contain‌ ‌the‌‌                           
exact‌‌same‌‌genome,‌‌indicating‌‌that‌‌an‌‌identical‌‌genetic‌‌sequence‌‌is‌‌being‌‌implemented‌‌                       
into‌ ‌function‌ ‌differently.‌ ‌Cells‌ ‌do‌ ‌not‌ ‌constantly‌ ‌express‌ ‌the‌ ‌whole‌ ‌genome‌ ‌but‌ ‌the‌‌                         
specific‌‌pieces‌‌of‌‌the‌‌genetic‌‌sequence‌‌that‌‌are‌‌activated‌‌in‌‌different‌‌combinations‌‌vary‌‌                         
from‌‌cell‌‌to‌‌cell‌‌and‌‌can‌‌additionally‌‌change‌‌over‌‌time.‌‌Hence,‌‌instead‌‌of‌‌investigating‌‌                           
genetic‌‌function‌‌only‌‌at‌‌the‌‌DNA‌‌level,‌‌it‌‌is‌‌crucial‌‌to‌‌examine‌‌which‌‌genes‌‌are‌‌active‌‌                               
in‌ ‌certain‌ ‌cells‌ ‌by‌ ‌following‌ ‌the‌ ‌flow‌ ‌of‌ ‌genetic‌ ‌information‌ ‌from‌ ‌DNA‌ ‌to‌‌mRNA‌‌to‌‌                             
proteins.‌ ‌Because‌ ‌specific‌ ‌genes‌ ‌are‌ ‌activated‌ ‌and‌ ‌repressed‌ ‌in‌ ‌different‌ ‌cell‌ ‌types‌ ‌at‌‌                         
different‌ ‌points‌ ‌in‌ ‌time‌ ‌and‌ ‌the‌ ‌goal‌ ‌is‌ ‌to‌ ‌explain‌ ‌how‌ ‌genetic‌ ‌information‌ ‌causes‌‌                           
biological‌‌function,‌‌we‌‌need‌‌to‌‌explore‌‌which‌‌and‌‌how‌‌many‌‌mRNA‌‌molecules‌‌can‌‌be‌‌                           
found‌ ‌in‌‌certain‌‌cells.‌‌Going‌‌back‌‌to‌‌the‌‌initial‌‌challenge‌‌of‌‌explaining‌‌the‌‌results‌‌of‌‌a‌‌                               
GWAS‌ ‌and‌ ‌determining‌ ‌why‌ ‌specific‌ ‌significant‌ ‌GWAS‌ ‌SNPs‌ ‌increase‌ ‌the‌ ‌risk‌ ‌of‌‌                       
developing‌ ‌a‌ ‌disease,‌ ‌we‌ ‌need‌ ‌to‌ ‌identify‌ ‌where‌ ‌these‌ ‌SNPs‌ ‌are‌ ‌transcribed,‌ ‌in‌ ‌what‌‌                           
types‌ ‌of‌ ‌cells‌ ‌the‌ ‌corresponding‌ ‌genes‌ ‌are‌ ‌active‌ ‌and‌ ‌hence‌ ‌where‌ ‌the‌ ‌corresponding‌‌                         
mRNA‌ ‌molecules‌ ‌can‌ ‌be‌ ‌found.‌ ‌ 

A‌ ‌novel‌ ‌technology‌ ‌in‌ ‌this‌ ‌area‌ ‌of‌ ‌biology,‌ ‌called‌ ‌single-cell‌ ‌RNA‌ ‌sequencing‌‌                       
(scRNA-Seq),‌ ‌was‌ ‌developed‌ ‌in‌ ‌2009‌19‌ ‌and‌ ‌has‌ ‌given‌ ‌rise‌ ‌to‌ ‌a‌ ‌very‌ ‌fast-moving‌‌                         
research‌ ‌field‌ ‌in‌ ‌the‌ ‌following‌ ‌years‌20‌.‌ ‌It‌ ‌allows‌ ‌us‌ ‌to‌ ‌analyze‌ ‌the‌ ‌entirety‌ ‌of‌ ‌mRNA‌‌                             
molecules‌ ‌-‌ ‌called‌ ‌the‌ ‌transcriptome‌ ‌-‌ ‌of‌ ‌individual‌ ‌cells‌‌when‌‌it‌‌was‌‌previously‌‌only‌‌                           
possible‌ ‌to‌ ‌look‌ ‌at‌ ‌pooled‌ ‌transcriptomes.‌ ‌All‌ ‌cells‌ ‌of‌ ‌a‌ ‌sample‌ ‌taken‌ ‌from‌‌the‌‌tissue‌‌                             
under‌ ‌investigation‌ ‌are‌ ‌separated‌ ‌and‌ ‌the‌ ‌number‌ ‌of‌ ‌the‌ ‌different‌ ‌mRNA‌ ‌molecules‌‌                       
present‌‌in‌‌each‌‌cell‌‌is‌‌determined‌‌in‌‌a‌‌complicated‌‌process‌‌of‌‌extraction,‌‌amplification,‌‌                         
sequencing‌‌and‌‌library‌‌alignment.‌‌One‌‌of‌‌the‌‌most‌‌urgent‌‌research‌‌questions‌‌about‌‌the‌‌                         
resulting‌ ‌datasets‌ ‌is‌ ‌clustering‌ ‌the‌ ‌individual‌ ‌cells‌ ‌into‌ ‌groups‌ ‌based‌ ‌on‌ ‌their‌‌                       
transcriptomes‌ ‌through‌ ‌unsupervised‌ ‌clustering‌21‌.‌ ‌The‌ ‌challenge‌ ‌that‌ ‌often‌ ‌remains‌ ‌is‌‌                   
that‌ ‌high‌ ‌experimental‌ ‌barriers‌ ‌in‌ ‌scRNA-Seq‌ ‌(‌e.g.‌ ‌relative‌‌cost‌‌and‌‌inaccessibility‌‌of‌‌                       
rare‌‌tissues)‌‌cause‌‌many‌‌datasets‌‌to‌‌be‌‌small‌‌but‌‌high-dimensional,‌‌where‌‌rare‌‌subtypes‌‌                         
of‌ ‌cells‌ ‌are‌ ‌poorly‌ ‌represented‌21‌.‌ ‌To‌ ‌overcome‌ ‌this,‌ ‌the‌ ‌idea‌ ‌presented‌ ‌in‌ ‌this‌‌                         
dissertation‌ ‌is‌ ‌to‌ ‌use‌ ‌the‌ ‌machine‌ ‌learning‌ ‌concept‌ ‌of‌ ‌transfer‌ ‌learning‌ ‌for‌ ‌clustering‌‌                         
scRNA-Seq‌ ‌data.‌ ‌We‌ ‌propose‌ ‌to‌ ‌utilize‌ ‌prior‌ ‌knowledge‌ ‌from‌ ‌large,‌ ‌well-annotated‌‌                     
reference‌‌datasets‌‌to‌‌modify‌‌small‌‌novel‌‌target‌‌datasets‌‌and,‌‌as‌‌a‌‌consequence,‌‌improve‌‌                         
the‌ ‌clustering‌ ‌of‌ ‌traditional‌ ‌downstream‌ ‌clustering‌ ‌algorithms‌22‌.‌ ‌The‌ ‌general‌‌                 
methodological‌ ‌approach‌ ‌of‌ ‌the‌ ‌proposed‌ ‌method‌ ‌is‌ ‌to‌ ‌use‌ ‌non-negative‌ ‌matrix‌‌                     
factorization‌ ‌(NMF)‌23–25‌ ‌of‌ ‌the‌ ‌source‌ ‌dataset‌ ‌to‌ ‌reconstruct‌ ‌a‌ ‌modified‌‌version‌‌of‌‌the‌‌                         
target‌ ‌dataset,‌ ‌which‌ ‌is‌ ‌of‌ ‌improved‌ ‌quality‌ ‌having‌ ‌been‌ ‌adjusted‌ ‌to‌ ‌the‌ ‌clustering‌‌                         
information‌ ‌available‌ ‌in‌ ‌the‌ ‌source‌ ‌dataset.‌ ‌The‌ ‌reconstructed‌ ‌target‌ ‌dataset‌ ‌is‌‌                     
eventually‌ ‌clustered‌ ‌with‌ ‌a‌ ‌widely‌ ‌used‌ ‌single-cell‌ ‌clustering‌ ‌algorithm.‌ ‌In‌ ‌this‌‌                     
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dissertation,‌ ‌we‌ ‌show‌ ‌that‌ ‌clustering‌ ‌the‌ ‌modified‌ ‌dataset‌ ‌performs‌ ‌better‌ ‌than‌‌                     
clustering‌ ‌the‌ ‌original‌ ‌dataset‌ ‌or‌ ‌the‌ ‌concatenation‌ ‌of‌ ‌source‌ ‌and‌ ‌target‌ ‌dataset.‌‌Once‌‌                         
again,‌ ‌a‌ ‌combinatorial‌ ‌approach‌ ‌of‌ ‌existing‌ ‌analysis‌ ‌methods‌ ‌and‌ ‌novel‌ ‌machine‌‌                     
learning‌ ‌ideas‌ ‌can‌ ‌help‌ ‌analyze‌ ‌biological‌ ‌datasets.‌‌ ‌  

To‌ ‌summarize,‌ ‌this‌ ‌dissertation‌ ‌validates‌ ‌the‌ ‌thesis‌ ‌proposed‌ ‌by‌ ‌the‌ ‌author‌ ‌and‌‌                       
contributes‌ ‌to‌ ‌one‌ ‌of‌ ‌the‌ ‌most‌ ‌important‌ ‌challenges‌ ‌in‌ ‌biology‌ ‌of‌ ‌understanding‌ ‌the‌‌                         
genome‌ ‌by‌ ‌proposing‌ ‌combinatorial‌ ‌approaches‌ ‌of‌ ‌traditional‌ ‌methods‌ ‌and‌ ‌machine‌‌                   
learning.‌ ‌This‌ ‌is‌ ‌in‌ ‌agreement‌ ‌with‌ ‌Aristotle,‌ ‌who‌ ‌once‌‌claimed‌‌“‌the‌‌whole‌‌is‌‌greater‌‌                           
than‌‌the‌‌sum‌‌of‌‌its‌‌parts‌”‌26‌ ‌(indirect‌‌quote‌‌derived‌‌from‌‌Aristotle,‌‌4th‌‌century‌‌BC)‌‌while‌‌                             
trying‌‌to‌‌explain‌‌the‌‌ambivalent‌‌facets‌‌of‌‌the‌‌definition‌‌and‌‌terms‌‌of‌‌objects‌‌and‌‌parts.‌‌                             
The‌‌first‌‌two‌‌proposed‌‌methods‌‌can‌‌identify‌‌positions‌‌in‌‌the‌‌genome‌‌that‌‌influence‌‌the‌‌                           
risk‌‌of‌‌developing‌‌a‌‌disease‌‌or‌‌trait‌‌and‌‌the‌‌third‌‌method‌‌improves‌‌the‌‌clustering‌‌of‌‌cells‌‌                               
into‌ ‌groups‌ ‌based‌ ‌on‌ ‌the‌ ‌active‌ ‌genes‌ ‌in‌ ‌that‌ ‌cell.‌ ‌All‌ ‌methods‌ ‌help‌ ‌us‌ ‌to‌ ‌better‌‌                               
understand‌ ‌the‌ ‌translation‌ ‌of‌ ‌genetic‌ ‌code‌ ‌into‌ ‌biological‌ ‌function,‌ ‌increasing‌ ‌the‌‌                     
statistical‌ ‌power‌ ‌and‌ ‌accuracy‌ ‌of‌ ‌existing‌ ‌techniques.‌ ‌In‌ ‌combination,‌ ‌the‌ ‌three‌‌                     
proposed‌ ‌methods‌‌could‌‌be‌‌used‌‌to‌‌first‌‌identify‌‌SNPs‌‌that‌‌are‌‌significantly‌‌associated‌‌                         
with‌ ‌a‌ ‌disease‌ ‌or‌ ‌trait‌ ‌and‌ ‌second‌ ‌determine‌ ‌in‌ ‌what‌ ‌types‌ ‌of‌ ‌cells‌ ‌the‌‌corresponding‌‌                             
gene‌ ‌is‌ ‌active.‌ ‌As‌ ‌an‌ ‌outlook,‌ ‌it‌ ‌can‌ ‌be‌ ‌envisioned‌ ‌that‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌proposed‌‌                               
methods‌ ‌will‌ ‌find‌ ‌their‌ ‌way‌ ‌into‌ ‌practical‌ ‌applications.‌ ‌For‌ ‌example,‌ ‌the‌ ‌outcome‌ ‌of‌‌                         
such‌‌studies‌‌could‌‌be‌‌used‌‌for‌‌data-driven‌‌diagnosis,‌‌predictive‌‌personal‌‌prognosis,‌‌the‌‌                       
identification‌ ‌of‌ ‌potential‌ ‌drug‌ ‌targets‌ ‌or‌ ‌the‌ ‌design‌ ‌of‌ ‌optimal‌ ‌treatment‌ ‌plans.‌ ‌ ‌   
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1.3‌ ‌Organization‌ ‌of‌ ‌this‌ ‌dissertation‌‌ ‌  
Chapter‌‌1‌‌provides‌‌an‌‌overview‌‌of‌‌this‌‌dissertation‌‌and‌‌begins‌‌with‌‌stating‌‌the‌‌general‌‌                           
thesis‌ ‌to‌ ‌be‌ ‌investigated‌‌in‌‌the‌‌course‌‌of‌‌this‌‌work.‌‌A‌‌short‌‌and‌‌easy-to-read‌‌summary‌‌                             
for‌ ‌a‌ ‌general‌ ‌audience‌ ‌follows,‌ ‌containing,‌ ‌in‌ ‌brief,‌ ‌the‌ ‌overall‌ ‌storyline‌ ‌of‌ ‌this‌‌                         
dissertation.‌ ‌A‌‌guide‌‌through‌‌the‌‌chapters‌‌of‌‌the‌‌dissertation‌‌is‌‌given,‌‌along‌‌with‌‌a‌‌list‌‌                             
of‌ ‌the‌ ‌author’s‌ ‌relevant‌ ‌publications.‌ ‌A‌ ‌list‌ ‌of‌‌abbreviations‌‌is‌‌presented‌‌at‌‌the‌‌end‌‌of‌‌                             
this‌ ‌chapter.‌ ‌ 

Important‌ ‌notation‌ ‌is‌ ‌always‌ ‌defined‌ ‌and‌ ‌collected‌ ‌in‌‌a‌‌list‌‌at‌‌the‌‌beginning‌‌of‌‌each‌‌                             
chapter.‌ ‌Please‌ ‌note‌ ‌that‌ ‌the‌ ‌respective‌ ‌notation‌ ‌is‌ ‌only‌ ‌valid‌ ‌in‌ ‌the‌ ‌corresponding‌‌                         
chapter.‌‌ ‌  

Chapter‌‌2‌‌introduces‌‌essential‌‌background‌‌information‌‌that‌‌is‌‌necessary‌‌to‌‌address‌‌the‌‌                       
author’s‌ ‌proposed‌ ‌thesis‌ ‌of‌ ‌superior‌‌combinatorial‌‌approaches‌‌that‌‌improve‌‌traditional‌‌                   
methods‌‌with‌‌the‌‌application‌‌of‌‌machine‌‌learning‌‌for‌‌research‌‌questions‌‌concerning‌‌the‌‌                       
translation‌‌of‌‌genetic‌‌information‌‌into‌‌biological‌‌structures‌‌and‌‌function.‌‌After‌‌covering‌‌                     
the‌ ‌biological‌ ‌topics‌ ‌this‌ ‌dissertation‌ ‌focuses‌ ‌on,‌ ‌the‌ ‌specific‌ ‌challenges‌ ‌of‌‌                     
genome-wide‌ ‌association‌ ‌studies‌ ‌and‌ ‌single-cell‌ ‌RNA‌ ‌sequencing‌ ‌datasets‌ ‌are‌‌                 
presented.‌ ‌Finally,‌ ‌the‌ ‌corresponding‌ ‌traditional‌ ‌approaches‌ ‌to‌ ‌solving‌ ‌such‌ ‌problems‌‌                   
and‌ ‌the‌ ‌relevant‌ ‌machine‌ ‌learning‌ ‌concepts‌ ‌are‌ ‌introduced‌ ‌to‌ ‌set‌ ‌up‌ ‌their‌ ‌combined‌‌                         
application‌ ‌in‌ ‌subsequent‌ ‌chapters.‌ ‌ 

In‌ ‌the‌ ‌following‌ ‌main‌ ‌part‌ ‌of‌ ‌this‌ ‌dissertation,‌ ‌three‌ ‌completely‌ ‌novel‌ ‌methods‌ ‌are‌‌                         
introduced‌‌and‌‌it‌‌is‌‌shown‌‌that‌‌combinatorial‌‌approaches‌‌for‌‌the‌‌presented‌‌datasets‌‌can‌‌                         
be‌ ‌successfully‌ ‌implemented‌ ‌outperforming‌‌its‌‌individual‌‌components‌‌as‌‌well‌‌as‌‌other‌                     
appropriate‌ ‌baseline‌ ‌methods.‌‌ ‌  

In‌ ‌‌Chapter‌ ‌3,‌ ‌traditional‌‌methods‌‌for‌‌the‌‌analysis‌‌of‌‌genome-wide‌‌association‌‌studies‌‌                       
are‌‌combined‌‌with‌‌machine‌‌learning‌‌approaches‌‌to‌‌increase‌‌the‌‌statistical‌‌power‌‌of‌‌such‌‌                         
studies.‌ ‌We‌ ‌present‌ ‌two‌ ‌novel‌ ‌methods,‌ ‌called‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI,‌ ‌which‌ ‌are‌‌                       
based‌‌on‌‌a‌‌combination‌‌of‌‌multiple‌‌hypothesis‌‌testing‌‌and‌‌a‌‌support‌‌vector‌‌machine‌‌or‌‌a‌‌                             
deep‌ ‌neural‌ ‌network,‌ ‌respectively.‌ ‌It‌ ‌is‌ ‌shown‌ ‌that‌ ‌both‌ ‌methods‌ ‌outperform‌ ‌relevant‌‌                       
competitor‌‌approaches‌‌on‌‌generated‌‌datasets‌‌in‌‌a‌‌controlled‌‌environment‌‌as‌‌well‌‌as‌‌on‌‌a‌                           
real‌ ‌2007‌ ‌GWAS‌ ‌dataset‌ ‌of‌ ‌seven‌ ‌major‌ ‌diseases.‌ ‌ 

Chapter‌ ‌4‌ ‌introduces‌‌a‌‌novel‌‌method,‌‌called‌‌TransferCluster,‌‌to‌‌combine‌‌the‌‌machine‌‌                       
learning‌ ‌concepts‌ ‌of‌ ‌transfer‌ ‌learning‌ ‌and‌ ‌non-negative‌ ‌matrix‌ ‌factorization‌ ‌with‌ ‌a‌‌                     
traditional‌ ‌clustering‌ ‌method‌ ‌to‌ ‌analyze‌ ‌single-cell‌ ‌RNA‌ ‌sequencing‌ ‌datasets.‌ ‌In‌ ‌an‌‌                     
empirical‌ ‌study‌ ‌of‌ ‌three‌ ‌different‌ ‌settings‌ ‌-‌ ‌generated,‌ ‌subsampled‌ ‌and‌ ‌independent‌‌                     
source‌‌and‌‌target‌‌datasets‌‌-‌‌the‌‌performance‌‌of‌‌the‌‌proposed‌‌method‌‌is‌‌investigated‌‌and‌‌                           
found‌ ‌to‌ ‌be‌ ‌preferable‌ ‌compared‌ ‌to‌ ‌all‌ ‌investigated‌ ‌baseline‌ ‌methods.‌ ‌ 
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The‌‌dissertation‌‌concludes‌‌on‌‌the‌‌validity‌‌of‌‌the‌‌author’s‌‌thesis‌‌in‌‌‌Chapter‌‌5‌‌and‌‌shows‌‌                             
that‌ ‌successful‌ ‌combinatorial‌ ‌approaches‌ ‌of‌ ‌machine‌ ‌learning‌ ‌and‌ ‌traditional‌‌methods‌‌                   
were‌ ‌developed‌ ‌to‌ ‌better‌ ‌understand‌ ‌the‌ ‌translation‌ ‌of‌ ‌genetic‌ ‌code‌ ‌into‌ ‌biological‌‌                       
function.‌ ‌The‌ ‌main‌ ‌findings‌ ‌of‌ ‌this‌ ‌dissertation‌ ‌are‌ ‌summarized,‌ ‌open‌ ‌problems‌ ‌are‌‌                       
discussed‌ ‌and‌ ‌an‌ ‌outlook‌ ‌on‌ ‌future‌ ‌research‌ ‌directions‌ ‌is‌ ‌presented.‌‌ ‌  

The‌ ‌‌Appendix‌ ‌includes‌ ‌a‌ ‌number‌ ‌of‌ ‌additional‌ ‌experiments.‌ ‌At‌ ‌the‌ ‌end‌ ‌of‌ ‌the‌‌                         
dissertation,‌ ‌there‌ ‌is‌ ‌a‌ ‌list‌ ‌of‌ ‌all‌ ‌of‌ ‌the‌‌author’s‌‌publications,‌‌along‌‌with‌‌statements‌‌of‌‌                             
contributions.‌ ‌Please‌ ‌note‌ ‌that‌ ‌references‌ ‌‌in‌ ‌the‌ ‌‌Bibliography‌ ‌‌are‌ ‌numbered‌ ‌in‌‌                     
consecutive‌‌order‌‌as‌‌they‌‌appear‌‌in‌‌the‌‌text‌‌and‌‌superscript‌‌Arabic‌‌numerals‌‌are‌‌used‌‌to‌‌                             
cite.‌‌ ‌  
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1.4‌ ‌Previously‌ ‌published‌ ‌work‌ ‌ 
Parts‌ ‌of‌ ‌this‌ ‌dissertation‌ ‌have‌ ‌previously‌ ‌been‌‌published‌‌as‌‌journal‌‌articles,‌‌which‌‌are‌‌                         
listed‌ ‌below.‌‌ ‌  

A. Bettina‌ ‌Mieth‌,‌ ‌Marius‌ ‌Kloft,‌ ‌Juan‌ ‌Antonio‌ ‌Rodríguez,‌ ‌Sören‌ ‌Sonnenburg,‌‌                 
Robin‌‌Vobruba,‌‌Carlos‌‌Morcillo-Suárez,‌‌Xavier‌‌Farré,‌‌Urko‌‌M.‌‌Marigorta,‌‌Ernst‌‌                   
Fehr,‌ ‌Thorsten‌ ‌Dickhaus,‌ ‌Gilles‌ ‌Blanchard,‌ ‌Daniel‌ ‌Schunk,‌ ‌Arcadi‌ ‌Navarro‌‌&‌‌                   
Klaus-Robert‌ ‌Müller.‌ ‌Combining‌ ‌Multiple‌ ‌Hypothesis‌ ‌Testing‌ ‌with‌ ‌Machine‌‌               
Learning‌ ‌Increases‌ ‌the‌ ‌Statistical‌ ‌Power‌ ‌of‌ ‌Genome-wide‌ ‌Association‌‌Studies.‌‌                 
Scientific‌ ‌Reports‌,‌ ‌volume‌ ‌6,‌ ‌article‌ ‌number:‌ ‌36671‌ ‌(2016)‌10‌.‌ ‌ 

B. Bettina‌ ‌Mieth‌,‌ ‌James‌ ‌R.F.‌ ‌Hockley,‌ ‌Nico‌ ‌Görnitz,‌ ‌Marina‌ ‌M.-C.‌ ‌Höhne,‌‌                   
Klaus-Robert‌‌Müller,‌‌Alex‌‌Gutteridge‌‌&‌‌Daniel‌‌Ziemek.‌‌Using‌‌transfer‌‌learning‌‌                   
from‌ ‌prior‌ ‌reference‌ ‌knowledge‌ ‌to‌ ‌improve‌ ‌the‌ ‌clustering‌ ‌of‌ ‌single-cell‌‌                   
RNA-Seq‌ ‌data.‌ ‌‌Scientific‌ ‌Reports‌,‌ ‌volume‌ ‌9,‌ ‌article‌ ‌number‌ ‌920353‌ ‌(2019)‌22‌.‌ ‌ 

C. Bettina‌ ‌Mieth‌,‌ ‌Alexandre‌ ‌Rozier,‌ ‌Juan‌ ‌Antonio‌ ‌Rodriguez,‌ ‌Marina‌ ‌M.-C.‌‌                 
Höhne,‌ ‌Nico‌ ‌Görnitz‌ ‌&‌ ‌Klaus-Robert‌ ‌Müller.‌ ‌DeepCOMBI:‌ ‌Explainable‌‌               
artificial‌‌intelligence‌‌for‌‌the‌‌analysis‌‌and‌‌discovery‌‌in‌‌genome-wide‌‌association‌‌                   
studies.‌‌Currently‌‌under‌‌review‌‌at‌‌‌NAR‌‌Genomics‌‌and‌‌Bioinformatics‌.‌‌bioRxiv.‌‌                   
doi.org/10.1101/2020.11.06.371542‌ ‌(2020)‌15‌.‌ ‌ 

The‌‌content‌‌of‌‌this‌‌dissertation‌‌is‌‌related‌‌to‌‌the‌‌above‌‌publications‌‌in‌‌the‌‌following‌‌way:‌‌                             
Chapter‌‌2‌‌contains‌‌parts‌‌of‌‌‌A-C‌.‌‌‌Chapter‌‌3‌‌is‌‌based‌‌on‌‌‌A‌‌and‌‌‌C‌;‌‌‌Chapter‌‌4‌‌is‌‌based‌‌                                   
on‌ ‌‌B‌;‌ ‌‌Chapter‌ ‌5‌‌ ‌contains‌ ‌material‌ ‌from‌ ‌‌A-C‌.‌ ‌ 

I‌‌thank‌‌all‌‌of‌‌my‌‌co-authors‌‌for‌‌allowing‌‌me‌‌to‌‌include‌‌parts‌‌of‌‌our‌‌publications‌‌in‌‌this‌‌                                 
dissertation.‌ ‌ 

‌ 

‌ ‌   

‌ 

‌ 
9‌ ‌ 

https://paperpile.com/c/QS9fGm/LBxl
https://paperpile.com/c/QS9fGm/sFdH
https://paperpile.com/c/QS9fGm/hbHj


‌ 

1.5‌ ‌Abbreviations‌ ‌ 
Abbreviation‌ Definition‌ ‌(page‌ ‌it‌ ‌is‌ ‌introduced‌ ‌on)‌ ‌ 

A‌ Adenine‌ ‌(16)‌ ‌ 

AI‌ Artificial‌ ‌intelligence‌ ‌(27)‌ ‌ 

ARI‌ Adjusted‌ ‌Rand‌ ‌index‌ ‌(127)‌ ‌ 

AUC‌ Area‌ ‌under‌ ‌the‌ ‌curve‌ ‌(74)‌ ‌ 

BD‌ Bipolar‌ ‌disorder‌ ‌(‌65)‌ ‌ 

C‌ Cytosine‌ ‌(16)‌ ‌ 

CAD‌ Coronary‌ ‌artery‌ ‌disease‌ ‌(65)‌ ‌ 

CD‌ Crohn’s‌ ‌disease‌ ‌(65)‌ ‌ 

cDNA‌ Complementary‌ ‌deoxyribonucleic‌ ‌acid‌ ‌(22)‌ ‌ 

CNN‌ Convolutional‌ ‌neural‌ ‌network‌ ‌(35)‌ ‌ 

CPM‌ Counts‌ ‌per‌ ‌million‌ ‌(22)‌ ‌ 

DNA‌‌  Deoxyribonucleic‌ ‌acid‌ ‌(16)‌ ‌ 

DNN‌ Deep‌ ‌neural‌ ‌network‌ ‌(32)‌ ‌ 

DRG‌ Dorsal‌ ‌root‌ ‌ganglia‌ ‌(120)‌ ‌ 

ENFR‌ Expected‌ ‌number‌ ‌of‌ ‌false‌ ‌rejections‌ ‌(23)‌ ‌ 

eQTL‌‌  Expression‌ ‌quantitative‌ ‌trait‌ ‌locus‌ ‌(89)‌ ‌ 

FN‌ False‌ ‌negative‌ ‌(74)‌ ‌ 

FP‌ False‌ ‌positive‌ ‌(74)‌ ‌ 

FPR‌ False-positive‌ ‌rate‌ ‌(74)‌ ‌ 

FWER‌ Family-wise‌ ‌error‌ ‌rate‌ ‌(23)‌ ‌ 

G‌ Guanine‌ ‌(16)‌ ‌ 

gFWER‌ Generalized‌ ‌family-wise‌ ‌error‌ ‌rate‌ ‌(‌23)‌ ‌ 

GWAS‌‌  Genome-wide‌ ‌association‌ ‌studies‌ ‌(21)‌ ‌ 

HT‌ Hypertension‌ ‌(65)‌ ‌ 

KTA‌ Kernel‌ ‌target‌ ‌alignment‌ ‌(117)‌ ‌ 

LD‌ Linkage‌ ‌disequilibrium‌ ‌(18)‌ ‌ 

LMM‌ Linear‌ ‌mixed‌ ‌model‌ ‌(73)‌ ‌ 

LRP‌ Layer-wise‌ ‌relevance‌ ‌propagation‌ ‌(37)‌ ‌ 

ML‌ Machine‌ ‌learning‌ ‌(27)‌ ‌ 

mRNA‌ Messenger‌ ‌ribonucleic‌ ‌acid‌ ‌(19)‌ ‌ 

NMF‌ Non-negative‌ ‌matrix‌ ‌factorization‌ ‌(40)‌ ‌ 

NN‌ Neural‌ ‌network‌ ‌(31)‌ ‌ 

PCA‌ Principal‌ ‌component‌ ‌analysis‌ ‌(25)‌ ‌ 

PFI‌ Permutation‌ ‌feature‌ ‌importance‌ ‌(49)‌ ‌ 

PMID‌ PubMed‌ ‌identification‌ ‌number‌ ‌(88)‌ ‌ 
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PR‌ Precision-recall‌ ‌(74)‌ ‌ 

RA‌ Rheumatoid‌ ‌arthritis‌ ‌(65)‌ ‌ 

ReLU‌ ‌  ‌Rectified‌ ‌linear‌ ‌unit‌ ‌(activation‌ ‌function)‌ ‌(33)‌ ‌ 

RNA‌ Ribonucleic‌ ‌acid‌ ‌(19)‌ ‌ 

ROC‌ Receiver‌ ‌operating‌ ‌characteristic‌ ‌(74)‌ ‌ 

RPM‌ Reads‌ ‌per‌ ‌million‌ ‌(22)‌ ‌ 

RPKM‌ Reads‌ ‌per‌ ‌kilobase‌ ‌per‌ ‌million‌ ‌mapped‌ ‌reads‌ ‌(22)‌ ‌ 

RPVT‌ Raw‌ ‌‌p‌-value‌ ‌thresholding‌ ‌(23)‌ ‌ 

scRNA-Seq‌ Single-cell‌ ‌RNA‌ ‌sequencing‌ ‌(22)‌ ‌ 

SNP‌ Single-nucleotide‌ ‌polymorphism‌ ‌(17)‌ ‌ 

SVM‌ Support‌ ‌vector‌ ‌machine‌ ‌(28)‌ ‌ 

T‌ Thymine‌ ‌(16)‌ ‌ 

TN‌ True‌ ‌negative‌ ‌(74)‌ ‌ 

TP‌ True‌ ‌positive‌ ‌(74)‌ ‌ 

TPM‌ Transcripts‌ ‌per‌ ‌million‌ ‌(22)‌ ‌ 

TPR‌ True-positive‌ ‌rate‌ ‌(74)‌ ‌ 

tRNA‌ Transfer‌ ‌ribonucleic‌ ‌acid‌ ‌(20)‌ ‌ 

t-SNE‌ t-Distributed‌ ‌stochastic‌ ‌neighbor‌ ‌embedding‌ ‌(26)‌ ‌ 

T1D‌ Type‌ ‌1‌ ‌diabetes‌ ‌(65)‌ ‌ 

T2D‌ Type‌ ‌2‌ ‌diabetes‌ ‌(65)‌ ‌ 

U‌ Uracil‌ ‌(19)‌ ‌ 

WTCCC‌ Wellcome‌ ‌Trust‌ ‌Case‌ ‌Control‌ ‌Consortium‌ ‌(21)‌ ‌ 

XAI‌ Explainable‌ ‌artificial‌ ‌intelligence‌ ‌(37)‌ ‌ 
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2‌ ‌Fundamentals‌‌ ‌  

‌ 

This‌ ‌chapter‌ ‌lays‌ ‌the‌‌foundation‌‌for‌‌the‌‌methodological‌‌innovations‌‌presented‌‌later‌‌on‌‌                       
in‌‌this‌‌dissertation.‌‌Since‌‌the‌‌content‌‌of‌‌this‌‌work‌‌heavily‌‌relies‌‌on‌‌concepts‌‌from‌‌across‌‌                             
several‌‌scientific‌‌disciplines,‌‌necessary‌‌background‌‌information‌‌is‌‌given‌‌here‌‌for‌‌all‌‌of‌‌                       
those‌ ‌areas.‌ ‌After‌ ‌presenting‌ ‌detailed‌ ‌information‌ ‌on‌ ‌the‌ ‌fundamental‌ ‌biology‌ ‌of‌ ‌the‌‌                       
genome‌ ‌to‌ ‌provide‌ ‌sufficient‌ ‌applicative‌ ‌context,‌ ‌we‌ ‌introduce‌ ‌the‌ ‌corresponding‌‌                   
analysis‌‌methods‌‌that‌‌are‌‌traditionally‌‌used‌‌to‌‌explore‌‌genome-wide‌‌association‌‌studies‌‌                     
and‌ ‌single-cell‌ ‌RNA‌ ‌sequencing‌ ‌datasets,‌ ‌which‌ ‌are‌ ‌under‌ ‌investigation‌ ‌in‌ ‌this‌‌                     
dissertation.‌ ‌To‌ ‌validate‌ ‌the‌ ‌thesis‌ ‌proposed‌ ‌by‌ ‌the‌ ‌author‌ ‌in‌ ‌this‌ ‌dissertation‌ ‌in‌‌                         
Chapter‌ ‌1.1‌,‌ ‌these‌ ‌conventional‌ ‌methods‌ ‌are‌ ‌combined‌ ‌with‌ ‌sophisticated‌ ‌artificial‌‌                   
intelligence‌ ‌techniques‌ ‌in‌ ‌the‌ ‌course‌ ‌of‌ ‌this‌ ‌dissertation.‌ ‌Hence,‌ ‌this‌ ‌chapter’s‌ ‌final‌‌                       
section‌ ‌presents‌ ‌the‌ ‌related‌ ‌machine‌ ‌learning‌ ‌concepts,‌ ‌including‌ ‌classification,‌‌                 
explanation‌ ‌and‌ ‌information‌ ‌transfer.‌ ‌This‌ ‌chapter‌ ‌contains‌ ‌parts‌ ‌of‌ ‌articles‌‌‌A-C‌10,15,22‌ ‌                     
from‌ ‌‌Chapter‌ ‌1.4‌ ‌‌on‌‌ ‌‌previously‌ ‌published‌ ‌work.‌‌ ‌  
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2.0‌ ‌Notation‌ ‌of‌ ‌chapter‌ ‌2‌ ‌ 
Symbol‌ Definition‌ ‌(page‌ ‌it‌ ‌is‌ ‌introduced‌ ‌on)‌ ‌ 

αi Optimization‌ ‌variables‌ ‌in‌ ‌the‌ ‌dual‌ ‌problem‌ ‌of‌ ‌an‌ ‌SVM‌ ‌(30)‌ ‌ 

αLRP Parameter‌ ‌of‌ ‌the‌ ‌ -LRP‌ ‌rule‌ ‌for‌ ‌positive‌ ‌contributions‌ ‌(39)‌ ‌βα  

αNMF Penalty‌ ‌multiplier‌ ‌of‌ ‌the‌ ‌elastic‌ ‌net‌ ‌in‌ ‌NMF‌ ‌(41)‌ ‌ 

βLRP Parameter‌ ‌of‌ ‌the‌ ‌ -LRP‌ ‌rule‌ ‌for‌ ‌negative‌ ‌contributions‌ ‌(39)‌ ‌βα  

b‌‌  ‌Bias‌ ‌term‌ ‌in‌ ‌linear‌ ‌predictive‌ ‌functions‌ ‌or‌ ‌in‌ ‌propagation‌ ‌functions‌ ‌of‌ ‌an‌ ‌NN‌ ‌(28)‌ ‌ 

C‌ SVM‌ ‌regularization‌ ‌parameter‌ ‌(29)‌ ‌ 

χ2 Chi-square‌ ‌test‌ ‌statistic‌ ‌(23)‌ ‌ 

d‌ Number‌ ‌of‌ ‌dimensions‌ ‌in‌ ‌a‌ ‌dataset‌ ‌for‌ ‌SVM‌ ‌training‌ ‌(28)‌ ‌ 

d1, ..., D Number‌ ‌of‌ ‌selected‌ ‌eigenvectors‌ ‌in‌ ‌SC3‌ ‌clustering‌ ‌(26)‌ ‌ 

e‌ Index‌ ‌of‌ ‌an‌ ‌outputclass‌ ‌in‌ ‌an‌ ‌NN‌ ‌(34)‌ ‌ 

E‌ Number‌ ‌of‌ ‌output‌ ‌nodes‌ ‌in‌ ‌an‌ ‌NN‌ ‌(34)‌ ‌ 

ϵ  Parameter‌ ‌of‌ ‌the‌ ‌ -LRP‌ ‌rule‌ ‌(39)‌ ‌ϵ  

eps‌‌  ‌Number‌ ‌of‌ ‌epochs‌ ‌for‌ ‌NN‌ ‌Training‌ ‌(36)‌ ‌ 

ξi Slack‌ ‌variables‌ ‌in‌ ‌an‌ ‌SVM‌ ‌(29)‌ ‌ 

f ( . ) Predictive‌ ‌function‌ ‌in‌ ‌ML‌ ‌(27)‌ ‌ 

g‌‌  Number‌ ‌of‌ ‌dimensions‌ ‌in‌ ‌a‌ ‌source‌ ‌dataset‌ ‌for‌ ‌NMF‌ ‌(40)‌ ‌ 

( . )g Propagation‌ ‌or‌ ‌pre-activation‌ ‌function‌ ‌in‌ ‌an‌ ‌NN‌ ‌(33)‌ ‌ 

γ Parameter‌ ‌of‌ ‌the‌ ‌LRP-‌ rule‌ ‌(39)‌γ  

( . )h Activation‌ ‌function‌ ‌in‌ ‌an‌ ‌NN‌ ‌(33)‌ ‌ 

ht
q Output‌ ‌of‌ ‌neuron‌‌ ‌t‌‌ ‌at‌ ‌layer‌ ‌‌q‌‌ ‌in‌ ‌an‌ ‌NN‌ ‌(34)‌ ‌ 

H Dictionary‌ ‌in‌ ‌NMF‌ ‌(40)‌ ‌ 

H  
* Initial‌ ‌starting‌ ‌point‌ ‌of‌ ‌  ‌in‌ ‌NMF‌ ‌(41)‌ ‌H  

i‌ Index‌ ‌of‌ ‌a‌ ‌datapoint‌ ‌in‌ ‌ML‌ ‌(28)‌ ‌ 

k‌ ‌Number‌ ‌of‌ ‌clusters‌ ‌to‌ ‌find‌ ‌with‌ ‌a‌ ‌clustering‌ ‌algorithm‌ ‌(24)‌ ‌ 

( . , . )k   Kernel‌ ‌function‌ ‌(31)‌ ‌ 

λNMF Parameter‌ ‌of‌ ‌the‌ ‌elastic‌ ‌net‌ ‌in‌ ‌NMF‌ ‌controlling‌ ‌L1‌ ‌and‌ ‌L2‌ ‌regularization‌ ‌(41)‌ ‌ 

n‌ Number‌ ‌of‌ ‌datapoints‌ ‌in‌ ‌a‌ ‌dataset‌ ‌for‌ ‌SVM‌ ‌training‌ ‌(39)‌ ‌or‌ ‌NMF‌ ‌(40)‌ ‌ 

nn‌ Number‌ ‌of‌ ‌neurons‌ ‌per‌ ‌dense‌ ‌hidden‌ ‌layer‌ ‌(36)‌ ‌ 
η Learning‌ ‌rate‌ ‌of‌ ‌an‌ ‌NN‌ ‌(36)‌ ‌ 

p‌ Index‌ ‌of‌ ‌a‌ ‌predecessor‌ ‌layer‌ ‌of‌ ‌layer‌ ‌‌q‌ ‌‌in‌ ‌an‌ ‌NN‌ ‌(37)‌ ‌ 

q‌ Index‌ ‌of‌ ‌successor‌ ‌layer‌ ‌of‌ ‌layer‌ ‌‌p‌ ‌‌in‌ ‌an‌ ‌NN‌ ‌(33)‌ ‌ 

Q‌ Output‌ ‌layer‌ ‌of‌ ‌an‌ ‌NN‌ ‌(34)‌ ‌ 

 ϱ Parameter‌ ‌of‌ ‌‌gFWER‌‌ ‌(23)‌ ‌ 

‌ 
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( . )φ Shape‌ ‌of‌ ‌the‌ ‌activation‌ ‌function‌ ‌in‌ ‌an‌ ‌NN‌ ‌(33)‌ ‌ 

 ϕ Dropout‌ ‌rate‌ ‌in‌ ‌an‌ ‌NN‌ ‌(35)‌ ‌ 

‌Rs
(p,i)   Relevance‌ ‌score‌ ‌of‌ ‌neuron‌ ‌‌s‌‌ ‌in‌ ‌layer‌ ‌‌p‌ ‌‌for‌ ‌sample‌ ‌‌i‌‌ ‌(37)‌ ‌ 

s‌‌  Index‌ ‌of‌ ‌predecessor‌ ‌neuron‌ ‌at‌ ‌layer‌ ‌‌p‌‌ ‌of‌ ‌neuron‌ ‌‌t‌‌ ‌at‌ ‌layer‌ ‌‌q‌ ‌‌in‌ ‌an‌ ‌NN‌ ‌(33)‌ ‌ 

gn( . )s Sign‌ ‌function‌ ‌(30)‌ ‌ 

t‌ Index‌ ‌of‌ ‌successor‌ ‌neuron‌ ‌at‌ ‌layer‌ ‌‌q‌ ‌‌of‌ ‌neuron‌ ‌s‌ ‌at‌ ‌layer‌ ‌‌p‌ ‌‌in‌ ‌an‌ ‌NN‌ ‌(33)‌ ‌ 

τ L1‌ ‌norm‌ ‌regularization‌ ‌parameter‌ ‌in‌ ‌a‌ ‌loss‌ ‌function‌ ‌of‌ ‌an‌ ‌NN‌ ‌(‌36)‌ ‌ 

ecv ( . ) Vectorization‌ ‌of‌ ‌a‌ ‌given‌ ‌matrix‌ ‌(41)‌ ‌ 

υ L2‌ ‌norm‌ ‌regularization‌ ‌parameter‌ ‌in‌ ‌a‌ ‌loss‌ ‌function‌ ‌of‌ ‌an‌ ‌NN‌ ‌(‌36)‌ ‌ 

w‌‌  ‌Weight‌ ‌vector‌ ‌in‌ ‌linear‌ ‌predictive‌ ‌functions‌ ‌(‌28)‌ ‌ 

wq
st Weight‌ ‌of‌ ‌the‌ ‌connection‌ ‌from‌ ‌neuron‌ ‌‌s‌ ‌‌at‌ ‌layer‌ ‌‌p‌‌ ‌to‌ ‌neuron‌ ‌‌t‌‌ ‌at‌ ‌layer‌ ‌‌q‌‌ ‌(33)‌ ‌ 

W Reconstruction‌ ‌data‌ ‌matrix‌ ‌in‌ ‌NMF‌ ‌(40)‌ ‌ 

W  
* Initial‌ ‌starting‌ ‌point‌ ‌of‌ ‌ in‌ ‌NMF‌ ‌(‌W 41)‌ ‌ 

, xx   i Observed‌ ‌input‌ ‌data‌ ‌in‌ ‌ML‌ ‌(27)‌ ‌ 

x  new Unseen‌ ‌input‌ ‌data‌ ‌in‌ ‌ML‌ ‌(27)‌ ‌ 

, yy   i Observed‌ ‌label‌ ‌to‌ ‌be‌ ‌predicted‌ ‌in‌ ‌ML‌ ‌(27)‌ ‌ 

y︿i Prediction‌ ‌score‌ ‌of‌ ‌a‌ ‌datapoint‌ ‌  ‌in‌ ‌an‌ ‌NN‌ ‌(36)‌ ‌xi  

y  new Label‌ ‌of‌ ‌unseen‌ ‌data‌ ‌in‌ ‌ML‌ ‌(27)‌ ‌ 

 . ∣∣ ∣∣1 L1‌ ‌Manhattan‌ ‌Norm‌ ‌(36)‌ ‌ 

‖ . ‖ 2 L2‌ ‌Euclidean‌ ‌norm‌ ‌(29)‌ ‌ 

 . ∣∣ ∣∣ F ro Frobenius‌ ‌norm‌ ‌(41)‌ ‌ 

 . , . ⟩⟨   Dot‌ ‌product‌ ‌(31)‌ ‌ 

( . )+   Positive‌ ‌value‌ ‌selector‌ ‌(39)‌ ‌ 

( . )− Negative‌ ‌value‌ ‌selector‌ ‌(39)‌ ‌   
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2.1‌ ‌Biological‌ ‌background‌ ‌ 
This‌‌section‌‌introduces‌‌the‌‌fundamental‌‌biological‌‌concepts‌‌that‌‌play‌‌an‌‌important‌‌role‌‌                       
in‌ ‌this‌ ‌dissertation’s‌ ‌applications.‌ ‌Background‌ ‌information‌ ‌on‌ ‌the‌ ‌human‌‌genome‌‌and‌‌                     
the‌‌central‌‌processes‌‌surrounding‌‌its‌‌translation‌‌into‌‌biological‌‌function‌‌is‌‌provided‌‌and‌‌                       
important‌ ‌terms‌ ‌are‌ ‌defined.‌‌ ‌  

2.1.1‌ ‌The‌ ‌human‌ ‌genome‌ ‌ 

The‌‌human‌‌‌genome‌‌is‌‌a‌‌long‌‌‌deoxyribonucleic‌‌acid‌‌(‌DNA‌)‌‌chain‌‌created‌‌by‌‌stringing‌‌                         
together‌ ‌thousands‌ ‌of‌ ‌its‌ ‌four‌ ‌unique‌ ‌basic‌ ‌units‌ ‌called‌ ‌‌nucleotides‌.‌1‌ ‌Each‌‌nucleotide‌‌                       
consists‌ ‌of‌ ‌a‌ ‌five-carbon‌ ‌sugar‌ ‌(deoxyribose‌ ‌in‌ ‌the‌ ‌case‌ ‌of‌ ‌DNA),‌ ‌a‌ ‌phosphate‌‌group‌‌                           
and‌‌a‌‌nitrogenous‌‌base.‌‌The‌‌latter‌‌determines‌‌the‌‌type‌‌of‌‌a‌‌nucleotide‌‌and‌‌can‌‌be‌‌either‌‌                               
adenine,‌‌cytosine,‌‌guanine‌‌or‌‌thymine,‌‌which‌‌are‌‌usually‌‌abbreviated‌‌with‌‌the‌‌letters‌‌A,‌‌                         
C,‌‌G‌‌and‌‌T‌‌in‌‌sequential‌‌genomic‌‌datasets.‌‌Genetic‌‌information‌‌is‌‌captured‌‌in‌‌the‌‌linear‌‌                             
code‌ ‌of‌ ‌long‌ ‌sequences‌ ‌of‌ ‌single‌ ‌DNA‌ ‌strands.‌ ‌Together‌ ‌with‌ ‌a‌‌second‌‌strand,‌‌where‌‌                           
complementary‌ ‌nucleotides‌ ‌bind‌ ‌together‌ ‌in‌ ‌‌base‌ ‌pairs‌ ‌‌(‌bp‌)‌ ‌via‌ ‌hydrogen‌ ‌bonds‌ ‌(A‌‌                       
binds‌‌with‌‌T‌‌and‌‌C‌‌binds‌‌with‌‌G),‌‌DNA‌‌chains‌‌are‌‌stored‌‌in‌‌double‌‌helix‌‌structures‌‌and‌‌                                 
only‌ ‌unwound‌ ‌and‌ ‌opened‌ ‌when‌ ‌access‌ ‌to‌ ‌the‌ ‌retained‌ ‌information‌ ‌is‌ ‌necessary.‌ ‌See‌‌                         
Figure‌ ‌1‌ ‌‌for‌ ‌a‌ ‌graphical‌ ‌representation‌ ‌of‌ ‌DNA,‌ ‌its‌ ‌double‌ ‌helix‌ ‌structure‌ ‌and‌ ‌the‌‌                           
chemical‌ ‌binding‌ ‌of‌ ‌base‌ ‌pairs.‌ ‌ 

‌ 
Figure‌ ‌1:‌ ‌DNA‌ ‌double‌ ‌helix‌ ‌structure,‌ ‌nucleotides‌ ‌and‌ ‌base‌ ‌pairing.‌ ‌‌A‌ ‌DNA‌ ‌chain‌ ‌is‌ ‌a‌ ‌strand‌ ‌of‌ ‌thousands‌ ‌of‌‌ 

nucleotides‌ ‌(A,‌ ‌C,‌ ‌G,‌ ‌T),‌ ‌consisting‌ ‌of‌ ‌a‌ ‌five-carbon‌ ‌sugar,‌ ‌a‌ ‌phosphate‌ ‌group‌ ‌and‌ ‌a‌ ‌nitrogenous‌ ‌base.‌ ‌Together‌ ‌with‌ ‌a‌‌ 
second‌ ‌strand,‌ ‌where‌ ‌complementary‌ ‌nucleotides‌ ‌bind‌ ‌together‌ ‌in‌ ‌base‌ ‌pairs‌ ‌(bp)‌ ‌via‌ ‌hydrogen‌ ‌bonds‌ ‌(two‌ ‌between‌ ‌A‌‌ 

and‌ ‌T,‌ ‌three‌ ‌between‌ ‌C‌ ‌and‌ ‌G),‌ ‌DNA‌ ‌chains‌ ‌are‌ ‌stored‌ ‌in‌ ‌double‌ ‌helix‌ ‌structures.‌ ‌ 
‌ 

Image‌ ‌“DNA‌ ‌Nucleotides”‌ ‌by‌ ‌OpenStax‌ ‌College‌ ‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution‌ ‌3.0‌ ‌Unported‌ ‌license.‌ ‌Source:‌‌ 
https://commons.wikimedia.org/wiki/File:0322_DNA_Nucleotides.jpg‌ ‌ 
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The‌ ‌human‌ ‌genome‌ ‌comprises‌ ‌approximately‌ ‌3.2‌ ‌billion‌ ‌bp‌ ‌and‌ ‌is‌ ‌split‌ ‌up‌ ‌into‌ ‌23‌‌                           
strands‌ ‌of‌ ‌DNA,‌ ‌called‌ ‌‌chromosomes‌.‌1‌ ‌For‌ ‌notation,‌ ‌the‌ ‌autosomes‌ ‌have‌ ‌been‌‌                     
numbered‌ ‌according‌ ‌to‌ ‌their‌ ‌lengths‌ ‌ranging‌‌from‌‌the‌‌longest‌‌sequence‌‌of‌‌around‌‌120‌‌                         
million‌ ‌bp‌ ‌on‌ ‌chromosome‌ ‌1‌ ‌and‌ ‌around‌ ‌25‌ ‌million‌ ‌bp‌‌on‌‌chromosome‌‌22.‌‌The‌‌23rd‌‌                             
chromosome‌‌is‌‌the‌‌allosome‌‌containing‌‌genetic‌‌information‌‌to‌‌determine‌‌the‌‌sex‌‌of‌‌the‌‌                         
‌ 
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individual.‌1‌ ‌All‌ ‌human‌ ‌cells‌‌(except‌‌for‌‌reproductive‌‌cells)‌‌contain‌‌two‌‌copies‌‌of‌‌each‌‌                         
chromosome,‌ ‌where‌ ‌one‌ ‌originates‌ ‌from‌ ‌the‌ ‌biological‌ ‌mother‌ ‌and‌ ‌one‌ ‌from‌ ‌the‌‌                       
biological‌ ‌father.‌ ‌The‌ ‌genetic‌ ‌information‌ ‌on‌ ‌these‌ ‌chromosome‌ ‌pairs‌ ‌determines‌ ‌an‌‌                     
individual’s‌‌‌genotype‌,‌‌which‌‌is‌‌described‌‌at‌‌each‌‌position‌‌as‌‌a‌‌pair‌‌of‌‌two‌‌letters‌‌(A,‌‌C,‌‌                               
G‌ ‌and‌ ‌T)‌ ‌-‌ ‌one‌ ‌from‌ ‌each‌ ‌chromosomal‌ ‌copy.‌‌ ‌  

The‌ ‌human‌ ‌genome‌ ‌consists‌ ‌of‌ ‌several‌ ‌thousand‌ ‌‌genes‌,‌ ‌which‌ ‌are‌ ‌specific‌‌                     
subsequences‌ ‌of‌ ‌DNA,‌ ‌encode‌ ‌protein‌ ‌sequences‌ ‌and‌‌represent‌‌the‌‌basic‌‌physical‌‌and‌‌                       
functional‌ ‌unit‌ ‌of‌ ‌heredity.‌1‌ ‌Besides‌ ‌these‌ ‌coding‌ ‌regions,‌ ‌the‌ ‌genome‌ ‌contains‌‌                     
noncoding‌ ‌regions,‌ ‌which‌ ‌perform‌ ‌other‌ ‌crucial‌ ‌functions‌ ‌such‌ ‌as‌ ‌gene‌ ‌regulation.‌‌ ‌  

DNA‌ ‌sequencing‌ ‌‌refers‌ ‌to‌ ‌the‌ ‌technical‌ ‌procedure‌ ‌of‌ ‌determining‌ ‌the‌ ‌order‌ ‌of‌‌                       
nucleotides‌ ‌in‌ ‌a‌ ‌genetic‌ ‌sequence‌ ‌and‌ ‌has‌ ‌allowed‌ ‌extraordinary‌ ‌progress‌ ‌in‌ ‌the‌                       
biological‌ ‌and‌ ‌medical‌ ‌sciences‌2‌.‌ ‌In‌ ‌2003‌ ‌the‌ ‌Human‌ ‌Genome‌ ‌Project‌ ‌-‌ ‌a‌ ‌large‌‌                         
consortium‌‌of‌‌research‌‌groups‌‌and‌‌scientists‌‌-‌‌published‌‌their‌‌result‌‌of‌‌over‌‌ten‌‌years‌‌of‌‌                             
research,‌ ‌which‌ ‌had‌ ‌cost‌ ‌almost‌ ‌three‌ ‌billion‌ ‌dollars:‌ ‌They‌ ‌had‌ ‌sequenced‌ ‌the‌ ‌entire‌‌                         
human‌‌genome‌‌for‌‌the‌‌first‌‌time‌‌and‌‌mapped‌‌all‌‌of‌‌its‌‌genes‌‌to‌‌specific‌‌positions‌‌on‌‌the‌‌                                 
sequence‌3,4‌.‌ ‌However,‌ ‌the‌ ‌mystery‌ ‌of‌ ‌the‌‌genome‌‌and‌‌its‌‌biological‌‌function‌‌remained‌‌                       
somewhat‌ ‌unsolved‌ ‌since‌ ‌the‌ ‌published‌ ‌sequence‌ ‌was‌ ‌only‌ ‌an‌ ‌exemplary‌ ‌chimeric‌‌                     
genome‌ ‌sequence‌ ‌composed‌ ‌of‌‌three‌‌human‌‌genomes‌‌of‌‌Asian,‌‌European‌‌and‌‌African‌‌                       
ancestry.‌ ‌The‌ ‌DNA‌ ‌sequence‌ ‌differs‌ ‌significantly‌ ‌between‌ ‌any‌ ‌two‌ ‌individuals.‌ ‌More‌‌                     
and‌ ‌more‌ ‌genomes‌ ‌had‌ ‌to‌ ‌be‌ ‌sequenced‌ ‌in‌ ‌order‌ ‌to‌ ‌identify‌ ‌how‌ ‌much‌ ‌and‌ ‌why‌‌                             
genomes‌‌differ‌‌from‌‌each‌‌other.‌‌Nowadays,‌‌sequencing‌‌a‌‌single‌‌human‌‌genome‌‌can‌‌be‌‌                         
done‌‌in‌‌less‌‌than‌‌24‌‌hours‌‌(‌e.g.‌‌with‌‌the‌‌Illumina‌‌NovaSeq‌‌6000‌‌platform)‌‌for‌‌less‌‌than‌‌                               
1,000‌ ‌dollars‌2,5‌.‌ ‌Consequently,‌ ‌large-scale‌ ‌genetic‌ ‌datasets‌ ‌of‌ ‌millions‌ ‌of‌ ‌DNA‌‌                   
sequences‌ ‌have‌ ‌been‌ ‌collected‌ ‌and‌ ‌are‌ ‌available‌ ‌for‌ ‌analysis‌ ‌to‌ ‌gain‌ ‌biological‌‌                       
insights‌2,6‌.‌‌Challenges‌‌no‌‌longer‌‌lie‌‌in‌‌the‌‌sequencing‌‌process‌‌itself‌‌but‌‌in‌‌appropriately‌‌                         
storing,‌ ‌handling,‌ ‌analyzing‌ ‌and‌ ‌interpreting‌ ‌these‌ ‌big‌ ‌datasets.‌ ‌It‌ ‌was‌ ‌found‌ ‌that‌ ‌a‌‌                         
typical‌ ‌genome‌ ‌differs‌ ‌from‌ ‌the‌ ‌reference‌ ‌human‌ ‌genome‌ ‌at‌ ‌four‌ ‌to‌ ‌five‌ ‌million‌‌                         
locations‌27‌ ‌(‌i.e.‌ ‌loci)‌ ‌widely‌ ‌distributed‌ ‌in‌ ‌the‌ ‌genome.‌ ‌Large‌ ‌structural‌ ‌variations,‌‌                     
chromosomal‌ ‌duplications‌ ‌or‌ ‌chromosomal‌ ‌rearrangements‌ ‌can‌ ‌lead‌ ‌to‌ ‌differences‌‌                 
between‌‌the‌‌genome‌‌of‌‌two‌‌individuals.‌‌When‌‌the‌‌genetic‌‌information‌‌of‌‌an‌‌individual‌‌                         
differs‌ ‌from‌ ‌the‌ ‌consensus‌‌sequence‌‌at‌‌a‌‌specific‌‌position,‌‌a‌‌‌mutation‌‌has‌‌occurred‌‌at‌‌                           
some‌ ‌point‌ ‌in‌ ‌the‌ ‌individuals’‌ ‌ancestry,‌ ‌which‌‌is‌‌typically‌‌caused‌‌by‌‌errors‌‌during‌‌the‌‌                           
natural‌ ‌process‌ ‌of‌ ‌copying‌ ‌DNA.‌ ‌A‌ ‌specific‌ ‌substitution‌ ‌of‌ ‌a‌ ‌single‌ ‌nucleotide‌ ‌at‌ ‌a‌‌                           
specific‌ ‌locus,‌ ‌as‌ ‌shown‌ ‌in‌ ‌‌Figure‌ ‌2‌,‌ ‌is‌ ‌called‌ ‌a‌ ‌genetic‌ ‌variant‌ ‌or‌ ‌‌single-nucleotide‌‌                           
polymorphism‌ ‌(‌SNP‌)‌ ‌if‌ ‌it‌ ‌appears‌ ‌in‌ ‌at‌ ‌least‌ ‌1%‌ ‌of‌ ‌the‌ ‌human‌ ‌population.‌1‌ ‌When‌‌                           
determining‌ ‌an‌ ‌individual’s‌ ‌genetic‌ ‌information‌ ‌at‌ ‌these‌ ‌specific‌ ‌positions,‌ ‌three‌‌                   
possible‌ ‌genotypes‌ ‌can‌ ‌occur.‌ ‌In‌ ‌the‌ ‌first‌ ‌case,‌‌both‌‌chromosomal‌‌copies‌‌are‌‌identical‌‌                         
and‌ ‌match‌‌the‌‌consensus‌‌sequence,‌‌‌i.e.‌‌carry‌‌the‌‌so-called‌‌major‌‌allele:‌‌The‌‌individual‌‌                         
is‌ ‌said‌ ‌to‌ ‌be‌ ‌‌homozygous‌ ‌of‌ ‌the‌ ‌wild-type‌ ‌allele‌ ‌for‌ ‌this‌ ‌locus‌ ‌in‌ ‌the‌ ‌genome.‌ ‌The‌‌                               
second‌‌option‌‌is‌‌that‌‌the‌‌subject‌‌is‌‌‌heterozygous‌‌and‌‌carries‌‌one‌‌wild-type‌‌(major)‌‌and‌‌                           
one‌ ‌mutant-type‌ ‌(minor)‌ ‌allele,‌ ‌which‌ ‌appears‌ ‌only‌ ‌in‌ ‌the‌ ‌minority‌‌of‌‌the‌‌population.‌‌                         
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‌ 

Finally,‌ ‌the‌ ‌subject‌ ‌could‌ ‌even‌ ‌have‌ ‌two‌ ‌copies‌ ‌of‌ ‌the‌ ‌minor‌ ‌allele‌ ‌and‌ ‌is‌ ‌hence‌‌                             
homozygous‌ ‌for‌ ‌that.‌ ‌The‌ ‌described‌ ‌variations‌ ‌enable‌ ‌diversity‌ ‌in‌ ‌the‌ ‌population‌‌                     
because‌ ‌the‌ ‌corresponding‌ ‌genes‌ ‌are‌ ‌translated‌ ‌into‌ ‌proteins,‌ ‌which‌ ‌amongst‌ ‌other‌‌                     
influences‌ ‌determine‌ ‌key‌ ‌characteristics‌ ‌of‌ ‌the‌ ‌cell‌ ‌and,‌ ‌ultimately,‌ ‌the‌ ‌organism‌1‌.‌‌ ‌  

‌ 
Figure‌ ‌2:‌ ‌Single-nucleotide‌ ‌polymorphism.‌ ‌‌A‌ ‌single-nucleotide‌ ‌polymorphism‌ ‌(SNP)‌ ‌is‌ ‌a‌ ‌specific‌ ‌substitution‌ ‌of‌ ‌a‌‌ 

single‌ ‌nucleotide‌ ‌at‌ ‌a‌ ‌specific‌ ‌locus‌ ‌in‌ ‌a‌ ‌DNA‌ ‌strand.‌ ‌In‌ ‌this‌ ‌example,‌ ‌individual‌ ‌1‌ ‌has‌ ‌the‌ ‌wild-type‌ ‌allele‌ ‌C‌ ‌at‌ ‌the‌‌ 
highlighted‌ ‌position‌ ‌and‌ ‌individual‌ ‌2‌ ‌has‌ ‌the‌ ‌mutant-type‌ ‌allele‌ ‌A.‌ ‌ 

‌ 
Image‌ ‌“SNP‌ ‌model”‌ ‌by‌ ‌David‌ ‌Eccles‌ ‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution‌ ‌4.0‌ ‌International‌ ‌license.‌‌ ‌  

Source:‌ ‌https://commons.wikimedia.org/wiki/File:Dna-SNP.svg‌ ‌ 
‌ 

‌ 

A‌‌SNP‌‌is‌‌called‌‌informative‌‌and‌‌statistically‌‌associated‌‌when‌‌linked‌‌to‌‌the‌‌development‌‌                         
of‌‌a‌‌trait‌‌under‌‌study.‌‌These‌‌observable‌‌characteristic‌‌traits‌‌of‌‌an‌‌organism‌‌(or‌‌cell)‌‌are‌‌                             
called‌‌‌phenotypes‌‌and‌‌are‌‌mostly‌‌not‌‌only‌‌determined‌‌by‌‌the‌‌corresponding‌‌genotypes‌‌                       
but‌ ‌also‌ ‌influenced‌ ‌by‌ ‌environmental‌ ‌factors‌28‌.‌ ‌When‌ ‌investigating‌ ‌susceptibility‌ ‌to‌‌                   
diseases,‌ ‌a‌ ‌subject’s‌ ‌phenotype‌‌is‌‌usually‌‌either‌‌determined‌‌to‌‌be‌‌healthy‌‌or‌‌ill.‌‌In‌‌this‌‌                             
context,‌ ‌it‌ ‌is‌ ‌important‌ ‌to‌ ‌note‌ ‌that‌ ‌the‌ ‌‌penetrance‌ ‌of‌ ‌a‌ ‌genetic‌ ‌variation,‌ ‌‌i.e.‌ ‌‌the‌‌                             
proportion‌‌of‌‌people‌‌who‌‌carry‌‌a‌‌specific‌‌genetic‌‌mutation‌‌(‌i.e.‌‌the‌‌risk‌‌allele)‌‌and‌‌also‌‌                             
carry‌ ‌the‌ ‌corresponding‌ ‌phenotypic‌ ‌trait,‌ ‌can‌ ‌vary‌ ‌significantly‌ ‌from‌ ‌phenotype‌ ‌to‌‌                     
phenotype.‌ ‌For‌ ‌example,‌ ‌it‌ ‌is‌ ‌very‌ ‌high‌ ‌for‌ ‌genetic‌‌disorders‌‌like‌‌cystic‌‌fibrosis‌29‌ ‌and‌‌                           
can‌ ‌be‌ ‌rather‌ ‌low‌‌for‌‌chronic‌‌diseases‌‌like‌‌rheumatoid‌‌arthritis‌30‌.‌‌Since‌‌genetic‌‌factors‌‌                         
often‌‌play‌‌an‌‌important‌‌role‌‌in‌‌the‌‌risk‌‌of‌‌developing‌‌a‌‌disease,‌‌many‌‌studies‌‌focus‌‌on‌‌                               
hereditary‌ ‌aspects‌ ‌of‌‌certain‌‌diseases.‌‌In‌‌this‌‌context,‌‌it‌‌is‌‌important‌‌to‌‌note‌‌that‌‌genes‌‌                             
and‌ ‌SNPs‌ ‌are‌ ‌not‌ ‌passed‌ ‌down‌ ‌to‌ ‌successors‌ ‌independently‌ ‌of‌ ‌each‌ ‌other‌ ‌and‌ ‌the‌‌                           
tendency‌ ‌of‌ ‌two‌ ‌genes‌ ‌to‌ ‌be‌ ‌inherited‌‌together‌‌is‌‌called‌‌‌genetic‌‌linkage‌31‌.‌‌It‌‌has‌‌been‌‌                             
shown‌‌that‌‌the‌‌closer‌‌two‌‌loci‌‌are‌‌physically‌‌together‌‌on‌‌a‌‌chromosome,‌‌the‌‌more‌‌likely‌‌                             
they‌‌are‌‌to‌‌be‌‌inherited‌‌together‌‌simply‌‌because‌‌of‌‌the‌‌physical‌‌link‌‌between‌‌the‌‌two‌32‌.‌‌                             
Beyond‌ ‌that,‌ ‌there‌ ‌is‌ ‌an‌ ‌effect‌ ‌called‌ ‌‌linkage‌ ‌disequilibrium‌ ‌‌(‌LD‌),‌ ‌indicating‌ ‌an‌‌                       
increased‌ ‌statistical‌ ‌association‌ ‌between‌ ‌allelic‌ ‌variants‌ ‌that‌ ‌are‌ ‌not‌ ‌necessarily‌‌                   
physically‌‌linked‌33‌.‌‌LD‌‌can‌‌be‌‌caused‌‌by‌‌selective‌‌pressures‌‌on‌‌these‌‌loci‌‌in‌‌a‌‌genomic‌‌                             
region‌ ‌(‌i.e.‌ ‌when‌ ‌certain‌ ‌combinations‌ ‌of‌ ‌alleles‌ ‌reduce‌ ‌reproductive‌ ‌success‌ ‌in‌ ‌any‌‌                       
way)‌‌and‌‌in‌‌the‌‌case‌‌of‌‌long-range‌‌LD‌‌by‌‌epistatic‌‌interactions‌‌(when‌‌a‌‌mutation‌‌at‌‌one‌‌                               
position‌‌changes‌‌the‌‌local‌‌environment‌‌of‌‌another‌‌position‌‌either‌‌by‌‌directly‌‌contacting‌‌                       
it‌ ‌or‌ ‌by‌ ‌causing‌ ‌changes‌ ‌in‌ ‌the‌ ‌corresponding‌ ‌protein‌ ‌structure‌34‌).‌ ‌ 
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2.1.2‌ ‌From‌ ‌DNA‌ ‌to‌ ‌protein‌ ‌-‌ ‌the‌ ‌central‌ ‌dogma‌ ‌of‌ ‌molecular‌‌                     
biology‌ ‌ 

As‌‌mentioned‌‌in‌‌the‌‌previous‌‌section,‌‌genes‌‌are‌‌the‌‌basic‌‌physical‌‌and‌‌functional‌‌unit‌‌of‌‌                             
heredity‌‌and‌‌are‌‌translated‌‌into‌‌proteins,‌‌which‌‌determine‌‌important‌‌characteristics‌‌and‌‌                     
functionalities‌ ‌of‌ ‌the‌ ‌organism.‌ ‌Here,‌ ‌we‌ ‌describe‌ ‌the‌ ‌natural‌ ‌processes‌ ‌around‌ ‌the‌‌                       
transfer‌ ‌and‌ ‌conversion‌ ‌of‌ ‌genetic‌ ‌information.‌ ‌ 

The‌ ‌‌central‌ ‌dogma‌ ‌of‌ ‌molecular‌ ‌biology‌ ‌‌was‌ ‌first‌ ‌introduced‌ ‌by‌ ‌Francis‌ ‌Crick‌ ‌in‌‌                         
1958‌35‌ ‌and‌‌describes‌‌the‌‌flow‌‌of‌‌genetic‌‌information‌‌within‌‌a‌‌biological‌‌system.‌‌There‌‌                         
are‌ ‌three‌ ‌biological‌‌molecules‌‌that‌‌can‌‌contain‌‌sequential‌‌information:‌‌DNA,‌‌as‌‌it‌‌was‌‌                         
described‌ ‌above,‌ ‌‌ribonucleic‌ ‌acid‌ ‌(‌RNA‌)‌ ‌-‌ ‌a‌ ‌polymeric‌ ‌molecule‌ ‌almost‌ ‌identical‌ ‌to‌‌                       
DNA‌ ‌but‌ ‌with‌ ‌a‌ ‌ribose‌ ‌instead‌ ‌of‌ ‌deoxy‌ ‌sugar‌ ‌in‌ ‌the‌ ‌backbone‌ ‌of‌ ‌the‌ ‌chain‌ ‌and‌ ‌the‌‌                                 
nucleobase‌‌uracil‌‌(U)‌‌instead‌‌of‌‌thymine‌‌(T)‌‌-‌‌and‌protein‌‌-‌‌which‌‌is‌‌also‌‌a‌‌biopolymer‌‌                               
consisting‌ ‌of‌ ‌a‌ ‌sequence‌ ‌of‌ ‌‌amino‌ ‌acids‌.‌ ‌  

Crick‌‌grouped‌‌the‌‌different‌‌directions‌‌that‌‌genetic‌‌information‌‌could‌‌be‌‌transferred‌‌from‌‌                       
one‌ ‌of‌ ‌these‌ ‌molecules‌ ‌to‌ ‌another‌ ‌into‌ ‌three‌ ‌classes‌ ‌according‌ ‌to‌ ‌their‌ ‌likeliness‌ ‌to‌‌                           
appear‌‌in‌‌natural‌‌or‌‌artificial‌‌circumstances.‌‌The‌‌most‌‌common‌‌pathways‌‌in‌‌living‌‌cells‌‌                         
are‌ ‌from‌ ‌DNA‌ ‌(the‌ ‌structure‌ ‌the‌ ‌information‌ ‌is‌ ‌stored‌ ‌in)‌ ‌to‌ ‌DNA‌ ‌as‌ ‌part‌ ‌of‌ ‌the‌‌                               
replicative‌ ‌cycle,‌ ‌from‌ ‌DNA‌ ‌to‌ ‌RNA‌ ‌(the‌ ‌intermediate‌ ‌transport‌ ‌molecule)‌ ‌and‌ ‌from‌‌                       
RNA‌ ‌to‌ ‌protein‌ ‌(the‌ ‌final‌ ‌product‌ ‌and‌ ‌functional‌ ‌unit‌ ‌of‌ ‌the‌ ‌pathway).‌ ‌Information‌‌                         
transfer‌‌from‌‌protein‌‌to‌‌protein‌‌or‌‌back‌‌to‌‌nucleic‌‌acids‌‌is‌‌stated‌‌to‌‌be‌‌impossible‌35‌.‌‌The‌‌                               
third‌‌group‌‌of‌‌pathways‌‌(from‌‌RNA‌‌to‌‌RNA‌‌or‌‌DNA‌‌and‌‌from‌‌DNA‌‌directly‌‌to‌‌protein)‌‌                               
are‌ ‌extremely‌ ‌rare‌ ‌-‌‌so-called‌‌special‌‌-‌‌transfers‌‌that‌‌can‌‌occur‌‌but‌‌only‌‌under‌‌specific‌‌                             
conditions‌‌in‌‌the‌‌case‌‌of‌‌some‌‌viruses‌‌or‌‌in‌‌a‌‌laboratory‌36‌.‌‌In‌‌this‌‌dissertation,‌‌however,‌‌                             
we‌ ‌focus‌ ‌on‌ ‌the‌ ‌general‌ ‌pathways‌ ‌that‌ ‌happen‌ ‌most‌ ‌frequently‌ ‌in‌ ‌natural‌ ‌cells‌ ‌and‌‌                           
describe‌ ‌them‌ ‌in‌ ‌more‌ ‌detail‌ ‌in‌ ‌the‌ ‌following‌ ‌sections.‌ ‌ 

When‌‌a‌‌cell‌‌is‌‌duplicated,‌‌the‌‌DNA‌‌it‌‌contains‌‌needs‌‌to‌‌be‌‌copied‌‌to‌‌provide‌‌a‌‌complete‌‌                                 
genome‌ ‌for‌ ‌both‌ ‌offspring‌ ‌cells.‌ ‌This‌ ‌process‌ ‌is‌ ‌called‌ ‌‌replication‌ ‌and‌ ‌consists‌ ‌of‌‌                         
several‌ ‌substeps‌ ‌that‌ ‌are‌ ‌performed‌ ‌by‌ ‌specialized‌ ‌functional‌ ‌proteins‌37‌.‌ ‌At‌ ‌first,‌ ‌the‌‌                       
DNA‌ ‌helix‌ ‌structure‌ ‌is‌ ‌unwound‌ ‌and‌ ‌the‌ ‌hydrogen‌ ‌bonds‌ ‌between‌ ‌complementary‌‌                     
nucleotides‌ ‌are‌ ‌opened‌ ‌up‌ ‌by‌ ‌an‌ ‌enzyme‌ ‌called‌ ‌helicase.‌ ‌Subsequently,‌ ‌a‌ ‌primer‌‌                       
molecule‌ ‌is‌ ‌bound‌ ‌to‌ ‌both‌ ‌DNA‌ ‌strands‌ ‌to‌ ‌start‌ ‌the‌ ‌replication‌ ‌process‌ ‌at‌ ‌the‌ ‌correct‌‌                             
starting‌ ‌positions.‌ ‌Complementary‌ ‌nucleotides‌ ‌are‌ ‌now‌ ‌added‌ ‌to‌ ‌both‌ ‌of‌ ‌the‌ ‌original‌‌                       
DNA‌ ‌strands‌ ‌by‌ ‌the‌ ‌enzyme‌ ‌DNA‌ ‌polymerase‌ ‌III,‌ ‌creating‌ ‌two‌ ‌new‌ ‌identical‌ ‌DNA‌‌                         
double‌‌strands,‌‌which‌‌are‌‌eventually‌‌separated‌‌and‌‌brought‌‌back‌‌into‌‌helix‌‌structure‌‌to‌‌                         
be‌ ‌stored‌ ‌in‌ ‌the‌ ‌nuclei‌ ‌of‌ ‌the‌ ‌two‌ ‌newly‌ ‌emerging‌ ‌offspring‌ ‌cells.‌1‌ ‌ 

When‌ ‌a‌ ‌gene‌ ‌is‌ ‌activated‌ ‌during‌ ‌the‌ ‌natural‌ ‌life‌ ‌cycle‌ ‌of‌ ‌a‌ ‌cell,‌ ‌the‌ ‌sequential‌                             
information‌‌of‌‌its‌‌DNA‌‌is‌‌copied‌‌into‌‌‌messenger‌‌RNA‌‌(‌mRNA‌),‌‌which‌‌is‌‌subsequently‌‌                         
used‌ ‌as‌ ‌a‌ ‌template‌ ‌to‌ ‌build‌ ‌a‌ ‌sequence‌ ‌of‌ ‌amino‌ ‌acids‌ ‌that‌ ‌eventually‌ ‌form‌ ‌a‌ ‌protein‌‌                               
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‌ 

(shown‌ ‌in‌ ‌‌Figure‌ ‌3‌).‌ ‌The‌ ‌first‌ ‌step‌ ‌of‌ ‌transforming‌ ‌DNA‌ ‌into‌ ‌mRNA‌ ‌is‌ ‌called‌‌                           
transcription‌ ‌and‌ ‌the‌ ‌second‌ ‌step‌ ‌of‌ ‌transforming‌ ‌mRNA‌ ‌into‌ ‌protein‌ ‌is‌ ‌called‌‌                       
translation.‌‌ ‌  

‌ 
Figure‌ ‌3:‌ ‌The‌ ‌flow‌ ‌of‌ ‌genetic‌ ‌information‌ ‌from‌ ‌DNA‌ ‌to‌ ‌mRNA‌ ‌to‌ ‌protein.‌‌ ‌When‌ ‌a‌ ‌gene‌ ‌is‌ ‌activated,‌ ‌its‌ ‌DNA‌‌ 
sequence‌ ‌is‌ ‌first‌ ‌converted‌ ‌into‌ ‌pre-mRNA‌ ‌during‌ ‌transcription,‌ ‌which‌ ‌is‌ ‌further‌ ‌transformed‌ ‌into‌ ‌mature‌ ‌mRNA.‌‌ 

During‌ ‌translation‌ ‌and‌ ‌after‌ ‌transport‌ ‌out‌ ‌of‌ ‌the‌ ‌nucleus,‌ ‌the‌ ‌mRNA‌ ‌chain‌ ‌is‌ ‌converted‌ ‌into‌ ‌a‌ ‌sequence‌ ‌of‌ ‌amino‌ ‌acids‌‌ 
to‌ ‌eventually‌ ‌create‌ ‌a‌ ‌protein.‌‌ ‌  

‌ 
Image‌ ‌“mRNA‌ ‌interaction”‌ ‌by‌ ‌National‌ ‌Institutes‌ ‌of‌ ‌Health‌ ‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution-Share‌ ‌Alike‌ ‌3.0‌ ‌Unported‌ ‌license.‌‌ 

Source:‌ ‌https://commons.wikimedia.org/wiki/File:MRNA-interaction.png‌ ‌ 

‌ 

During‌ ‌‌transcription‌,‌ ‌‌proteins‌ ‌called‌ ‌transcription‌ ‌factors‌ ‌identify‌ ‌specific‌ ‌promoter‌‌                 
regions‌ ‌on‌ ‌the‌ ‌genome‌ ‌and‌‌indicate‌‌the‌‌starting‌‌position‌‌for‌‌the‌‌transcription‌‌process.‌1‌ ‌                         
The‌‌DNA‌‌double‌‌helix‌‌is‌‌unwound‌‌and‌‌an‌‌enzyme‌‌called‌‌RNA‌‌polymerase‌‌progresses‌‌                         
along‌‌the‌‌template‌‌strand‌‌to‌‌synthesize‌‌a‌‌complementary‌‌RNA‌‌strand.‌‌When‌‌it‌‌reaches‌‌a‌‌                           
termination‌ ‌sequence,‌ ‌the‌ ‌precursor‌ ‌mRNA‌ ‌molecule‌ ‌(pre-mRNA)‌ ‌is‌ ‌detached‌ ‌and‌‌                   
further‌ ‌processed‌ ‌to‌ ‌add‌ ‌a‌ ‌specific‌ ‌cap‌ ‌and‌ ‌tail‌ ‌to‌ ‌both‌ ‌ends‌ ‌of‌ ‌the‌ ‌molecule.‌ ‌In‌ ‌an‌‌                                 
additional‌ ‌step‌ ‌called‌ ‌alternative‌ ‌splicing,‌ ‌different‌ ‌subsequences‌ ‌are‌ ‌removed‌ ‌or‌‌                   
combined‌ ‌in‌ ‌eukaryotic‌ ‌cells‌ ‌to‌ ‌increase‌ ‌the‌ ‌number‌ ‌of‌ ‌proteins‌ ‌a‌ ‌single‌ ‌mRNA‌‌                         
sequence‌‌can‌‌produce.‌‌The‌‌created‌‌mature‌‌mRNA‌‌is‌‌transported‌‌out‌‌of‌‌the‌‌cell‌‌nucleus‌‌                           
-‌ ‌where‌ ‌DNA‌ ‌is‌ ‌usually‌ ‌stored‌ ‌-‌ ‌into‌ ‌the‌ ‌cytoplasm‌ ‌-‌ ‌where‌ ‌translation‌ ‌takes‌ ‌place.‌ ‌ 

The‌ ‌‌translation‌ ‌‌process‌ ‌begins‌ ‌with‌ ‌the‌ ‌mRNA‌ ‌binding‌ ‌to‌ ‌a‌ ‌ribosome,‌‌which‌‌moves‌‌                         
along‌ ‌the‌ ‌mRNA‌ ‌sequence‌ ‌and‌ ‌synthesizes‌ ‌a‌‌specific‌‌amino‌‌acid‌‌for‌‌each‌‌set‌‌of‌‌three‌‌                             
consecutive‌‌nucleotides‌‌called‌‌triplet‌‌‌codons‌.‌1‌ ‌The‌‌process‌‌of‌‌attaching‌‌new‌‌nucleotides‌‌                     
to‌ ‌a‌‌growing‌‌polypeptide‌‌chain‌‌begins‌‌at‌‌a‌‌defined‌‌start‌‌codon‌‌(AUG)‌‌and‌‌ends‌‌at‌‌one‌‌                               
of‌ ‌three‌ ‌stop‌ ‌codons‌ ‌(UAA,‌ ‌UGA,‌ ‌or‌ ‌UAG).‌ ‌All‌ ‌other‌ ‌codons‌ ‌are‌ ‌matched‌ ‌to‌ ‌an‌‌                             
anticodon‌‌of‌‌a‌‌‌transfer‌‌RNA‌‌(‌tRNA‌)‌‌molecule,‌‌which‌‌carries‌‌the‌‌corresponding‌‌amino‌‌                       
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acid.‌ ‌The‌ ‌chain‌ ‌of‌ ‌amino‌ ‌acids‌ ‌immediately‌ ‌folds‌ ‌into‌ ‌the‌ ‌correct‌ ‌conformation,‌ ‌but‌‌                         
further‌ ‌post-translational‌ ‌modifications‌ ‌are‌ ‌often‌ ‌necessary‌ ‌to‌ ‌build‌ ‌a‌ ‌functional‌ ‌protein.‌‌ ‌  

Many‌ ‌mechanisms‌ ‌exist‌ ‌that‌ ‌control‌ ‌the‌ ‌production‌ ‌of‌ ‌mRNA‌ ‌and‌ ‌protein‌ ‌in‌‌specific‌‌                         
cells‌‌and‌‌at‌‌specific‌‌points‌‌in‌‌time‌1‌.‌‌For‌‌example,‌‌noncoding‌‌regions‌‌in‌‌the‌‌DNA‌‌serve‌‌                             
important‌‌regulatory‌‌functions.‌‌Other‌‌mechanisms‌‌by‌‌which‌‌the‌‌same‌‌genotype‌‌can‌‌lead‌‌                       
to‌ ‌various‌ ‌phenotypes‌ ‌include‌ ‌changes‌ ‌in‌ ‌transcription‌ ‌rate,‌ ‌mRNA‌ ‌turnover,‌‌                   
chromosome‌ ‌accessibility,‌ ‌promoter‌ ‌activity,‌ ‌enhancer‌ ‌access‌ ‌and‌ ‌antisense‌ ‌mRNAs‌1‌.‌‌ ‌  

2.1.3‌ ‌Study‌ ‌types‌ ‌under‌ ‌investigation‌ ‌in‌ ‌this‌ ‌dissertation‌ ‌ 

In‌ ‌the‌ ‌course‌ ‌of‌ ‌this‌ ‌dissertation,‌ ‌novel‌ ‌methodologies‌ ‌for‌ ‌two‌ ‌different‌ ‌types‌ ‌of‌‌                         
biological‌‌studies,‌‌‌i.e.‌‌genome-wide‌‌association‌‌studies‌‌and‌‌single-cell‌‌RNA‌‌sequencing‌‌                   
experiments,‌‌are‌‌introduced.‌‌An‌‌overview‌‌of‌‌the‌‌general‌‌ideas‌‌of‌‌these‌‌two‌‌study‌‌types‌‌                           
is‌‌presented‌‌here.‌‌More‌‌detailed‌‌information‌‌is‌‌given‌‌in‌‌the‌‌problem‌‌setting‌‌sections‌‌of‌‌                           
the‌ ‌corresponding‌ ‌chapters‌ ‌(‌Chapter‌ ‌3.2.1‌‌ ‌and‌ ‌‌Chapter‌ ‌4.2.1‌).‌ ‌ 

Genome-wide‌ ‌association‌ ‌studies‌ ‌ 

Genome-wide‌‌Association‌‌Studies‌‌‌(‌GWAS‌)‌‌are‌‌observational‌‌studies‌‌that‌‌explore‌‌the‌‌                   
meaning‌‌of‌‌genetic‌‌sequences‌‌by‌‌investigating‌‌the‌‌phenotypic‌‌effects‌‌of‌‌SNPs.‌‌The‌‌goal‌‌                         
is‌ ‌to‌ ‌examine‌ ‌the‌ ‌relationship‌ ‌between‌ ‌SNPs‌ ‌and‌ ‌individual‌ ‌traits,‌ ‌which‌ ‌are‌ ‌usually‌‌                         
complex‌ ‌major‌ ‌diseases,‌ ‌behavioral‌ ‌characteristics‌ ‌or‌ ‌anthropometric‌ ‌traits.‌ ‌The‌‌                 
genotypes‌‌of‌‌a‌‌large‌‌set‌‌of‌‌SNPs‌‌are‌‌sequenced‌‌for‌‌a‌‌group‌‌of‌‌patients‌‌with‌‌a‌‌disease‌‌(or‌‌                                   
trait)‌‌and‌‌compared‌‌to‌‌the‌‌genotypes‌‌of‌‌a‌‌group‌‌of‌‌healthy‌‌controls‌‌(without‌‌a‌‌trait).‌‌To‌‌                               
identify‌‌locations‌‌in‌‌the‌‌sequence‌‌that‌‌are‌‌associated‌‌with‌‌the‌‌disease‌‌(or‌‌trait),‌‌tables‌‌of‌‌                             
genotype‌ ‌counts‌ ‌are‌ ‌created‌ ‌and‌ ‌the‌ ‌corresponding‌ ‌‌p‌-values‌ ‌are‌ ‌compared‌ ‌against‌ ‌a‌‌                       
multiple‌ ‌testing‌ ‌significance‌ ‌threshold,‌ ‌which‌ ‌usually‌ ‌lies‌ ‌between‌ ‌ ‌for‌‌                1 0× 1 8−    
rigorous‌ ‌studies‌ ‌and‌ ‌to‌ ‌report‌ ‌weaker‌ ‌associations‌ ‌as‌ ‌well‌38‌.‌‌The‌‌first‌‌GWAS‌‌    1 0× 1 5−                    
was‌‌published‌‌in‌‌2002‌39–41‌ ‌and‌‌several‌‌years‌‌later,‌‌a‌‌landmark‌‌study‌‌-‌‌the‌‌largest‌‌GWAS‌‌                             
ever‌‌conducted‌‌at‌‌the‌‌time‌‌of‌‌its‌‌publication‌‌in‌‌2007‌‌-‌‌was‌‌presented‌‌by‌‌the‌‌‌Wellcome‌‌                               
Trust‌ ‌Case‌ ‌Control‌ ‌Consortium‌‌‌(‌WTCCC‌)‌38‌,‌‌sequencing‌‌the‌‌genotypic‌‌data‌‌of‌‌over‌‌                     
500,000‌‌SNPs‌‌and‌‌including‌‌14,000‌‌cases‌‌of‌‌seven‌‌common‌‌diseases‌‌and‌‌3,000‌‌shared‌‌                         
controls.‌‌The‌‌corresponding‌‌dataset‌‌is‌‌used‌‌in‌‌‌Chapter‌‌3‌‌of‌‌this‌‌dissertation‌‌to‌‌evaluate‌                           
the‌ ‌performance‌ ‌of‌ ‌the‌‌proposed‌‌methods.‌‌Since‌‌then,‌‌sample‌‌sizes,‌‌rates‌‌of‌‌discovery‌‌                         
and‌ ‌numbers‌ ‌of‌ ‌studied‌ ‌traits‌ ‌have‌ ‌been‌ ‌rising‌ ‌continuously‌42‌.‌ ‌A‌ ‌repository‌ ‌for‌‌                       
collecting‌‌the‌‌results‌‌of‌‌such‌‌studies‌‌is‌‌the‌‌‌GWAS‌‌catalog‌7‌ ‌which‌‌includes‌‌almost‌‌5,000‌‌                           
studies‌ ‌and‌ ‌more‌ ‌than‌ ‌250,000‌ ‌SNP-phenotype‌ ‌associations‌ ‌with‌ ‌‌p‌-values‌ ‌below‌‌                   

(accessed‌ ‌on‌ ‌April‌ ‌3.‌ ‌2021).‌ ‌Especially‌ ‌for‌ ‌common‌ ‌human‌ ‌diseases‌‌such‌‌as‌‌1 0× 1 5−                        
diabetes,‌‌autoimmune‌‌disorders‌‌or‌‌psychiatric‌‌illnesses,‌‌GWAS‌‌have‌‌provided‌‌valuable‌‌                   
insight‌ ‌into‌ ‌the‌ ‌corresponding‌ ‌genetic‌ ‌inheritance‌ ‌processes‌43,44‌.‌ ‌A‌ ‌few‌ ‌studies‌ ‌have‌‌                     
included‌ ‌over‌ ‌1‌ ‌million‌ ‌subjects‌ ‌enabling‌ ‌the‌ ‌identification‌ ‌of‌ ‌SNPs‌ ‌with‌ ‌lower‌ ‌risks‌‌                         
and‌ ‌frequencies‌45,46‌.‌ ‌ 
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Single-cell‌ ‌RNA‌ ‌sequencing‌ ‌studies‌ ‌ 

Single-cell‌ ‌RNA‌ ‌sequencing‌ ‌(‌scRNA-Seq‌)‌ ‌was‌ ‌introduced‌ ‌in‌ ‌2009‌19‌ ‌and‌ ‌enables‌‌the‌‌                     
analysis‌‌of‌‌the‌‌‌transcriptome‌‌(‌i.e.‌‌the‌‌entirety‌‌of‌‌mRNA‌‌molecules)‌‌of‌‌singular‌‌cells‌‌at‌‌                           
a‌‌certain‌‌point‌‌in‌‌time.‌‌Previously‌‌it‌‌was‌‌only‌‌possible‌‌to‌‌look‌‌at‌‌pooled‌‌transcriptomes‌‌                             
for‌ ‌multiple‌ ‌cells‌ ‌in‌ ‌microarray‌ ‌or‌ ‌bulk‌ ‌RNA‌ ‌sequencing‌ ‌experiments,‌ ‌where‌‌                     
differences‌ ‌between‌ ‌individual‌ ‌cells‌ ‌were‌ ‌lost.‌ ‌During‌ ‌most‌ ‌common‌ ‌scRNA-seq‌                   
protocols,‌‌the‌‌cells‌‌of‌‌a‌‌sample‌‌taken‌‌from‌‌the‌‌tissue‌‌under‌‌investigation‌‌are‌‌isolated.‌‌To‌‌                             
determine‌ ‌the‌ ‌number‌ ‌of‌ ‌different‌ ‌mRNA‌ ‌molecules‌ ‌in‌ ‌each‌ ‌cell,‌ ‌one‌ ‌of‌ ‌multiple‌‌                         
available‌ ‌protocols‌ ‌is‌ ‌executed‌47‌.‌ ‌Most‌ ‌of‌ ‌them‌ ‌include‌ ‌variations‌ ‌of‌ ‌the‌ ‌following‌‌                       
substeps:‌ ‌mRNA‌ ‌extraction,‌ ‌reverse‌ ‌transcription‌ ‌for‌ ‌conversion‌ ‌of‌ ‌mRNA‌ ‌to‌‌                   
complementary‌ ‌DNA‌ ‌(cDNA),‌‌DNA‌‌amplification,‌‌sequencing‌‌and‌‌library‌‌generation.‌‌                 
Eventually,‌ ‌the‌ ‌sequenced‌ ‌fragments‌ ‌are‌ ‌aligned‌ ‌to‌ ‌reference‌ ‌genomes.‌ ‌As‌ ‌a‌ ‌result,‌ ‌a‌‌                         
count‌ ‌table‌ ‌is‌ ‌obtained,‌ ‌where‌‌each‌‌transcript‌‌is‌‌assigned‌‌a‌‌number‌‌referring‌‌to‌‌one‌‌of‌‌                             
various‌ ‌expression‌ ‌units‌ ‌such‌ ‌as‌‌raw‌‌read‌‌counts,‌‌reads‌‌per‌‌million‌‌(RPM),‌‌counts‌‌per‌‌                           
million‌‌(CPM),‌‌transcripts‌‌per‌‌million‌‌(TPM)‌‌or‌‌reads‌‌per‌‌kilobase‌‌per‌‌million‌‌mapped‌‌                         
reads‌ ‌(RPKM).‌ ‌Numerous‌‌scRNA-Seq‌‌protocols‌‌are‌‌available‌19,48‌,‌‌which,‌‌for‌‌example,‌‌                   
implement‌ ‌alternative‌ ‌ways‌ ‌of‌ ‌reverse‌ ‌transcription,‌ ‌cDNA‌ ‌synthesis‌ ‌or‌ ‌amplification.‌ ‌ 

With‌‌improved‌‌technical‌‌possibilities‌‌and‌‌increased‌‌sample‌‌sizes,‌‌scRNA-Seq‌‌has‌‌been‌‌                     
applied‌‌successfully‌‌in‌‌many‌‌research‌‌areas‌20,49–52‌ ‌and‌‌the‌‌progress‌‌of‌‌ScRNA-Seq‌‌in‌‌the‌‌                         
field‌ ‌of‌ ‌embryo‌ ‌development‌ ‌was‌ ‌named‌ ‌the‌ ‌“‌2018‌ ‌Breakthrough‌ ‌of‌ ‌the‌ ‌Year‌”‌ ‌by‌‌                         
Science‌53‌.‌‌ ‌  

The‌ ‌most‌ ‌relevant‌ ‌research‌ ‌questions‌ ‌about‌ ‌scRNA-Seq‌ ‌datasets‌ ‌concern‌ ‌either‌ ‌the‌‌                     
identification‌ ‌of‌ ‌gene‌ ‌expression‌ ‌patterns‌ ‌through‌ ‌gene‌ ‌clustering‌ ‌analyses‌54‌ ‌or‌ ‌the‌                     
determination‌ ‌of‌ ‌cell‌ ‌types‌ ‌through‌ ‌cell‌ ‌clustering‌ ‌into‌ ‌groups‌ ‌based‌ ‌on‌ ‌their‌‌                       
transcriptomes‌21‌.‌ ‌In‌ ‌this‌ ‌dissertation,‌ ‌we‌ ‌focus‌ ‌on‌ ‌the‌ ‌latter‌ ‌and‌ ‌employ‌ ‌unsupervised‌‌                       
clustering‌‌approaches‌‌to‌‌interpret‌‌the‌‌genome‌‌in‌‌the‌‌context‌‌of‌‌cell‌‌types.‌‌Even‌‌though‌‌                           
all‌ ‌(somatic)‌ ‌cells‌ ‌contain‌ ‌the‌ ‌same‌ ‌genetic‌ ‌material,‌ ‌there‌ ‌is‌ ‌a‌ ‌huge‌ ‌variety‌ ‌of‌ ‌cell‌‌                             
types,‌ ‌functions‌ ‌and‌ ‌tissues‌ ‌in‌ ‌the‌ ‌human‌ ‌body‌1‌.‌ ‌The‌ ‌genome‌ ‌is‌ ‌implemented‌ ‌into‌‌                         
function‌‌differently,‌‌expressing‌‌only‌‌specific‌‌pieces‌‌of‌‌the‌‌genetic‌‌sequence‌‌in‌‌different‌‌                       
combinations.‌ ‌Via‌ ‌numerous‌ ‌types‌ ‌of‌ ‌regulation,‌ ‌the‌ ‌transcriptomes‌ ‌of‌ ‌cells‌ ‌differ‌‌                     
significantly‌ ‌not‌ ‌only‌ ‌between‌ ‌cells‌ ‌but‌ ‌also‌ ‌for‌ ‌one‌ ‌cell‌ ‌at‌ ‌different‌ ‌points‌ ‌in‌ ‌time‌1‌.‌                             
When‌‌investigating‌‌the‌‌transcriptome‌‌of‌‌individual‌‌cells‌‌in‌‌scRNA-Seq‌‌studies,‌‌we‌‌can‌‌                       
cluster‌‌cells‌‌according‌‌to‌‌which‌‌genes‌‌are‌‌(currently)‌‌activated‌‌in‌‌those‌‌cells.‌‌In‌‌contrast‌‌                           
to‌ ‌bulk‌ ‌sequencing,‌ ‌scRNA-Seq‌ ‌allows‌ ‌identifying‌ ‌and‌‌examining‌‌rare‌‌cell‌‌types,‌‌e.g.‌‌                       
highly‌ ‌specialized‌ ‌lung‌ ‌cells‌55,56‌.‌ ‌The‌ ‌granularity‌ ‌of‌ ‌assessing‌ ‌individual‌ ‌cellular‌‌                   
transcriptomics‌‌has‌‌highlighted‌‌the‌‌vast‌‌heterogeneity‌‌in‌‌cell‌‌types‌‌previously‌‌believed‌‌                     
to‌ ‌be‌ ‌relatively‌ ‌homogeneous‌47‌.‌ ‌When‌ ‌adding‌ ‌tissue‌ ‌context,‌ ‌diversity‌ ‌increases‌‌                   
dramatically.‌‌Due‌‌to‌‌the‌‌relatively‌‌high‌‌cost‌‌of‌‌scRNA-Seq‌‌studies‌‌and‌‌the‌‌difficulty‌‌of‌‌                           
accessing‌ ‌rare‌ ‌tissues,‌ ‌many‌‌of‌‌these‌‌datasets‌‌are‌‌small‌‌but‌‌high-dimensional‌‌and‌‌only‌‌                         
include‌ ‌poor‌ ‌representations‌ ‌of‌ ‌rare‌ ‌subtypes‌ ‌of‌ ‌cells‌21‌.‌‌ ‌ ‌    
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2.2‌ ‌Traditional‌ ‌analysis‌ ‌methods‌ ‌ 
In‌ ‌the‌ ‌following‌ ‌section,‌ ‌we‌ ‌describe‌ ‌the‌ ‌traditional‌ ‌methods‌ ‌used‌ ‌to‌ ‌analyze‌‌the‌‌two‌‌                           
types‌‌of‌‌studies‌‌that‌‌are‌‌relevant‌‌in‌‌this‌‌dissertation‌‌and‌‌are‌‌described‌‌in‌‌‌Chapter‌‌2.1.3‌.‌‌                             
Multiple‌ ‌hypothesis‌ ‌testing‌ ‌for‌ ‌GWAS‌ ‌and‌ ‌different‌ ‌clustering‌ ‌approaches‌ ‌for‌‌                   
scRNA-Seq‌ ‌data‌ ‌are‌ ‌introduced‌ ‌and‌ ‌important‌ ‌competitor‌ ‌approaches‌ ‌are‌ ‌discussed.‌‌ ‌  

2.2.1‌ ‌Multiple‌ ‌statistical‌ ‌hypothesis‌ ‌testing‌ ‌for‌ ‌GWAS‌ ‌ 

Traditional‌ ‌approaches‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS‌ ‌can‌ ‌be‌ ‌categorized‌ ‌into‌ ‌two‌ ‌main‌‌                         
categories:‌‌While‌‌some‌‌methods‌‌focus‌‌on‌‌phenotypic‌‌risk‌‌prediction‌‌based‌‌on‌‌the‌‌given‌‌                         
genetic‌ ‌information‌57–61‌,‌ ‌others‌ ‌try‌ ‌to‌ ‌explain‌ ‌these‌ ‌risk‌ ‌effects‌ ‌by‌ ‌highlighting‌ ‌which‌                       
SNPs‌ ‌are‌ ‌having‌ ‌an‌ ‌effect‌ ‌on‌ ‌a‌ ‌given‌ ‌trait‌62–66‌.‌ ‌Generally,‌ ‌a‌ ‌GWAS‌ ‌investigates‌ ‌the‌‌                           
observed‌‌genotypes‌‌of‌‌a‌‌set‌‌of‌‌SNPs‌‌(represented‌‌by‌‌the‌‌number‌‌of‌‌minor‌‌alleles)‌‌and‌‌a‌‌                               
group‌ ‌of‌ ‌subjects‌ ‌labeled‌ ‌with‌ ‌the‌ ‌corresponding‌ ‌phenotypes‌‌separating‌‌controls‌‌from‌‌                     
cases.‌‌The‌‌classic‌‌approach‌‌-‌‌which‌‌we‌‌refer‌‌to‌‌as‌‌‌raw‌‌‌p‌-value‌‌thresholding‌‌‌(‌RPVT‌)‌‌-‌‌                             
consists‌ ‌of‌ ‌carrying‌ ‌out‌ ‌a‌ ‌statistical‌ ‌association‌ ‌test‌ ‌to‌ ‌assign‌ ‌a‌ ‌‌p‌-value‌ ‌to‌ ‌each‌‌                           
individual‌‌SNP.‌‌The‌‌null‌‌hypothesis‌‌of‌‌this‌‌single-locus‌‌test‌‌is‌‌that‌‌there‌‌is‌‌no‌‌difference‌‌                             
between‌ ‌the‌ ‌trait‌ ‌means‌‌of‌‌any‌‌genotype‌‌group,‌‌which‌‌indicates‌‌that‌‌the‌‌genotype‌‌at‌‌a‌‌                             
specific‌ ‌SNP‌ ‌‌is‌ ‌independent‌ ‌of‌ ‌the‌ ‌phenotype‌ ‌under‌ ‌investigation‌67‌.‌ ‌Via‌ ‌a‌ ‌ ‌test,‌‌                      χ2    
RPVT‌‌calculates‌‌a‌‌‌p‌-value‌‌for‌‌each‌‌SNP‌‌and‌‌declares‌‌it‌‌significantly‌‌associated‌‌with‌‌the‌‌                           
phenotype‌ ‌if‌ ‌it‌ ‌is‌ ‌smaller‌ ‌than‌ ‌a‌ ‌predefined‌ ‌threshold‌43,68,69‌.‌ ‌‌This‌ ‌threshold‌ ‌has‌ ‌to‌ ‌be‌‌                           
chosen‌‌carefully‌‌as‌‌the‌‌significance‌‌level‌‌in‌‌the‌‌case‌‌of‌‌a‌‌single‌‌test.‌‌Since‌‌generally,‌‌a‌‌                               
large‌ ‌number‌ ‌of‌ ‌statistical‌ ‌tests‌ ‌are‌ ‌performed‌ ‌in‌ ‌parallel,‌ ‌the‌ ‌threshold‌ ‌has‌ ‌to‌ ‌be‌‌                           
adjusted‌ ‌for‌ ‌multiple‌ ‌testing‌ ‌to‌ ‌bound,‌ ‌for‌ ‌example,‌ ‌the‌ ‌‌expected‌ ‌number‌ ‌of‌ ‌false‌‌                         
rejections‌‌(‌ENFR‌),‌‌the‌‌‌family-wise‌‌error‌‌rate‌‌(‌FWER‌),‌‌‌i.e.‌‌the‌‌probability‌‌of‌‌at‌‌least‌‌                         
one‌ ‌false-positive‌‌test‌‌result,‌‌or‌‌the‌‌‌generalized‌‌FWER‌‌(‌gFWER‌),‌‌i.e.‌‌the‌‌probability‌‌                       
of‌ ‌at‌ ‌least‌ ‌ ‌false-positive‌ ‌test‌ ‌results.‌ ‌Some‌ ‌standard‌ ‌methods‌ ‌for‌ ‌choosing‌ ‌the‌‌       ϱ ≥ 1                   
threshold‌ ‌‌for‌ ‌the‌ ‌purpose‌ ‌of‌ ‌controlling‌ ‌multiple‌ ‌type‌ ‌I‌ ‌error‌ ‌rates‌ ‌are‌ ‌reviewed‌ ‌in‌‌                           
Chapter‌ ‌3.2.1‌.‌ ‌Bonferroni‌ ‌correction‌ ‌is‌ ‌the‌ ‌most‌ ‌straightforward‌ ‌way‌ ‌to‌ ‌take‌‌                     
multiplicity‌‌into‌‌account‌‌by‌‌dividing‌‌the‌‌significance‌‌level‌‌by‌‌the‌‌number‌‌of‌‌conducted‌‌                         
tests‌70‌.‌ ‌ 

When‌ ‌the‌ ‌‌p‌-values‌ ‌of‌ ‌all‌ ‌SNPs‌ ‌have‌ ‌been‌ ‌calculated‌ ‌and‌ ‌the‌‌corresponding‌‌threshold‌‌                         
was‌ ‌defined,‌ ‌a‌ ‌so-called‌ ‌‌Manhattan‌ ‌plot‌ ‌‌can‌ ‌be‌ ‌created‌71‌.‌ ‌An‌ ‌exemplary‌ ‌Manhattan‌‌                       
plot‌‌is‌‌shown‌‌in‌‌‌Figure‌‌4‌.‌‌For‌‌each‌‌genomic‌‌position‌‌of‌‌the‌‌corresponding‌‌SNP‌‌on‌‌the‌‌                               
x‌-axis,‌‌it‌‌displays‌‌the‌‌negative‌‌logarithmic‌‌‌p‌-value‌‌on‌‌the‌‌‌y‌-axis.‌‌SNPs‌‌that‌‌are‌‌strongly‌‌                           
associated‌‌with‌‌the‌‌disease‌‌or‌‌trait‌‌appear‌‌as‌‌high‌‌values‌‌in‌‌the‌‌plot‌‌and‌‌are‌‌commonly‌‌                               
referred‌ ‌to‌ ‌as‌ ‌towers.‌ ‌If‌ ‌they‌ ‌exceed‌ ‌the‌ ‌predefined‌ ‌significance‌ ‌threshold‌ ‌-‌ ‌which‌ ‌is‌‌                           
usually‌ ‌represented‌ ‌by‌ ‌a‌ ‌horizontal‌ ‌line‌ ‌in‌ ‌those‌ ‌plots‌ ‌-‌ ‌they‌ ‌are‌ ‌considered‌ ‌to‌ ‌be‌‌                             
statistically‌ ‌associated‌ ‌with‌ ‌the‌ ‌trait‌ ‌under‌ ‌investigation.‌ ‌ 
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Figure‌ ‌4:‌ ‌Exemplary‌ ‌RPVT‌ ‌Manhattan‌ ‌plot.‌ ‌‌The‌ ‌negative‌ ‌logarithmic‌ ‌ test‌ ‌‌p‌-values‌ ‌of‌ ‌the‌ ‌Crohn’s‌ ‌Disease‌‌χ2  
WTCCC‌ ‌dataset‌ ‌are‌ ‌plotted‌ ‌against‌ ‌position‌ ‌on‌ ‌each‌ ‌chromosome.‌ ‌The‌ ‌threshold‌ ‌indicating‌ ‌statistical‌ ‌significance‌ ‌is‌‌ 

represented‌ ‌by‌ ‌the‌ ‌dashed‌ ‌horizontal‌ ‌line‌ ‌and‌ ‌significant‌ ‌‌p‌-values‌ ‌are‌ ‌highlighted‌ ‌in‌ ‌green.‌‌ ‌  

‌ 

The‌ ‌problem‌ ‌setting‌ ‌for‌ ‌RPVT‌ ‌and‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS,‌ ‌in‌ ‌general,‌‌is‌‌described‌‌in‌‌                             
full‌ ‌detail,‌ ‌including‌ ‌formula‌ ‌and‌ ‌notation‌ ‌in‌ ‌‌Chapter‌ ‌3.2.1‌ ‌‌and‌ ‌‌Chapter‌ ‌3.2.5‌.‌ ‌ 

2.2.2‌ ‌Clustering‌ ‌methods‌ ‌for‌ ‌scRNA-Seq‌ ‌studies‌ ‌ 

Whilst‌ ‌the‌ ‌analysis‌ ‌of‌ ‌scRNA-Seq‌ ‌data‌ ‌has‌ ‌many‌ ‌challenges,‌ ‌including‌‌                   
normalization‌72,73‌,‌ ‌dealing‌ ‌with‌ ‌noise‌74‌,‌ ‌zero‌ ‌inflation‌ ‌and‌ ‌missing‌ ‌values‌75,76‌,‌‌                 
dimensionality‌ ‌reduction‌75,77‌ ‌and‌ ‌visualization‌78,79‌,‌ ‌one‌‌of‌‌the‌‌key‌‌analytical‌‌techniques‌‌                   
to‌ ‌address‌ ‌questions‌ ‌of‌ ‌cell‌ ‌type‌ ‌identification‌ ‌is‌ ‌that‌ ‌of‌ ‌unsupervised‌ ‌clustering.‌                       
Unsupervised‌ ‌‌algorithms‌ ‌learn‌ ‌from‌ ‌using‌ ‌only‌ ‌input‌ ‌data‌‌(in‌‌this‌‌case,‌‌representing‌‌                       
RNA‌‌counts)‌‌without‌‌the‌‌knowledge‌‌of‌‌any‌‌outcome‌‌variables‌‌(in‌‌this‌‌case,‌‌referring‌‌to‌‌                           
the‌ ‌underlying‌ ‌true‌ ‌cell‌ ‌categories).‌ ‌‌Clustering‌ ‌of‌ ‌cells‌ ‌into‌ ‌discrete‌ ‌groupings‌‌                     
according‌ ‌to‌ ‌their‌ ‌transcriptional‌ ‌state‌ ‌is‌ ‌the‌ ‌fundamental‌ ‌analysis‌ ‌required‌ ‌in‌ ‌many‌‌                       
scRNA-Seq‌‌experiments.‌‌A‌‌range‌‌of‌‌approaches‌‌has‌‌been‌‌taken‌‌to‌‌address‌‌the‌‌problem‌‌                         
of‌ ‌clustering‌ ‌scRNA-Seq‌ ‌data,‌ ‌including‌ ‌hierarchical‌ ‌and‌ ‌iterative‌ ‌clustering‌80,81‌,‌                 
principal‌ ‌component‌ ‌analysis‌ ‌based‌ ‌approaches‌82,83‌,‌ ‌ensemble‌ ‌clustering‌81,84‌ ‌and‌‌               
graph-based‌ ‌approaches‌85–89‌.‌ ‌As‌ ‌the‌ ‌number‌ ‌of‌ ‌cells‌ ‌in‌‌scRNA-Seq‌‌datasets‌‌increases,‌‌                     
the‌ ‌development‌ ‌of‌ ‌machine‌ ‌learning-based‌90,91‌ ‌and‌ ‌‌specifically‌ ‌deep‌‌               
learning-based‌92–95‌‌ ‌clustering‌ ‌approaches‌ ‌has‌ ‌expanded.‌ ‌ 

One‌ ‌traditional‌ ‌and‌ ‌simple‌ ‌unsupervised‌ ‌approach‌ ‌to‌ ‌clustering‌ ‌cells‌ ‌in‌ ‌scRNA-Seq‌‌                     
datasets‌‌is‌‌to‌‌apply‌‌‌k‌-means‌‌‌clustering‌96,97‌ ‌and‌‌group‌‌similar‌‌datapoints‌‌(‌i.e.‌‌individual‌‌                       
cells)‌‌together‌‌in‌‌a‌‌fixed‌‌number‌‌of‌‌‌k‌‌clusters‌‌(‌i.e.‌‌cell‌‌types).‌‌These‌‌clusters‌‌are‌‌defined‌‌                               
by‌‌a‌‌point‌‌in‌‌the‌‌center‌‌of‌‌each‌‌cluster,‌‌called‌‌centroid,‌‌which‌‌is‌‌calculated‌‌by‌‌averaging‌‌                               
all‌‌datapoints‌‌belonging‌‌to‌‌that‌‌cluster.‌‌The‌‌aim‌‌of‌‌‌k‌-means‌‌clustering‌‌is‌‌now‌‌to‌‌assign‌‌                             
each‌‌datapoint‌‌to‌‌the‌‌closest‌‌centroid‌‌and‌‌minimize‌‌the‌‌variance‌‌within‌‌a‌‌cluster‌‌(‌i.e.‌‌the‌‌                             
within-cluster‌ ‌sums‌ ‌of‌ ‌squares).‌ ‌According‌ ‌to‌ ‌the‌ ‌law‌ ‌of‌ ‌total‌ ‌variance,‌ ‌this‌ ‌is‌‌                         
equivalent‌‌to‌‌minimizing‌‌the‌‌pairwise‌‌squared‌‌distances‌‌of‌‌points‌‌in‌‌one‌‌cluster,‌‌which‌‌                         
is‌ ‌again‌ ‌equivalent‌ ‌to‌ ‌maximizing‌ ‌the‌ ‌sum‌ ‌of‌ ‌squared‌ ‌distances‌ ‌between‌ ‌points‌ ‌in‌‌                         
different‌ ‌clusters‌ ‌(‌i.e.‌‌ ‌the‌ ‌between-cluster‌ ‌sum‌ ‌of‌ ‌squares)‌98‌.‌ ‌ 
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The‌ ‌most‌ ‌common‌ ‌method‌ ‌that‌ ‌implements‌ ‌‌k‌-means‌ ‌clustering‌ ‌-‌ ‌called‌ ‌‌k‌-means‌‌                     
algorithm‌‌or‌‌‌Lloyd’s‌‌algorithm‌‌‌after‌‌his‌‌creator‌‌Stuart‌‌P.‌‌Lloyd‌‌-‌‌was‌‌developed‌‌in‌‌the‌‌                             
1950s‌ ‌and‌ ‌follows‌‌an‌‌iterative‌‌approach‌97‌.‌‌At‌‌first,‌‌the‌‌‌k‌-means‌‌algorithm‌‌identifies‌‌an‌‌                         
initial‌ ‌group‌ ‌of‌ ‌‌k‌ ‌centroids‌ ‌either‌ ‌by‌ ‌selecting‌ ‌a‌ ‌random‌ ‌set‌ ‌of‌ ‌‌k‌ ‌datapoints‌ ‌or‌ ‌by‌‌                               
randomly‌ ‌assigning‌ ‌each‌ ‌datapoint‌ ‌to‌ ‌a‌ ‌cluster‌ ‌and‌ ‌calculating‌ ‌the‌‌initial‌‌centroids‌‌by‌‌                         
averaging‌ ‌all‌ ‌datapoints‌ ‌belonging‌ ‌to‌ ‌those‌ ‌initial‌ ‌clusters.‌ ‌Now,‌ ‌each‌ ‌datapoint‌ ‌is‌‌                       
assigned‌‌to‌‌the‌‌nearest‌‌initial‌‌cluster‌‌centroid‌‌in‌‌terms‌‌of‌‌squared‌‌distance‌‌and‌‌the‌‌new‌‌‌k‌‌                               
centroids‌ ‌referring‌ ‌to‌ ‌those‌ ‌updated‌ ‌allocations‌ ‌are‌ ‌calculated.‌ ‌This‌ ‌process‌ ‌of‌‌                     
alternating‌‌between‌‌the‌‌expectation‌‌step‌‌of‌‌assigning‌‌every‌‌datapoint‌‌to‌‌the‌‌cluster‌‌with‌‌                         
the‌‌nearest‌‌centroid‌‌and‌‌the‌‌maximization‌‌step‌‌of‌‌updating‌‌the‌‌centroids‌‌of‌‌each‌‌cluster‌‌                           
is‌ ‌repeated‌ ‌until‌ ‌convergence‌‌(‌i.e.‌‌the‌‌cluster‌‌assignments‌‌and‌‌centroids‌‌do‌‌not‌‌change‌‌                         
anymore)‌‌or‌‌the‌‌limit‌‌of‌‌iterations‌‌is‌‌reached.‌‌The‌‌‌k‌-means‌‌algorithm‌‌is‌‌not‌‌guaranteed‌‌                           
to‌ ‌find‌ ‌the‌ ‌global‌ ‌optimum‌ ‌and‌ ‌might‌‌instead‌‌converge‌‌to‌‌a‌‌local‌‌optimum‌99‌ ‌since‌‌the‌‌                             
result‌‌of‌‌the‌‌algorithm‌‌depends‌‌heavily‌‌on‌‌the‌‌initial‌‌clusters‌‌and‌‌running‌‌the‌‌algorithm‌‌                           
multiple‌ ‌times‌ ‌results‌ ‌in‌ ‌different‌ ‌solutions.‌ ‌Adjusted‌ ‌‌k‌-means‌ ‌algorithms‌ ‌exist‌ ‌that‌‌                     
escape‌ ‌local‌ ‌optima‌99‌.‌‌ ‌  

The‌‌‌k‌-means‌‌algorithm‌‌can‌‌be‌‌adjusted‌‌to‌‌different‌‌problems‌‌through‌‌the‌‌application‌‌of‌‌                         
different‌ ‌‌distance‌ ‌functions‌.‌ ‌The‌ ‌most‌ ‌commonly‌ ‌used‌ ‌measures‌ ‌are‌ ‌the‌ ‌Euclidean‌‌                     
distance‌ ‌(‌i.e.‌ ‌the‌ ‌classical‌ ‌length‌ ‌of‌ ‌a‌ ‌line‌ ‌between‌ ‌two‌ ‌datapoints)‌100‌,‌ ‌the‌ ‌Pearson‌‌                         
correlation‌ ‌(‌i.e.‌ ‌the‌ ‌covariance‌ ‌of‌ ‌two‌ ‌datapoints‌ ‌divided‌ ‌by‌ ‌the‌ ‌product‌ ‌of‌ ‌their‌‌                         
standard‌ ‌deviations)‌101‌ ‌and‌ ‌the‌ ‌Spearman‌ ‌correlation‌ ‌(‌i.e.‌ ‌the‌ ‌Pearson‌ ‌correlation‌‌                   
between‌‌the‌‌rank‌‌of‌‌two‌‌datapoints)‌102‌.‌‌Another‌‌way‌‌to‌‌adapt‌‌to‌‌different‌‌problems‌‌is‌‌to‌‌                             
apply‌ ‌data‌ ‌transformation‌ ‌techniques‌ ‌to‌ ‌the‌ ‌distance‌ ‌matrices‌ ‌before‌ ‌running‌ ‌the‌‌                     
clustering‌‌algorithm.‌‌For‌‌example,‌‌with‌‌a‌‌‌principal‌‌component‌‌analysis‌‌(‌PCA‌)‌103,104‌ ‌-‌‌                     
which‌ ‌is‌ ‌often‌ ‌used‌ ‌for‌ ‌visualization‌‌of‌‌high-dimensional‌‌datasets‌‌-‌‌a‌‌linear‌‌change‌‌of‌‌                           
basis‌ ‌can‌ ‌be‌ ‌performed‌ ‌to‌ ‌reduce‌ ‌the‌‌number‌‌of‌‌features‌‌while‌‌preserving‌‌most‌‌of‌‌the‌‌                             
variance‌ ‌in‌ ‌the‌ ‌data.‌ ‌A‌ ‌‌Laplacian‌ ‌graph‌ ‌Eigen‌ ‌decomposition‌105‌ ‌is‌ ‌a‌ ‌similar‌‌                       
dimensionality‌‌reduction‌‌algorithm‌‌that‌‌-‌‌in‌‌contrast‌‌to‌‌PCA‌‌-‌‌allows‌‌for‌‌the‌‌data‌‌to‌‌lie‌‌                               
on‌ ‌a‌ ‌nonlinear‌ ‌manifold.‌ ‌ 

To‌ ‌combine‌ ‌the‌ ‌different‌ ‌solutions‌ ‌into‌ ‌a‌ ‌consensus‌ ‌clustering‌ ‌and‌ ‌harness‌ ‌the‌ ‌full‌‌                         
potential‌‌of‌‌all‌‌‌k‌-means‌‌variations‌‌for‌‌scRNA-Seq‌‌data,‌‌a‌‌combinatorial‌‌approach‌‌called‌‌                       
SC3‌ ‌was‌ ‌developed‌ ‌in‌ ‌2017‌84‌.‌ ‌SC3‌ ‌is‌ ‌a‌ ‌popular‌ ‌method‌ ‌-‌ ‌commonly‌ ‌used‌ ‌to‌ ‌solve‌‌                             
unsupervised‌ ‌scRNA-Seq‌ ‌clustering‌ ‌problems‌ ‌-‌ ‌that‌ ‌is‌ ‌based‌ ‌on‌ ‌the‌ ‌combination‌ ‌of‌‌                       
multiple‌ ‌‌k‌-means‌ ‌clustering‌ ‌solutions‌ ‌based‌ ‌on‌ ‌different‌ ‌distance‌ ‌metrics‌ ‌and‌‌                   
transformations‌ ‌to‌ ‌determine‌ ‌a‌ ‌consensus‌ ‌clustering.‌ ‌The‌ ‌basic‌ ‌steps‌ ‌of‌ ‌the‌ ‌SC3‌‌                       
algorithm‌‌are‌‌shown‌‌in‌‌‌Figure‌‌5‌.‌‌Given‌‌an‌‌expression‌‌matrix,‌‌SC3‌‌first‌‌applies‌‌a‌‌gene‌‌                             
filter‌ ‌and‌ ‌log-transforms‌ ‌the‌ ‌data.‌ ‌Then,‌ ‌three‌ ‌different‌ ‌cell‌ ‌distance‌ ‌matrices‌ ‌are‌‌                       
calculated‌ ‌using‌ ‌Euclidean,‌ ‌Pearson‌ ‌and‌ ‌Spearman‌ ‌metrics,‌ ‌respectively.‌ ‌The‌ ‌three‌‌                   
distance‌ ‌matrices‌ ‌are‌ ‌then‌ ‌transformed‌ ‌by‌ ‌applying‌ ‌both‌ ‌PCA‌ ‌and‌ ‌Laplacian‌ ‌graph‌‌                       
Eigen‌ ‌decomposition.‌ ‌Subsequently,‌ ‌‌k‌-means‌ ‌clustering‌ ‌is‌ ‌performed‌ ‌‌D‌ ‌times‌ ‌on‌ ‌the‌‌                     
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‌ 

first‌ ‌ ‌eigenvectors‌ ‌of‌ ‌the‌ ‌resulting‌ ‌six‌ ‌matrices,‌ ‌where‌ ‌ ‌‌comes‌ ‌from‌ ‌a‌‌  d1, ..., D                 d1, ..., D        
predefined‌ ‌range‌ ‌of‌ ‌values.‌ ‌The‌ ‌clustering‌ ‌results‌ ‌are‌ ‌now‌ ‌combined‌ ‌by‌ ‌applying‌ ‌the‌‌                         
Cluster-based‌ ‌Similarity‌ ‌Partitioning‌ ‌Algorithm‌106‌ ‌to‌ ‌compute‌ ‌a‌ ‌consensus‌ ‌matrix.‌‌                 
Hierarchical‌ ‌clustering‌107‌ ‌is‌ ‌finally‌ ‌used‌ ‌to‌ ‌cluster‌ ‌the‌ ‌resulting‌ ‌matrix‌ ‌into‌ ‌‌k‌‌clusters.‌‌                         
SC3‌‌is‌‌not‌‌deterministic‌‌and‌‌produces‌‌different‌‌results‌‌when‌‌solving‌‌the‌‌same‌‌clustering‌‌                         
problem‌ ‌multiple‌ ‌times.‌ ‌ 

Figure‌ ‌5:‌‌ ‌‌The‌ ‌SC3‌ ‌framework‌ ‌by‌ ‌Kiselev‌ ‌‌et‌ ‌al.‌‌ ‌2017‌84‌.‌ ‌‌SC3‌ ‌is‌ ‌a‌ ‌consensus‌ ‌clustering‌ ‌approach‌ ‌for‌ ‌scRNA-Seq‌ ‌data‌‌ 
that‌ ‌combines‌ ‌a‌ ‌number‌ ‌of‌ ‌different‌ ‌distance‌ ‌measures,‌ ‌transformation‌ ‌techniques‌ ‌and‌ ‌clustering‌ ‌methods‌ ‌to‌ 

eventually‌ ‌determine‌ ‌a‌ ‌consensus‌ ‌cluster‌ ‌assignment‌ ‌for‌ ‌the‌ ‌cells‌ ‌in‌ ‌a‌ ‌given‌ ‌dataset.‌ 
‌ 

Image‌ ‌“The‌ ‌SC3‌ ‌framework‌ ‌for‌ ‌consensus‌ ‌clustering”‌ ‌by‌ ‌Kiselev‌ ‌‌et‌ ‌al.‌‌ ‌2017‌84‌‌ ‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution‌ ‌4.0‌ ‌International‌‌ 
license.‌ ‌Source:‌ ‌https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5410170/figure/F1/‌ ‌ 

‌ 

In‌ ‌this‌ ‌dissertation,‌ ‌we‌ ‌use‌ ‌SC3‌84‌ ‌as‌ ‌an‌ ‌exemplary‌ ‌clustering‌ ‌algorithm‌ ‌whose‌‌                       
performance‌‌can‌‌be‌‌improved‌‌through‌‌the‌‌application‌‌of‌‌transfer‌‌learning‌‌(see‌‌‌Chapter‌‌                       
4‌).‌ ‌ 

For‌‌visualizing‌‌the‌‌clustering‌‌results‌‌of‌‌scRNA-Seq‌‌data,‌‌we‌‌can,‌‌for‌‌example,‌‌employ‌‌                         
PCA‌103,104‌ ‌or‌ ‌‌t-distributed‌ ‌stochastic‌ ‌neighbor‌ ‌embedding‌ ‌(‌t-SNE‌)‌79‌ ‌as‌ ‌a‌ ‌nonlinear‌‌                   
dimensionality‌ ‌reduction‌‌technique,‌‌which‌‌projects‌‌the‌‌points‌‌from‌‌higher-dimensional‌‌                 
space‌ ‌to‌ ‌lower-dimensional‌ ‌space‌ ‌while‌ ‌at‌ ‌the‌ ‌same‌ ‌time‌ ‌trying‌ ‌to‌ ‌preserve‌ ‌the‌ ‌local‌‌                           
neighborhoods‌ ‌of‌ ‌each‌ ‌point.‌ ‌   
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2.3‌ ‌Machine‌ ‌learning‌ ‌concepts‌ ‌ 
In‌‌the‌‌following‌‌sections,‌‌we‌‌introduce‌‌the‌‌basic‌‌machine‌‌learning‌‌concepts‌‌that‌‌are‌‌of‌‌                           
importance‌‌in‌‌the‌‌methodological‌‌proposals‌‌of‌‌this‌‌dissertation.‌‌We‌‌start‌‌with‌‌a‌‌section‌‌                         
about‌ ‌the‌ ‌general‌ ‌ideas‌ ‌of‌ ‌machine‌ ‌learning‌‌and‌‌go‌‌on‌‌to‌‌present‌‌the‌‌specific‌‌learning‌‌                             
models‌ ‌of‌ ‌support‌ ‌vector‌ ‌machines‌ ‌and‌ ‌deep‌ ‌neural‌ ‌networks‌ ‌to‌ ‌which‌ ‌we‌‌refer‌‌to‌‌in‌‌                             
Chapter‌ ‌3‌.‌ ‌Afterward,‌ ‌we‌ ‌introduce‌ ‌the‌ ‌field‌‌of‌‌explainable‌‌artificial‌‌intelligence‌‌and‌‌                       
layer-wise‌ ‌relevance‌ ‌propagation‌ ‌as‌ ‌an‌ ‌exemplary‌ ‌explanation‌ ‌method,‌ ‌which‌ ‌is‌ ‌also‌‌                     
utilized‌ ‌in‌ ‌‌Chapter‌ ‌3‌.‌ ‌Finally,‌ ‌we‌ ‌present‌ ‌the‌ ‌methodology‌ ‌of‌ ‌non-negative‌ ‌matrix‌‌                       
factorization‌ ‌and‌ ‌the‌ ‌concept‌ ‌of‌ ‌transfer‌ ‌learning,‌ ‌which‌ ‌is‌ ‌employed‌ ‌in‌ ‌‌Chapter‌ ‌4‌.‌ ‌ 

2.3.1‌ ‌Machine‌ ‌learning‌ ‌basics‌ ‌  

Artificial‌ ‌intelligence‌ ‌‌(‌AI‌)‌ ‌‌is‌‌a‌‌scientific‌‌research‌‌area‌‌that‌‌concerns‌‌various‌‌forms‌‌of‌‌                         
intelligence‌demonstrated‌‌by‌‌machines.‌‌As‌‌one‌‌of‌‌its‌‌branches,‌‌‌machine‌‌learning‌‌(‌ML‌)‌‌                       
is‌ ‌a‌ ‌generic‌ ‌term‌ ‌first‌‌coined‌‌in‌‌1959‌‌by‌‌Arthur‌‌Samuel‌‌for‌‌the‌‌artificial‌‌generation‌‌of‌‌                               
knowledge‌ ‌based‌ ‌on‌ ‌experience‌ ‌and‌ ‌observation‌108‌.‌ ‌The‌ ‌goal‌ ‌in‌ ‌ML‌ ‌is‌ ‌to‌ ‌determine,‌‌                         
based‌ ‌on‌ ‌a‌ ‌sample‌ ‌called‌‌training‌‌data‌‌and‌‌without‌‌being‌‌explicitly‌‌programmed‌‌to‌‌do‌‌                           
so,‌ ‌a‌ ‌predictive‌ ‌statistical‌ ‌model,‌ ‌which‌ ‌does‌ ‌not‌ ‌only‌ ‌represent‌‌the‌‌examples‌‌at‌‌hand‌‌                           
but‌ ‌rather‌ ‌detects‌ ‌patterns‌ ‌and‌ ‌laws‌ ‌that‌ ‌enable‌ ‌future‌ ‌prediction‌‌for‌‌unseen‌‌data.‌‌ML‌‌                           
techniques‌‌have‌‌seen‌‌a‌‌huge‌‌success‌‌in‌‌the‌‌field‌‌of‌‌data‌‌analysis‌‌and‌‌have‌‌been‌‌applied‌                               
with‌ ‌flying‌ ‌colors‌ ‌in‌ ‌countless‌ ‌different‌ ‌data‌ ‌science‌ ‌problems,‌ ‌‌e.g.‌ ‌automatic‌‌                     
translation‌109‌,‌ ‌speech‌ ‌and‌ ‌text‌ ‌recognition‌110‌,‌ ‌physical‌ ‌property‌ ‌prediction‌111,112‌,‌‌               
automated‌ ‌patient‌ ‌diagnosis‌113‌,‌ ‌credit‌ ‌card‌ ‌fraud‌114‌,‌ ‌email‌ ‌spam‌ ‌detection‌115‌,‌ ‌stock‌‌                   
market‌ ‌analysis‌116‌‌ ‌and‌ ‌autonomous‌ ‌driving‌117‌.‌‌ ‌  

In‌ ‌ML,‌ ‌a‌ ‌‌predictive‌ ‌function‌ ‌ ‌is‌ ‌learned‌ ‌that‌ ‌predicts‌ ‌the‌ ‌class‌ ‌label‌ ‌ ‌(‌e.g.‌ ‌a‌‌          f (x)                 y      
phenotype)‌‌based‌‌on‌‌the‌‌observation‌‌of‌‌the‌‌corresponding‌‌data‌ ‌(‌e.g.‌‌the‌‌genotype).‌‌It‌‌                  x          
is‌ ‌crucial‌ ‌to‌ ‌require‌ ‌such‌ ‌a‌‌function‌‌to‌‌not‌‌only‌‌capture‌‌the‌‌sample‌‌at‌‌hand‌‌but‌‌to‌‌also‌‌                                   
generalize‌,‌ ‌as‌ ‌well‌ ‌as‌‌possible,‌‌to‌‌new‌‌and‌‌unseen‌‌measurements‌118‌,‌‌‌i.e.‌‌to‌‌ensure‌‌that‌‌                           
the‌ ‌sign‌ ‌of‌ ‌is‌ ‌a‌ ‌good‌ ‌predictor‌ ‌for‌ ‌for‌ ‌previously‌ ‌unseen‌ ‌patterns‌ ‌ ‌and‌‌    f  (x)           y            xnew    
labels‌‌ ‌.‌‌A‌‌model‌‌is‌‌said‌‌to‌‌be‌‌‌overfitting‌‌when‌‌it‌‌fails‌‌to‌‌generalize‌‌well‌‌to‌‌unseen‌‌  ynew                                
data‌ ‌and‌ ‌only‌ ‌represents‌ ‌the‌ ‌sample‌ ‌at‌ ‌hand‌118‌.‌‌ ‌  

ML‌ ‌algorithms‌ ‌can‌ ‌be‌ ‌divided‌ ‌into‌ ‌two‌ ‌groups‌ ‌depending‌ ‌on‌ ‌the‌ ‌availability‌ ‌of‌ ‌true‌‌                           
class‌ ‌labels‌ ‌in‌ ‌the‌ ‌training‌ ‌dataset.‌ ‌‌Unsupervised‌ ‌learning‌ ‌refers‌ ‌to‌ ‌techniques‌ ‌that‌‌                       
describe‌ ‌an‌ ‌input‌ ‌dataset‌ ‌by‌ ‌discovering‌ ‌categories‌ ‌and‌ ‌patterns‌ ‌without‌‌any‌‌previous‌‌                       
knowledge‌ ‌on‌ ‌the‌ ‌corresponding‌ ‌class‌ ‌labels‌119‌.‌ ‌Clustering‌ ‌methods‌ ‌like‌ ‌‌k‌-means,‌ ‌as‌‌                     
described‌ ‌in‌ ‌‌Chapter‌ ‌2.2.2‌,‌ ‌assign‌ ‌each‌ ‌training‌ ‌datapoint‌ ‌to‌ ‌one‌ ‌of‌ ‌multiple‌ ‌groups‌‌                         
that‌ ‌the‌ ‌machine‌ ‌considers‌ ‌to‌ ‌be‌ ‌a‌ ‌good‌ ‌partitioning‌ ‌of‌ ‌the‌ ‌data.‌‌ ‌  
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During‌‌‌supervised‌‌learning‌,‌‌‌the‌‌machine‌‌is‌‌presented‌‌with‌‌training‌‌data‌‌that‌‌consists‌‌of‌‌                         
pairs‌ ‌of‌ ‌input‌ ‌data‌ ‌and‌ ‌expected‌ ‌output‌ ‌labels‌ ‌enabling‌ ‌the‌ ‌algorithm‌ ‌to‌ ‌learn‌ ‌the‌‌                           
association‌ ‌between‌ ‌input‌ ‌and‌ ‌output‌ ‌variables‌120‌.‌‌ ‌  

Depending‌ ‌on‌ ‌the‌ ‌assumptions‌ ‌made‌ ‌about‌ ‌the‌ ‌mapping‌ ‌function‌ ‌‌f‌,‌ ‌we‌ ‌distinguish‌‌                       
between‌ ‌linear‌ ‌and‌ ‌nonlinear‌ ‌learning‌ ‌models.‌ ‌‌Linear‌ ‌methods‌ ‌‌assume‌‌that‌‌the‌‌input‌‌                       
variables‌ ‌affect‌ ‌the‌ ‌outcome‌ ‌variables‌ ‌only‌ ‌through‌ ‌a‌ ‌linear‌ ‌relationship‌ ‌and‌ ‌usually‌‌                       
have‌ ‌the‌ ‌form‌ ‌ ,‌ ‌where‌ ‌‌w‌ ‌‌is‌ ‌called‌ ‌a‌ ‌‌weight‌ ‌vector‌ ‌and‌ ‌‌b‌‌‌is‌‌a‌‌‌bias‌‌      xf w,b (x )  = wT

  + b                          
term‌.‌‌The‌‌prediction‌‌functions‌‌of‌‌‌nonlinear‌‌methods‌‌can‌‌be‌‌much‌‌more‌‌complex‌‌and‌‌                         
are‌ ‌used‌ ‌when‌ ‌the‌ ‌data‌ ‌under‌ ‌investigation‌ ‌is‌ ‌not‌ ‌linearly‌ ‌separable.‌‌ ‌  

Please‌ ‌refer‌ ‌to‌ ‌‌Chapter‌ ‌2.2.2‌.‌ ‌for‌ ‌an‌ ‌exemplary‌ ‌unsupervised‌ ‌clustering‌ ‌algorithm‌‌                     
(‌k‌-means),‌ ‌‌Chapter‌ ‌2.3.2‌‌for‌‌an‌‌exemplary‌‌linear‌‌supervised‌‌learning‌‌algorithm‌‌(‌i.e.‌‌a‌‌                       
support‌ ‌vector‌ ‌machine)‌ ‌and‌ ‌‌Chapter‌ ‌2.3.3‌ ‌for‌ ‌an‌ ‌exemplary‌ ‌supervised‌ ‌nonlinear‌‌                     
algorithm‌ ‌(‌i.e.‌‌ ‌a‌ ‌neural‌ ‌network).‌ ‌ 

2.3.2‌ ‌Support‌ ‌vector‌ ‌machines‌ ‌ 

A‌‌popular‌‌approach‌‌to‌‌learning‌‌a‌‌supervised‌‌linear‌‌model‌‌as‌‌described‌‌above‌‌is‌‌training‌‌                           
a‌ ‌‌support‌ ‌vector‌ ‌machine‌ ‌(‌SVM‌)‌11–13‌.‌ ‌Here,‌ ‌a‌ ‌linear‌ ‌model‌ ‌ ‌is‌‌                  xf w,b (x )  = wT

  + b    
learned‌‌that‌‌predicts‌‌the‌‌class‌‌labels‌‌ ‌(‌e.g.‌‌the‌‌phenotypes)‌‌based‌‌on‌‌the‌‌observation‌‌of‌‌            y                  
the‌ ‌corresponding‌ ‌data‌ ‌  ‌(‌e.g.‌‌ ‌the‌ ‌genotypes).‌‌ ‌x   

In‌‌this‌‌dissertation,‌‌binary‌‌classification‌‌is‌‌considered,‌‌where‌‌a‌‌training‌‌set‌‌consists‌‌of‌‌‌n‌‌                           
d‌-dimensional‌‌datapoints‌‌and‌‌their‌‌corresponding‌‌labels,‌‌i.e.‌‌ ‌and‌‌ ‌with‌‌              x = (x )i     y = (y )i    

,‌‌ ,‌‌ ‌and‌‌ .‌‌The‌‌idea‌‌behind‌‌an‌‌SVM‌‌is‌‌then‌‌to‌‌, ..., ni = 1       xi ∈ ℜd   , nd   ∈ ℵ     yi ∈ {+ , }1 − 1                  
find‌ ‌a‌ ‌hyperplane‌ ‌in‌ ‌the‌ ‌feature‌ ‌space‌ ‌ ‌that‌ ‌linearly‌ ‌separates‌ ‌the‌ ‌two‌ ‌groups‌ ‌of‌‌              ℜd                
datapoints‌‌from‌‌each‌‌other.‌‌Additionally,‌‌the‌‌goal‌‌of‌‌a‌‌reliable‌‌classifier‌‌is‌‌to‌‌maximize‌‌                           
the‌‌smallest‌‌distance‌‌between‌‌any‌‌two‌‌points‌‌of‌‌opposite‌‌classes.‌‌This‌‌distance‌‌is‌‌called‌‌                           
margin‌ ‌and‌ ‌can‌ ‌also‌ ‌be‌ ‌defined‌ ‌as‌ ‌the‌ ‌distance‌ ‌between‌ ‌two‌ ‌lines‌ ‌parallel‌ ‌to‌ ‌the‌‌                             
hyperplane‌‌that‌‌pass‌‌through‌‌the‌‌two‌‌points‌‌closest‌‌to‌‌the‌‌hyperplane.‌‌See‌‌‌Figure‌‌6‌‌for‌‌                             
a‌ ‌visual‌ ‌representation‌ ‌in‌ ‌two-dimensional‌ ‌space.‌‌ ‌  

The‌ ‌hyperplane‌ ‌is‌ ‌defined‌ ‌by‌‌‌b‌,‌‌the‌‌intercept‌‌term,‌‌the‌‌inner‌‌product‌‌of‌‌the‌‌data‌‌‌x‌‌and‌‌                                 
the‌ ‌weight‌ ‌vector‌ ‌‌w‌.‌ ‌Then,‌ ‌ ‌corresponds‌ ‌to‌ ‌the‌ ‌aforementioned‌ ‌linear‌‌          w x  T + b            
classification‌ ‌model‌ ‌ .‌ ‌In‌ ‌order‌ ‌to‌ ‌solve‌ ‌this‌ ‌equation‌ ‌for‌ ‌the‌ ‌‌w‌ ‌and‌ ‌‌b‌ ‌of‌ ‌an‌‌    f w,b (x )                             
optimal‌‌hyperplane,‌‌a‌‌canonical‌‌hyperplane‌‌is‌‌created‌‌by‌‌normalizing‌‌its‌‌parameters‌‌to‌‌                       
the‌ ‌observed‌ ‌data‌ ‌with‌‌ ‌  

.‌ ‌y  ∀ i , ..., n  i  (w x )T
i + b   ≥ 1 = 1      
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‌ 

Figure‌ ‌6:‌ ‌A‌ ‌support‌ ‌vector‌ ‌machine‌ ‌in‌ ‌two-dimensional‌ ‌space.‌‌ ‌A‌ ‌support‌ ‌vector‌ ‌machine‌ ‌(SVM)‌ ‌aims‌ ‌to‌ ‌identify‌‌ 
a‌ ‌hyperplane‌ ‌that‌ ‌linearly‌ ‌separates‌ ‌the‌ ‌two‌ ‌groups‌ ‌of‌ ‌blue‌ ‌points‌ ‌with‌ ‌positive‌ ‌labels‌ ‌and‌ ‌green‌ ‌points‌ ‌with‌ ‌negative‌‌ 

labels‌ ‌from‌ ‌each‌ ‌other.‌ ‌Hence,‌ ‌the‌ ‌smallest‌ ‌distance‌ ‌between‌ ‌any‌ ‌two‌ ‌points‌ ‌of‌ ‌opposite‌ ‌groups,‌‌ ‌i.e.‌‌ ‌the‌ ‌margin,‌ ‌is‌‌ 
maximized.‌ ‌The‌ ‌hyperplane‌ ‌is‌ ‌highlighted‌ ‌in‌ ‌red‌ ‌and‌ ‌the‌ ‌corresponding‌ ‌maximum-hard-margin‌ ‌is‌ ‌shown‌ ‌in‌ ‌yellow.‌‌ 

The‌ ‌datapoints‌ ‌on‌ ‌the‌ ‌dashed‌ ‌lines‌ ‌defining‌ ‌the‌ ‌margin‌ ‌are‌ ‌called‌ ‌support‌ ‌vectors.‌ ‌ 
‌ 

Image‌ ‌“SVM‌ ‌margin”‌ ‌by‌ ‌Lahrmam‌ ‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution-Share‌ ‌Alike‌ ‌4.0‌ ‌International‌ ‌license.‌‌ ‌  
Source:‌ ‌https://commons.wikimedia.org/wiki/File:SVM_margin.png‌ ‌ 

‌ 

In‌ ‌practical‌ ‌applications,‌ ‌where‌ ‌outliers‌ ‌or‌ ‌random‌ ‌noise‌ ‌occur,‌ ‌complete‌ ‌linear‌‌                     
separation‌ ‌of‌ ‌classes‌ ‌-‌ ‌called‌ ‌‌hard‌ ‌margin‌ ‌classification‌ ‌-‌ ‌is‌ ‌often‌ ‌not‌ ‌possible.‌ ‌The‌‌                           
concept‌ ‌of‌ ‌‌soft‌‌margin‌‌classification‌13‌ ‌introduces‌‌slack‌‌variables‌‌ ‌                 ∀ i , ..., nξi ≥ 0 = 1      
allowing‌ ‌some‌ ‌datapoints‌ ‌to‌ ‌lie‌ ‌within‌ ‌the‌ ‌margin‌ ‌as‌ ‌follows:‌ ‌ 

.‌ ‌y  ∀ i , ..., n  i  (w x )T
i + b   ≥ 1 − ξi = 1      

Now,‌‌since‌‌the‌‌margin‌‌is‌‌equal‌‌to‌‌ ,‌‌where‌‌ is‌‌the‌‌euclidean‌‌norm‌‌of‌‌the‌‌weight‌‌              2
‖w‖ 2

    ‖w‖ 2              

vector‌ ‌‌w‌,‌ ‌maximizing‌ ‌the‌ ‌margin‌ ‌corresponds‌ ‌to‌ ‌minimizing‌ ‌ ,‌ ‌which‌ ‌can‌ ‌be‌‌                ‖w‖ 2        
achieved‌ ‌by‌ ‌solving‌ ‌the‌ ‌following‌ ‌optimization‌ ‌problem‌ ‌for‌ ‌‌C>0‌:‌‌ ‌  

‌ minw,b,ξ 
  C( 2

1 w∣∣ ∣∣
2
2 +   ∑

n

i=1
ξi)  

‌.t.   y  ∀ i , ..., ns i  (w x )T
i + b   ≥ 1 − ξi = 1      

‌ ∀ i , ..., n ξi ≥ 0 = 1      

This‌ ‌is‌ ‌known‌ ‌as‌ ‌the‌ ‌‌primal‌ ‌problem‌ ‌‌and‌ ‌can‌ ‌be‌ ‌rewritten‌ ‌as‌ ‌ 

.‌‌ ‌ minw ‖w‖   ax( 2
2 + C ∑

n

i=1
m (0, w x )1 − yi

T
i )   

It‌ ‌is‌ ‌similar‌ ‌to‌ ‌regression‌ ‌problems‌ ‌and‌ ‌can‌ ‌be‌ ‌interpreted‌ ‌as‌ ‌follows:‌ ‌we‌ ‌aim‌ ‌to‌‌                             
minimize‌‌the‌‌trade-off‌‌between‌‌a‌‌vector‌‌‌w‌‌with‌‌a‌‌small‌‌norm‌‌(the‌‌term‌‌on‌‌the‌‌left-hand‌‌                               
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side)‌ ‌and‌ ‌small‌ ‌errors‌ ‌on‌ ‌the‌ ‌data‌ ‌(the‌ ‌term‌ ‌on‌ ‌the‌ ‌right-hand‌ ‌side).‌ ‌The‌ ‌trade-off‌ ‌is‌‌                               
controlled‌‌by‌‌the‌‌‌regularization‌‌parameter‌‌‌C‌,‌‌which‌‌has‌‌to‌‌be‌‌chosen‌‌carefully‌11,121,122‌.‌‌                       
While‌‌high‌‌values‌‌of‌‌‌C‌‌cause‌‌high‌‌penalties‌‌for‌‌datapoints‌‌that‌‌fall‌‌on‌‌the‌‌wrong‌‌side‌‌of‌‌                                 
the‌ ‌hyperplane‌ ‌and‌ ‌may‌ ‌lead‌ ‌to‌ ‌overfitting,‌ ‌small‌ ‌values‌ ‌of‌ ‌‌C‌ ‌might‌ ‌prevent‌ ‌the‌‌                           
algorithm‌ ‌from‌ ‌capturing‌ ‌the‌ ‌underlying‌ ‌pattern‌ ‌in‌ ‌the‌ ‌data.‌ ‌Once‌ ‌a‌ ‌classification‌‌                       
function‌ ‌ ‌has‌ ‌been‌ ‌determined‌ ‌by‌ ‌solving‌ ‌the‌ ‌above‌‌optimization‌‌problem,‌‌it‌‌can‌‌be‌‌  f                          
used‌ ‌to‌ ‌predict‌ ‌the‌ ‌label‌ ‌  ‌of‌ ‌any‌ ‌unseen‌ ‌datapoint‌ ‌  ‌by‌ ‌putting‌ ‌ynew xnew  

.‌ ‌gn gnynew = s (f )(x )new = s (w x )T
new  

A‌ ‌different‌ ‌version‌ ‌of‌ ‌the‌ ‌above‌ ‌optimization‌ ‌problem‌ ‌can‌ ‌be‌ ‌generated‌ ‌based‌‌on‌‌the‌‌                           
fact‌‌that‌‌the‌‌weight‌‌vector‌‌‌w‌‌can‌‌be‌‌written‌‌as‌‌a‌‌linear‌‌combination‌‌of‌‌training‌‌examples‌‌                               
as‌ ‌follows:‌ ‌ 

y xw = ∑
n

i=1
αi i i  

The‌ ‌ ‌can‌ ‌be‌‌interpreted‌‌as‌‌the‌‌contribution‌‌of‌‌the‌‌‌i‌-th‌‌datapoint‌‌to‌‌the‌‌final‌‌solution‌‌  αi                              
w‌.‌‌With‌‌that‌‌knowledge,‌‌the‌‌above‌‌primal‌‌problem‌‌can‌‌be‌‌reformulated‌‌as‌‌the‌‌following‌‌                           
dual‌ ‌problem‌123‌:‌ ‌ 

‌y x xargmaxα ∑
n

i=1
αi − 2

1 ∑
n

i=1
∑
n

j=1
α α yi j i j i

T
j  

‌.t.    ys ∑
n

i=1
αi i = 0  

‌  ∀ i , ..., n0 ≤ αi ≤ C = 1      

After‌ ‌optimization,‌ ‌a‌ ‌new‌ ‌datapoint‌ ‌  ‌can‌ ‌be‌ ‌classified‌ ‌with‌ ‌xnew  

.‌ ‌gn gn  ynew = s (f )(x )new = s y ⟨x , ⟩(∑
n

i=1
αi i i xnew + b)  

The‌‌dual‌‌is‌‌equivalent‌‌to‌‌the‌‌primal‌‌problem‌‌in‌‌such‌‌a‌‌way‌‌that‌‌solutions‌‌to‌‌the‌‌dual‌‌can‌‌                                   
be‌ ‌directly‌ ‌converted‌ ‌into‌ ‌solutions‌ ‌to‌ ‌the‌‌primal‌‌and‌‌vice‌‌versa.‌‌Since‌‌the‌‌primal‌‌is‌‌a‌‌                               
quadratic‌‌program‌‌with‌‌‌d+n+1‌‌optimization‌‌variables‌‌(‌ and‌‌‌b‌)‌‌and‌‌the‌‌            , ξw ∈ ℜd   ∈ ℜn        
dual‌ ‌is‌ ‌a‌ ‌quadratic‌ ‌program‌ ‌with‌ ‌‌𝑛+1‌ ‌optimization‌ ‌variables‌ ‌(‌ ‌and‌ ‌‌b‌),‌ ‌it‌ ‌is‌‌                  α ∈ ℜn          
always‌‌advantageous‌‌to‌‌solve‌‌the‌‌dual‌‌problem‌‌when‌‌‌d≫n‌.‌‌This‌‌is‌‌the‌‌case‌‌for‌‌the‌‌data‌‌                               
application‌‌presented‌‌in‌‌‌Chapter‌‌3‌,‌‌where‌‌the‌‌number‌‌of‌‌SNPs‌‌is‌‌much‌‌higher‌‌than‌‌the‌‌                             
number‌ ‌of‌ ‌subjects‌ ‌in‌ ‌a‌ ‌study.‌ ‌In‌ ‌the‌ ‌same‌ ‌manner,‌ ‌if‌ ‌𝑑‌ ‌is‌ ‌large,‌ ‌it‌ ‌is‌ ‌a‌ ‌lot‌ ‌more‌‌                                     
expensive‌ ‌to‌ ‌classify‌ ‌an‌ ‌unseen‌ ‌datapoint‌ ‌ ‌by‌ ‌explicitly‌ ‌computing‌ ‌the‌ ‌scalar‌            xnew            

product‌‌ ‌from‌‌the‌‌primal‌‌problem‌‌than‌‌to‌‌calculate‌‌ ‌from‌‌the‌‌  xwT
new                 y ⟨x , ⟩∑

n

i=1
αi i i xnew + b      

dual‌ ‌problem.‌‌ ‌  
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There‌ ‌is‌ ‌another‌ ‌important‌ ‌scenario,‌ ‌where‌ ‌it‌ ‌is‌ ‌of‌ ‌great‌ ‌advantage‌ ‌to‌ ‌solve‌ ‌the‌ ‌dual‌‌                             
instead‌‌of‌‌the‌‌primal‌‌problem.‌‌When‌‌the‌‌underlying‌‌classification‌‌problem‌‌is‌‌not‌‌linear‌‌                         
and‌‌it‌‌is‌‌impossible‌‌to‌‌find‌‌a‌‌linear‌‌hyperplane‌‌in‌‌feature‌‌space‌‌that‌‌separates‌‌the‌‌classes‌‌                               
well,‌‌the‌‌data‌‌is‌‌projected‌‌into‌‌a‌‌higher-order‌‌space,‌‌where‌‌linear‌‌separation‌‌is‌‌possible.‌‌                           
The‌ ‌challenges‌ ‌for‌ ‌this‌ ‌approach‌ ‌lie‌‌in‌‌very‌‌high‌‌computational‌‌cost‌‌for‌‌the‌‌necessary‌‌                           
data‌ ‌transformations‌ ‌and‌ ‌the‌ ‌usually‌ ‌highly‌ ‌complex‌ ‌presentation‌ ‌of‌ ‌the‌ ‌hyperplane‌‌                     
back‌‌in‌‌lower-dimensional‌‌space.‌‌At‌‌this‌‌point,‌‌a‌‌technique‌‌commonly‌‌referred‌‌to‌‌as‌‌the‌‌                           
kernel‌ ‌trick‌11,124‌ ‌‌is‌ ‌applied.‌ ‌Instead‌ ‌of‌ ‌explicitly‌ ‌performing‌ ‌the‌ ‌forward‌ ‌and‌ ‌reverse‌‌                       
transformations‌ ‌to‌ ‌and‌ ‌from‌ ‌the‌ ‌higher-dimensional‌ ‌space,‌ ‌suitable‌ ‌kernel‌ ‌functions‌‌                   

‌are‌ ‌calculated‌ ‌for‌ ‌all‌ ‌pairs‌ ‌of‌‌datapoints‌‌(‌ in‌‌the‌‌case‌‌of‌‌linear‌‌kernels)‌‌(x , )k i xj                 x , ⟩⟨ i xj            
that‌‌describe‌‌the‌‌hyperplane‌‌in‌‌high-dimensional‌‌space‌‌well‌‌and‌‌remain‌‌manageable‌‌in‌‌                       
low-dimensional‌ ‌space.‌ ‌Since‌ ‌the‌ ‌prediction‌ ‌of‌ ‌a‌ ‌class‌ ‌label‌ ‌in‌ ‌the‌ ‌dual‌ ‌problem‌‌                         

contains‌ ‌a‌ ‌scalar‌ ‌product‌ ‌only‌ ‌involving‌ ‌‌data‌ ‌vectors‌ ‌(‌i.e.‌ ‌ ),‌ ‌it‌ ‌is‌‌                  y ⟨x , ⟩∑
n

i=1
αi i i xnew + b      

possible‌ ‌to‌ ‌apply‌ ‌the‌ ‌kernel‌ ‌trick‌ ‌in‌ ‌this‌ ‌setting.‌ ‌ 

2.3.3‌ ‌Neural‌ ‌networks‌ ‌ 

Artificial‌ ‌‌neural‌ ‌networks‌ ‌(NN)‌ ‌are‌ ‌a‌ ‌powerful‌ ‌tool‌ ‌for‌ ‌learning‌ ‌nonlinear‌‌                     
relationships‌ ‌between‌ ‌an‌ ‌input‌ ‌and‌ ‌an‌ ‌output‌ ‌variable‌ ‌by‌ ‌transferring‌ ‌information‌‌                     
through‌ ‌“‌a‌ ‌computing‌ ‌system‌ ‌made‌ ‌up‌ ‌of‌ ‌a‌ ‌number‌ ‌of‌ ‌simple,‌ ‌highly‌ ‌interconnected‌‌                         
processing‌ ‌elements‌”‌125‌.‌ ‌NNs‌ ‌have‌ ‌seen‌ ‌an‌ ‌unprecedented‌ ‌rise‌ ‌in‌ ‌data‌ ‌science‌126‌ ‌and‌‌                       
created‌ ‌enormous‌ ‌progress‌ ‌in‌ ‌numerous‌ ‌fields,‌ ‌e.g.‌ ‌image‌ ‌classification‌127,128‌,‌ ‌natural‌‌                   
language‌ ‌processing‌129‌,‌ ‌speech‌ ‌recognition‌130‌ ‌and‌‌quantum‌‌chemistry‌111,112‌.‌‌NNs‌‌mimic‌‌                 
the‌ ‌behavior‌ ‌of‌ ‌natural‌ ‌biological‌ ‌neurons‌ ‌in‌ ‌a‌ ‌nervous‌ ‌system‌ ‌of‌ ‌an‌ ‌organism.‌‌                         
However,‌ ‌instead‌ ‌of‌ ‌only‌‌recreating‌‌the‌‌biological‌‌neural‌‌networks,‌‌the‌‌aim‌‌of‌‌NNs‌‌in‌‌                           
ML‌‌is‌‌to‌‌enable‌‌powerful‌‌modeling‌‌of‌‌information‌‌processing‌‌in‌‌areas‌‌where‌‌no‌‌direct‌‌                           
modeling‌‌laws‌‌are‌‌given.‌‌Through‌‌the‌‌interaction‌‌of‌‌numerous‌‌simple‌‌parts‌‌of‌‌the‌‌same‌‌                           
type,‌‌NNs‌‌can‌‌create‌‌extremely‌‌complex‌‌behavior‌‌and‌‌are‌‌therefore‌‌another‌‌example‌‌for‌‌                         
the‌‌validity‌‌of‌‌the‌‌famous‌‌saying‌‌that‌‌“‌the‌‌whole‌‌is‌‌greater‌‌than‌‌the‌‌sum‌‌of‌‌its‌‌parts‌”‌26‌ ‌                                 
(derived‌ ‌from‌ ‌Aristotle,‌ ‌4th‌ ‌century‌‌BC),‌‌which‌‌undeniably‌‌plays‌‌an‌‌important‌‌role‌‌in‌‌                         
this‌ ‌dissertation.‌ ‌Although‌ ‌NNs‌ ‌are‌ ‌often‌ ‌referred‌‌to‌‌as‌‌novel‌‌modern‌‌ML‌‌techniques,‌‌                         
historically,‌‌they‌‌have‌‌been‌‌around‌‌for‌‌more‌‌than‌‌70‌‌years.‌‌In‌‌1943‌‌Warren‌‌McCulloch‌‌                           
and‌‌Walter‌‌Pitts‌‌were‌‌the‌‌first‌‌to‌‌describe‌‌the‌‌connection‌‌of‌‌elementary‌‌units‌‌as‌‌a‌‌type‌‌of‌‌                                 
network‌ ‌-‌ ‌similar‌ ‌to‌ ‌the‌ ‌network‌ ‌of‌ ‌neurons‌ ‌in‌ ‌the‌ ‌nervous‌ ‌system‌ ‌-‌ ‌that‌ ‌could‌‌                             
practically‌ ‌learn‌ ‌any‌ ‌logical‌ ‌or‌ ‌arithmetic‌ ‌function‌131‌.‌ ‌In‌ ‌the‌ ‌fifties,‌ ‌the‌ ‌first‌‌                       
computational‌ ‌machines‌ ‌and‌ ‌the‌ ‌perceptron‌132‌ ‌(the‌ ‌most‌ ‌simple‌ ‌NN‌ ‌consisting‌ ‌of‌ ‌a‌‌                       
single‌ ‌artificial‌ ‌neuron)‌ ‌were‌ ‌created‌ ‌to‌ ‌implement‌ ‌such‌ ‌learning‌ ‌algorithms‌ ‌and‌ ‌the‌‌                       
scientific‌ ‌field‌ ‌of‌ ‌AI‌ ‌was‌ ‌born.‌ ‌NNs‌ ‌found‌‌their‌‌way‌‌into‌‌practical‌‌application‌‌shortly‌‌                           
after.‌ ‌However,‌ ‌following‌ ‌a‌ ‌number‌ ‌of‌ ‌publications‌ ‌revealing‌ ‌the‌ ‌boundaries‌ ‌of‌‌                     
perceptrons‌ ‌(‌e.g.‌ ‌with‌ ‌linear‌ ‌separability‌ ‌and‌ ‌exclusive-or-operands‌133‌)‌ ‌and‌ ‌a‌ ‌lack‌ ‌of‌‌                     
sufficient‌‌computing‌‌power,‌‌funding‌‌was‌‌limited‌‌and‌‌research‌‌in‌‌AI‌‌temporarily‌‌lost‌‌its‌‌                         
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momentum‌ ‌in‌ ‌the‌ ‌late‌ ‌sixties.‌ ‌It‌ ‌took‌ ‌many‌ ‌years‌ ‌of‌ ‌slow‌ ‌progress‌ ‌and‌ ‌improving‌‌                           
technology‌ ‌to‌ ‌increase‌ ‌computing‌‌power‌‌until‌‌AI‌‌finally‌‌came‌‌back‌‌to‌‌the‌‌forefront‌‌of‌‌                           
data‌ ‌science.‌ ‌In‌ ‌1985‌ ‌some‌ ‌of‌ ‌the‌ ‌initially‌ ‌claimed‌ ‌boundaries‌ ‌concerning‌ ‌linear‌‌                       
separability‌ ‌were‌ ‌refuted‌ ‌with‌ ‌the‌ ‌use‌ ‌of‌ ‌multi-layer‌ ‌perceptrons‌ ‌and‌‌the‌‌technique‌‌of‌‌                         
backpropagating‌ ‌error‌134‌.‌ ‌In‌ ‌the‌ ‌1990s‌ ‌and‌ ‌2000s,‌ ‌numerous‌ ‌novel‌ ‌AI‌ ‌methods‌ ‌were‌‌                       
developed‌11,135,136‌.‌‌When‌‌GPUs,‌‌distributed‌‌computing‌‌and‌‌the‌‌vast‌‌amount‌‌of‌‌available‌‌                     
data‌ ‌in‌ ‌the‌ ‌2010s‌ ‌allowed‌ ‌the‌ ‌use‌ ‌of‌ ‌large‌ ‌multi-layer‌ ‌networks,‌ ‌called‌ ‌‌deep‌ ‌neural‌‌                           
networks‌ ‌(DNN)‌,‌ ‌‌the‌ ‌performance‌ ‌of‌ ‌the‌ ‌corresponding‌ ‌‌deep‌ ‌learning‌ ‌approaches‌‌                   
increased‌‌significantly‌137,138‌.‌‌In‌‌recent‌‌years‌‌AI‌‌methods‌‌have‌‌taken‌‌over‌‌data‌‌science‌‌by‌‌                         
storm,‌ ‌winning‌ ‌important‌ ‌international‌ ‌competitions‌139‌ ‌and‌ ‌providing‌ ‌outstanding‌‌               
performances‌ ‌on‌ ‌benchmark‌ ‌datasets‌128‌.‌ ‌An‌ ‌advantage‌ ‌of‌‌(D)NNs‌‌over‌‌traditional‌‌ML‌‌                     
methods‌ ‌is‌ ‌that‌ ‌they‌ ‌can‌ ‌often‌ ‌be‌ ‌applied‌ ‌as‌ ‌end-to-end‌ ‌learning‌‌approaches‌‌from‌‌the‌‌                           
sampled‌ ‌datasets‌ ‌to‌ ‌the‌ ‌desired‌ ‌results‌140‌,‌ ‌avoiding‌ ‌any‌ ‌hand-crafted‌ ‌intermediary‌‌                   
algorithms,‌ ‌such‌ ‌as‌ ‌feature‌ ‌engineering,‌ ‌which‌ ‌are‌ ‌required‌ ‌for‌ ‌most‌ ‌traditional‌ ‌ML‌‌                       
methods.‌‌ ‌  

In‌ ‌the‌ ‌following‌ ‌paragraphs,‌ ‌we‌ ‌describe‌ ‌the‌ ‌basic‌ ‌topology‌‌of‌‌NNs‌‌and‌‌their‌‌various‌‌                           
components.‌ ‌See‌ ‌‌Figure‌ ‌7‌ ‌for‌ ‌a‌ ‌graphical‌ ‌representation‌ ‌of‌ ‌the‌ ‌interconnected‌‌                     
elementary‌ ‌subunits‌ ‌of‌ ‌an‌ ‌NN‌ ‌-‌ ‌called‌ ‌‌artificial‌ ‌neurons‌‌-‌‌‌and‌‌a‌‌simple‌‌NN,‌‌where‌‌-‌‌                               
according‌ ‌to‌ ‌common‌ ‌practice‌ ‌-‌ ‌neurons‌ ‌are‌ ‌represented‌ ‌by‌ ‌nodes‌ ‌and‌ ‌interneuronal‌‌                       
connections‌ ‌by‌ ‌edges.‌‌ ‌  

Figure‌ ‌7:‌ ‌Graphical‌ ‌representation‌ ‌of‌ ‌an‌ ‌artificial‌ ‌neuron‌ ‌and‌ ‌a‌ ‌simple‌ ‌artificial‌ ‌neural‌ ‌network.‌‌ ‌‌A‌‌ ‌The‌‌ 
artificial‌ ‌neuron‌ ‌weights‌ ‌and‌ ‌sums‌ ‌up‌ ‌input‌ ‌information‌ ‌it‌ ‌receives‌ ‌from‌ ‌predecessor‌ ‌neurons‌ ‌through‌ ‌a‌ ‌propagation‌‌ 
function.‌ ‌The‌ ‌result,‌ ‌‌i.e.‌‌ ‌the‌ ‌pre-activation,‌ ‌is‌ ‌subsequently‌ ‌processed‌ ‌through‌ ‌a‌ ‌nonlinear‌ ‌activation‌ ‌function‌ ‌and‌ ‌the‌‌ 

corresponding‌ ‌output‌ ‌is‌ ‌the‌ ‌input‌ ‌to‌ ‌any‌ ‌successor‌ ‌neurons.‌ ‌‌B‌‌ ‌Multiple‌ ‌artificial‌ ‌neurons‌ ‌are‌ ‌connected‌ ‌and‌ ‌form‌ ‌a‌‌ 
simple‌ ‌dense‌ ‌artificial‌ ‌neural‌ ‌network‌ ‌(NN)‌ ‌with‌ ‌an‌ ‌input‌ ‌layer,‌ ‌one‌ ‌hidden‌ ‌layer‌ ‌and‌ ‌an‌ ‌output‌ ‌layer.‌‌ ‌  

‌ 
Image‌ ‌“Artificial‌ ‌Neuron”‌ ‌by‌ ‌Raquel‌ ‌Garrido‌ ‌Alhama‌ ‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution-Share‌ ‌Alike‌ ‌4.0‌ ‌International‌ ‌license.‌ ‌Source:‌‌ 

https://commons.wikimedia.org/wiki/File:Artificial_Neuron.svg‌ ‌ 
‌ 

Image‌ ‌“Multilayer‌ ‌Neural‌ ‌Network‌ ‌”‌ ‌by‌ ‌Chrislb‌ ‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution-Share‌ ‌Alike‌ ‌3.0‌ ‌Unported‌ ‌license.‌‌ ‌  
Source:‌ ‌https://commons.wikimedia.org/wiki/File:MultiLayerNeuralNetworkBigger_english.png‌ ‌ 

‌ 

Artificial‌ ‌neurons‌ ‌are‌ ‌mathematical‌ ‌functions‌ ‌that‌ ‌act‌ ‌as‌ ‌computational‌ ‌units,‌ ‌which‌‌                     
perform‌‌specified‌‌calculations‌‌based‌‌on‌‌the‌‌information‌‌they‌‌receive‌‌from‌‌other‌‌neurons‌‌                       
they‌‌are‌‌connected‌‌to‌132‌.‌‌At‌‌neuron‌‌‌t‌,‌‌all‌‌dimensions‌‌s‌‌of‌‌its‌‌input‌‌x‌‌(either‌‌from‌‌an‌‌input‌‌                                   
‌ 
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datapoint‌‌or‌‌a‌‌previous‌‌neuron)‌‌are‌‌firstly‌‌weighted‌‌and‌‌summed‌‌up‌‌by‌‌a‌‌‌propagation‌‌                           
function‌‌ ‌‌g(x)‌‌ ‌to‌ ‌produce‌ ‌a‌ ‌pre-activation‌ ‌output‌‌ ‌  

,‌ ‌(x) x   bg = ∑
 

s
wq

st s +   t  

where‌ ‌ ‌is‌ ‌the‌ ‌weight‌ ‌of‌ ‌the‌ ‌connection‌ ‌between‌ ‌node‌ ‌‌s‌ ‌at‌ ‌layer‌ ‌‌q-1‌ ‌and‌ ‌‌node‌‌t‌‌at‌‌  wq
st                                  

layer‌ ‌‌q‌ ‌‌and‌ ‌ ‌is‌ ‌the‌ ‌bias‌ ‌term‌ ‌of‌ ‌node‌ ‌‌t‌.‌ ‌The‌ ‌pre-activation‌ ‌‌g(x)‌ ‌‌is‌ ‌subsequently‌‌      bt                          
processed‌ ‌through‌ ‌a‌ ‌predefined‌ ‌(often‌ ‌nonlinear)‌ ‌output‌ ‌‌activation‌ ‌function‌                 

 ‌to‌ ‌transform‌ ‌the‌ ‌output‌ ‌into‌ ‌a‌ ‌certain‌ ‌range.‌ ‌(x) (g(x))h = φ  

There‌‌are‌‌various‌‌choices‌‌for‌‌the‌‌shape‌‌of‌‌ ‌(see‌‌‌Figure‌‌8‌),‌‌which‌‌has‌‌a‌‌huge‌‌effect‌‌on‌‌                φ                    
the‌ ‌functionality‌ ‌of‌ ‌the‌ ‌network.‌‌ ‌  

‌ 

Figure‌ ‌8:‌ ‌Various‌ ‌activation‌ ‌functions.‌ ‌‌Displayed‌ ‌are‌ ‌the‌ ‌sigmoid‌ ‌(‌A),‌‌ ‌the‌ ‌tanh‌‌ ‌(B),‌‌ ‌the‌ ‌ReLU‌ ‌(‌C‌)‌ ‌and‌ ‌the‌ ‌leaky‌‌ 
ReLU‌ ‌(‌D‌)‌ ‌activation‌ ‌functions.‌ ‌ 

‌ 
Image‌ ‌“Activation‌ ‌functions”‌ ‌by‌ ‌Kuo‌ ‌‌et‌ ‌al.‌141‌‌ ‌‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution‌ ‌4.0‌ ‌International‌ ‌license.‌ ‌Source:‌‌ 

https://journals.sagepub.com/doi/figure/10.1177/1550147720923529?‌ ‌ 

‌ 

When‌ ‌nonlinear‌ ‌data‌ ‌is‌ ‌being‌ ‌modeled,‌ ‌nonlinear‌ ‌activation‌ ‌functions‌ ‌provide‌ ‌the‌‌                     
means‌ ‌to‌ ‌successfully‌ ‌capture‌ ‌those‌ ‌structures‌ ‌in‌ ‌the‌ ‌data.‌ ‌A‌ ‌popular‌ ‌(and‌ ‌often‌ ‌the‌‌                           
default)‌ ‌choice‌ ‌of‌ ‌ ‌is‌ ‌the‌ ‌‌rectified‌ ‌linear‌ ‌unit‌ ‌(‌ReLU‌)‌ ‌‌function‌ ‌ ,‌‌      φ                 (x) ax(0, )φ = m x  
which‌ ‌sets‌ ‌all‌ ‌negative‌ ‌values‌ ‌in‌ ‌the‌ ‌input‌ ‌to‌ ‌0.‌ ‌It‌ ‌is‌ ‌often‌ ‌preferable‌ ‌to‌ ‌complicated‌‌                               
activation‌ ‌functions‌ ‌like‌ ‌the‌ ‌‌sigmoid‌ ‌or‌ ‌the‌ ‌‌tanh‌ ‌function‌ ‌because‌‌it‌‌is‌‌so‌‌simple‌‌and‌‌                             
reduces‌‌running‌‌times‌142‌.‌‌In‌‌addition,‌‌the‌‌ReLU‌‌function‌‌produces‌‌sparse‌‌results,‌‌which‌‌                       
increase‌‌the‌‌ability‌‌of‌‌a‌‌network‌‌to‌‌learn‌‌meaningful‌‌information‌‌and‌‌reduce‌‌overfitting.‌‌                         
It‌ ‌also‌ ‌reduces‌ ‌the‌ ‌risk‌ ‌of‌ ‌creating‌ ‌a‌ ‌phenomenon‌ ‌called‌ ‌the‌ ‌“‌vanishing‌ ‌gradient‌‌                         
problem‌”,‌ ‌which‌ ‌can‌ ‌occur‌ ‌when‌ ‌applying‌ ‌activation‌ ‌functions‌ ‌that‌ ‌are‌‌only‌‌sensitive‌‌                       
around‌ ‌the‌ ‌origin‌ ‌(‌e.g.‌ ‌the‌ ‌tanh‌ ‌or‌ ‌the‌ ‌sigmoid‌ ‌function)‌143‌.‌ ‌During‌ ‌training‌ ‌(which‌‌                         
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includes‌ ‌the‌ ‌gradient‌ ‌descent‌ ‌approach)‌ ‌and‌‌because‌‌the‌‌derivatives‌‌of‌‌these‌‌functions‌‌                       
are‌‌flat‌‌in‌‌the‌‌tails,‌‌the‌‌gradients‌‌keep‌‌decreasing‌‌with‌‌increasing‌‌number‌‌of‌‌layers‌‌and‌‌                             
oftentimes,‌ ‌the‌ ‌initial‌‌layers‌‌are‌‌not‌‌able‌‌to‌‌learn‌‌properly.‌‌In‌‌contrast‌‌to‌‌this‌‌behavior,‌                             
ReLU‌‌functions‌‌stay‌‌sensitive‌‌at‌‌all‌‌stages‌142‌.‌‌However,‌‌when‌‌the‌‌input‌‌gets‌‌very‌‌large,‌‌                           
they‌‌might‌‌cause‌‌exploding‌‌gradients,‌‌which‌‌cause‌‌the‌‌model‌‌to‌‌be‌‌unstable‌144‌.‌‌Another‌‌                         
problem‌ ‌arises‌ ‌when‌ ‌neurons‌ ‌are‌ ‌stuck‌ ‌within‌ ‌the‌ ‌negative‌ ‌values‌ ‌and‌ ‌fail‌ ‌to‌‌recover‌‌                           
because‌ ‌of‌ ‌the‌ ‌hard‌ ‌“‌below‌ ‌zero‌ ‌rule‌”‌ ‌of‌ ‌the‌ ‌ReLU‌ ‌function.‌ ‌These‌ ‌issues‌ ‌can‌ ‌be‌‌                             
resolved‌‌by‌‌employing‌‌lower‌‌learning‌‌rates‌‌(i.e‌‌smaller‌‌steps‌‌in‌‌the‌‌learning‌‌process)‌‌or‌‌                           
a‌ ‌less‌ ‌stringent‌ ‌activation‌ ‌function‌ ‌called‌ ‌‌leaky‌ ‌ReLU‌144‌‌ ‌ .‌ ‌(x) ax(0.01 , )φ = m * x x  

The‌ ‌‌topology‌ ‌of‌ ‌an‌ ‌artificial‌ ‌NN‌ ‌describes‌ ‌its‌ ‌internal‌ ‌structure,‌ ‌which‌ ‌is‌ ‌mostly‌‌                         
determined‌‌by‌‌the‌‌number‌‌of‌‌artificial‌‌neurons‌‌on‌‌a‌‌specified‌‌number‌‌of‌‌layers‌‌and‌‌the‌‌                             
way‌‌they‌‌are‌‌connected‌‌to‌‌each‌‌other.‌‌The‌‌simplest‌‌NN‌‌is‌‌a‌‌‌perceptron‌,‌‌a‌‌single-layer‌‌                             
network‌ ‌with‌ ‌one‌ ‌artificial‌‌neuron.‌‌The‌‌more‌‌neurons‌‌and‌‌layers‌‌are‌‌added,‌‌the‌‌higher‌‌                           
the‌‌depth‌‌of‌‌the‌‌network.‌‌While‌‌the‌‌first‌‌layer‌‌of‌‌an‌‌NN‌‌represents‌‌the‌‌input‌‌data‌‌and‌‌is‌‌                                   
referred‌ ‌to‌ ‌as‌ ‌the‌ ‌‌input‌ ‌layer‌,‌ ‌the‌ ‌last‌ ‌layer‌ ‌is‌ ‌referred‌ ‌to‌ ‌as‌ ‌the‌ ‌‌output‌ ‌layer‌ ‌and‌‌                                 
represents‌ ‌the‌ ‌outcome‌ ‌variables‌ ‌of‌ ‌the‌ ‌problem‌ ‌under‌ ‌investigation‌125‌.‌ ‌All‌‌                   
intermediate‌ ‌layers‌ ‌are‌ ‌usually‌ ‌not‌ ‌accessible‌ ‌to‌ ‌the‌ ‌user‌ ‌and‌ ‌are‌ ‌therefore‌ ‌called‌‌                         
hidden‌‌layers‌.‌‌All‌‌NNs‌‌with‌‌more‌‌than‌‌one‌‌hidden‌‌layer‌‌are‌‌considered‌‌to‌‌be‌‌deep‌‌and‌‌                               
are‌ ‌therefore‌ ‌called‌ ‌DNNs.‌‌ ‌  

The‌ ‌most‌ ‌common‌ ‌type‌ ‌of‌ ‌an‌ ‌intermediate‌ ‌layer‌ ‌is‌ ‌a‌fully‌‌connected‌‌‌or‌‌dense‌‌layer‌,‌‌                             
where‌ ‌‌neurons‌ ‌are‌ ‌connected‌ ‌to‌ ‌all‌ ‌neurons‌ ‌of‌ ‌the‌ ‌previous‌ ‌layer‌125‌.‌ ‌We‌ ‌define‌‌                         

‌as‌‌the‌‌output‌‌of‌‌neuron‌‌‌t‌‌at‌‌layer‌‌‌q‌,‌‌which‌‌is‌‌computed‌‌based‌‌on‌‌the‌‌outputs‌‌h(x) = ht
q                                  

of‌‌all‌‌neurons‌‌‌s‌‌‌of‌‌the‌‌preceding‌‌layer‌‌‌q-1‌,‌‌the‌‌weights‌‌ ‌connecting‌‌those‌‌neurons‌‌to‌‌                      wq
st          

the‌ ‌current‌ ‌neuron‌ ‌‌t‌‌ ‌and‌ ‌the‌ ‌bias‌ ‌term‌ ‌  ‌in‌ ‌the‌ ‌following‌ ‌way:‌‌ ‌bt   

.‌‌ ‌ ht
q = φ h(∑

 

s
wq

st s
q 1− + bt)   

The‌‌output‌‌layer‌‌‌Q‌‌‌at‌‌the‌‌end‌‌of‌‌an‌‌NN‌‌is‌‌usually‌‌a‌‌fully‌‌connected‌‌layer‌‌that‌‌consists‌‌of‌‌                                     
E‌ ‌‌output‌ ‌nodes,‌ ‌where‌ ‌‌E‌ ‌‌is‌ ‌the‌ ‌number‌ ‌of‌ ‌potential‌ ‌outcome‌ ‌classes.‌ ‌To‌ ‌perform‌ ‌the‌‌                             
classification‌‌task,‌‌it‌‌takes‌‌the‌‌input‌‌values‌‌ ‌for‌‌each‌‌class‌‌‌e‌‌and‌‌converts‌‌them‌‌into‌‌a‌‌              he

Q                    
probability‌ ‌that‌ ‌the‌ ‌input‌ ‌data‌ ‌belongs‌ ‌to‌ ‌class‌ ‌‌e‌.‌ ‌This‌ ‌is‌ ‌achieved‌ ‌by‌ ‌applying‌ ‌the‌‌                             
softmax‌ ‌output‌ ‌activation‌ ‌function‌‌ ‌  

‌ ‌(y ∣h )p = e e
Q =

exp h( e
Q)

xp h∑
E

c=1
e ( c

Q)
  

which‌ ‌converts‌ ‌the‌ ‌vector‌ ‌of‌ ‌input‌ ‌numbers‌ ‌into‌ ‌a‌ ‌vector‌ ‌of‌ ‌probabilities‌ ‌that‌ ‌are‌‌                           
proportional‌ ‌to‌ ‌the‌ ‌relative‌ ‌scale‌ ‌of‌ ‌the‌ ‌corresponding‌‌value‌‌in‌‌the‌‌vector.‌‌These‌‌class‌‌                           
probabilities‌ ‌naturally‌ ‌sum‌ ‌up‌ ‌to‌ ‌1.‌‌ ‌  
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A‌ ‌regularization‌ ‌strategy‌‌to‌‌avoid‌‌overfitting‌‌is‌‌to‌‌implement‌‌‌dropout‌‌layers‌,‌‌‌where‌‌a‌‌                         
predefined‌‌proportion‌‌(called‌‌dropout‌‌rate‌‌ )‌‌of‌‌randomly‌‌selected‌‌neurons‌‌are‌‌turned‌‌           ϕ              
off‌ ‌and‌ ‌not‌ ‌passed‌ ‌on‌ ‌to‌ ‌the‌ ‌next‌ ‌layer‌145‌.‌‌ ‌  

Networks,‌ ‌where‌ ‌each‌ ‌layer‌‌is‌‌only‌‌connected‌‌to‌‌subsequent‌‌layers‌‌towards‌‌the‌‌output‌‌                         
layer,‌ ‌are‌ ‌called‌ ‌‌feedforward‌ ‌‌networks‌.‌ ‌‌Recurrent‌ ‌networks‌ ‌allow‌‌connections‌‌(‌i.e.‌‌                   
feedback‌ ‌loops)‌ ‌in‌ ‌both‌ ‌directions‌ ‌of‌ ‌the‌ ‌network‌146‌.‌ ‌In‌ ‌this‌ ‌dissertation,‌ ‌only‌‌                       
feedforward‌ ‌networks‌ ‌are‌ ‌applied.‌ ‌‌Convolutional‌ ‌neural‌ ‌networks‌ ‌(‌CNN‌)‌ ‌have‌ ‌at‌‌                   
least‌‌one‌‌convolutional‌‌layer,‌‌where‌‌a‌‌so-called‌‌kernel‌‌or‌‌filter‌‌moves‌‌across‌‌the‌‌image‌‌                           
to‌ ‌check‌ ‌whether‌ ‌a‌ ‌specific‌ ‌feature‌ ‌is‌ ‌present‌147‌.‌‌CNNs‌‌provide‌‌superior‌‌performance,‌‌                       
especially‌ ‌in‌ ‌image‌ ‌recognition,‌ ‌by‌ ‌extracting‌ ‌features‌ ‌from‌ ‌the‌ ‌input‌ ‌image‌ ‌while‌‌                       
spatial‌ ‌relationships‌ ‌between‌ ‌pixels‌ ‌are‌ ‌preserved‌128‌ ‌but‌ ‌are‌ ‌not‌ ‌utilized‌ ‌in‌ ‌this‌‌                       
dissertation.‌‌ ‌  

After‌ ‌determining‌ ‌the‌ ‌architecture‌ ‌of‌ ‌an‌‌NN,‌‌defining‌‌all‌‌hyperparameters,‌‌initializing‌‌                     
the‌‌weights‌‌randomly‌‌to‌‌small‌‌values‌‌and‌‌setting‌‌the‌‌biases‌‌to‌‌0,‌‌the‌‌‌training‌‌process‌‌is‌‌                               
started.‌ ‌The‌ ‌underlying‌ ‌data‌ ‌structure‌ ‌is‌ ‌now‌ ‌learned‌ ‌by‌ ‌assigning‌ ‌output‌ ‌values‌ ‌to‌‌                         
specific‌ ‌input‌ ‌patterns‌ ‌and‌ ‌repeatedly‌ ‌improving‌ ‌the‌ ‌performance‌ ‌of‌ ‌the‌ ‌model.‌ ‌In‌‌                       
supervised‌‌learning‌,‌‌this‌‌is‌‌achieved‌‌through‌‌adjusting‌‌the‌‌weights‌‌ ‌from‌‌neuron‌‌‌s‌‌                  wq

st        
to‌ ‌neuron‌ ‌‌t‌ ‌at‌ ‌layer‌ ‌‌q‌ ‌in‌ ‌an‌ ‌iterative‌ ‌process‌ ‌of‌ ‌passing‌ ‌information‌ ‌from‌ ‌the‌ ‌given‌‌                               
datapoints‌ ‌through‌ ‌the‌ ‌network‌ ‌towards‌ ‌the‌ ‌desired‌ ‌output‌ ‌variables‌ ‌and‌‌                   
backpropagating‌‌information‌‌on‌‌the‌‌classification‌‌performance‌‌to‌‌update‌‌the‌‌weights‌‌of‌‌                     
the‌‌network‌148–151‌.‌‌The‌‌following‌‌four-step‌‌training‌‌process‌‌is‌‌called‌‌an‌‌‌iteration‌‌of‌‌the‌‌                         
NN‌‌training‌‌and‌‌is‌‌repeated‌‌for‌‌each‌‌datapoint‌‌until‌‌the‌‌whole‌‌dataset‌‌is‌‌passed‌‌through‌‌                             
the‌ ‌network‌ ‌at‌ ‌least‌ ‌once.‌148–151‌ ‌ ‌  

1. Forward‌ ‌propagation:‌ ‌A‌ ‌training‌ ‌datapoint‌ ‌is‌ ‌passed‌ ‌through‌ ‌the‌‌                 
network,‌ ‌starting‌ ‌at‌ ‌the‌ ‌input‌ ‌layer‌ ‌and‌ ‌going‌ ‌through‌ ‌all‌ ‌intermediate‌‌                     
layers,‌ ‌where‌ ‌all‌ ‌neurons‌ ‌process‌ ‌the‌ ‌incoming‌ ‌data‌‌with‌‌the‌‌activation‌‌                     
function‌ ‌and‌ ‌pass‌‌it‌‌on‌‌to‌‌all‌‌successive‌‌neurons.‌‌When‌‌the‌‌information‌‌                       
has‌ ‌reached‌ ‌the‌ ‌final‌ ‌layer,‌ ‌outcome‌ ‌probabilities‌ ‌are‌ ‌assigned‌ ‌to‌ ‌each‌‌                     
class.‌‌ ‌  

2. Error‌ ‌calculation:‌ ‌A‌ ‌predefined‌ ‌loss‌ ‌function‌ ‌is‌ ‌evaluated,‌ ‌comparing‌‌                 
the‌ ‌current‌ ‌output‌ ‌probabilities‌ ‌with‌ ‌the‌ ‌desired‌ ‌class‌ ‌label‌ ‌of‌ ‌the‌‌                     
datapoint‌ ‌under‌ ‌investigation.‌ ‌  

3. Backward‌ ‌propagation:‌ ‌‌Starting‌ ‌from‌ ‌the‌ ‌output‌ ‌layer,‌ ‌the‌ ‌calculated‌‌                 
error‌‌term‌‌is‌‌processed‌‌backwards‌‌through‌‌the‌‌network‌‌by‌‌calculating‌‌the‌‌                     
gradients/derivatives‌ ‌of‌ ‌all‌ ‌parameters.‌‌ ‌  

4. Optimization:‌‌‌With‌‌the‌‌activations‌‌(from‌‌step‌‌1)‌‌and‌‌the‌‌gradients‌‌(from‌‌                     
step‌ ‌3),‌ ‌the‌ ‌weights‌ ‌and‌ ‌biases‌ ‌of‌ ‌the‌‌network‌‌are‌‌updated‌‌to‌‌minimize‌‌                         
the‌ ‌error‌ ‌/‌ ‌loss‌ ‌function‌ ‌(from‌ ‌step‌ ‌2)‌ ‌using‌ ‌stochastic‌ ‌gradient‌ ‌descent‌152‌.‌‌ ‌  
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A‌ ‌suitable‌ ‌loss‌ ‌function‌ ‌has‌ ‌to‌ ‌be‌ ‌chosen‌ ‌before‌ ‌training.‌ ‌In‌ ‌this‌ ‌dissertation,‌ ‌classic‌‌                           
cross-entropy‌ ‌loss‌ ‌is‌ ‌applied‌153‌.‌ ‌To‌ ‌enable‌‌good‌‌generalization‌‌to‌‌unseen‌‌samples‌‌and‌‌                       
avoid‌ ‌overfitting‌ ‌despite‌ ‌the‌ ‌large‌ ‌number‌ ‌of‌ ‌model‌ ‌parameters,‌ ‌the‌ ‌binary‌‌                     
cross-entropy‌ ‌loss‌ ‌is‌ ‌coupled‌ ‌with‌ ‌an‌ ‌‌L1-L2‌ ‌mixed‌ ‌regularization‌‌ ‌term‌154‌:‌ ‌ 

‌oss og(y ) 1 ) og(1 ))l = ∑
 

i
(yi * l i

︿ + ( − yi * l − yi
︿ + τ * ∑

 

q,t
w ∣ 

∣ 
 ∣ 
∣ 

q
t*
 ∣ 
∣ 
 ∣ 
∣ 1 + υ * ∑

 

q,t
w ∣ 

∣ 
 ∣ 
∣ 

q
t*
 ∣ 
∣ 
 ∣ 
∣ 2  

with‌‌ ‌being‌‌the‌‌ground-truth‌‌label‌‌of‌‌sample‌‌‌i‌,‌‌ ‌the‌‌corresponding‌‌predicted‌‌class,‌‌  yi                 yi
︿          

which‌‌depends‌‌on‌‌the‌‌learned‌‌parameters‌‌ ‌of‌‌the‌‌NN‌‌and‌‌ ‌the‌‌regularization‌‌            wq
st           ,τ υ > 0      

parameters.‌ ‌This‌ ‌loss‌ ‌function‌ ‌contributes‌ ‌to‌ ‌prevent‌ ‌the‌ ‌network‌ ‌from‌ ‌overfitting‌ ‌by‌‌                       
minimizing‌‌the‌‌trade-off‌‌between‌‌small‌‌errors‌‌on‌‌the‌‌data‌‌on‌‌the‌‌one‌‌hand‌‌and‌‌small‌‌L1‌‌                               
and‌ ‌L2‌ ‌norms‌ ‌of‌ ‌the‌ ‌weights‌ ‌on‌ ‌the‌ ‌other‌ ‌hand‌154‌.‌‌ ‌  

Instead‌‌of‌‌passing‌‌a‌‌single‌‌datapoint‌‌through‌‌the‌‌network‌‌in‌‌each‌‌iteration,‌‌steps‌‌1-3‌‌can‌‌                             
be‌ ‌repeated‌ ‌for‌ ‌a‌ ‌‌batch‌ ‌of‌ ‌points‌ ‌before‌ ‌going‌ ‌on‌ ‌to‌ ‌optimize‌ ‌the‌ ‌weights‌ ‌in‌ ‌step‌ ‌4,‌‌                                 
accumulating‌‌errors‌‌over‌‌the‌‌entire‌‌set‌‌of‌‌points.‌‌Passing‌‌the‌‌training‌‌points‌‌of‌‌one‌‌batch‌‌                             
through‌‌the‌‌network‌‌is‌‌then‌‌called‌‌an‌‌iteration‌‌and‌‌the‌‌number‌‌of‌‌points‌‌in‌‌one‌‌batch‌‌is‌‌                                 
referred‌‌to‌‌as‌‌the‌‌‌batch‌‌size‌.‌‌Randomly‌‌selecting‌‌batches‌‌of‌‌datapoints‌‌from‌‌the‌‌dataset‌‌                           
can‌ ‌cause‌ ‌a‌ ‌faster‌ ‌and‌ ‌more‌ ‌stable‌ ‌descent‌ ‌to‌ ‌a‌ ‌local‌ ‌minimum‌ ‌but‌ ‌can‌ ‌also‌ ‌lead‌ ‌to‌‌                                 
memory‌ ‌problems.‌ ‌ 

The‌ ‌process‌ ‌of‌ ‌passing‌ ‌the‌ ‌entire‌ ‌training‌ ‌dataset‌ ‌through‌ ‌the‌ ‌NN‌ ‌exactly‌ ‌once‌ ‌(as‌ ‌a‌‌                             
whole,‌‌for‌‌each‌‌datapoint‌‌separately‌‌or‌‌in‌‌batches)‌‌is‌‌called‌‌an‌‌‌epoch‌.‌‌If‌‌the‌‌number‌‌of‌‌                               
epochs‌ ‌(‌eps)‌ ‌is‌ ‌increased,‌ ‌the‌ ‌NN‌ ‌is‌‌trained‌‌repeatedly,‌‌passing‌‌the‌‌same‌‌data‌‌through‌‌                           
the‌ ‌network‌ ‌multiple‌ ‌times.‌ ‌‌The‌ ‌number‌ ‌of‌ ‌datapoints‌ ‌divided‌‌by‌‌the‌‌batch‌‌size‌‌gives‌‌                           
the‌ ‌number‌ ‌of‌ ‌iterations‌ ‌required‌ ‌to‌ ‌finish‌ ‌one‌ ‌epoch.‌ ‌ 

The‌ ‌‌learning‌ ‌rate‌ ‌ ‌is‌ ‌a‌ ‌hyperparameter‌‌of‌‌the‌‌model‌‌that‌‌represents‌‌the‌‌step‌‌size‌‌at‌‌      η                          
each‌ ‌iteration‌ ‌when‌ ‌moving‌ ‌towards‌ ‌the‌ ‌minimum‌ ‌of‌ ‌the‌ ‌loss‌‌function‌‌in‌‌step‌‌4‌‌from‌‌                             
above.‌ ‌In‌ ‌order‌ ‌to‌ ‌avoid‌ ‌undesired‌ ‌learning‌ ‌behavior‌ ‌inside‌ ‌the‌ ‌network,‌ ‌such‌ ‌as‌‌                         
alternating‌ ‌connection‌ ‌weights‌ ‌and‌ ‌finding‌ ‌local‌ ‌minima,‌ ‌and‌ ‌to‌ ‌improve‌ ‌the‌ ‌rate‌ ‌of‌‌                         
convergence,‌ ‌an‌ ‌adaptive‌ ‌learning‌ ‌rate‌ ‌can‌ ‌be‌ ‌used‌ ‌that‌ ‌increases‌ ‌or‌ ‌decreases‌ ‌ ‌as‌                        η    
appropriate.‌‌‌The‌‌easiest‌‌form‌‌entails‌‌a‌‌learning‌‌rate‌‌reduction‌‌with‌‌a‌‌specific‌‌factor‌‌after‌‌                           
a‌ ‌predefined‌ ‌number‌ ‌of‌ ‌epochs‌ ‌of‌ ‌no‌ ‌improvement.‌ ‌ 

While‌ ‌the‌ ‌weights‌ ‌of‌ ‌an‌ ‌NN‌ ‌are‌ ‌called‌ ‌parameters‌ ‌and‌ ‌are‌ ‌learned‌ ‌through‌ ‌learning,‌‌                           
hyperparameters‌ ‌are‌ ‌constant‌ ‌and‌ ‌fixed‌ ‌before‌ ‌training.‌ ‌Important‌ ‌hyperparameters‌‌                 
that‌ ‌can‌ ‌have‌ ‌significant‌ ‌effects‌ ‌on‌ ‌the‌ ‌learning‌ ‌behavior‌‌of‌‌an‌‌NN‌‌are‌‌the‌‌number‌‌of‌‌                               
hidden‌ ‌layers,‌ ‌the‌ ‌number‌ ‌of‌ ‌neurons‌‌in‌‌each‌‌layer‌‌(‌nn‌),‌‌the‌‌interconnectedness‌‌of‌‌the‌‌                           
network,‌‌the‌‌regularization‌‌parameters‌‌ ‌and‌ ,‌‌the‌‌learning‌‌rate‌‌ ‌of‌‌the‌‌network,‌‌the‌‌        τ     υ         η          
batch‌ ‌size,‌ ‌the‌ ‌number‌ ‌of‌ ‌epochs‌ ‌‌eps‌ ‌and‌ ‌the‌ ‌choice‌ ‌of‌ ‌activation‌ ‌and‌ ‌loss‌‌functions.‌‌                             
These‌ ‌important‌‌properties‌‌and‌‌configurations‌‌of‌‌an‌‌NN,‌‌as‌‌well‌‌as‌‌the‌‌initial‌‌weights,‌‌                           
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have‌ ‌to‌ ‌be‌ ‌chosen‌ ‌carefully,‌ ‌fitting‌ ‌the‌ ‌respective‌ ‌dataset‌ ‌under‌ ‌investigation.‌‌                     
Oftentimes‌‌this‌‌can‌‌only‌‌be‌‌done‌‌in‌‌a‌‌trial‌‌and‌‌error‌‌approach,‌‌but‌‌sophisticated‌‌guesses‌‌                             
can‌ ‌be‌ ‌made‌ ‌with‌ ‌the‌ ‌help‌ ‌of‌ ‌appropriate‌ ‌literature‌14‌.‌‌ ‌  

2.3.4‌ ‌Explainable‌ ‌AI‌ ‌and‌ ‌layer-wise‌ ‌relevance‌ ‌propagation‌ ‌ 

Explainable‌‌AI‌‌(‌XAI‌)‌‌is‌‌a‌‌field‌‌of‌‌AI‌‌that‌‌has‌‌been‌‌gaining‌‌importance‌‌recently‌155–158‌.‌‌                           
It‌‌refers‌‌to‌‌techniques,‌‌which‌‌open‌‌the‌‌so-called‌‌“‌black‌‌box‌”‌‌of‌‌ML‌‌methods‌‌and‌‌reveal‌‌                             
the‌ ‌processes‌ ‌underlying‌ ‌their‌ ‌decisions‌ ‌so‌ ‌that‌ ‌the‌ ‌results‌ ‌can‌ ‌be‌ ‌better‌ ‌understood.‌‌ ‌  

In‌ ‌XAI,‌ ‌we‌ ‌distinguish‌ ‌between‌ ‌‌local‌ ‌and‌‌‌global‌‌explanations‌‌depending‌‌on‌‌whether‌‌                       
they‌‌provide‌‌sample-dependent‌‌explanations‌‌or‌‌generate‌‌explanations‌‌of‌‌the‌‌model‌‌as‌‌a‌‌                       
whole.‌ ‌While‌ ‌some‌ ‌explanation‌ ‌methods‌ ‌depend‌ ‌on‌ ‌feature‌ ‌permutation‌159‌,‌ ‌others‌‌                   
provide‌ ‌local‌ ‌interpretable‌ ‌model-agnostic‌ ‌explanations‌160‌,‌ ‌build‌ ‌generalized‌ ‌additive‌‌               
models‌161‌ ‌or‌ ‌compute‌ ‌class-specific‌ ‌gradient-based‌ ‌saliency‌ ‌maps‌162‌.‌ ‌A‌ ‌very‌ ‌popular‌‌                   
method‌ ‌to‌ ‌generate‌ ‌local‌ ‌relevance‌ ‌scores‌ ‌from‌ ‌trained‌ ‌NNs‌ ‌is‌ ‌‌layer-wise‌ ‌relevance‌‌                       
propagation‌ ‌(‌LRP‌)‌16–18‌,‌ ‌which‌ ‌provides‌ ‌a‌ ‌way‌ ‌to‌‌compute‌‌feature‌‌importance‌‌scores,‌‌                     
automatically‌ ‌taking‌ ‌correlation‌ ‌structures‌ ‌and‌ ‌possible‌ ‌interactions‌ ‌into‌ ‌account.‌ ‌The‌‌                   
visual‌ ‌or‌‌computational‌‌investigation‌‌of‌‌heat‌‌maps‌‌generated‌‌based‌‌on‌‌LRP‌‌can‌‌reveal‌‌                         
which‌ ‌features‌ ‌in‌ ‌the‌ ‌input‌ ‌datapoints‌ ‌are‌ ‌most‌‌relevant‌‌for‌‌the‌‌class‌‌prediction‌‌of‌‌the‌‌                             
NN.‌ ‌LRP‌ ‌has‌ ‌been‌ ‌applied‌ ‌successfully‌‌in‌‌numerous‌‌data‌‌science‌‌problems‌‌to‌‌explain‌‌                         
decisions‌ ‌of‌ ‌NNs‌163,164‌.‌ ‌ 

The‌ ‌process‌ ‌of‌ ‌explaining‌ ‌the‌ ‌prediction‌ ‌of‌ ‌an‌ ‌NN‌ ‌through‌ ‌LRP‌ ‌consists‌ ‌of‌ ‌the‌‌                           
following‌ ‌two‌ ‌steps:‌‌ ‌  

1. After‌‌an‌‌NN‌‌‌f‌‌is‌‌trained‌‌on‌‌a‌‌prediction‌‌task,‌‌the‌‌prediction‌‌scores‌‌of‌‌a‌‌datapoint‌‌                               
 ‌are‌ ‌computed‌ ‌by‌ ‌ ,‌ ‌a‌ ‌forward‌ ‌pass‌ ‌through‌ ‌the‌ ‌network.‌‌ ‌xi (x )f i = yi

︿   

2. Following‌‌a‌‌specific‌‌backpropagation‌‌rule,‌‌a‌‌single‌‌output‌‌score,‌‌‌i.e.‌‌the‌‌highest‌‌                       
output‌ ‌score,‌ ‌ ‌is‌ ‌backpropagated‌ ‌successively‌ ‌layer-by-layer‌ ‌through‌ ‌the‌‌    yi

︿              
network‌ ‌until‌ ‌reaching‌ ‌the‌ ‌input‌ ‌layer.‌‌  

See‌ ‌‌Figure‌ ‌9‌ ‌for‌ ‌a‌ ‌graphical‌ ‌representation‌ ‌of‌ ‌an‌ ‌NN‌ ‌trained‌ ‌on‌ ‌image‌ ‌data‌ ‌and‌‌                             
subsequent‌ ‌explanation‌ ‌via‌ ‌LRP.‌ ‌When‌ ‌an‌ ‌NN‌ ‌is‌ ‌trained‌ ‌on‌ ‌a‌ ‌binary‌ ‌image‌‌                         
classification‌‌task‌‌to‌‌separate‌‌cats‌‌from‌‌dogs‌‌,‌‌the‌‌relevance‌‌score‌‌ ‌of‌‌neuron‌‌‌s‌‌in‌‌                      Rs

(p,i)          
layer‌ ‌‌p‌ ‌demonstrates‌ ‌to‌ ‌which‌ ‌extent‌ ‌this‌ ‌specific‌ ‌neuron‌ ‌affected‌ ‌the‌ ‌classification‌‌                       
decision‌ ‌ ‌into‌‌a‌‌cat‌‌or‌‌a‌‌dog‌17‌.‌‌Once‌‌the‌‌input‌‌layer‌‌is‌‌reached,‌‌the‌‌corresponding‌‌  (x )f i                              
relevance‌ ‌scores‌‌represent‌‌the‌‌level‌‌of‌‌impact‌‌each‌‌input‌‌feature‌‌(‌i.e.‌‌pixel)‌‌had‌‌on‌‌the‌‌                             
decision‌ ‌of‌ ‌the‌ ‌network‌ ‌for‌ ‌that‌ ‌specific‌ ‌image.‌ ‌Plotting‌ ‌the‌ ‌relevance‌ ‌scores‌ ‌as‌ ‌a‌‌                           
heatmap‌ ‌on‌ ‌the‌ ‌corresponding‌ ‌pixels‌ ‌highlights‌ ‌the‌ ‌parts‌ ‌of‌ ‌the‌ ‌images‌ ‌that‌ ‌are‌ ‌most‌‌                           
important‌ ‌for‌ ‌the‌ ‌classifier‌’‌s‌ ‌decision.‌ ‌If‌ ‌ ‌is‌ ‌indeed‌ ‌the‌ ‌image‌ ‌of‌ ‌a‌ ‌cat,‌ ‌LRP‌ ‌of‌ ‌a‌‌            xi                      
successful‌ ‌NN‌ ‌highlights‌ ‌the‌ ‌cat’s‌ ‌ears‌ ‌and‌ ‌whiskers‌ ‌or‌ ‌other‌ ‌cat-specific‌ ‌features.‌ ‌ 
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Figure‌ ‌9:‌ ‌Image‌ ‌classification‌ ‌and‌ ‌subsequent‌ ‌pixel-wise‌ ‌explanation‌ ‌via‌ ‌layer-wise‌ ‌relevance‌ ‌propagation.‌ ‌A‌‌ 
During‌ ‌explanation‌ ‌via‌ ‌layer-wise‌ ‌relevance‌ ‌propagation‌ ‌(LRP),‌ ‌the‌ ‌prediction‌ ‌score‌ ‌of‌ ‌an‌ ‌image‌ ‌is‌ ‌first‌ ‌calculated‌‌ 

through‌ ‌a‌ ‌forward‌ ‌pass‌ ‌through‌ ‌the‌ ‌NN.‌ ‌‌B‌‌ ‌Following‌ ‌a‌ ‌backpropagation‌ ‌rule,‌ ‌the‌ ‌output‌ ‌score‌ ‌is‌ ‌then‌ ‌backpropagated‌‌ 
through‌ ‌the‌ ‌network‌ ‌layer‌ ‌by‌ ‌layer‌ ‌until‌ ‌reaching‌ ‌the‌ ‌input‌ ‌layer,‌ ‌where‌ ‌a‌ ‌relevance‌ ‌heatmap‌ ‌is‌ ‌displayed.‌ ‌The‌ ‌image‌ 

is‌ ‌classified‌ ‌as‌ ‌a‌ ‌cat‌ ‌and‌ ‌the‌ ‌LRP‌ ‌heatmap‌ ‌highlights‌ ‌cat-specific‌ ‌features‌ ‌like‌ ‌its‌ ‌ears‌ ‌and‌ ‌whiskers.‌‌ ‌  
‌ 

Image‌ ‌“Computational‌ ‌flow‌ ‌of‌ ‌deep‌ ‌Taylor‌ ‌decomposition”‌ ‌by‌ ‌Montavon‌ ‌‌et‌ ‌al.‌17‌‌ ‌‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution‌ ‌4.0‌ ‌International‌‌ 
license.‌ ‌Source:‌ ‌https://ars.els-cdn.com/content/image/1-s2.0-S0031320316303582-gr2.jpg‌ ‌ 

‌ 
The‌‌backpropagation‌‌process‌‌begins‌‌with‌‌assuming‌‌that‌‌the‌‌relevance‌‌scores‌‌at‌‌the‌‌last‌‌                         
layer‌ ‌equal‌ ‌the‌ ‌output‌ ‌of‌‌its‌‌activation‌‌functions.‌‌Thus,‌‌without‌‌loss‌‌of‌‌generality,‌‌it‌‌is‌‌                             
assumed‌ ‌that‌ ‌the‌ ‌relevance‌ ‌distribution‌ ‌at‌ ‌layer‌ ‌‌q‌ ‌‌is‌ ‌known‌ ‌and‌ ‌the‌ ‌relevance‌‌                         
distribution‌ ‌at‌ ‌the‌ ‌predecessor‌ ‌layer‌ ‌‌q-1=p‌ ‌‌can‌ ‌be‌ ‌extracted.‌ ‌LRP‌ ‌aims‌ ‌to‌ ‌find‌ ‌the‌‌                           
relevance‌ ‌score‌ ‌ ‌of‌ ‌neuron‌ ‌‌s‌ ‌at‌ ‌layer‌ ‌‌p‌ ‌based‌ ‌on‌ ‌the‌ ‌following‌‌equation,‌‌which‌‌    Rs

(p,i)                          
indicates‌‌that‌‌no‌‌relevance‌‌is‌‌lost‌‌and‌‌the‌‌sum‌‌of‌‌relevances‌‌in‌‌all‌‌layers‌‌is‌‌equal‌‌to‌‌the‌‌                                   
output‌ ‌activations‌ ‌of‌ ‌the‌ ‌last‌ ‌layer:‌ ‌ 

‌(x ) .. ..f i = . = ∑
 

t∈(q)
Rt

(q,i) = ∑
 

s∈(p)
Rs

(p,i) = . = ∑
 

r∈(1)
Rr

(1,i)  

Additionally,‌‌all‌‌relevance‌‌scores‌‌are‌‌constrained‌‌to‌‌be‌‌positive‌‌(‌i.e.,‌ ‌                    ∀i, , Rp s :   s
(p,i) ≥ 0

).‌ ‌Based‌ ‌on‌ ‌these‌ ‌constraints,‌ ‌the‌ ‌relevance‌ ‌of‌ ‌one‌ ‌neuron‌ ‌is‌ ‌distributed‌ ‌amongst‌ ‌its‌‌                           
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‌ 

predecessors‌ ‌following‌ ‌one‌ ‌of‌ ‌several‌ ‌‌backpropagation‌ ‌rules‌18‌,‌ ‌some‌ ‌of‌ ‌which‌ ‌we‌‌                     
present‌ ‌here.‌ ‌The‌ ‌‌LRP-0‌ ‌‌rule‌ ‌simply‌ ‌redistributes‌ ‌relevance‌ ‌proportionally‌ ‌to‌ ‌the‌‌                     
contribution‌ ‌of‌ ‌neuron‌ ‌‌s‌‌ ‌to‌ ‌its‌ ‌successors‌ ‌‌t‌‌ ‌in‌ ‌terms‌ ‌of‌ ‌weights‌ ‌and‌ ‌activation:‌‌ ‌  

,‌‌ ‌( )Rs
(p,i) = ∑

 

t
 

h wp
s

q
st

 

w∑
 

s
hp

s
q
st

× Rt
(q,i)   

where‌ ‌ ‌denotes‌ ‌the‌ ‌activation‌ ‌of‌ ‌neuron‌ ‌‌s‌ ‌and‌ ‌ ‌is‌ ‌the‌ ‌weight‌ ‌between‌ ‌the‌ ‌two‌‌  hs
p                 wq

st              
neurons‌ ‌‌s‌‌ ‌and‌ ‌‌t‌.‌‌ ‌  

When‌ ‌applying‌ ‌the‌ ‌‌LRP-‌ rule‌,‌ ‌noise‌ ‌is‌ ‌removed‌ ‌by‌ ‌reducing‌ ‌weak‌ ‌or‌ ‌contradictory‌‌      ϵ                  
(‌i.e.‌‌ ‌alternating)‌ ‌activations:‌ 

.‌ ‌( )Rs
(p,i) = ∑

 

t
 

h wp
s

q
st

ϵ +  w∑
 

s
hp

s
q
st

× Rt
(q,i)  

The‌‌‌LRP-Z‌‌rule‌‌distributes‌‌the‌‌relevance‌‌of‌‌neurons‌‌only‌‌amongst‌‌predecessor‌‌neurons‌‌                       
linked‌ ‌through‌ ‌positive‌ ‌weights,‌ ‌indicating‌‌that‌‌only‌‌features‌‌with‌‌a‌‌positive‌‌influence‌‌                       
on‌ ‌the‌ ‌classification‌ ‌of‌ ‌a‌ ‌specific‌ ‌sample‌ ‌as‌ ‌the‌ ‌resulting‌ ‌outcome‌ ‌are‌ ‌highlighted.‌‌                         
Features‌‌with‌‌the‌‌opposite‌‌effect‌‌of‌‌not‌‌supporting‌‌this‌‌particular‌‌choice‌‌of‌‌the‌‌network‌‌                           
are‌ ‌ignored‌ ‌when‌ ‌applying‌ ‌this‌ ‌rule:‌ ‌ 
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+
× Rt

(q,i)  

When‌ ‌applying‌ ‌the‌ ‌so-called‌ ‌‌LRP-‌ rule‌,‌ ‌the‌ ‌relevance‌‌ ‌of‌‌neuron‌‌‌s‌‌in‌‌layer‌‌‌p‌‌        βα       Rs
(p,i)              

depends‌ ‌on‌ ‌the‌ ‌relevance‌ ‌of‌ ‌all‌ ‌of‌ ‌its‌ ‌successors‌ ‌‌t‌‌ ‌in‌ ‌layer‌ ‌‌p+1=q‌‌ ‌in‌ ‌the‌ ‌following‌ ‌way:‌ ‌ 

,‌‌ ‌(α )Rs
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This‌ ‌rule‌ ‌allows‌ ‌us‌ ‌to‌ ‌weigh‌ ‌the‌ ‌positive‌ ‌and‌ ‌negative‌ ‌contributions‌ ‌(‌ ‌and‌‌                       h w( s
p q

st)
+

   

,‌ ‌respectively)‌ ‌of‌ ‌neurons‌ ‌‌s‌ ‌to‌ ‌their‌ ‌predecessor‌ ‌‌t‌ ‌differently‌ ‌by‌ ‌the‌‌ h w( s
p q

st)
−

                       

hyperparameters‌ ‌  ‌and‌ ‌ .‌ ‌αLRP βLRP  

The‌ ‌‌LRP-‌ ‌rule‌ ‌‌controls‌ ‌how‌ ‌much‌ ‌positive‌ ‌evidence‌ ‌is‌ ‌favored‌ ‌over‌ ‌negative‌‌  γ                      
evidence‌ ‌with‌ ‌its‌ ‌parameter‌ ‌ .‌ ‌This‌ ‌is‌ ‌particularly‌ ‌helpful‌ ‌to‌ ‌smooth‌ ‌out‌ ‌relevances‌‌        γ                  
close‌ ‌to‌ ‌the‌ ‌input‌ ‌layer,‌ ‌where‌ ‌patterns‌ ‌are‌ ‌already‌ ‌captured.‌ ‌ 

‌( )Rs
(p,i) = ∑
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h ( w +γw )p
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+
× Rt

(q,i)  

Depending‌ ‌on‌ ‌the‌ ‌network‌ ‌architecture‌ ‌and‌ ‌other‌ ‌data-specific‌ ‌factors‌ ‌different‌‌                   
backpropagation‌ ‌rules‌ ‌are‌ ‌to‌ ‌be‌ ‌preferred.‌‌ ‌  
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2.3.5‌ ‌Non-negative‌ ‌matrix‌ ‌factorization‌ ‌ 

In‌ ‌recent‌ ‌times‌ ‌technological‌ ‌possibilities‌ ‌are‌ ‌improving‌ ‌in‌ ‌many‌ ‌fields,‌ ‌causing‌‌very‌‌                       
large‌‌datasets‌‌to‌‌be‌‌available‌‌for‌‌analysis.‌‌Hence,‌‌to‌‌enable‌‌further‌‌processing,‌‌it‌‌is‌‌often‌‌                             
necessary‌ ‌to‌ ‌reduce‌ ‌the‌ ‌dimensions‌ ‌of‌ ‌such‌ ‌datasets‌ ‌without‌ ‌a‌ ‌loss‌ ‌of‌ ‌crucial‌‌                         
information.‌‌When‌‌the‌‌corresponding‌‌data‌‌is‌‌limited‌‌to‌‌positive‌‌values‌‌(‌e.g.‌‌for‌‌physical‌‌                         
reasons)‌‌and‌‌expected‌‌to‌‌represent‌‌linear‌‌combinations‌‌of‌‌recurring‌‌patterns‌‌with‌‌added‌‌                       
noise,‌ ‌methods‌ ‌referred‌ ‌to‌ ‌‌non-negative‌ ‌matrix‌ ‌factorization‌ ‌(‌NMF‌)‌23–25‌ ‌can‌ ‌be‌‌                   
applied.‌ ‌Under‌ ‌the‌ ‌constraint‌ ‌of‌ ‌non-negativity,‌ ‌NMF‌ ‌aims‌ ‌to‌ ‌identify‌ ‌a‌ ‌list‌ ‌of‌ ‌such‌‌                           
basic‌‌recurring‌‌patterns‌‌and‌‌the‌‌corresponding‌‌set‌‌of‌‌coefficients‌‌to‌‌recreate‌‌the‌‌dataset‌‌                         
under‌ ‌investigation.‌ ‌If‌ ‌both‌ ‌of‌ ‌these‌ ‌entities‌ ‌are‌ ‌unknown,‌ ‌the‌ ‌solution‌ ‌is‌‌non-convex‌‌                         
and‌ ‌approximate‌ ‌solutions‌ ‌have‌ ‌to‌ ‌be‌ ‌determined‌ ‌numerically‌ ‌in‌ ‌an‌ ‌iterative‌ ‌process.‌‌                       
The‌‌result‌‌provides‌‌a‌‌lower-dimensional‌‌representation‌‌of‌‌the‌‌original‌‌dataset‌‌as‌‌a‌‌linear‌‌                         
combination‌‌of‌‌basic‌‌patterns.‌‌The‌‌concept‌‌of‌‌NMF‌‌was‌‌first‌‌introduced‌‌in‌‌the‌‌1990s‌25‌ ‌                           
and‌ ‌became‌ ‌more‌ ‌popular‌ ‌in‌ ‌the‌ ‌early‌ ‌2000s‌23,24‌,‌ ‌when‌ ‌it‌ ‌started‌ ‌to‌ ‌be‌ ‌successfully‌‌                           
employed‌‌in‌‌various‌‌fields‌‌such‌‌as‌‌text‌‌clustering‌165‌,‌‌‌image‌‌imputation‌166‌ ‌or‌‌information‌‌                       
filtering‌167‌.‌ ‌Applications‌ ‌that‌ ‌are‌ ‌relevant‌ ‌for‌ ‌this‌ ‌dissertation‌ ‌lay‌ ‌in‌ ‌bioinformatics,‌‌                     
where‌ ‌NMF‌ ‌was‌ ‌able‌ ‌to‌ ‌improve‌ ‌performances,‌ ‌for‌ ‌example,‌ ‌in‌ ‌protein‌ ‌alignment‌168‌,‌‌                       
microarray‌ ‌analysis‌169‌,‌ ‌various‌ ‌omics‌ ‌tasks‌170‌‌ ‌or‌ ‌clustering‌ ‌gene‌ ‌expression‌ ‌data‌171‌.‌‌ ‌  
During‌‌NMF‌‌of‌‌a‌‌‌dataset‌‌ ‌of‌‌ ‌datapoints‌‌in‌‌‌g-‌dimensional‌‌space,‌‌the‌‌set‌‌of‌‌          X ∈ ℜg×n     n                
recurring‌ ‌patterns‌ ‌ ‌called‌ ‌‌dictionary‌ ‌and‌ ‌the‌ ‌corresponding‌ ‌coefficients‌ ‌to‌‌    H ∈ ℜg×k                
reconstruct‌‌the‌data‌‌matrix‌‌ ‌are‌‌learned‌‌so‌‌that‌‌ .‌‌See‌‌‌Figure‌‌10‌‌for‌‌        W ∈ ℜk×n           WH ≈ X          
a‌ ‌schematic‌ ‌representation‌ ‌of‌ ‌the‌ ‌underlying‌ ‌approach.‌‌ ‌  

‌ 

Figure‌ ‌10:‌ ‌Non-negative‌ ‌matrix‌ ‌factorization.‌ ‌‌A‌ ‌data‌ ‌matrix‌ ‌  ‌of‌ ‌  ‌datapoints‌ ‌in‌ ‌‌g‌-dimensional‌ ‌space‌ ‌is‌‌X ∈ ℜg×n n  
approximately‌ ‌factorized‌ ‌into‌ ‌a‌ ‌set‌ ‌of‌ ‌recurring‌ ‌patterns,‌ ‌‌i.e.‌‌ ‌the‌ ‌dictionary‌ ‌  ‌and‌ ‌the‌ ‌corresponding‌‌H ∈ ℜg×k  

coefficients‌ ‌  ‌to‌ ‌reconstruct‌ ‌the‌ ‌data‌ ‌matrix.‌ ‌W ∈ ℜk×n  
‌ 

Image‌ ‌“NMF”‌ ‌by‌ ‌‌Qwertyus‌‌ ‌‌licensed‌ ‌under‌ ‌the‌ ‌Creative‌ ‌Commons‌ ‌Attribution-Share‌ ‌Alike‌ ‌3.0‌ ‌Unported‌ ‌license.‌‌ ‌  
Source:‌ ‌https://commons.wikimedia.org/wiki/File:NMF.png‌‌ ‌  
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‌ 

A‌ ‌number‌ ‌of‌ ‌different‌ ‌optimization‌ ‌functions‌ ‌for‌ ‌measuring‌ ‌the‌ ‌error‌ ‌between‌ ‌the‌‌                       
dataset‌ ‌and‌ ‌its‌‌factorization‌‌exist‌‌that‌‌can‌‌also‌‌include‌‌regularization‌‌terms‌‌for‌‌the‌‌two‌‌                           
learned‌‌matrices.‌‌‌Here,‌‌we‌‌employ‌‌a‌‌function‌‌based‌‌on‌‌the‌‌squared‌‌error‌‌(or‌‌Frobenius‌‌                           
norm)‌ ‌and‌ ‌regularize‌ ‌the‌ ‌denseness‌ ‌of‌ ‌the‌ ‌results‌ ‌with‌ ‌an‌ ‌elastic‌ ‌net‌154‌:‌ ‌ 

‌,  H︿ W︿ = argminW ,H λ( 2
1 X W∣∣ − H ∣∣

2
F ro + αNMF NMF ( vec )∣∣ (H)∣∣1 + vec∣∣ (W )∣∣1 + 2

αNMF (1 )− λNMF H(∣∣ ∣∣2F ro + W∣∣ ∣∣2F ro)) ,  

where‌‌ ‌is‌‌the‌‌elastic‌‌net‌‌mixing‌‌parameter‌‌controlling‌‌the‌‌combination‌‌of‌‌L1‌‌and‌‌  λNMF                          
L2‌‌(Frobenius)‌‌regularization‌‌and‌‌ ‌is‌‌the‌‌corresponding‌‌penalty‌‌multiplier.‌‌Please‌‌        αNMF              
note‌ ‌that‌ ‌without‌ ‌loss‌ ‌of‌‌generality,‌‌ ‌is‌‌sometimes‌‌defined‌‌to‌‌have‌‌dimension‌‌ ‌            X               n × g  
and‌ ‌NMF‌ ‌is‌ ‌used‌ ‌to‌ ‌learn‌ ‌ ,‌ ‌where‌ ‌the‌ ‌data‌‌matrix‌‌ ‌and‌‌the‌‌dictionary‌‌ ‌            HW ≈ X           W         H  
have‌ ‌reversed‌ ‌dimensions.‌‌ ‌  

If‌ ‌any‌ ‌prior‌ ‌knowledge‌ ‌is‌‌available,‌‌an‌‌initial‌‌starting‌‌point‌‌ ‌for‌‌ ‌or‌‌ ‌for‌‌ ‌                    W  
*     W     H  

*     H  
can‌‌be‌‌provided‌‌to‌‌the‌‌expectation-maximization‌‌algorithm‌‌that‌‌solves‌‌this‌‌equation‌‌by‌‌                       
alternately‌ ‌optimizing‌ ‌‌H‌ ‌‌and‌ ‌‌W‌.‌ ‌A‌ ‌number‌ ‌of‌ ‌different‌ ‌solvers‌ ‌can‌ ‌be‌ ‌applied‌ ‌to‌ ‌the‌‌                             
above‌ ‌equation,‌‌the‌‌multiplicative‌‌update‌‌rule‌24‌ ‌being‌‌one‌‌of‌‌the‌‌most‌‌popular‌‌options.‌‌                         
In‌ ‌this‌ ‌dissertation,‌ ‌an‌ ‌optimization‌ ‌algorithm‌ ‌called‌ ‌coordinate‌ ‌descent‌172‌ ‌is‌ ‌used,‌‌                     
which‌ ‌successively‌ ‌minimizes‌ ‌the‌ ‌function‌ ‌along‌ ‌each‌ ‌coordinate‌ ‌while‌ ‌keeping‌ ‌all‌‌                     
other‌ ‌directions‌ ‌constant.‌ ‌ 

Naturally,‌ ‌NMF‌ ‌can‌ ‌be‌ ‌viewed‌ ‌as‌ ‌a‌ ‌form‌ ‌of‌ ‌clustering‌23,24‌,‌ ‌where‌ ‌the‌ ‌cluster‌‌                         
memberships‌ ‌are‌ ‌selected‌ ‌based‌ ‌on‌ ‌the‌ ‌column-wise‌ ‌maxima‌ ‌of‌ ‌ ‌‌i.e.‌‌                  ,W    

.‌ ‌(W )y︿ 
i = argmaxl∈{1, ..., k} li  

There‌‌are‌‌a‌‌number‌‌of‌‌hyperparameters‌‌in‌‌NMF‌‌that‌‌need‌‌specification‌‌before‌‌learning,‌‌                         
e.g.‌ ‌the‌ ‌number‌ ‌of‌ ‌patterns‌ ‌or‌ ‌clusters‌ ‌‌k‌ ‌‌in‌ ‌the‌ ‌dictionary,‌ ‌the‌ ‌elastic‌ ‌net‌ ‌parameters‌‌                             

‌and‌ ‌ ‌and‌ ‌the‌ ‌maximum‌ ‌number‌ ‌of‌ ‌iterations‌ ‌until‌ ‌convergence‌ ‌up‌ ‌to‌ ‌a‌‌αNMF     λNMF                        
specified‌ ‌level‌ ‌of‌ ‌relative‌ ‌error.‌‌ ‌  

2.3.6‌ ‌Transfer‌ ‌learning‌ ‌ 

In‌ ‌many‌ ‌different‌ ‌areas‌ ‌of‌ ‌scientific‌ ‌research,‌ ‌datasets‌ ‌are‌‌constrained‌‌by‌‌the‌‌scarcity,‌‌                         
feasibility‌‌and‌‌expense‌‌of‌‌collecting‌‌samples.‌‌In‌‌such‌‌scenarios,‌‌it‌‌is‌‌often‌‌not‌‌possible‌‌                           
to‌ ‌apply‌ ‌methodologies‌ ‌like‌ ‌deep‌ ‌learning,‌ ‌which‌ ‌require‌ ‌large‌ ‌and‌ ‌well-annotated‌‌                     
datasets.‌‌To‌‌address‌‌this‌‌common‌‌problem,‌‌the‌‌ML‌‌concept‌‌of‌‌‌transfer‌‌learning‌‌can‌‌be‌‌                           
employed‌ ‌to‌ ‌integrate‌ ‌‌a‌ ‌priori‌ ‌knowledge‌ ‌from‌ ‌large‌ ‌reference‌ ‌datasets‌ ‌into‌ ‌smaller‌‌                       
datasets‌ ‌to‌ ‌generate‌ ‌additional‌ ‌insights‌173,174‌.‌ ‌To‌ ‌be‌ ‌able‌ ‌to‌ ‌use‌ ‌previously‌ ‌learned‌‌                       
knowledge‌ ‌can‌ ‌not‌ ‌only‌ ‌help‌ ‌in‌ ‌situations‌ ‌of‌ ‌data‌ ‌scarcity,‌ ‌but‌ ‌it‌ ‌can‌ ‌also‌ ‌be‌ ‌an‌‌                               
advantage‌ ‌in‌ ‌terms‌ ‌of‌ ‌efficiency,‌ ‌computing‌ ‌power‌ ‌and‌ ‌time‌ ‌when‌ ‌large‌ ‌datasets‌ ‌are‌‌                         
analyzed.‌ ‌‌In‌ ‌general,‌ ‌transfer‌ ‌learning‌ ‌refers‌ ‌to‌ ‌applying‌ ‌knowledge‌ ‌gained‌ ‌from‌ ‌one‌‌                       
context‌‌to‌‌another‌‌-‌‌distinct‌‌but‌‌related‌‌-‌‌context‌‌in‌‌a‌‌setting‌‌where‌‌the‌‌solution‌‌of‌‌one‌‌or‌‌                                   
multiple‌ ‌source‌ ‌tasks‌ ‌is‌ ‌applied‌ ‌to‌ ‌a‌ ‌related‌ ‌target‌ ‌task.‌ ‌The‌ ‌term‌ ‌and‌ ‌corresponding‌‌                           
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‌ 

mathematical‌ ‌ideas‌ ‌in‌ ‌relation‌ ‌to‌ ‌NNs‌ ‌were‌ ‌first‌ ‌introduced‌ ‌in‌ ‌1976‌175‌ ‌and‌ ‌further‌‌                         
developed‌ ‌in‌ ‌the‌ ‌following‌ ‌years.‌ ‌Thrun‌ ‌contributed‌ ‌to‌ ‌the‌ ‌emergence‌ ‌of‌ ‌the‌ ‌field‌ ‌in‌‌                           
1996‌ ‌by‌ ‌asking‌ ‌if‌ ‌“‌learning‌ ‌the‌ ‌n-th‌ ‌thing‌ ‌[is]‌ ‌any‌ ‌easier‌‌than‌‌learning‌‌the‌‌first?‌”‌176‌,‌‌                             
which‌‌was‌‌motivated‌‌by‌‌findings‌‌in‌‌human‌‌psychology.‌‌One‌‌of‌‌the‌‌key‌‌insights‌‌was‌‌that‌‌                             
humans‌ ‌build‌ ‌upon‌ ‌related‌ ‌concepts‌ ‌when‌ ‌learning‌ ‌new‌ ‌tasks,‌ ‌which‌ ‌Thrun‌ ‌coined‌‌                       
lifelong‌ ‌learning‌.‌ ‌Another‌ ‌influential‌ ‌line,‌ ‌which‌ ‌popped‌ ‌up‌ ‌around‌ ‌the‌ ‌same‌ ‌time,‌‌                       
introduced‌ ‌the‌ ‌term‌ ‌‌multitask‌ ‌learning‌136‌.‌ ‌Instead‌ ‌of‌ ‌learning‌ ‌a‌ ‌sequence‌ ‌of‌ ‌related‌‌                       
tasks,‌ ‌multiple‌ ‌related‌ ‌tasks‌ ‌are‌ ‌learned‌ ‌in‌ ‌parallel‌ ‌using‌ ‌a‌ ‌shared‌ ‌representation.‌ ‌In‌‌                         
combination,‌ ‌transfer‌ ‌learning‌ ‌is‌ ‌an‌ ‌umbrella‌ ‌term‌ ‌for‌ ‌problems‌173‌ ‌such‌ ‌as‌ ‌multitask‌‌                       
learning,‌ ‌domain‌ ‌adaptation‌ ‌and‌ ‌covariate‌ ‌shift‌177‌,‌ ‌which‌ ‌have‌ ‌been‌ ‌applied‌ ‌in‌ ‌many‌‌                       
fields,‌ ‌including‌ ‌cognitive‌ ‌science‌178‌,‌ ‌EEG‌ ‌data‌ ‌analysis‌179‌,‌ ‌web‌ ‌search‌180‌,‌ ‌spam‌‌                   
detection‌181‌‌ ‌and‌ ‌speech‌ ‌and‌ ‌text‌ ‌recognition‌182‌.‌‌ ‌  

Transfer‌‌learning‌‌algorithms‌‌can‌‌be‌‌based‌‌on‌‌very‌‌different‌‌approaches‌‌but‌‌always‌‌have‌‌                         
in‌ ‌common‌ ‌that‌ ‌they‌ ‌aim‌ ‌to‌ ‌help‌ ‌improve‌ ‌the‌ ‌learning‌ ‌of‌ ‌a‌ ‌target‌ ‌task‌ ‌by‌ ‌using‌‌                               
knowledge‌ ‌previously‌ ‌gained‌ ‌in‌ ‌learning‌ ‌a‌ ‌source‌ ‌task.‌ ‌Some‌ ‌exemplary‌ ‌methods‌‌                     
include‌ ‌the‌ ‌application‌ ‌of‌ ‌hierarchical‌ ‌bayesian‌ ‌models‌183‌,‌ ‌Markov‌ ‌logic‌ ‌networks‌184‌,‌‌                   
kernel‌ ‌methods‌185‌‌ ‌or‌ ‌deep‌ ‌CNNs‌186‌.‌ ‌ 
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3‌ ‌Combining‌ ‌machine‌ ‌learning‌ ‌with‌‌ 
multiple‌ ‌statistical‌ ‌hypothesis‌ ‌testing‌ ‌for‌‌ 

genome-wide‌ ‌association‌ ‌studies‌‌ ‌  
‌ 

‌ 
In‌‌this‌‌chapter,‌‌we‌‌propose‌‌two‌‌novel‌‌methods‌‌that‌‌combine‌‌advanced‌‌machine‌‌learning‌‌                         
algorithms‌ ‌(from‌ ‌‌Chapter‌ ‌2.3.1‌,‌ ‌‌2.3.2‌,‌ ‌‌2.3.3‌ ‌and‌ ‌‌2.3.4‌)‌ ‌with‌ ‌traditional‌ ‌multiple‌‌                     
statistical‌ ‌hypothesis‌ ‌testing‌ ‌(from‌ ‌‌Chapter‌ ‌2.2.1‌)‌ ‌to‌ ‌identify‌ ‌genotype-phenotype‌‌                 
associations‌ ‌in‌ ‌GWAS‌ ‌(as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌2.1.3‌).‌ ‌Given‌ ‌a‌ ‌GWAS‌ ‌dataset,‌ ‌the‌‌                         
proposed‌‌methods‌‌improve‌‌the‌‌identification‌‌of‌‌disease‌‌trait‌‌associations‌‌by‌‌training‌‌an‌‌                       
appropriate‌ ‌state-of-the-art‌ ‌classification‌ ‌algorithm,‌ ‌selecting‌ ‌a‌ ‌subset‌ ‌of‌ ‌candidate‌‌                 
locations,‌ ‌which‌ ‌are‌ ‌most‌ ‌relevant‌ ‌for‌ ‌the‌ ‌classifier’s‌ ‌decisions‌ ‌and‌ ‌examining‌ ‌only‌‌                       
those‌ ‌SNPs‌ ‌for‌ ‌significant‌ ‌associations‌ ‌via‌ ‌multiple‌ ‌statistical‌ ‌hypothesis‌ ‌testing.‌ ‌In‌‌                     
support‌ ‌of‌ ‌the‌ ‌author’s‌ ‌proposed‌ ‌thesis‌ ‌of‌ ‌this‌ ‌dissertation,‌ ‌these‌ ‌combinatorial‌‌                     
approaches‌ ‌help‌ ‌to‌ ‌better‌ ‌understand‌ ‌the‌ ‌genetic‌ ‌architectures‌ ‌of‌ ‌different‌ ‌traits‌ ‌and‌‌                       
diseases‌ ‌and‌ ‌therefore‌ ‌examine‌ ‌the‌ ‌translation‌ ‌of‌ ‌genetic‌ ‌code‌ ‌into‌ ‌biological‌ ‌function.‌‌ ‌  
This‌‌chapter‌‌is‌‌based‌‌on‌‌and‌‌contains‌‌parts‌‌of‌‌articles‌A‌10‌ ‌and‌‌C‌15‌ ‌from‌‌‌Chapter‌‌1.4‌‌‌on‌‌                                 
previously‌‌published‌‌work.‌‌It‌‌also‌‌builds‌‌upon‌‌work‌‌published‌‌in‌‌a‌‌master‌‌thesis‌‌written‌‌                           
by‌ ‌Alexandre‌ ‌Rozier‌ ‌and‌ ‌supervised‌ ‌by‌ ‌the‌ ‌author‌ ‌of‌ ‌this‌ ‌dissertation‌187‌.‌‌ ‌ ‌    
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3.0‌ ‌Notation‌ ‌of‌ ‌chapter‌ ‌3‌ ‌ 
Symbol‌ Definition‌ ‌(page‌ ‌it‌ ‌is‌ ‌introduced‌ ‌on)‌ ‌ 

α Significance‌ ‌level‌ ‌to‌ ‌bound‌ ‌type‌ ‌1‌ ‌error‌ ‌rates‌ ‌(54)‌ ‌ 

αLRP Parameter‌ ‌of‌ ‌the‌ ‌ -LRP‌ ‌rule‌ ‌for‌ ‌positive‌ ‌contributions‌ ‌(39‌ ‌and‌ ‌61)‌ ‌βα  

b‌‌  ‌Bias‌ ‌term‌ ‌in‌ ‌an‌ ‌SVM‌ ‌(28‌ ‌and‌ ‌55)‌ ‌ 

B‌‌  Number‌ ‌of‌ ‌Monte‌ ‌Carlo‌ ‌repetitions‌ ‌in‌ ‌the‌ ‌permutation‌ ‌test‌ ‌(58)‌ ‌ 

βLRP Parameter‌ ‌of‌ ‌the‌ ‌ -LRP‌ ‌rule‌ ‌for‌ ‌negative‌ ‌contributions‌ ‌(39‌ ‌and‌ ‌61)‌ ‌βα  

c‌ Case-control‌ ‌status‌ ‌of‌ ‌a‌ ‌subject‌ ‌(53)‌ ‌ 

C‌ SVM‌ ‌regularization‌ ‌parameter‌ ‌(29‌ ‌and‌ ‌56)‌ ‌ 

χ2 Chi-square‌ ‌test‌ ‌statistic‌ ‌(54)‌ ‌ 

‌d   Number‌ ‌of‌ ‌SNPs‌ ‌under‌ ‌investigation‌ ‌in‌ ‌a‌ ‌GWAS‌ ‌(53)‌ ‌ 

eps‌‌  ‌Number‌ ‌of‌ ‌epochs‌ ‌for‌ ‌NN‌ ‌Training‌ ‌(36‌ ‌and‌ ‌68)‌ ‌ 

‌Ec,g   Expected‌ ‌frequencies‌ ‌of‌ ‌genotype‌ ‌‌g‌‌ ‌in‌ ‌combination‌ ‌with‌ ‌case-control‌ ‌status‌ ‌‌c‌‌ ‌(72)‌ 

f ( . ) Predictive‌ ‌function‌ ‌(27‌ ‌and‌ ‌55)‌ ‌ 

g‌ Genotype‌ ‌group‌ ‌of‌ ‌a‌ ‌subject‌ ‌(53)‌ ‌ 

‌γ   Effect‌ ‌size‌ ‌parameter‌ ‌for‌ ‌generation‌ ‌of‌ ‌synthetic‌ ‌GWAS‌ ‌data‌ ‌(64)‌ ‌ 

H j Null‌ ‌hypothesis‌ ‌of‌ ‌equal‌ ‌  ‌and‌ ‌  ‌at‌ ‌SNP‌ ‌‌j‌‌ ‌(54)‌ ‌p1 p2  

i‌ Index‌ ‌of‌ ‌a‌ ‌subject‌ ‌in‌ ‌a‌ ‌GWAS‌ ‌(53)‌ ‌ 

j‌ Index‌ ‌of‌ ‌a‌ ‌SNP‌ ‌in‌ ‌a‌ ‌GWAS‌ ‌(53)‌ ‌ 

ϑ Parameter‌ ‌vector‌ ‌of‌ ‌the‌ ‌statistical‌ ‌model‌ ‌of‌ ‌a‌ ‌GWAS‌ ‌with‌ ‌  ‌(54)‌ ‌ ϑ = ϑ( j) j=1, …, d
 

 ϑj Pair‌ ‌of‌ ‌probability‌ ‌vectors‌ ‌  ‌of‌ ‌SNP‌ ‌‌j‌‌ ‌(54)‌, )  ϑj = (p1
(j) p2

(j)  

k‌ Number‌ ‌of‌ ‌SNPs‌ ‌to‌ ‌select‌ ‌in‌ ‌the‌ ‌COMBI‌ ‌and‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌(55)‌ ‌ 

K‌j‌ ‌  Two-sided‌ ‌alternative‌ ‌of‌ ‌unequal‌ ‌  ‌and‌ ‌  ‌at‌ ‌SNP‌ ‌‌j‌‌ ‌(54)‌ ‌p1 p2  

‌lf ilter   Filter‌ ‌length‌ ‌or‌ ‌window‌ ‌size‌ ‌of‌ ‌a‌ ‌‌p-‌th-order‌ ‌moving‌ ‌average‌ ‌filter‌ ‌(56)‌ ‌ 

‌n   Number‌ ‌of‌ ‌subjects‌ ‌in‌ ‌a‌ ‌GWAS‌ ‌(53)‌ ‌ 

nn‌ Number‌ ‌of‌ ‌neurons‌ ‌per‌ ‌dense‌ ‌hidden‌ ‌layer‌ ‌(36‌ ‌and‌ ‌68)‌ ‌ 

n‌cg‌ Numbers‌ ‌of‌ ‌individuals‌ ‌in‌ ‌the‌ ‌group‌ ‌of‌ ‌case-control‌ ‌status‌ ‌‌c‌‌ ‌and‌ ‌genotype‌ ‌‌g‌‌ ‌(53)‌ ‌ 

η Learning‌ ‌rate‌ ‌of‌ ‌an‌ ‌NN‌ ‌(36‌ ‌and‌ ‌68)‌ ‌ 

‌Oc,g   Observed‌ ‌frequencies‌ ‌of‌ ‌genotype‌ ‌‌g‌‌ ‌in‌ ‌combination‌ ‌with‌ ‌case-control‌ ‌status‌ ‌‌c‌‌ ‌(72)‌ ‌ 

pf ilter Norm‌ ‌parameter‌ ‌of‌ ‌a‌ ‌‌p-‌th-order‌ ‌moving‌ ‌average‌ ‌filter‌ ‌(56)‌ ‌ 

,‌ ‌p1 p2 Probability‌ ‌vectors‌ ‌of‌ ‌cases‌ ‌ and‌ ‌controls‌ ‌ at‌ ‌a‌‌        p1 = (p , , )11 p12 p13
T     p2 = (p , , )21 p22 p23

T    
specific‌ ‌SNP‌ ‌(54)‌ ‌ 

pcg Probability‌ ‌of‌ ‌an‌ ‌individual‌ ‌having‌ ‌case-control‌ ‌status‌ ‌‌c‌ ‌and‌‌genotype‌‌‌g‌‌at‌‌a‌‌specific‌‌                           
SNP‌ ‌(54)‌ ‌ 

pj ‌p‌-value‌ ‌of‌ ‌SNP‌ ‌‌j‌‌ ‌corresponding‌ ‌to‌ ‌testing‌ ‌  ‌(54)‌ ‌H j  
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P 0 Probability‌ ‌distribution‌ ‌under‌ ‌the‌ ‌global‌ ‌null‌ ‌hypothesis‌ ‌of‌ ‌no‌ ‌informative‌ ‌SNPs‌ ‌(58)‌ ‌ 

‌p 
min   The‌ ‌smallest‌ ‌of‌ ‌the‌ ‌‌k‌ ‌p‌-values‌ ‌of‌ ‌the‌ ‌selected‌ ‌positions‌ ‌(58)‌ ‌ 

 P ϑ Unknown‌ ‌true‌ ‌data-generating‌ ‌distribution‌ ‌(58)‌ ‌ 

q‌ Index‌ ‌of‌ ‌a‌ ‌successor‌ ‌layer‌ ‌of‌ ‌layer‌ ‌‌p‌‌ ‌in‌ ‌an‌ ‌NN‌ ‌(33‌ ‌and‌ ‌61)‌ ‌ 

 ϱ Parameter‌ ‌of‌ ‌‌gFWER‌‌ ‌(23‌ ‌and‌ ‌59)‌ ‌ 

 ϕ Dropout‌ ‌rate‌ ‌in‌ ‌an‌ ‌NN‌ ‌(35‌ ‌and‌ ‌61)‌ ‌ 

r  Global‌ ‌relevance‌ ‌scores‌ ‌in‌ ‌the‌ ‌input‌ ‌layer‌ ‌with‌ ‌ ,‌ ‌where‌ ‌the‌‌ ‌are‌‌averaged‌‌                 r = r( j)       rj      

over‌ ‌all‌ ‌subjects‌ ‌(‌60)‌ ‌ 

R(0,i) Relevance‌ ‌scores‌ ‌of‌ ‌the‌ ‌input‌ ‌layer‌ ‌for‌ ‌sample‌ ‌i‌ ‌(61)‌ ‌ 

R2 Squared‌ ‌correlation‌ ‌coefficients‌ ‌of‌ ‌SNPs‌ ‌in‌ ‌LD‌ ‌(66)‌ ‌ 

ρij Relevance‌ ‌score‌ ‌of‌ ‌subject‌ ‌‌i‌ ‌and‌ ‌SNP‌ ‌‌j‌ ‌‌with‌ ‌ ,‌ ‌where‌ ‌‌u‌ ‌are‌ ‌the‌‌                  3  ρij = (∑
 

u
Ru

(0,i)) /          

indices‌ ‌of‌ ‌the‌ ‌three‌ ‌features‌ ‌that‌ ‌one-hot-encode‌ ‌the‌ ‌corresponding‌ ‌genotype‌ ‌(62)‌ ‌ 

s‌‌  Index‌ ‌of‌ ‌predecessor‌ ‌neuron‌ ‌of‌ ‌neuron‌ ‌‌t‌‌ ‌in‌ ‌an‌ ‌NN‌ ‌(33‌ ‌and‌ ‌61)‌ ‌ 

gn( . )s Sign‌ ‌function‌ ‌(56)‌ ‌ 

t‌ Index‌ ‌of‌ ‌successor‌ ‌neuron‌ ‌of‌ ‌neuron‌ ‌s‌ ‌in‌ ‌an‌ ‌NN‌ ‌(33‌ ‌and‌ ‌61)‌ ‌ 

t* Multiple‌ ‌testing‌ ‌significance‌ ‌threshold‌ ‌(48)‌ ‌ 

τ L1‌ ‌norm‌ ‌regularization‌ ‌parameter‌ ‌in‌ ‌the‌ ‌loss‌ ‌function‌ ‌of‌ ‌an‌ ‌NN‌ ‌(36‌ ‌and‌ ‌68)‌ ‌ 

υ L2‌ ‌norm‌ ‌regularization‌ ‌parameter‌ ‌in‌ ‌the‌ ‌loss‌ ‌function‌ ‌of‌ ‌an‌ ‌NN‌ ‌(36‌ ‌and‌ ‌68)‌ ‌ 

w‌‌  ‌Weight‌ ‌vector‌ ‌of‌ ‌SVM‌ ‌(28‌ ‌and‌ ‌55)‌ ‌ 

‌w* (k)   -th‌ ‌largest‌ ‌value‌ ‌in‌ ‌  ‌in‌ ‌absolute‌ ‌value‌ ‌(57)‌ ‌k w  

wq
st Weight‌ ‌of‌ ‌the‌ ‌connection‌ ‌from‌ ‌neuron‌ ‌‌s‌‌ ‌to‌ ‌neuron‌ ‌‌t‌‌ ‌at‌ ‌layer‌ ‌‌q‌‌ ‌in‌ ‌an‌ ‌NN‌ ‌(33‌ ‌and‌ ‌61)‌ ‌ 

x Observed‌ ‌genotypes‌ ‌of‌ ‌a‌ ‌set‌ ‌of‌ ‌SNPs‌ ‌and‌ ‌a‌ ‌set‌ ‌of‌ ‌subjects‌ ‌with‌ ‌  ‌(53)‌ ‌ x = x( ij)  

xij Genetic‌ ‌information‌ ‌of‌ ‌subject‌ ‌‌i‌‌ ‌in‌ ‌SNP‌ ‌‌j‌ ‌‌with‌‌ ‌  ‌(53)‌ ‌xij ∈ {(1, , ) }0 0 , (0, , )1 0 , (0, , )0 1  

xnew Genotype‌ ‌of‌ ‌an‌ ‌unseen‌ ‌subject‌ ‌(56)‌ ‌ 

‌κ   ‌p‌-value‌ ‌threshold‌ ‌to‌ ‌preselect‌ ‌SNPs‌ ‌for‌ ‌NN‌ ‌training‌ ‌(61)‌ ‌ 

‌y   Observed‌ ‌phenotypes‌ ‌of‌ ‌a‌ ‌set‌ ‌of‌ ‌subjects‌ ‌with‌ ‌  ‌(53)‌ ‌y = (y )i  

yi Label‌ ‌of‌ ‌subject‌ ‌‌i‌‌ ‌with‌ ‌  ‌or‌ ‌  ‌(53)‌ ‌yi ∈ {+ , }1 − 1 yi ∈ {0, }1  

y︿i Prediction‌ ‌scores‌ ‌of‌ ‌a‌ ‌datapoint‌ ‌  ‌(61)‌ ‌xi  

ynew Phenotype‌ ‌of‌ ‌an‌ ‌unseen‌ ‌subject‌ ‌(56)‌ 

, …, yyπ(1)     π(n) Random‌ ‌permutation‌ ‌of‌ ‌the‌ ‌phenotypes‌ ‌  ‌(58)‌ ‌y  

‖ . ‖ 2 L2‌ ‌Euclidean‌ ‌norm‌ ‌(56)‌ ‌ 
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3.1‌ ‌Introduction‌ ‌ 
The‌ ‌goal‌ ‌of‌ ‌GWAS‌ ‌(as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌2.1.3‌)‌ ‌is‌ ‌to‌ ‌examine‌ ‌the‌ ‌relationship‌‌                           
between‌ ‌small‌ ‌genetic‌ ‌variations‌ ‌called‌ ‌SNPs‌ ‌and‌ ‌individual‌ ‌traits,‌ ‌which‌ ‌are‌ ‌usually‌‌                       
complex‌ ‌diseases‌ ‌or‌ ‌behavioral‌ ‌characteristics.‌ ‌The‌ ‌approaches‌ ‌to‌ ‌the‌ ‌analysis‌ ‌of‌‌                     
GWAS‌ ‌either‌ ‌investigate‌ ‌phenotypic‌ ‌risk‌ ‌prediction‌57–61‌ ‌or‌ ‌the‌ ‌explanation‌ ‌of‌ ‌the‌‌                     
corresponding‌ ‌risk‌ ‌effects‌ ‌by‌ ‌determining‌ ‌the‌ ‌set‌ ‌of‌ ‌SNPs‌ ‌are‌ ‌associated‌ ‌with‌ ‌the‌‌                         
trait‌62–66‌.‌ ‌This‌ ‌dissertation‌ ‌aims‌ ‌at‌ ‌both‌ ‌of‌ ‌these‌ ‌goals‌ ‌but‌ ‌puts‌ ‌focus‌ ‌on‌ ‌the‌ ‌latter‌ ‌by‌‌                               
using‌ ‌ML-based‌ ‌prediction‌ ‌methods‌ ‌in‌ ‌combination‌ ‌with‌ ‌statistical‌ ‌testing‌ ‌to‌ ‌identify‌‌                     
SNPs‌ ‌associated‌ ‌with‌ ‌the‌ ‌phenotype‌ ‌under‌ ‌investigation.‌‌ ‌  

Please‌ ‌refer‌ ‌to‌ ‌‌Chapters‌ ‌2.1.3‌ ‌and‌ ‌‌2.2.1‌ ‌for‌ ‌an‌ ‌introduction‌ ‌to‌ ‌GWAS‌ ‌and‌ ‌the‌‌                           
corresponding‌ ‌traditional‌ ‌analysis‌ ‌methods.‌ ‌ 

In‌‌order‌‌to‌‌analyze‌‌GWAS‌‌datasets,‌‌a‌‌huge‌‌number‌‌of‌‌statistical‌‌tests‌‌are‌‌performed‌‌in‌‌                             
parallel,‌ ‌each‌ ‌SNP‌ ‌being‌ ‌‌individually‌ ‌tested‌ ‌for‌ ‌association‌43,68,69‌.‌ ‌The‌ ‌traditional‌‌                   
approach‌‌-‌‌referred‌‌to‌‌as‌‌RPVT‌‌and‌‌introduced‌‌in‌‌‌Chapter‌‌2.2.1‌‌-‌‌consists‌‌of‌‌carrying‌‌                             
out‌ ‌individual‌ ‌statistical‌ ‌association‌ ‌tests‌ ‌for‌ ‌all‌ ‌SNPs‌ ‌and‌ ‌comparing‌ ‌the‌ ‌resulting‌‌                       
p‌-values‌‌to‌‌a‌‌predefined‌‌significance‌‌threshold‌‌ .‌‌Per‌‌definition,‌‌precisely‌‌those‌‌SNPs‌‌            t*            
with‌‌‌p‌-values‌‌smaller‌‌than‌‌ ‌‌are‌‌declared‌‌to‌‌be‌‌associated‌‌with‌‌the‌‌trait‌43,44‌.‌‌We‌‌review‌‌        t*                      
some‌ ‌standard‌ ‌methods‌ ‌for‌ ‌choosing‌ ‌ ‌‌for‌ ‌the‌ ‌purpose‌ ‌of‌‌controlling‌‌multiple‌‌type‌‌I‌‌          t*                  
error‌ ‌rates‌ ‌(in‌ ‌particular,‌ ‌‌FWER‌ ‌and‌ ‌the‌ ‌‌ENFR‌)‌ ‌in‌ ‌‌Chapter‌ ‌3.2.1‌.‌ ‌Following‌‌                       
developments‌ ‌in‌ ‌biotechnology,‌ ‌GWAS‌ ‌have‌ ‌developed‌ ‌into‌ ‌a‌ ‌powerful‌ ‌tool‌ ‌that‌‌                     
provides‌ ‌valuable‌ ‌insights‌ ‌into‌ ‌the‌ ‌genetic‌ ‌causes‌ ‌of‌ ‌several‌ ‌important‌ ‌phenotypes.‌‌                     
Especially‌ ‌for‌ ‌common‌ ‌diseases,‌ ‌GWAS‌ ‌have‌ ‌improved‌ ‌our‌ ‌understanding‌ ‌of‌ ‌the‌‌                     
underlying‌‌genetic‌‌inheritance‌‌processes‌43,44‌.‌‌However,‌‌variants‌‌reported‌‌by‌‌GWAS‌‌tend‌‌                   
to‌ ‌explain‌ ‌only‌ ‌small‌ ‌fractions‌ ‌of‌ ‌individual‌ ‌traits‌ ‌and‌ ‌the‌ ‌genetic‌ ‌architectures‌ ‌and‌‌                         
variances‌ ‌of‌ ‌most‌ ‌traits‌ ‌and‌ ‌complex‌ ‌diseases‌ ‌remain‌ ‌largely‌ ‌unexplained.‌ ‌This‌‌                     
phenomenon‌‌-‌‌often‌‌referred‌‌to‌‌as‌‌“‌the‌‌mystery‌‌of‌‌missing‌‌heritability‌”‌‌-‌‌is‌‌assumed‌‌to‌‌                             
be‌ ‌-‌ ‌at‌ ‌least‌ ‌partially‌‌-‌‌caused‌‌by‌‌the‌‌way‌‌GWAS‌‌datasets‌‌are‌‌traditionally‌‌analyzed‌8,9‌.‌‌                             
RPVT‌‌is‌‌based‌‌on‌‌testing‌‌SNPs‌‌individually‌‌and‌‌in‌‌parallel,‌‌which‌‌intrinsically‌‌ignores‌‌                         
any‌‌potential‌‌epistatic‌‌interactions‌9,188‌ ‌between‌‌or‌‌correlation‌‌structures‌‌among‌‌the‌‌set‌‌of‌‌                       
SNPs‌ ‌under‌ ‌investigation‌68,69‌.‌ ‌Studies‌ ‌fail‌ ‌to‌ ‌identify‌ ‌multi-locus‌ ‌effects‌ ‌by‌ ‌using‌ ‌the‌‌                       
traditional‌‌RPVT‌‌approaches‌‌and‌‌a‌‌large‌‌amount‌‌of‌‌potentially‌‌available‌‌information‌‌is‌‌                       
lost‌189‌.‌ ‌Only‌ ‌very‌ ‌few‌ ‌diseases‌ ‌rely‌ ‌on‌ ‌single‌ ‌genetic‌ ‌defects‌ ‌with‌‌large‌‌effects,‌‌while‌‌                           
most‌ ‌complex‌ ‌diseases‌ ‌are‌ ‌caused‌ ‌by‌ ‌epistatic‌ ‌interactions‌ ‌of‌ ‌multiple‌‌genetic‌‌factors‌‌                       
with‌ ‌small‌ ‌effects.‌ ‌Further‌ ‌influence‌ ‌originates‌‌from‌‌correlation‌‌structures‌‌due‌‌to‌‌both‌‌                       
population‌ ‌genetics‌ ‌(‌i.e.‌ ‌LD)‌ ‌and‌ ‌biological‌ ‌relations‌ ‌(‌i.e.‌ ‌functional‌ ‌relationships‌‌                   
between‌‌genes)‌42‌.‌‌The‌‌latter‌‌issue‌‌by‌‌itself‌‌is‌‌likely‌‌to‌‌introduce‌‌confounding‌‌factors‌‌and‌‌                           
artifacts,‌ ‌implying‌ ‌a‌ ‌loss‌ ‌in‌ ‌statistical‌ ‌power‌189‌ ‌and‌ ‌a‌ ‌lack‌ ‌of‌ ‌reliable‌ ‌insights‌ ‌about‌‌                           
genotype-phenotype‌ ‌associations.‌ ‌Brute‌ ‌force‌ ‌multivariate‌ ‌approaches‌ ‌to‌ ‌identify‌ ‌the‌‌                 
aforementioned‌ ‌dependencies‌ ‌are‌ ‌oftentimes‌ ‌computationally‌ ‌too‌ ‌expensive‌ ‌for‌ ‌large‌‌                 
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GWAS‌ ‌datasets‌ ‌and‌ ‌are‌ ‌limited‌ ‌by‌ ‌low‌ ‌statistical‌ ‌power‌ ‌due‌ ‌to‌ ‌excessive‌ ‌multiple‌‌                         
testing.‌ ‌A‌ ‌few‌ ‌attempts‌ ‌have‌ ‌been‌ ‌made‌ ‌to‌ ‌identify‌ ‌genetic‌ ‌interactions,‌ ‌but‌ ‌most‌ ‌of‌‌                           
them‌ ‌are‌ ‌not‌ ‌able‌ ‌to‌ ‌find‌ ‌strong,‌ ‌statistically‌ ‌significant‌ ‌associations‌188,190–192‌.‌ ‌ 

To‌‌overcome‌‌these‌‌limitations‌‌of‌‌traditional‌‌approaches‌‌and‌‌following‌‌the‌‌rise‌‌of‌‌ML‌‌in‌‌                           
data‌ ‌science‌ ‌and‌ ‌the‌ ‌increase‌ ‌in‌‌the‌‌amount‌‌of‌‌available‌‌large-scale‌‌GWAS‌‌datasets,‌‌a‌‌                           
number‌‌of‌‌methods‌‌have‌‌been‌‌proposed‌‌to‌‌introduce‌‌ML‌‌tools‌‌for‌‌the‌‌analysis‌‌of‌‌such‌‌                             
studies.‌‌Linear‌‌approaches‌‌such‌‌as‌‌multivariate‌‌logistic‌‌regression‌‌and‌‌sparse‌‌penalized‌‌                     
methods,‌ ‌including‌ ‌Lasso,‌ ‌have‌ ‌been‌ ‌applied‌ ‌to‌‌GWAS‌‌datasets.‌‌In‌‌general,‌‌penalized‌‌                       
models‌ ‌achieve‌ ‌better‌ ‌performances‌ ‌than‌ ‌non-penalized‌ ‌methods‌60,193–195‌.‌ ‌Nonlinear‌‌               
models,‌ ‌such‌ ‌as‌ ‌random‌ ‌forests,‌ ‌gradient‌ ‌boosted‌ ‌trees‌ ‌and‌ ‌bayesian‌ ‌models‌60,193,196,197‌ ‌                     
investigate‌ ‌interactions‌ ‌and‌ ‌correlations‌ ‌in‌ ‌the‌ ‌genetic‌ ‌architecture‌ ‌of‌ ‌traits‌ ‌but‌ ‌are‌‌                       
mostly‌ ‌found‌ ‌to‌ ‌be‌ ‌outperformed‌ ‌by‌ ‌linear‌ ‌penalized‌ ‌methods‌60,190,193,196‌.‌‌ ‌  

To‌ ‌harness‌ ‌even‌ ‌more‌ ‌sophisticated‌‌nonlinear‌‌ML‌‌methods‌‌for‌‌the‌‌analysis‌‌of‌‌GWAS,‌‌                         
attention‌‌has‌‌recently‌‌been‌‌drawn‌‌to‌‌NNs,‌‌which‌‌we‌‌have‌‌introduced‌‌in‌‌‌Chapter‌‌2.3.3‌.‌‌                           
NNs‌ ‌have‌ ‌been‌ ‌applied‌ ‌to‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS‌ ‌datasets‌198,199‌,‌ ‌but‌ ‌most‌ ‌of‌ ‌the‌‌                           
corresponding‌‌publications‌‌focus‌‌on‌‌risk‌‌prediction‌193,200–202‌ ‌and‌‌only‌‌very‌‌few‌‌methods‌‌                     
have‌ ‌been‌ ‌proposed‌ ‌for‌ ‌identifying‌ ‌SNP‌ ‌disease‌ ‌associations‌193,203‌.‌‌ ‌  

Romagnoni‌ ‌‌et‌ ‌al.‌193‌ ‌present‌ ‌a‌ ‌thorough‌ ‌comparison‌ ‌of‌ ‌conventional‌ ‌statistical‌‌                   
approaches,‌ ‌traditional‌ ‌ML-based‌ ‌techniques‌ ‌and‌ ‌state-of-the-art‌ ‌deep‌ ‌learning-based‌‌               
methods‌‌in‌‌terms‌‌of‌‌both‌‌prediction‌‌rates‌‌and‌‌the‌‌identification‌‌of‌‌SNP‌‌associations‌‌on‌‌a‌‌                             
Crohn’s‌ ‌Disease‌ ‌immunochip‌ ‌dataset.‌ ‌Classification‌ ‌performances‌ ‌of‌ ‌numerous‌‌               
methods‌ ‌(Lasso‌ ‌as‌ ‌a‌ ‌reference,‌ ‌penalized‌ ‌logistic‌ ‌regression,‌ ‌gradient‌ ‌boosted‌ ‌trees,‌‌                     
NNs)‌ ‌are‌ ‌compared‌ ‌and‌ ‌found‌ ‌to‌ ‌be‌ ‌similar‌ ‌for‌ ‌most‌ ‌methods‌ ‌(linear‌ ‌and‌ ‌nonlinear)‌‌                           
implicating‌‌potentially‌‌“‌limited‌‌epistatic‌‌effects‌‌in‌‌the‌‌genetic‌‌architecture‌”‌193‌.‌‌However,‌‌                   
when‌ ‌investigating‌ ‌the‌ ‌associated‌ ‌genetic‌ ‌regions‌ ‌identified‌ ‌by‌ ‌the‌ ‌different‌ ‌methods,‌‌                     
ML‌‌and‌‌deep‌‌learning-based‌‌methods‌‌are‌‌indeed‌‌found‌‌to‌‌provide‌‌new‌‌insights‌‌into‌‌the‌‌                           
genetic‌ ‌architecture‌‌of‌‌the‌‌trait.‌‌Romagnoni‌‌‌et‌‌al.‌‌achieve‌‌this‌‌by‌‌applying‌‌the‌‌concept‌‌                           
of‌ ‌XAI,‌ ‌which‌ ‌we‌ ‌have‌ ‌introduced‌ ‌in‌ ‌Chapter‌ ‌2.3.4‌ ‌of‌ ‌this‌ ‌dissertation‌ ‌as‌ ‌a‌‌                           
fast-moving‌ ‌field‌ ‌of‌ ‌AI‌ ‌that‌ ‌has‌ ‌emerged‌ ‌recently‌155–158‌.‌ ‌The‌‌explanation‌‌method‌‌used‌‌                       
by‌ ‌Romagnoni‌ ‌‌et‌ ‌al.‌ ‌-‌ ‌permutation‌ ‌feature‌ ‌importance‌ ‌(PFI)‌159‌ ‌-‌ ‌is‌ ‌a‌ ‌generalized,‌‌                         
model-agnostic‌ ‌approach‌ ‌and‌ ‌more‌ ‌sophisticated‌ ‌methods‌ ‌specifically‌‌tailored‌‌to‌‌NNs‌‌                   
are‌ ‌available.‌‌ ‌  

In‌‌this‌‌dissertation,‌‌we‌‌aim‌‌to‌‌validate‌‌the‌‌proposed‌‌thesis‌‌that‌‌it‌‌is‌‌preferable‌‌to‌‌develop‌‌                               
methods‌ ‌that‌ ‌combine‌ ‌the‌ ‌advantages‌ ‌of‌ ‌traditional‌ ‌and‌ ‌novel‌ ‌technologies‌ ‌and‌‌                     
approaches.‌ ‌With‌ ‌this‌ ‌in‌ ‌view,‌ ‌we‌ ‌propose‌ ‌two‌ ‌combinatorial‌ ‌approaches‌ ‌to‌ ‌couple‌‌                       
multiple‌ ‌hypothesis‌ ‌testing‌ ‌with‌ ‌ML-based‌ ‌methods‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS.‌‌Some‌‌                       
models‌‌have‌‌previously‌‌been‌‌introduced‌‌for‌‌GWAS‌‌that‌‌combine‌‌statistical‌‌testing‌‌and‌‌                       
ML‌ ‌for‌ ‌identifying‌ ‌SNP‌ ‌disease‌ ‌associations‌62,63‌.‌ ‌However,‌ ‌most‌ ‌of‌ ‌these‌ ‌methods‌‌do‌‌                       
not‌ ‌provide‌ ‌validation‌ ‌on‌ ‌real‌ ‌data‌ ‌comparing‌ ‌to‌ ‌the‌ ‌GWAS‌ ‌database‌ ‌and‌ ‌very‌ ‌few‌‌                           
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provide‌ ‌a‌ ‌full‌ ‌evaluation‌ ‌of‌ ‌identified‌ ‌genetic‌ ‌variants‌ ‌in‌ ‌terms‌ ‌of‌ ‌comparison‌ ‌to‌‌                         
previously‌ ‌published‌ ‌GWAS.‌‌ ‌  

The‌‌core‌‌idea‌‌of‌‌this‌‌work‌‌is‌‌to‌‌develop‌‌principled,‌‌reliable‌‌and‌‌replicable‌‌methods‌‌for‌‌                             
identifying‌ ‌significant‌ ‌SNP-phenotype‌ ‌associations‌ ‌that‌ ‌can‌ ‌be‌ ‌described‌ ‌as‌ ‌two-step‌‌                   
algorithms‌ ‌consisting‌ ‌of‌‌ ‌  

1. an‌ ‌ML‌‌and‌‌SNP‌‌selection‌‌step‌‌that‌‌drastically‌‌reduces‌‌the‌‌number‌‌of‌‌candidate‌‌                         
SNPs‌ ‌by‌ ‌selecting‌ ‌only‌ ‌a‌ ‌small‌ ‌subset‌ ‌of‌ ‌the‌ ‌most‌ ‌predictive‌ ‌SNPs;‌ ‌and‌ ‌ 

2. a‌ ‌statistical‌ ‌testing‌ ‌step,‌ ‌where‌ ‌only‌ ‌the‌ ‌SNPs‌ ‌selected‌ ‌in‌ ‌step‌ ‌1‌ ‌are‌‌tested‌‌for‌‌                             
association.‌ ‌ 

In‌‌this‌‌dissertation,‌‌we‌‌propose‌‌two‌‌novel‌‌methods‌‌-‌‌called‌‌COMBI‌‌and‌‌DeepCOMBI‌‌-‌‌                           
that‌ ‌implement‌ ‌this‌ ‌general‌ ‌idea‌ ‌in‌ ‌different‌ ‌ways.‌ ‌‌Figure‌ ‌11‌ ‌‌shows‌ ‌graphical‌‌                       
representations‌ ‌of‌ ‌both‌ ‌approaches.‌‌ ‌  

Figure‌ ‌11:‌ ‌Graphical‌ ‌representations‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌and‌ ‌the‌ ‌DeepCOMBI‌ ‌method:‌ ‌A‌ ‌The‌ ‌COMBI‌ ‌method.‌‌ 
Receiving‌ ‌genotypes‌ ‌and‌ ‌corresponding‌ ‌phenotypes‌ ‌of‌ ‌a‌ ‌GWAS‌ ‌as‌ ‌input,‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌first‌ ‌trains‌ ‌an‌ ‌SVM‌ ‌to‌‌ 
select‌ ‌a‌ ‌set‌ ‌of‌ ‌most‌ ‌predictive‌ ‌candidate‌ ‌SNPs‌ ‌and‌ ‌then‌ ‌calculates‌ ‌‌p‌-values‌ ‌and‌ ‌corresponding‌ ‌significance‌ ‌thresholds‌‌ 
in‌ ‌a‌ ‌statistical‌ ‌testing‌ ‌step.‌ ‌‌B‌‌ ‌‌The‌ ‌DeepCOMBI‌ ‌method.‌‌ ‌Receiving‌ ‌genotypes‌ ‌and‌ ‌phenotypes‌ ‌of‌ ‌a‌ ‌GWAS‌ ‌as‌ ‌input,‌‌ 

the‌ ‌DeepCOMBI‌ ‌method‌ ‌first‌ ‌applies‌ ‌a‌ ‌deep‌ ‌learning‌ ‌step‌ ‌to‌ ‌train‌ ‌a‌ ‌DNN‌ ‌to‌ ‌classify‌ ‌subjects.‌ ‌Afterwards,‌ ‌in‌ ‌the‌‌ 
explanation‌ ‌step,‌ ‌it‌ ‌selects‌ ‌the‌ ‌most‌ ‌relevant‌ ‌SNPs‌ ‌by‌ ‌applying‌ ‌LRP‌ ‌to‌ ‌calculate‌ ‌relevance‌ ‌scores‌ ‌for‌ ‌each‌ ‌SNP.‌‌ 

Finally,‌ ‌for‌ ‌this‌ ‌set‌ ‌of‌ ‌most‌ ‌relevant‌ ‌SNPs,‌ ‌DeepCOMBI‌ ‌calculates‌ ‌‌p‌-values‌ ‌and‌ ‌corresponding‌ ‌significance‌‌ 
thresholds‌ ‌in‌ ‌a‌ ‌statistical‌ ‌testing‌ ‌step.‌‌ ‌  
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The‌ ‌COMBI‌ ‌and‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌share‌ ‌the‌ ‌same‌ ‌types‌ ‌of‌ ‌input‌ ‌and‌ ‌output‌‌                           
variables‌‌but‌‌differ‌‌in‌‌the‌‌way‌‌they‌‌identify‌‌candidate‌‌locations‌‌by‌‌training‌‌an‌‌SVM‌‌and‌‌                             
using‌ ‌the‌ ‌weights‌ ‌as‌ ‌importance‌ ‌scores‌ ‌on‌ ‌the‌ ‌one‌ ‌hand‌ ‌(‌Figure‌ ‌11‌ ‌A‌ ‌‌-‌ ‌COMBI)‌ ‌or‌‌                               
learning‌‌a‌‌DNN‌‌and‌‌applying‌‌LRP‌‌to‌‌compute‌‌relevance‌‌scores‌‌on‌‌the‌‌other‌‌(‌Figure‌‌11‌‌                             
B‌ ‌‌-‌ ‌DeepCOMBI).‌ ‌In‌ ‌identical‌ ‌final‌ ‌steps,‌ ‌both‌ ‌methods‌ ‌apply‌ ‌multiple‌ ‌hypothesis‌‌                       
testing‌‌and‌‌appropriate‌‌thresholding‌‌to‌‌calculate‌‌‌p‌-values‌‌and‌‌obtain‌‌a‌‌list‌‌of‌‌significant‌‌                         
phenotype-genotype‌ ‌associations.‌‌ ‌  

The‌ ‌first‌ ‌novel‌ ‌methodology‌ ‌of‌ ‌this‌ ‌dissertation,‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌(‌Figure‌ ‌11‌ ‌A‌),‌‌                         
employs‌‌the‌‌ML‌‌technique‌‌of‌‌an‌‌SVM‌11–13‌ ‌in‌‌the‌‌first‌‌step‌‌of‌‌the‌‌aforementioned‌‌general‌‌                             
idea.‌ ‌Crucially,‌ ‌SVMs‌ ‌are‌ ‌tailored‌ ‌to‌ ‌predict‌ ‌the‌ ‌target‌ ‌output‌ ‌(here,‌ ‌the‌ ‌phenotype)‌‌                         
from‌‌high-dimensional‌‌data‌‌with‌‌a‌‌possibly‌‌complex,‌‌unknown‌‌correlation‌‌structure.‌‌In‌‌                     
our‌ ‌application,‌ ‌COMBI‌ ‌trains‌‌an‌‌SVM‌‌based‌‌‌on‌‌a‌‌sample‌‌of‌‌observed‌‌genotypes‌‌and‌‌                           
corresponding‌‌phenotypes‌‌and‌‌interprets‌‌the‌‌absolute‌‌values‌‌of‌‌the‌‌parameter‌‌vector‌‌as‌‌                       
a‌‌measure‌‌of‌‌importance‌‌of‌‌each‌‌SNP‌‌for‌‌the‌‌prediction‌‌function.‌‌After‌‌post-processing‌‌                         
the‌ ‌weights‌ ‌through‌ ‌a‌‌‌p-‌th-order‌‌moving‌‌average‌‌filter,‌‌the‌‌SNPs‌‌corresponding‌‌to‌‌the‌‌                         
largest‌ ‌weights‌ ‌are‌ ‌selected‌ ‌for‌ ‌multiple‌ ‌hypothesis‌ ‌testing‌ ‌while‌ ‌all‌ ‌other‌ ‌SNPs‌ ‌are‌‌                         
discarded.‌‌Since‌‌the‌‌SVM‌‌is‌‌trained‌‌using‌‌the‌‌complete‌‌SNP‌‌data‌‌of‌‌one‌‌chromosome,‌‌                           
the‌ ‌first‌ ‌step‌ ‌acts‌ ‌as‌ ‌a‌ ‌filter,‌ ‌selecting‌ ‌only‌ ‌SNPs‌ ‌that‌ ‌are‌ ‌relevant‌ ‌for‌ ‌phenotype‌‌                             
classification‌ ‌with‌ ‌either‌‌high‌‌individual‌‌effects‌‌or‌‌effects‌‌in‌‌combination‌‌with‌‌the‌‌rest‌‌                         
of‌‌the‌‌SNPs‌‌of‌‌that‌‌chromosome,‌‌while‌‌discarding‌‌artifacts‌‌due‌‌to‌‌correlation‌‌structures.‌‌                         
The‌‌second‌‌step‌‌uses‌‌multiple‌‌statistical‌‌hypothesis‌‌testing‌‌for‌‌a‌‌quantitative‌‌assessment‌‌                       
of‌‌the‌‌individual‌‌relevance‌‌of‌‌the‌‌selected‌‌SNPs.‌‌The‌‌‌significance‌‌threshold‌‌is‌‌calibrated‌‌                         
using‌ ‌a‌ ‌permutation-based‌ ‌method‌ ‌over‌ ‌the‌ ‌‌whole‌ ‌procedure‌.‌ ‌‌All‌ ‌in‌ ‌all,‌‌the‌‌two‌‌steps‌‌                           
extract‌ ‌complementary‌ ‌types‌ ‌of‌ ‌information,‌ ‌which‌ ‌are‌ ‌combined‌ ‌in‌ ‌the‌ ‌final‌ ‌output.‌‌                       
Importantly,‌‌the‌‌calibration‌‌of‌‌the‌‌method‌‌is‌‌such‌‌that‌‌a‌‌global‌‌statistical‌‌error‌‌criterion‌‌                           
is‌ ‌controlled‌ ‌for‌ ‌the‌ ‌entire‌ ‌procedure‌ ‌consisting‌ ‌of‌ ‌steps‌ ‌1‌ ‌and‌ ‌2.‌ ‌ 

The‌‌second‌‌contribution‌‌of‌‌this‌‌dissertation‌‌-‌‌the‌‌DeepCOMBI‌‌method‌‌(‌Figure‌‌11‌‌B‌)‌‌-‌‌                           
employs‌‌artificial‌‌NNs‌‌and‌‌XAI‌‌in‌‌the‌‌first‌‌step‌‌of‌‌the‌‌general‌‌algorithm‌‌from‌‌above‌‌for‌‌                               
identifying‌ ‌SNP-phenotype‌ ‌associations.‌ ‌The‌ ‌method‌ ‌is‌ ‌based‌ ‌on‌‌a‌‌deep‌‌learning‌‌step‌‌                       
that‌ ‌trains‌ ‌a‌ ‌DNN‌ ‌to‌ ‌classify‌ ‌GWAS‌ ‌subjects‌ ‌into‌ ‌their‌ ‌respective‌ ‌phenotype‌ ‌class.‌‌                         
Using‌ ‌an‌ ‌explanation‌ ‌method,‌ ‌the‌ ‌contributions‌ ‌of‌ ‌all‌ ‌SNPs‌ ‌to‌ ‌each‌ ‌individual‌‌                       
classification‌ ‌result‌ ‌are‌ ‌assessed.‌ ‌The‌ ‌obtained‌ ‌relevance‌ ‌scores‌ ‌are‌ ‌used‌ ‌to‌‌select‌‌the‌‌                         
subset‌ ‌of‌ ‌most‌ ‌relevant‌ ‌SNPs‌ ‌for‌ ‌the‌ ‌final‌ ‌multiple‌ ‌testing‌‌step,‌‌where‌‌only‌‌the‌‌SNPs‌‌                             
selected‌ ‌in‌ ‌step‌ ‌2‌ ‌are‌ ‌tested‌ ‌for‌‌statistically‌‌significant‌‌association‌‌with‌‌the‌‌trait‌‌under‌‌                           
investigation.‌‌The‌‌same‌‌permutation-based‌‌procedure‌‌used‌‌in‌‌COMBI‌‌is‌‌applied‌‌here‌‌to‌‌                       
calibrate‌‌the‌‌significance‌‌threshold.‌‌DeepCOMBI‌‌can‌‌be‌‌viewed‌‌as‌‌an‌‌extension‌‌of‌‌the‌‌                         
COMBI‌ ‌method‌ ‌replacing‌ ‌the‌ ‌prediction‌ ‌step‌ ‌of‌ ‌the‌ ‌SVM‌ ‌with‌ ‌a‌ ‌more‌ ‌sophisticated‌‌                         
deep‌ ‌learning‌‌method‌‌and‌‌using‌‌the‌‌concept‌‌of‌‌explainability‌‌to‌‌extract‌‌SNP‌‌relevance‌‌                         
scores‌ ‌via‌ ‌LRP‌16–18‌.‌ ‌To‌ ‌the‌ ‌best‌ ‌of‌ ‌our‌ ‌knowledge,‌ ‌deep‌ ‌Taylor-based‌ ‌explanation‌‌                       
techniques‌17‌ ‌have‌ ‌not‌ ‌yet‌ ‌been‌ ‌applied‌ ‌in‌ ‌the‌ ‌field‌ ‌of‌ ‌GWAS‌ ‌for‌ ‌the‌ ‌analysis‌‌of‌‌such‌‌                               
data.‌ ‌LRP‌ ‌provides‌ ‌a‌ ‌direct‌ ‌way‌ ‌to‌ ‌compute‌ ‌feature‌ ‌importance‌ ‌scores‌ ‌and‌ ‌has‌ ‌been‌‌                           
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applied‌ ‌very‌ ‌successfully‌ ‌in‌ ‌numerous‌ ‌data‌ ‌science‌ ‌problems‌ ‌to‌ ‌explain‌ ‌decisions‌ ‌of‌‌                       
NNs‌163,204‌.‌ ‌Instead‌ ‌of‌ ‌basing‌ ‌the‌ ‌importance‌ ‌score‌ ‌of‌ ‌a‌ ‌SNP‌ ‌on‌ ‌the‌ ‌data‌ ‌of‌ ‌that‌ ‌SNP‌‌                               
alone,‌ ‌correlation‌ ‌structures‌ ‌and‌ ‌possible‌ ‌interactions‌ ‌are‌ ‌automatically‌ ‌taken‌ ‌into‌‌                   
account.‌‌The‌‌main‌‌motivation‌‌behind‌‌DeepCOMBI‌‌is‌‌to‌‌harness‌‌the‌‌immense‌‌potential‌‌                       
of‌ ‌sophisticated,‌ ‌state-of-the-art‌ ‌AI‌ ‌methods‌ ‌to‌ ‌examine‌ ‌complex‌ ‌and‌ ‌potentially‌‌                   
nonlinear‌ ‌structures‌ ‌in‌ ‌high-dimensional‌ ‌data‌ ‌by‌ ‌applying‌ ‌the‌ ‌concept‌ ‌of‌ ‌DNNs‌ ‌to‌                       
GWAS‌‌in‌‌the‌‌first‌‌step‌‌of‌‌the‌‌algorithm.‌‌Subsequently,‌‌in‌‌step‌‌2,‌‌DeepCOMBI‌‌identifies‌‌                           
a‌ ‌set‌ ‌of‌ ‌SNPs‌ ‌that‌ ‌have‌ ‌strong‌ ‌effects‌ ‌on‌ ‌the‌ ‌classification‌ ‌result‌ ‌of‌ ‌the‌ ‌DNN‌ ‌either‌‌                               
individually‌‌or‌‌in‌‌combination‌‌with‌‌other‌‌SNPs‌‌and‌‌not‌‌due‌‌to‌‌correlation‌‌structures‌‌by‌‌                           
calculating‌‌an‌‌explanation‌‌score‌‌for‌‌each‌‌SNP,‌‌which‌‌reflects‌‌its‌‌contribution‌‌to‌‌the‌‌final‌‌                           
classification‌ ‌decision.‌ ‌ 

In‌‌the‌‌following‌‌‌Chapter‌‌3.2‌,‌‌we‌‌first‌‌describe‌‌the‌‌methodologies‌‌behind‌‌COMBI‌‌and‌‌                         
DeepCOMBI‌ ‌and‌ ‌then‌ ‌provide‌ ‌details‌ ‌on‌ ‌our‌ ‌approach‌ ‌to‌ ‌validating‌ ‌their‌ ‌superiority‌‌                       
over‌ ‌other‌ ‌methods‌ ‌on‌ ‌both‌‌controlled‌‌generated‌‌datasets‌‌as‌‌well‌‌as‌‌on‌‌a‌‌2007‌‌GWAS‌‌                             
dataset‌ ‌of‌ ‌seven‌ ‌common‌ ‌diseases‌14‌.‌ ‌The‌ ‌performances‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌and‌‌                     
DeepCOMBI‌ ‌methods‌ ‌are‌ ‌reported‌ ‌and‌ ‌compared‌ ‌in‌ ‌‌Chapter‌ ‌3.3‌,‌ ‌‌where‌ ‌we‌ ‌also‌‌                       
include‌ ‌and‌ ‌discuss‌ ‌the‌ ‌highly‌ ‌favorable‌ ‌comparisons‌ ‌with‌ ‌the‌ ‌algorithms‌ ‌that‌ ‌could‌‌                       
potentially‌ ‌compete‌ ‌with‌ ‌both‌ ‌methods.‌ ‌Note‌ ‌that‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌yield‌‌                     
better‌ ‌predictions‌ ‌with‌ ‌fewer‌ ‌‌false‌ ‌(‌i.e‌.‌ ‌non-replicated)‌ ‌and‌ ‌more‌ ‌‌true‌ ‌(‌i.e‌.‌ ‌replicated)‌‌                       
discoveries‌ ‌when‌ ‌its‌ ‌results‌ ‌are‌ ‌validated‌ ‌on‌ ‌later,‌ ‌larger‌ ‌GWAS.‌ ‌DeepCOMBI‌‌                     
compares‌ ‌favorably‌ ‌to‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌in‌ ‌terms‌‌of‌‌both‌‌classification‌‌accuracy‌‌as‌‌                         
well‌‌as‌‌SNP‌‌association‌‌prediction‌‌when‌‌validated‌‌with‌‌all‌‌associations‌‌reported‌‌within‌‌                       
the‌‌GWAS‌‌catalog‌‌accessed‌‌in‌‌2020.‌‌A‌‌thorough‌‌discussion‌‌of‌‌the‌‌results‌‌and‌‌all‌‌related‌‌                             
ML‌ ‌work,‌ ‌along‌ ‌with‌ ‌a‌ ‌concluding‌ ‌summary,‌ ‌is‌ ‌given‌ ‌in‌ ‌‌Chapter‌‌ ‌‌3.4‌.‌‌ ‌  

An‌ ‌implementation‌ ‌of‌ ‌both‌ ‌methods‌ ‌in‌ ‌Python‌ ‌is‌ ‌available‌ ‌on‌ ‌GitHub‌ ‌at‌‌                       
https://github.com/AlexandreRozier/DeepCombi.‌ ‌Further‌ ‌Implementations‌ ‌of‌ ‌the‌‌         
COMBI‌ ‌method‌ ‌are‌ ‌available‌ ‌in‌ ‌R,‌ ‌MATLAB‌ ‌and‌ ‌JAVA,‌ ‌as‌ ‌a‌ ‌part‌ ‌of‌ ‌the‌ ‌GWASpi‌‌                             
toolbox‌ ‌2.0‌ ‌(https://bitbucket.org/gwas_combi/gwaspi/,‌ ‌login‌ ‌user‌ ‌name:‌‌           
gwas_combi_guest,‌ ‌password:‌ ‌combi123).‌‌ ‌ ‌    
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3.2‌ ‌Methods‌ ‌ 
In‌ ‌the‌ ‌following‌ ‌sections,‌ ‌we‌ ‌formally‌ ‌introduce‌ ‌the‌ ‌statistical‌ ‌problem‌ ‌under‌‌                     
investigation‌ ‌in‌ ‌a‌ ‌GWAS,‌ ‌present‌ ‌the‌ ‌detailed‌ ‌methodology‌ ‌behind‌ ‌the‌ ‌two‌ ‌proposed‌‌                       
methods‌ ‌-‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌-‌ ‌and‌ ‌present‌ ‌the‌ ‌corresponding‌ ‌evaluation‌‌                     
procedures‌‌on‌‌generated‌‌synthetic‌‌data‌‌and‌‌a‌‌real-world‌‌application‌‌on‌‌a‌‌known‌‌GWAS‌                         
dataset.‌‌ ‌  

3.2.1‌ ‌Problem‌ ‌setting‌ ‌ 

A‌‌GWAS,‌‌as‌‌described‌‌in‌‌‌Chapter‌‌2.1.3‌,‌‌investigates‌‌the‌‌observed‌‌genotypes‌‌ ‌of‌‌a‌‌set‌‌                      x        
of‌ ‌SNPs‌ ‌and‌ ‌a‌ ‌set‌ ‌of‌ ‌subjects‌ ‌labeled‌ ‌with‌ ‌the‌ ‌corresponding‌ ‌phenotypes‌ ‌ .‌ ‌Let‌ ‌ ‌                        y      n  
denote‌ ‌the‌ ‌number‌ ‌of‌ ‌subjects‌ ‌in‌ ‌the‌ ‌study‌ ‌and‌ ‌ ‌the‌ ‌number‌ ‌of‌ ‌SNPs‌ ‌under‌‌                  d            

investigation.‌ ‌Given‌ ‌a‌ ‌sample‌ ‌of‌ ‌observed‌ ‌genotypes‌ ‌and‌‌              x = x( ij)1≤i≤n,1≤j≤d
∈ ℜn×3d    

corresponding‌‌phenotypes‌ ,‌‌each‌‌ ‌and‌‌each‌‌ ‌corresponds‌‌to‌‌  y  = (y , …, )1    yn ∈ ℜn     xi*
      x j*

     
a‌ ‌subject‌ ‌and‌ ‌a‌ ‌SNP,‌ ‌respectively.‌ ‌Both‌ ‌the‌ ‌genotypic‌ ‌information‌ ‌in‌ ‌SNP‌ ‌ ‌and‌ ‌the‌‌                        j      
phenotypes‌ ‌of‌ ‌subject‌ ‌ ‌are‌ ‌encoded‌ ‌in‌ ‌a‌ ‌binary‌‌way.‌‌The‌‌number‌‌of‌‌minor‌‌alleles‌‌in‌‌      i                          
SNP‌ ‌ ‌of‌ ‌subject‌ ‌ ‌is‌ ‌represented‌ ‌by‌ ‌ ‌and‌‌  j       i         xij ∈ {(1, , ) }0 0 , (0, , )1 0 , (0, , )0 1    

‌or‌ ‌ ‌for‌ ‌all‌ ‌ ‌is‌ ‌the‌ ‌binary‌ ‌label‌ ‌separating‌ ‌cases‌‌yi ∈ {+ , }1 − 1     yi ∈ {0, }1       , …, ni = 1                  
from‌ ‌controls.‌ ‌The‌ ‌data‌ ‌of‌ ‌one‌ ‌SNP‌ ‌can‌ ‌be‌ ‌summarized‌ ‌in‌ ‌a‌ ‌contingency‌ ‌table‌ ‌as‌‌                             
presented‌ ‌in‌ ‌‌Table‌ ‌1‌.‌ ‌ 

Table‌ ‌1:‌ Tabular‌ ‌representation‌ ‌of‌ ‌single‌ ‌SNP‌ ‌data.‌ ‌‌Single‌‌ ‌‌SNP‌ ‌data‌ ‌is‌ ‌summarized‌ ‌in‌ ‌categories‌ ‌according‌ ‌to‌‌ 
phenotypes‌ ‌(cases,‌ ‌Y‌ ‌=‌ ‌+1‌ ‌and‌ ‌controls,‌ ‌Y‌ ‌=‌ ‌-1)‌ ‌and‌ ‌genotypes‌ ‌(A‌1‌A‌1‌,‌ ‌A‌1‌A‌2‌‌ ‌and‌ ‌A‌2‌A‌2‌).‌ ‌The‌ ‌numbers‌ ‌‌n‌cg.‌ ‌‌denote‌ ‌the‌‌ 

numbers‌ ‌of‌ ‌individuals‌ ‌within‌ ‌the‌ ‌corresponding‌ ‌group.‌ ‌The‌ ‌total‌ ‌number‌ ‌of‌ ‌subjects‌ ‌in‌ ‌the‌ ‌study‌ ‌is‌ ‌‌n‌.‌ ‌ 
‌ 

‌ 

The‌‌numbers‌‌‌n‌cg‌ ‌‌denote‌‌the‌‌number‌‌of‌‌cases‌‌(‌ )‌‌and‌‌controls‌‌(‌ ),‌‌respectively,‌‌                c = 1       c = 2    
which‌‌exhibit‌‌the‌‌genotype‌‌corresponding‌‌to‌‌column‌‌‌g‌.‌‌Notice‌‌that‌‌the‌‌row‌‌sums‌‌‌n‌1.‌ ‌and‌‌                             
n‌2.‌ ‌‌are‌ ‌fixed‌ ‌and‌ ‌non-random‌ ‌by‌ ‌the‌ ‌experimental‌ ‌design‌ ‌(case-control‌ ‌study).‌ ‌Hence,‌‌                       
the‌ ‌two‌ ‌random‌ ‌vectors‌ ‌and‌ ‌ ‌follow‌ ‌a‌ ‌multinomial‌‌        (n , , )11 n12 n13

T     (n , , )21 n22 n23
T        

distribution‌‌with‌‌three‌‌categories‌‌each,‌‌sample‌‌sizes‌‌‌n‌1.‌ ‌‌and‌‌‌n‌2.‌ ‌and‌‌unknown‌‌vectors‌‌of‌‌                           
probabilities‌ ‌ and‌ ‌ ,‌ ‌respectively.‌‌ ‌p1 = (p , , )11 p12 p13

T p2 = (p , , )21 p22 p23
T   

‌ 
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‌  ‌  A‌1‌A‌1‌ ‌  A‌1‌A‌2‌ ‌  A‌2‌A‌2‌ ‌  ∑‌ ‌ 

‌  ‌Y =   + 1   n‌11‌ ‌  n‌12‌ ‌  n‌13‌ ‌  n‌1.‌ ‌ 

‌  ‌Y =   − 1   n‌21‌ ‌  n‌22‌ ‌  n‌23‌ ‌  n‌2.‌ ‌ 

‌  ∑‌ ‌  n‌.1‌ ‌  n‌.2‌ ‌  n‌.3‌ ‌  n‌ 



‌ 

The‌ ‌parameter‌ ‌ ‌of‌ ‌the‌ ‌statistical‌ ‌model‌ ‌for‌ ‌the‌ ‌whole‌ ‌study‌ ‌thus‌‌     ϑ = ϑ( j) j=1, …, d
                   

consists‌‌of‌‌all‌‌such‌‌pairs‌‌ ‌of‌‌multinomial‌‌probability‌‌vectors,‌‌one‌‌for‌‌each‌‌          , )  ϑj = (p1
(j) p2

(j)                
of‌‌the‌‌‌d‌‌‌SNPs‌‌under‌‌investigation.‌‌For‌‌every‌‌SNP‌j‌,‌‌we‌‌are‌‌interested‌‌in‌‌testing‌‌the‌‌null‌‌                                 
hypothesis‌ ‌ ,‌ ‌where‌ ‌we‌ ‌introduce‌ ‌the‌ ‌superscript‌ ‌‌j‌ ‌to‌ ‌indicate‌ ‌the‌ ‌SNP.‌‌  H j : p1

(j) = p2
(j)                      

This‌ ‌hypothesis‌ ‌is‌ ‌equivalent‌ ‌to‌ ‌the‌ ‌null‌ ‌hypothesis‌ ‌that‌ ‌the‌ ‌genotype‌ ‌at‌ ‌locus‌ ‌‌j‌ ‌‌is‌‌                             
independent‌ ‌of‌ ‌the‌ ‌binary‌ ‌trait‌ ‌of‌ ‌interest.‌ ‌In‌ ‌general,‌ ‌the‌ ‌null‌ ‌hypothesis‌ ‌of‌ ‌a‌‌                           
conventional‌ ‌single-locus‌ ‌test‌ ‌is‌ ‌that‌ ‌there‌ ‌is‌ ‌no‌ ‌difference‌‌between‌‌the‌‌trait‌‌means‌‌of‌‌                           
the‌ ‌genotype‌ ‌groups,‌ ‌which‌ ‌indicates‌ ‌that‌‌the‌‌genotype‌‌at‌‌SNP‌‌‌j‌‌‌is‌‌independent‌‌of‌‌the‌‌                             
phenotype‌ ‌under‌ ‌investigation‌67‌.‌ ‌Standard‌ ‌asymptotic‌ ‌tests‌ ‌for‌ ‌H‌j‌ ‌versus‌ ‌its‌‌two-sided‌‌                     
alternative‌‌K‌j‌ ‌(genotype‌‌‌j‌‌is‌‌associated‌‌with‌‌the‌‌trait)‌‌are‌‌the‌‌ ‌test‌‌for‌‌association‌‌and‌‌                      χ2          
the‌ ‌Cochran-Armitage‌ ‌trend‌ ‌test‌205‌.‌ ‌Both‌ ‌tests‌ ‌employ‌ ‌test‌ ‌statistics‌ ‌that‌ ‌are‌‌                     
asymptotically‌‌(as‌‌min(‌n‌1.,‌ ‌‌n‌2.‌)‌‌tends‌‌to‌‌infinity)‌‌ ‌distributed‌‌under‌‌‌H‌j‌.‌‌The‌‌number‌‌of‌‌              χ2              
degrees‌ ‌of‌ ‌freedom‌ ‌equals‌ ‌two‌ ‌for‌ ‌the‌ ‌ ‌test‌ ‌for‌ ‌association‌ ‌and‌ ‌1‌ ‌for‌ ‌the‌‌              χ2                
Cochran-Armitage‌ ‌trend‌ ‌test.‌ ‌Thus,‌ ‌‌p‌-values‌ ‌(‌ )‌ ‌corresponding‌‌to‌‌these‌‌tests‌‌          ≤j≤dpj : 1          
can‌‌be‌‌calculated‌‌by‌‌applying‌‌the‌‌upper-tail‌‌distribution‌‌function‌‌of‌‌the‌‌ ‌distribution‌‌                      χ2    
with‌‌the‌‌corresponding‌‌degrees‌‌of‌‌freedom‌‌to‌‌the‌‌observed‌‌values‌‌of‌‌these‌‌statistics,‌‌and‌‌                           
this‌‌for‌‌every‌‌SNP.‌‌Observe‌‌that‌‌the‌‌test‌‌statistics‌‌obtained‌‌for‌‌different‌‌SNPs‌‌are‌‌highly‌‌                             
correlated‌‌if‌‌these‌‌SNPs‌‌are‌‌in‌‌strong‌‌LD‌‌to‌‌each‌‌other;‌‌consequently,‌‌the‌‌corresponding‌‌                           
p‌-values‌ ‌also‌ ‌exhibit‌ ‌strong‌ ‌dependencies‌206,207‌.‌ ‌RPVT,‌ ‌as‌ ‌described‌‌in‌‌‌Chapter‌‌2.2.1‌,‌‌                     
calculates‌ ‌a‌ ‌‌p‌-value‌ for‌ ‌each‌ ‌SNP‌ ‌‌j‌ ‌via‌ ‌a‌ ‌ ‌test‌ ‌and‌ ‌declares‌ ‌it‌ ‌significantly‌‌    p  j             χ2            
associated‌ ‌with‌ ‌the‌ ‌phenotype‌ ‌if‌ .‌ ‌If‌ ‌there‌ ‌was‌ ‌a‌ ‌single‌ ‌test‌ ‌to‌ ‌perform‌ ‌(‌i.e‌.‌ ‌        p  j ≤ t*                    

),‌‌then‌‌ ‌would‌‌be‌‌taken‌‌as‌‌a‌‌predefined‌‌significance‌‌level‌‌α,‌‌as‌‌in‌‌the‌‌classical‌‌d = 1     t*                            
approach‌‌to‌‌statistical‌‌hypothesis‌‌testing.‌‌In‌‌multiple‌‌testing,‌‌however,‌‌the‌‌threshold‌‌ ‌                      t*  
is‌ ‌modified‌ ‌to‌ ‌take‌ ‌the‌ ‌multiplicity‌ ‌of‌ ‌the‌ ‌problem‌ ‌(the‌ ‌fact‌ ‌that‌ ‌ )‌‌into‌‌account.‌‌                        d > 1      
The‌ ‌simplest‌ ‌method‌ ‌to‌ ‌take‌ ‌multiplicity‌ ‌into‌ ‌account‌ ‌is‌ ‌the‌ ‌so-called‌ ‌Bonferroni‌‌                       
correction,‌ ‌which‌ ‌sets‌ ‌ .‌70‌ ‌This‌ ‌choice‌ ‌guarantees‌ ‌that‌ ‌the‌ ‌‌FWER‌ ‌(that‌ ‌is,‌ ‌the‌‌      t* = d

α                    
probability‌ ‌of‌ ‌one‌ ‌or‌ ‌more‌ ‌erroneously‌ ‌reported‌ ‌associations)‌ ‌of‌ ‌the‌ ‌multiple‌ ‌tests‌ ‌is‌‌                         
bounded‌ ‌by‌ ‌α.‌ ‌A‌ ‌variety‌ ‌of‌ ‌other‌ ‌RPVT‌ ‌methods‌ ‌are‌ ‌explained,‌ ‌for‌ ‌instance,‌ ‌in‌ ‌the‌‌                             
monograph‌ ‌by‌ ‌Dickhaus‌208‌.‌ ‌ 

3.2.2‌ ‌Proposed‌ ‌workflow‌ ‌ 

The‌ ‌individual‌ ‌RPVT‌ ‌‌p‌-value‌ ‌for‌ ‌an‌ ‌association‌ ‌of‌ ‌the‌ ‌‌j‌-th‌‌SNP‌‌only‌‌depends‌‌on‌‌ ‌                            x j*
 

and‌ ‌thus‌ ‌ignores‌ ‌any‌ ‌possible‌ ‌correlations‌ ‌and‌ ‌interactions‌ ‌with‌ ‌other‌ ‌SNPs‌ ‌–‌ ‌which‌                         
could‌‌yield‌‌additional‌‌information.‌‌In‌‌contrast,‌‌ML‌‌approaches‌‌aimed‌‌at‌‌prediction‌‌take‌‌                       
the‌‌information‌‌of‌‌the‌‌whole‌‌genotype‌‌into‌‌account‌‌at‌‌once‌‌and‌‌thus‌‌implicitly‌‌consider‌‌                           
all‌ ‌possible‌ ‌correlations‌ ‌to‌‌strive‌‌for‌‌an‌‌optimal‌‌prediction‌‌of‌‌the‌‌phenotype.‌‌Based‌‌on‌‌                           
this‌ ‌observation,‌ ‌we‌ ‌propose‌ ‌to‌ ‌calculate‌ ‌‌p‌-values‌ ‌only‌ ‌for‌ ‌the‌ ‌SNPs‌ ‌that‌ ‌are‌ ‌of‌‌                           
importance‌ ‌in‌ ‌the‌ ‌decision‌ ‌process‌ ‌of‌ ‌such‌ ‌machines.‌ ‌We‌ ‌combine‌ ‌the‌ ‌advantages‌ ‌of‌‌                         
both‌ ‌worlds‌ ‌-‌ ‌‌i.e.‌ ‌‌statistical‌ ‌hypothesis‌ ‌testing‌ ‌as‌ ‌the‌ ‌traditional‌ ‌way‌ ‌to‌ ‌compute‌‌                         
‌ 
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associations‌ ‌scores‌ ‌and‌ ‌ML,‌ ‌which‌ ‌takes‌ ‌multi-locus‌ ‌effects‌ ‌into‌ ‌account‌ ‌-‌ ‌by‌‌                       
developing‌ ‌algorithms‌ ‌that‌ ‌consist‌ ‌of‌ ‌the‌ ‌following‌ ‌two‌ ‌basic‌ ‌steps:‌ 

● the‌ ‌ML‌ ‌step,‌ ‌where‌ ‌an‌ ‌appropriate‌‌subset‌‌of‌‌candidate‌‌SNPs‌‌is‌‌selected,‌‌based‌‌                         
on‌ ‌their‌ ‌relevance‌ ‌for‌ ‌the‌ ‌prediction‌ ‌of‌ ‌the‌ ‌phenotype;‌ ‌ 

● the‌ ‌statistical‌ ‌testing‌‌step,‌‌where‌‌a‌‌hypothesis‌‌test‌‌is‌‌performed‌‌for‌‌the‌‌selected‌‌                         
set‌ ‌of‌ ‌candidate‌ ‌SNPs‌ ‌together‌ ‌with‌ ‌an‌ ‌appropriate‌ ‌threshold‌ ‌calibration.‌ ‌ 

The‌ ‌ML‌ ‌step‌ ‌can‌ ‌be‌ ‌implemented‌ ‌in‌ ‌various‌ ‌ways‌ ‌and‌ ‌in‌ ‌this‌ ‌dissertation,‌ ‌we‌‌                           
investigate‌‌two‌‌possible‌‌options:‌‌SVMs,‌‌where‌‌the‌‌learned‌‌weight‌‌vector‌‌is‌‌interpreted‌‌                       
as‌ ‌an‌ ‌importance‌ ‌score,‌ ‌and‌ ‌DNNs,‌ ‌where‌ ‌LRP‌ ‌scores‌ ‌are‌ ‌computed‌ ‌as‌ ‌relevance‌‌                         
indicators.‌ ‌The‌ ‌two‌ ‌resulting‌ ‌methods‌ ‌-‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌-‌ ‌are‌ ‌discussed‌ ‌in‌‌                         
detail‌ ‌in‌ ‌the‌ ‌following‌ ‌sections.‌ ‌ 

The‌ ‌COMBI‌ ‌method‌ ‌ 

Combining‌‌the‌‌concepts‌‌of‌‌SVMs‌‌(as‌‌described‌‌in‌‌‌Chapter‌‌2.3.2‌)‌‌and‌‌statistical‌‌testing‌‌                         
(as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌2.2.1‌),‌ ‌we‌ ‌propose‌ ‌a‌ ‌novel‌ ‌algorithm‌ ‌consisting‌ ‌of‌ ‌the‌‌                         
following‌ ‌two‌ ‌steps‌ ‌(See‌ ‌‌Figure‌ ‌11A‌):‌ ‌ 

1. SVM‌ ‌training‌ ‌and‌ ‌SNP-selection:‌ ‌‌Given‌ ‌the‌ ‌genotypes‌ ‌ ‌and‌ ‌the‌‌               x = x( ij)      

corresponding‌ ‌phenotypes‌ ‌ ‌of‌ ‌a‌ ‌GWAS‌ ‌-‌ ‌an‌ ‌SVM‌ ‌is‌ ‌trained‌ ‌for‌‌    y = (y )i                    
phenotype‌ ‌prediction.‌ ‌The‌ ‌SVM‌ ‌returns‌ ‌a‌ ‌linear‌ ‌function‌ ‌ ‌                xf w,b (x )  = wT

  + b  
and‌ ‌the‌ ‌sign‌ ‌of‌ ‌ ‌‌is‌ ‌a‌ ‌prediction‌ ‌of‌ ‌the‌ ‌unknown‌ ‌phenotype‌ ‌of‌ ‌a‌‌        f w,b (x )new                    
previously‌‌unseen‌‌genotype‌‌ ‌.‌‌For‌‌each‌‌SNP‌‌‌j‌,‌‌the‌‌absolute‌‌value‌‌‌|w‌j‌|‌‌of‌‌the‌‌      xnew                      
corresponding‌‌component‌‌of‌‌the‌‌parameter‌‌vector‌‌‌w‌‌‌is‌‌interpreted‌‌as‌‌a‌‌measure‌‌                       
of‌ ‌importance‌ ‌for‌ ‌the‌ ‌prediction‌ ‌function.‌ ‌The‌ ‌SNPs‌ ‌corresponding‌ ‌to‌ ‌the‌ ‌‌k‌‌                       
largest‌ ‌values‌ ‌of‌ ‌the‌ ‌scores‌ ‌  ‌are‌ ‌selected;‌ ‌all‌ ‌other‌ ‌SNPs‌ ‌are‌ ‌discarded.‌ ‌∣∣w 

j  

2. Statistical‌‌testing:‌‌‌A‌‌hypothesis‌‌test‌‌is‌‌performed‌‌for‌‌each‌‌of‌‌the‌‌selected‌‌SNPs.‌‌                         
Those‌ ‌SNPs‌ ‌with‌ ‌a‌ ‌‌p‌-value‌ ‌less‌ ‌than‌ ‌a‌ ‌significance‌ ‌threshold‌ ‌ ‌are‌‌returned.‌‌                    t*      
The‌‌threshold‌‌ ‌is‌‌calibrated‌‌using‌‌a‌‌permutation-based‌‌method‌‌over‌‌the‌‌‌whole‌‌    t*                    
procedure.‌ ‌ 

The‌ ‌above‌ ‌steps‌ ‌are‌ ‌presented‌ ‌in‌ ‌detail‌ ‌in‌ ‌the‌ ‌following‌ ‌sections.‌ ‌ 

The‌ ‌first‌ ‌step‌ ‌of‌ ‌COMBI‌ ‌-‌ ‌SVM‌ ‌training‌ ‌and‌ ‌SNP‌ ‌selection‌ ‌ 

The‌‌goal‌‌in‌‌ML‌‌is‌‌to‌‌determine,‌‌based‌‌on‌‌the‌‌sample,‌‌a‌‌function‌ ‌that‌‌predicts‌‌the‌‌                          f (x)        
phenotype‌‌ ‌based‌‌on‌‌the‌‌observation‌‌of‌‌genotype‌‌ .‌‌COMBI‌‌trains‌‌an‌‌SVM‌‌based‌‌on‌‌  y               x              

the‌‌sample‌‌of‌‌observed‌‌genotypes‌‌ ‌with‌‌ ‌and‌           x = x( ij)     xij ∈ {(1, , ) }0 0 , (0, , )1 0 , (0, , )0 1    

corresponding‌ ‌phenotypes‌ ‌ ‌with‌ ‌ .‌ ‌The‌ ‌SVM‌ ‌determines‌ ‌the‌‌    y = (y )i     yi ∈ {+ , }1 − 1          

‌ 
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parameter‌ ‌‌w‌ of‌ ‌the‌ ‌linear‌ ‌model‌ ‌ ‌by‌ ‌solving,‌ ‌for‌ ‌‌C>0‌,‌ ‌the‌‌            xf w,b (x )i*
= wT

i*
+ b            

following‌ ‌optimization‌ ‌problem:‌ ‌ 

.‌ ‌ w  argmin=   w ‖w‖   ax( 2
2 + C ∑

n

i=1
m (0, w x )1 − yi

T
i* )  

Here,‌ ‌we‌ ‌aim‌ ‌to‌ ‌minimize‌ ‌the‌ ‌trade-off‌ ‌(controlled‌ ‌by‌ ‌‌C‌)‌ ‌between‌ ‌a‌ ‌vector‌ ‌‌w‌ ‌with‌ ‌a‌‌                               
small‌ ‌norm‌ ‌(on‌ ‌the‌‌left)‌‌and‌‌small‌‌errors‌‌on‌‌the‌‌data‌‌(on‌‌the‌‌right).‌‌In‌‌a‌‌preprocessing‌‌                                 
step,‌ ‌the‌ ‌data‌ ‌is‌ ‌centered‌ ‌and‌ ‌scaled.‌ ‌ 

The‌‌learned‌‌prediction‌‌function‌‌ ‌can‌‌be‌‌used‌‌to‌‌predict‌‌the‌‌phenotype‌‌of‌‌any‌‌genotype‌‌        f                      
by‌ ‌calculating‌ ‌ 

.‌ ‌gn gnynew = s (f )(x )new = s (w x )T
new  

The‌‌above‌‌equation‌‌shows‌‌that‌‌the‌‌largest‌‌components‌‌(in‌‌absolute‌‌value)‌‌of‌‌the‌‌vector‌‌                           
‌(called‌ ‌SVM‌ ‌‌parameter‌ ‌‌or‌ ‌‌weight‌ ‌‌vector)‌ ‌also‌ ‌have‌ ‌the‌ ‌most‌ ‌influence‌ ‌on‌ ‌the‌‌w                            

predicted‌‌phenotype.‌‌Note‌‌that‌‌the‌‌weight‌‌vector‌‌contains‌‌three‌‌values‌‌for‌‌each‌‌position‌‌                         
due‌‌to‌‌the‌‌feature‌‌embedding,‌‌which‌‌encodes‌‌each‌‌SNP‌‌with‌‌three‌‌binary‌‌variables.‌‌To‌‌                           
convert‌‌the‌‌vector‌‌back‌‌to‌‌the‌‌original‌‌length,‌‌we‌‌simply‌‌take‌‌the‌‌average‌‌over‌‌the‌‌three‌‌                               
weights.‌ ‌We‌ ‌also‌ ‌include‌ ‌an‌ ‌offset‌ ‌by‌ ‌including‌ ‌a‌ ‌constant‌ ‌feature‌ ‌that‌ ‌is‌ ‌all‌ ‌one.‌ ‌ 

Considering‌ ‌that‌ ‌the‌ ‌use‌ ‌of‌ ‌SVM‌ ‌weights‌ ‌as‌ ‌importance‌ ‌measures‌ ‌is‌ ‌a‌ ‌standard‌‌                         
approach‌209‌,‌ ‌for‌ ‌each‌ ‌‌j‌,‌ ‌the‌ ‌absolute‌ ‌value‌ ‌‌|w‌j‌|‌ ‌can‌ ‌be‌‌interpreted‌‌as‌‌a‌‌measure‌‌for‌‌the‌‌                               
importance‌‌of‌‌the‌‌‌j‌-th‌‌SNP‌‌for‌‌the‌‌phenotype‌‌prediction‌‌task.‌‌The‌‌main‌‌idea‌‌is‌‌to‌‌select‌‌                               
only‌‌a‌‌small‌‌number‌‌‌k‌‌of‌‌candidate‌‌SNPs‌‌before‌‌statistical‌‌testing,‌‌namely‌‌those‌‌SNPs‌‌                           
having‌ ‌the‌ ‌largest‌ ‌scores.‌‌ ‌  

Before‌‌selecting‌‌the‌‌most‌‌relevant‌‌SNPs,‌‌the‌‌parameter‌‌vector‌‌‌w‌‌‌is‌‌processed‌‌through‌‌a‌‌                           
p-‌th-order‌ ‌moving‌ ‌average‌ ‌filter,‌ ‌that‌ ‌is:‌ ‌ 

,‌‌ ‌∣ ∶  ∣wj
new =  √p

∑
min d,j+ l 1 2( ( f ilter− )/ )

h=max 1,j l 1 2( −( f ilter− )/ )
w ∣ ∣  h

 ∣ 
∣ 
pf ilter   

where‌ ‌ ‌‌denotes‌ ‌a‌ ‌fixed‌ ‌filter‌ ‌length‌ ‌or‌ ‌window‌ ‌size‌ ‌(required‌ ‌to‌ ‌be‌ ‌an‌‌  ∈1, …, dlf ilter                              
odd‌‌number).‌‌The‌‌value‌‌ ‌is‌‌a‌‌free‌‌norm‌‌parameter;‌‌in‌‌the‌‌case‌‌ ,‌‌a‌‌        ∈]0, [pf ilter ∞                   pf ilter = 1    
standard‌ ‌moving‌ ‌average‌ ‌filter‌ ‌is‌ ‌obtained.‌‌ ‌  

Finally,‌ ‌the‌ ‌SNPs‌ ‌corresponding‌ ‌to‌ ‌the‌ ‌‌k‌ ‌largest‌ ‌values‌ ‌of‌ ‌the‌ ‌scores‌ ‌ ‌are‌‌                        ∣∣wj
new    

selected;‌ ‌all‌ ‌other‌ ‌SNPs‌ ‌are‌ ‌discarded.‌ ‌ 

‌ 

‌ 

‌ 

‌ 
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‌ 

The‌ ‌second‌ ‌step‌ ‌of‌ ‌COMBI‌ ‌-‌ ‌Statistical‌ ‌testing‌ ‌ 

In‌‌the‌‌statistical‌‌testing‌‌step,‌‌a‌‌hypothesis‌‌test‌‌(carried‌‌out‌‌as‌‌a‌‌ test)‌‌is‌‌performed‌‌for‌‌                        χ2        
each‌ ‌of‌ ‌the‌ ‌‌k‌ ‌selected‌ ‌SNPs‌ ‌exactly‌ ‌as‌ ‌described‌ ‌above‌ ‌for‌ ‌RPVT,‌ ‌with‌ ‌the‌ ‌only‌‌                             
modification‌‌that‌‌‌p‌-values‌‌for‌‌SNPs‌‌not‌‌ranked‌‌among‌‌the‌‌top‌‌‌k‌‌in‌‌terms‌‌of‌‌their‌‌filtered‌‌                               
SVM‌ ‌weights‌ ‌are‌ ‌set‌ ‌to‌ ‌1,‌ ‌without‌ ‌calculating‌ ‌a‌ ‌test‌ ‌statistic.‌ ‌A‌ ‌SNP‌ ‌‌j‌ ‌‌is‌ ‌said‌ ‌to‌ ‌be‌‌                                   
statistically‌ ‌associated‌ ‌with‌ ‌the‌ ‌trait‌ ‌if‌ ‌its‌ ‌‌p‌-value‌ ‌ ‌is‌ ‌smaller‌ ‌than‌ ‌a‌ ‌threshold‌ ‌ ,‌‌                pj             t*  
which‌ ‌is‌ ‌carefully‌ ‌chosen‌ ‌to‌ ‌bound‌ ‌the‌ ‌‌FWER‌‌ ‌by‌ ‌ .‌‌ ‌α   

In‌ ‌summary,‌ ‌the‌‌proposed‌‌methodology‌‌of‌‌the‌‌COMBI‌‌method,‌‌including‌‌the‌‌first‌‌and‌                         
the‌ ‌second‌ ‌step‌ ‌from‌ ‌above,‌ ‌is‌ ‌formally‌ ‌stated‌ ‌as‌ ‌‌Algorithm‌ ‌1‌.‌ ‌ 

The‌‌methodological‌‌challenge‌‌now‌‌consists‌‌of‌‌finding‌‌a‌‌threshold‌‌ ‌‌for‌‌the‌‌remaining‌‌                  t*        
k‌‌p‌-values‌‌such‌‌that‌‌the‌‌‌FWER‌‌is‌‌controlled‌‌for‌‌the‌‌multiple‌‌tests‌‌defined‌‌by‌‌the‌‌entire‌‌                               
workflow,‌ ‌including‌ ‌SVM‌ ‌training,‌ ‌filtering‌ ‌of‌ ‌weights,‌ ‌‌p‌-value‌ ‌calculation‌ ‌and‌‌                   
thresholding.‌ ‌The‌ ‌Bonferroni‌ ‌correction‌ ‌can‌ ‌only‌ ‌attain‌ ‌the‌ ‌prescribed‌ ‌‌FWER‌ ‌upper‌‌                     
bound‌ ‌and‌ ‌therefore‌ ‌have‌ ‌maximal‌ ‌power‌ ‌if‌ ‌the‌ ‌‌p‌-values‌ ‌(‌ )‌ ‌do‌ ‌not‌ ‌exhibit‌‌                  ≤j≤dpj : 1        
strong‌‌(positive)‌‌dependencies.‌‌This‌‌assumption‌‌is‌‌violated‌‌in‌‌GWAS‌‌due‌‌to‌‌strong‌‌LD‌‌                         
in‌‌blocks‌‌of‌‌SNPs‌‌and‌‌also‌‌in‌‌the‌‌proposed‌‌COMBI‌‌method,‌‌where‌‌the‌‌SVM‌‌weight‌‌of‌‌                               
a‌‌SNP‌‌‌j‌‌depends‌‌heavily‌‌on‌‌the‌‌information‌‌in‌‌other‌‌SNPs.‌‌To‌‌this‌‌end,‌‌we‌‌investigated‌‌                               
previously‌ ‌proposed‌ ‌approaches‌210,211‌ ‌in‌ ‌order‌ ‌to‌ ‌split‌ ‌the‌ ‌sample,‌ ‌meaning‌ ‌that‌ ‌the‌‌                       
selection‌‌of‌‌‌k‌‌SNPs‌‌is‌‌made‌‌on‌‌one‌‌(randomly‌‌chosen)‌‌sub-sample‌‌of‌‌individuals,‌‌while‌‌                           
the‌ ‌‌p‌-value‌ ‌calculation‌ ‌and‌ ‌thresholding‌ ‌for‌ ‌the‌ ‌selected‌ ‌SNPs‌ ‌are‌ ‌performed‌ ‌on‌‌                       
another.‌ ‌In‌ ‌this‌ ‌scheme‌ ‌and‌ ‌regardless‌ ‌of‌ ‌the‌ ‌SNP‌ ‌selection‌ ‌method‌ ‌used‌ ‌on‌ ‌the‌ ‌first‌‌                             
sub-sample,‌‌a‌‌Bonferroni-type‌‌threshold‌‌ ‌guarantees‌‌‌FWER‌‌control‌‌at‌‌level‌‌ ‌for‌‌        t* = k

α             α    

‌ 
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Algorithm‌ ‌1‌ ‌ 
‌ 

T‌HE‌‌ ‌C‌OMBI‌‌ ‌M‌ETHOD‌.‌ ‌ 
Require‌:‌ ‌genotypes‌ ‌ ‌and‌ ‌phenotypes‌ ‌ ,‌ ‌a‌ ‌reasonable‌ ‌upper‌ ‌bound‌‌     x = x( ij)       y = (y )i          

 ‌for‌ ‌the‌ ‌number‌ ‌of‌ ‌informative‌ ‌SNPs,‌ ‌and‌ ‌an‌ ‌‌FWER‌‌ ‌level‌ ‌α‌ ‌∈k {1, …, d}     
‌ 

1:‌‌  train‌ ‌an‌ ‌SVM‌ ‌using‌ ‌genotypes‌ ‌  ‌and‌ ‌phenotypes‌ ‌ ,‌ ‌resulting‌ ‌in‌ ‌scores‌ ‌ ‌x y , …,w1    wd  
2:‌‌  filter‌ ‌the‌ ‌weights‌ ‌  ‌through‌ ‌a‌ ‌‌p-‌th-order‌ ‌moving‌ ‌average‌ ‌filter‌‌ ‌, …, ww1     d   
3:‌‌  let‌ ‌ ‌denote‌ ‌the‌ ‌ -th‌ ‌largest‌ ‌of‌‌the‌‌ ’s‌‌in‌‌absolute‌‌value‌‌and‌‌re-number‌‌the‌‌  w* (k)       k         wj              

corresponding‌ ‌positions‌ ‌from‌ ‌ ‌, …, k1      
4:‌‌  ‌for‌ ‌all‌ ‌ ‌ ‌‌do‌ ‌, …, kj = 1      

5:‌ compute‌ ‌the‌ ‌‌p-‌value‌ ‌of‌ ‌the‌ ‌‌j-‌th‌ ‌SNP‌ ‌ ‌ pj x , y( j*   )  
6:‌‌  end‌ ‌for‌ ‌ 
7:‌‌  decide‌ ‌that‌ ‌SNP‌ ‌‌j‌ ‌‌is‌ ‌associated‌ ‌with‌ ‌the‌ ‌trait‌ ‌if‌ ‌ ‌and‌ ‌ ,‌ ‌where‌‌                    wj ≥ w* (k)     pj < t*    

‌is‌ ‌chosen‌ ‌as‌ ‌the‌ ‌α-quantile‌ ‌of‌ ‌the‌ ‌permutation‌ ‌distribution‌ ‌of‌ ‌the‌t* ≡ t* (k, )α                        
smallest‌ ‌of‌ ‌the‌ ‌‌k‌ ‌p‌-values‌ ‌(see‌ ‌‌Algorithm‌ ‌2‌ ‌‌for‌ ‌details)‌ ‌ 

‌ 
Return‌ ‌‌predicted‌ ‌set‌ ‌of‌ ‌informative‌ ‌SNPs‌ ‌ 
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‌ 

the‌ ‌‌p‌-values‌ ‌computed‌ ‌on‌‌the‌‌second‌‌sub-sample.‌‌Since‌‌ ,‌‌this‌‌correction‌‌is‌‌much‌‌                ≪dk          
less‌‌conservative‌‌than‌‌the‌‌original‌‌Bonferroni‌‌correction‌‌using‌‌all‌‌SNPs.‌‌However,‌‌this‌‌                       
is‌‌severely‌‌mitigated‌‌by‌‌the‌‌loss‌‌of‌‌power‌‌in‌‌the‌‌‌p‌-values‌‌due‌‌to‌‌the‌‌sample‌‌splitting.‌‌In‌‌                                 
fact,‌‌computer‌‌simulations‌‌indicate‌‌very‌‌low‌‌power‌‌for‌‌detecting‌‌true‌‌associations‌‌with‌‌                       
such‌ ‌a‌ ‌method‌ ‌because‌ ‌of‌ ‌the‌‌reduced‌‌sample‌‌size‌‌for‌‌calculation‌‌of‌‌test‌‌statistics‌‌and‌‌                             
p‌-values‌‌(see‌‌‌Figure‌‌19‌‌‌in‌‌‌Chapter‌‌3.3.1‌).‌‌An‌‌alternative‌‌way‌‌to‌‌calibrate‌‌the‌‌threshold‌‌                           

‌‌for‌ ‌‌FWER‌ ‌control,‌ ‌taking‌ ‌the‌ ‌dependencies‌ ‌into‌ ‌account,‌ ‌is‌ ‌the‌ ‌Westfall-Young‌‌t*                        
permutation‌ ‌procedure‌212‌,‌ ‌which‌ ‌controls‌ ‌the‌ ‌‌FWER‌ ‌‌under‌ ‌an‌ ‌assumption‌ ‌termed‌‌                   
“‌subset‌ ‌pivotality‌”‌ ‌(see‌ ‌Westfall‌ ‌and‌ ‌Young‌212‌ ‌as‌ ‌well‌ ‌as‌ ‌Dickhaus‌ ‌and‌ ‌Stange‌207‌).‌‌                       
Furthermore,‌ ‌Meinshausen‌ ‌‌et‌ ‌al.‌ ‌‌213‌ ‌prove‌ ‌that‌ ‌this‌ ‌permutation‌ ‌procedure‌ ‌is‌‌                     
asymptotically‌ ‌optimal‌ ‌in‌ ‌the‌ ‌class‌ ‌of‌ ‌RPVT‌ ‌procedures,‌ ‌provided‌ ‌that‌ ‌the‌ ‌subset‌‌                       
pivotality‌ ‌condition‌ ‌is‌ ‌fulfilled.‌ ‌A‌ ‌thorough‌‌discussion‌‌and‌‌derivation‌‌of‌‌the‌‌extension‌‌                       
of‌ ‌the‌ ‌Westfall‌ ‌and‌ ‌Young‌ ‌procedure‌,‌ ‌‌its‌ ‌assumptions‌ ‌and‌ ‌validity,‌‌‌in‌ ‌general,‌ ‌can‌ ‌be‌‌                           
found‌ ‌here‌207,213‌.‌‌ ‌  

Based‌ ‌on‌ ‌these‌ ‌findings,‌ ‌our‌ ‌suggestion‌ ‌is‌ ‌to‌ ‌resample‌ ‌the‌ ‌entire‌‌workflow‌‌of‌‌‌Figure‌‌                           
11A‌,‌ ‌following‌ ‌a‌ ‌Westfall‌ ‌and‌ ‌Young‌ ‌type‌ ‌procedure,‌ ‌and‌ ‌to‌ ‌choose‌ ‌ ‌based‌ ‌on‌ ‌the‌‌                      t*        
permutation‌ ‌distribution‌ ‌of‌ ‌the‌ ‌resampled‌ ‌‌p‌-values.‌ ‌‌FWER‌ ‌control‌ ‌at‌ ‌level‌ ‌α‌ ‌of‌ ‌the‌‌                         
multiple‌‌tests‌‌defined‌‌by‌‌‌Algorithm‌‌1‌‌‌can‌‌be‌‌proven‌‌under‌‌a‌‌relaxed‌‌form‌‌of‌‌the‌‌subset‌‌                               
pivotality‌‌condition,‌‌the‌‌validity‌‌of‌‌which‌‌is‌‌checked‌‌empirically‌‌in‌‌‌Appendix‌‌Chapter‌‌                       
I‌.‌‌To‌‌describe‌‌this‌‌condition‌‌formally,‌‌let‌‌ ‌denote‌‌any‌‌probability‌‌measure‌‌under‌‌the‌‌              P 0              
global‌‌null‌‌hypothesis‌‌of‌‌no‌‌informative‌‌SNPs‌‌in‌‌ ‌at‌‌all.‌‌We‌‌assume‌‌that‌‌the‌‌                {1, …, d}                 
following‌ ‌condition‌ ‌holds‌ ‌true:‌ ‌Let‌ ‌ ‌denote‌ ‌the‌ ‌smallest‌ ‌of‌ ‌the‌ ‌‌k‌ ‌p‌-values‌‌          p 

min                
corresponding‌ ‌to‌ ‌the‌ ‌positions‌ ‌selected‌ ‌by‌ ‌the‌ ‌SVM‌ ‌method‌ ‌for‌ ‌which‌ ‌the‌ ‌null‌‌                         
hypothesis‌‌of‌‌no‌‌association‌‌between‌‌SNP‌‌and‌‌trait‌‌is‌‌true.‌‌Regarding‌‌ ‌as‌‌a‌‌random‌‌                      p 

min        
variable,‌ ‌assume‌ ‌that‌ ‌its‌ ‌distribution‌ ‌under‌ ‌the‌ ‌true‌ ‌data-generating‌ ‌distribution‌ ‌ ‌                     P ϑ  
(which‌‌is‌‌unknown)‌‌is‌‌stochastically‌‌not‌‌smaller‌‌than‌‌under‌‌ .‌‌The‌‌distribution‌‌under‌‌                  P 0        

‌of‌‌the‌‌‌k‌‌p‌-values‌‌corresponding‌‌to‌‌positions‌‌chosen‌‌by‌‌applying‌‌the‌‌SVM‌‌method‌‌is‌‌P 0                              
now‌ ‌estimated‌‌by‌‌the‌‌resampling‌‌procedure‌‌given‌‌below‌‌as‌‌‌Algorithm‌‌2‌.‌‌We‌‌estimate‌‌                         
the‌‌distribution‌‌of‌‌p‌-values‌‌under‌‌the‌‌global‌‌null‌‌hypothesis‌‌of‌‌no‌‌informative‌‌SNPs‌‌by‌‌                           
repeatedly‌ ‌assigning‌ ‌a‌ ‌random‌ ‌permutation‌ ‌of‌ ‌the‌ ‌phenotypes‌ ‌ ‌to‌ ‌the‌‌                , …, yyπ(1)     π(n)      
observed‌ ‌genotypes‌ ‌and‌ ‌applying‌ ‌the‌ ‌complete‌ ‌workflow‌ ‌of‌‌the‌‌COMBI‌‌    , …, xx1*

    n*                  
method‌ ‌to‌ ‌save‌ ‌the‌ ‌resulting‌ ‌‌p‌-values‌ ‌of‌‌the‌‌‌B‌‌Monte‌‌Carlo‌‌repetitions.‌‌The‌‌empirical‌‌                           
lower‌‌ -quantile‌‌of‌‌the‌‌smallest‌‌of‌‌these‌‌‌k‌‌p‌-values‌‌is‌‌then‌‌a‌‌valid‌‌choice‌‌for‌‌ ‌in‌‌the‌‌  α                             t*      
sense‌‌that‌‌the‌‌‌FWER‌‌for‌‌the‌‌entire‌‌procedure‌‌defined‌‌by‌‌‌Algorithm‌‌1‌‌is‌‌bounded‌‌by‌‌ .‌‌                              α  
In‌‌contrast‌‌to‌‌the‌‌Bonferroni‌‌calibration,‌‌this‌‌procedure‌‌takes‌‌all‌‌dependencies‌‌in‌‌GWAS‌‌                         
datasets‌ ‌caused‌ ‌by‌ ‌strong‌ ‌LD‌ ‌into‌ ‌account.‌ ‌ 

‌ 

‌ 
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‌ 

Note‌ ‌that‌ ‌the‌ ‌choice‌ ‌‌k‌ ‌=‌‌d‌‌‌leads‌‌to‌‌skipping‌‌the‌‌SVM‌‌step‌‌and‌‌arriving‌‌at‌‌the‌‌popular‌‌                                   
MinP‌ ‌procedure‌,‌ ‌originally‌ ‌proposed‌ ‌in‌ ‌Westfall‌ ‌and‌ ‌Young‌212‌.‌ ‌Following‌ ‌the‌‌                   
argumentation‌ ‌in‌ ‌Dudoit‌ ‌and‌ ‌van‌‌der‌‌Laan‌214‌,‌‌it‌‌is‌‌also‌‌possible‌‌to‌‌control‌‌the‌‌‌gFWER‌‌                             
with‌ ‌the‌ ‌aforementioned‌ ‌resampling‌‌scheme‌‌as‌‌well‌‌as‌‌the‌‌‌ENFR‌.‌‌For‌‌‌gFWER‌‌control‌‌                         
with‌‌parameter‌‌ ,‌‌one‌‌has‌‌to‌‌consider‌‌the‌‌ th-smallest‌‌of‌‌the‌‌resampled‌‌‌p‌-values‌‌     ϱ              (ϱ )+ 1          
instead‌‌of‌‌ ‌in‌‌‌Algorithm‌‌2‌.‌‌For‌‌‌ENFR‌‌control,‌‌one‌‌has‌‌to‌‌store‌‌all‌‌‌B‌‌*‌‌k‌‌computed‌‌    p(b)

min                                
p‌-values‌ ‌and‌ ‌determine‌ ‌the‌ ‌‌p‌-value‌ ‌threshold‌ ‌that‌ ‌leads‌ ‌to‌ ‌an‌ ‌average‌ ‌number‌ ‌of‌‌                         
rejections‌ ‌(over‌ ‌the‌ ‌‌B‌‌ ‌Monte‌ ‌Carlo‌ ‌repetitions),‌ ‌which‌ ‌matches‌ ‌the‌ ‌desired‌ ‌‌ENFR‌‌ ‌level.‌‌ ‌  

‌ 

Implementation‌ ‌details‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌ 

The‌ ‌COMBI‌ ‌method‌ ‌is‌ ‌implemented‌ ‌in‌ ‌Matlab/Octave,‌ ‌R‌ ‌and‌ ‌Java‌ ‌as‌ ‌a‌ ‌part‌ ‌of‌ ‌the‌‌                             
GWASpi‌ ‌toolbox‌ ‌2.0‌ ‌(https://bitbucket.org/gwas_combi/gwaspi/,‌ ‌login‌ ‌user‌ ‌name:‌‌             
gwas_combi_guest,‌ ‌password:‌ ‌combi123.).‌ ‌The‌ ‌implementation‌ ‌for‌ ‌Matlab/Octave‌ ‌is‌‌               
cluster-oriented‌ ‌and‌ ‌uses‌ ‌libLinear‌215‌.‌ ‌The‌ ‌Java‌ ‌implementation‌ ‌is‌ ‌desktop‌ ‌computer‌‌                   
oriented‌ ‌and‌ ‌makes‌ ‌use‌ ‌of‌ ‌the‌‌following‌‌packages:‌‌libLinear‌215‌,‌‌libSVM‌216‌ ‌and‌‌apache‌‌                       
commons‌ ‌math‌217‌.‌ ‌Finally,‌ ‌the‌ ‌R‌ ‌implementation‌ ‌requires‌ ‌LiblineaR‌218‌,‌ ‌qqman‌219‌,‌‌                 
data.table‌220‌,‌ ‌gtools‌221‌ ‌and‌ ‌snpStats‌222‌.‌ ‌The‌ ‌COMBI‌‌method‌‌is‌‌also‌‌available‌‌in‌‌Python‌‌                       
as‌ ‌part‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌ ‌implementation,‌ ‌which‌ ‌can‌ ‌be‌ ‌found‌ ‌at‌‌                     
https://github.com/AlexandreRozier/DeepCombi.‌ 

‌ ‌   

‌ 
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Algorithm‌ ‌2‌ ‌ 
‌ 

R‌ESAMPLING‌-‌BASED‌‌ ‌‌THRESHOLD‌‌ ‌‌DETERMINATION‌.‌ ‌ 
Require‌:‌ ‌genotypes‌ ‌ ‌and‌ ‌phenotypes‌ ‌ ,‌ ‌the‌ ‌number‌ ‌ ‌as‌ ‌in‌‌     x = x( ij)       y = (y )i       ∈k {1, …, d}         
Algorithm‌ ‌1‌,‌ ‌an‌ ‌‌FWER‌‌ ‌level‌ ‌α‌ ‌and‌ ‌a‌ ‌number‌ ‌‌B‌ ‌‌of‌ ‌Monte‌ ‌Carlo‌ ‌repetitions‌ ‌ 
‌ 

1:‌‌  ‌for‌ ‌ ‌ ‌‌do‌ ‌, …, Bb = 1      

2:‌ pick‌ ‌a‌ ‌random‌ ‌permutation‌ ‌π‌ ‌and‌ ‌set‌ ‌ ‌ y(b) = y , …, y( π(1)     π(n))  
3:‌ carry‌‌out‌‌steps‌‌1-6‌‌in‌‌‌Algorithm‌‌1‌‌with‌‌taking‌‌ ‌as‌‌phenotypes,‌‌resulting‌‌                  y(b)        

in‌ ‌corresponding‌ ‌‌p‌-values‌ ‌ ‌ pj x , y( j*   (b))  
4:‌‌  store‌ ‌the‌ ‌smallest‌ ‌of‌ ‌the‌ ‌k‌ ‌computed‌ ‌‌p‌-values‌ ‌as‌ ‌p‌min‌

(b)‌.‌‌ ‌  
5:‌‌  ‌end‌ ‌for‌ ‌ 
6:‌‌  Order‌ ‌the‌ ‌  ‌increasingly‌ ‌as‌ ‌ .‌ ‌≤b≤Bp(b)

min : 1  p ≤b≤B( (b)
ordered : 1 )  

‌ 
Return‌ ‌‌the‌ ‌value‌ ‌ ‌p(α B)*

ordered  
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‌ 

The‌ ‌DeepCOMBI‌ ‌method‌ ‌ 

Combining‌‌the‌‌concepts‌‌of‌‌DNNs‌‌(as‌‌described‌‌in‌‌‌Chapter‌‌2.3.3‌),‌‌explanation‌‌methods‌‌                       
(as‌ ‌described‌ ‌in‌ ‌‌Chapter‌‌2.3.4‌)‌‌and‌‌statistical‌‌testing‌‌(as‌‌described‌‌in‌‌‌Chapter‌‌2.2.1‌),‌‌                         
we‌‌propose‌‌another‌‌novel‌‌algorithm‌‌consisting‌‌of‌‌the‌‌following‌‌three‌‌steps‌‌(see‌‌‌Figure‌‌                         
11B‌):‌ ‌ 

1. Deep‌ ‌learning:‌ ‌‌Given‌ ‌the‌ ‌genotypes‌ ‌ ‌and‌ ‌the‌ ‌corresponding‌‌           x = x( ij)        

phenotypes‌ ‌ ‌of‌ ‌a‌ ‌GWAS,‌ ‌a‌ ‌DNN‌ ‌is‌ ‌trained‌ ‌for‌ ‌phenotype‌‌  y = (y )i                    
prediction.‌ ‌ 

2. Explanation‌ ‌and‌ ‌SNP‌ ‌selection:‌ ‌A‌ ‌subset‌ ‌of‌ ‌SNPs‌ ‌is‌ ‌selected‌ ‌by‌‌                     
applying‌ ‌LRP‌16–18‌ ‌as‌ ‌an‌ ‌explanation‌ ‌method‌ ‌for‌ ‌each‌ ‌individual‌‌                 
prediction‌‌and‌‌averaging‌‌the‌‌absolute‌‌values‌‌of‌‌the‌‌resulting‌‌explanations‌‌                   

to‌‌compute‌‌global‌‌prediction‌‌relevance‌‌scores‌‌ ‌for‌‌all‌‌‌d‌‌SNPs‌‌‌j‌.‌‌             r = r( j)            

The‌‌relevance‌‌scores‌‌are‌‌processed‌‌through‌‌a‌‌moving‌‌average‌‌filter‌‌with‌‌                     
a‌‌window‌‌size‌‌ ‌.‌‌‌Given‌‌a‌‌predefined‌‌upper‌‌bound‌‌ ‌for‌‌      lf ilter             ∈k {1, …, d}       
the‌ ‌number‌ ‌of‌ ‌informative‌ ‌SNPs,‌ ‌we‌ ‌select‌ ‌the‌ ‌‌k‌ ‌most‌ ‌relevant‌ ‌SNPs‌‌                       
based‌ ‌on‌ ‌ ‌.‌ ‌r  

3. Statistical‌ ‌testing:‌‌‌A‌‌hypothesis‌‌test‌‌is‌‌performed‌‌for‌‌all‌‌SNPs‌‌selected‌‌                     
in‌ ‌the‌ ‌previous‌ ‌step‌ ‌to‌ ‌compute‌ ‌the‌ ‌‌p‌-values‌ ‌of‌ ‌those‌ ‌SNPs,‌ ‌while‌ ‌the‌‌                         
p‌-values‌ ‌of‌ ‌all‌ ‌other‌ ‌SNPs‌ ‌are‌ ‌set‌ ‌to‌ ‌one.‌ ‌Via‌ ‌a‌ ‌permutation-based‌‌                       
threshold‌‌calibration‌‌and‌‌given‌‌a‌‌FWER‌‌level‌‌ ,‌‌we‌‌decide‌‌that‌‌SNP‌‌‌j‌‌‌is‌‌              α              
associated‌ ‌with‌ ‌the‌ ‌trait‌ ‌if‌ ‌ ,‌ ‌where‌ ‌ ‌is‌‌chosen‌‌as‌‌the‌‌          pj < t*     t* ≡ t* (k, )α          
α-quantile‌ ‌of‌ ‌the‌ ‌permutation‌ ‌distribution‌ ‌of‌ ‌the‌ ‌‌k‌ ‌‌smallest‌ ‌‌p‌-values.‌ ‌ 

The‌‌proposed‌‌algorithm‌‌can‌‌be‌‌viewed‌‌as‌‌an‌‌extension‌‌of‌‌the‌‌COMBI‌‌method‌‌replacing‌‌                           
the‌ ‌SVM‌ ‌with‌ ‌a‌ ‌state-of-the-art‌ ‌deep‌ ‌learning‌ ‌method‌ ‌in‌ ‌combination‌ ‌with‌ ‌an‌‌                       
explanation‌ ‌technique.‌ ‌The‌ ‌above‌ ‌steps‌ ‌are‌ ‌presented‌ ‌in‌ ‌detail‌ ‌in‌ ‌the‌ ‌following‌ ‌sections.‌ ‌ 

The‌ ‌first‌ ‌step‌ ‌of‌ ‌DeepCOMBI‌ ‌-‌ ‌Deep‌ ‌learning‌ ‌ 

The‌ ‌first‌ ‌step‌ ‌of‌ ‌the‌ ‌proposed‌ ‌method‌ ‌consists‌ ‌of‌ ‌constructing‌ ‌and‌ ‌training‌ ‌a‌‌                         
well-performing‌‌DNN‌‌for‌‌the‌‌prediction‌‌of‌‌the‌‌phenotypes‌‌ ‌(here‌‌ )‌‌                y = (y )i      yi ∈ {0, }1  

of‌‌a‌‌GWAS‌‌given‌‌the‌‌corresponding‌‌genotypes‌‌ .‌‌Selecting‌‌a‌‌DNN‌‌architecture‌‌               x = x( ij)          

is‌‌often‌‌critical‌‌for‌‌achieving‌‌good‌‌performance‌‌for‌‌a‌‌specific‌‌-‌‌in‌‌this‌‌case,‌‌SNP-based‌‌-‌‌                               
classification‌ ‌task.‌ ‌Montaez‌ ‌‌et‌ ‌al.‌201‌ ‌developed‌ ‌a‌‌2-class‌‌DNN‌‌for‌‌the‌‌classification‌‌of‌‌                         
polygenic‌ ‌obesity‌ ‌and‌ ‌showed‌ ‌its‌ ‌performance‌ ‌to‌ ‌be‌ ‌superior‌ ‌to‌‌numerous‌‌competitor‌‌                       
methods.‌ ‌Romagnoni‌ ‌‌et‌ ‌al.‌193‌ ‌compared‌ ‌the‌ ‌performance‌ ‌of‌ ‌similar‌ ‌architectures‌ ‌and‌‌                     
presented‌‌a‌‌detailed‌‌review‌‌of‌‌the‌‌best‌‌design‌‌choices‌‌for‌‌an‌‌NN‌‌on‌‌a‌‌Crohn’s‌‌Disease‌‌                               
dataset.‌ ‌Taking‌ ‌inspiration‌ ‌from‌ ‌the‌ ‌conclusions‌ ‌of‌ ‌both‌ ‌of‌ ‌these‌ ‌works‌ ‌and‌‌                       
investigating‌ ‌performances‌ ‌on‌ ‌synthetic‌ ‌datasets,‌ ‌we‌ ‌use‌ ‌an‌ ‌architecture‌ ‌of‌ ‌two‌ ‌fully‌‌                       
connected‌ ‌layers‌ ‌with‌ ‌64‌ ‌neurons‌ ‌and‌ ‌ReLU‌ ‌activations‌ ‌and‌ ‌a‌ ‌dense‌ ‌softmax‌ ‌output‌‌                         
‌ 
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layer‌ ‌with‌ ‌two‌ ‌output‌ ‌nodes.‌ ‌To‌ ‌improve‌ ‌validation‌ ‌accuracy‌ ‌by‌ ‌reducing‌‌overfitting,‌‌                       
each‌ ‌hidden‌‌layer‌‌is‌‌followed‌‌by‌‌a‌‌dropout‌‌layer‌‌with‌‌a‌‌dropout‌‌probability‌‌of‌‌ .‌‌We‌‌                             ϕ    
employ‌ ‌a‌ ‌classic‌ ‌cross-entropy‌ ‌loss‌ ‌function‌ ‌coupled‌ ‌with‌ ‌an‌ ‌L1-L2‌ ‌mixed‌‌                     
regularization‌‌term‌‌(defined‌‌as‌‌in‌‌‌Chapter‌‌2.3.3‌)‌‌to‌‌avoid‌‌overfitting‌‌by‌‌minimizing‌‌the‌‌                         
trade-off‌ ‌between‌ ‌small‌ ‌errors‌ ‌on‌ ‌the‌‌data‌‌and‌‌small‌‌L1‌‌and‌‌L2‌‌norms‌‌of‌‌the‌‌weights.‌‌                               
Adam‌55‌ ‌is‌ ‌used‌ ‌as‌ ‌an‌ ‌adaptive‌ ‌learning‌ ‌rate‌ ‌optimizer‌ ‌to‌ ‌minimize‌ ‌the‌ ‌given‌ ‌loss‌‌                           
function.‌ ‌To‌ ‌overcome‌ ‌limitations‌ ‌due‌ ‌to‌ ‌imbalanced‌ ‌datasets,‌ ‌class‌ ‌weights‌ ‌are‌‌                     
calculated‌‌according‌‌to‌‌the‌‌class‌‌frequencies‌‌and‌‌used‌‌to‌‌direct‌‌the‌‌DNN‌‌to‌‌balance‌‌the‌‌                             
impact‌‌of‌‌controls‌‌and‌‌cases.‌‌In‌‌a‌‌preprocessing‌‌step,‌‌the‌‌data‌‌is‌‌centered‌‌and‌‌scaled‌‌by‌‌                               
subtracting‌‌the‌‌global‌‌mean‌‌and‌‌dividing‌‌by‌‌the‌‌global‌‌standard‌‌deviation.‌‌To‌‌minimize‌‌                         
computational‌ ‌effort‌ ‌and‌ ‌limit‌‌the‌‌number‌‌of‌‌model‌‌parameters‌‌in‌‌the‌‌DNN,‌‌a‌‌‌p‌-value‌‌                           
threshold‌‌ ‌can‌‌be‌‌applied‌‌in‌‌order‌‌to‌‌only‌‌select‌‌SNPs‌‌with‌‌‌p‌-values‌‌smaller‌‌than‌‌ ‌to‌‌  κ                             κ    
be‌ ‌used‌ ‌for‌ ‌training.‌‌ ‌  

Once‌ ‌the‌ ‌parameters‌ ‌ ‌‌of‌ ‌the‌ ‌DNN‌ ‌‌have‌ ‌been‌ ‌trained‌ ‌by‌ ‌optimizing‌ ‌the‌‌      wq
st                    

corresponding‌‌learning‌‌problem‌‌(See‌‌‌Chapter‌‌2.3.3‌‌for‌‌details),‌‌the‌‌network‌‌is‌‌able‌‌to‌‌                         
predict‌‌the‌‌phenotype‌‌of‌‌any‌‌unseen‌‌genotype‌‌ ‌.‌‌Regarding‌‌this‌‌binary‌‌classification‌‌              xnew          
problem,‌ ‌the‌ ‌output‌ ‌node‌ ‌with‌ ‌the‌ ‌highest‌ ‌score‌ ‌represents‌ ‌the‌ ‌predicted‌ ‌phenotype.‌‌ ‌  

The‌ ‌second‌ ‌step‌ ‌of‌ ‌DeepCOMBI‌ ‌-‌ ‌Explanation‌ ‌and‌ ‌SNP‌ ‌selection‌ ‌ 

To‌ ‌harness‌ ‌the‌ ‌potential‌ ‌of‌ ‌DNNs‌ ‌for‌ ‌identifying‌ ‌SNP‌‌disease‌‌associations‌‌in‌‌GWAS,‌‌                         
we‌‌now‌‌apply‌‌the‌‌concept‌‌of‌‌XAI.‌‌Once‌‌the‌‌DNN‌‌is‌‌fully‌‌trained,‌‌the‌‌aim‌‌is‌‌to‌‌define‌‌                                   
an‌ ‌importance‌ ‌measure‌ ‌that‌ ‌determines‌ ‌which‌ ‌loci‌ ‌play‌ ‌an‌ ‌important‌ ‌role‌ ‌in‌ ‌the‌‌                         
determination‌ ‌of‌ ‌a‌ ‌phenotype.‌ ‌Generating‌ ‌relevance‌‌scores‌‌from‌‌trained‌‌DNNs‌‌can‌‌be‌‌                       
achieved‌ ‌by‌ ‌utilizing‌ ‌LRP‌16–18‌,‌ ‌which‌ ‌we‌ ‌have‌ ‌introduced‌ ‌and‌ ‌described‌ ‌in‌ ‌detail‌ ‌in‌‌                         
Chapter‌ ‌2.3.4‌.‌ ‌LRP‌ ‌firstly‌ ‌computes‌ ‌the‌ ‌prediction‌ ‌scores‌ ‌of‌ ‌a‌ ‌datapoint‌ ‌ ‌by‌‌                      xi    

,‌‌a‌‌forward‌‌pass‌‌through‌‌the‌‌network‌‌after‌‌a‌‌DNN‌‌‌f‌‌is‌‌trained‌‌on‌‌a‌‌prediction‌‌(x )f i = yi
︿                                

task.‌ ‌Secondly,‌ ‌following‌ ‌a‌ ‌specific‌‌propagation‌‌rule,‌‌a‌‌single‌‌output‌‌score‌‌ ,‌‌‌i.e.‌‌the‌‌                      yi
︿      

highest‌‌output‌‌score,‌‌is‌‌backpropagated‌‌successively‌‌layer-by-layer‌‌through‌‌the‌‌network‌‌                   
until‌ ‌reaching‌ ‌the‌ ‌input‌ ‌layer.‌ ‌Here,‌ ‌the‌ ‌‌LRP-‌ rule‌ ‌(also‌ ‌see‌ ‌‌Chapter‌ ‌2.3.4‌ ‌for‌ ‌a‌‌              βα              
definition)‌‌is‌‌used,‌‌which‌‌allows‌‌us‌‌to‌‌weigh‌‌the‌‌positive‌‌and‌‌negative‌‌contributions‌‌of‌‌                           
each‌‌neuron‌‌to‌‌their‌‌predecessor‌‌differently‌‌with‌‌the‌‌hyperparameters‌‌ ‌and‌‌ .‌‌                  αLRP     βLRP  
Once‌ ‌the‌ ‌input‌ ‌layer‌ ‌ ‌is‌ ‌reached,‌ ‌the‌ ‌relevance‌ ‌score‌ ‌ ‌of‌ ‌SNP‌ ‌‌j‌ ‌in‌‌        R(0,i) ∈ ℜ3 d*             ρij          

subject‌ ‌‌i‌ ‌is‌ ‌attributed‌ ‌to‌ ‌each‌ ‌dimension‌ ‌of‌ ‌ with‌ ‌ .‌ ‌Since‌ ‌the‌‌                xi   3  ρij = (∑
 

u
Ru

(0,i)) /      

original‌‌relevance‌‌vector‌‌ ‌contains‌‌three‌‌values‌‌for‌‌each‌‌one-hot-encoded‌‌location,‌‌      R(0,i)                
it‌ ‌is‌ ‌converted‌ ‌back‌ ‌to‌ ‌size‌ ‌‌d‌ ‌by‌ ‌averaging‌ ‌over‌ ‌the‌ ‌three‌ ‌nodes‌‌                         

‌corresponding‌ ‌to‌ ‌SNP‌ ‌‌j‌ ‌in‌ ‌the‌‌input‌‌layer.‌‌Please‌‌(j ) , (j ) , (j )}u ∈ { × 3 − 2   × 3 − 1   * 3                    
note‌ ‌that‌ ‌all‌ ‌relevance‌ ‌scores‌ ‌ ‌are‌ ‌positive‌ ‌since‌ ‌a‌ ‌softmax‌ ‌output‌ ‌layer‌ ‌with‌ ‌two‌‌          ρji                    
output‌ ‌nodes‌ ‌for‌ ‌the‌ ‌binary‌ ‌classification‌ ‌problem‌ ‌is‌ ‌used‌ ‌and‌ ‌only‌ ‌the‌‌highest‌‌of‌‌the‌‌                             

‌ 
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two‌ ‌output‌ ‌activations‌ ‌is‌ ‌backpropagated.‌ ‌ ‌now‌ ‌demonstrates‌ ‌to‌ ‌which‌ ‌extent‌ ‌the‌‌          ρij              
dimension‌ ‌‌j‌ ‌‌of‌ ‌ ‌plays‌ ‌a‌ ‌role‌ ‌in‌ ‌the‌ ‌classification‌ ‌decision‌ ‌ ‌and‌ ‌can‌ ‌be‌‌used‌‌to‌‌      xi                 (x )f i            
uncover‌ ‌the‌ ‌most‌ ‌relevant‌ ‌SNPs‌ ‌for‌ ‌prediction.‌ ‌Note,‌ ‌however,‌ ‌that‌ ‌LRP‌ ‌is‌ ‌applied‌‌                         
individually‌ ‌to‌ ‌each‌ ‌datapoint‌ ‌‌i‌.‌ ‌By‌ ‌averaging‌ ‌the‌ ‌values‌ ‌of‌ ‌all‌ ‌individual‌ ‌LRP‌‌                         
explanations‌ ‌  ‌of‌ ‌SNP‌‌ ‌j‌,‌ ‌we‌ ‌propose‌ ‌to‌ ‌generate‌ ‌a‌ ‌global‌ ‌explanation,‌ ‌that‌ ‌is:‌ ‌ρij  

‌n  rj = (∑
n

i=1
ρij) /  

which‌ ‌is‌ ‌independent‌ ‌of‌‌datapoints.‌‌The‌‌relevance‌‌scores‌‌of‌‌one‌‌sample‌‌sum‌‌up‌‌to‌‌the‌‌                             
activation‌ ‌value‌ ‌of‌ ‌the‌ ‌output‌ ‌prediction,‌ ‌which‌ ‌means‌ ‌that‌ ‌datapoints‌ ‌classified‌ ‌with‌‌                       
low‌‌certainty‌‌also‌‌have‌‌a‌‌small‌‌impact‌‌on‌‌the‌‌global‌‌explanation.‌‌Intuitively,‌‌the‌‌global‌‌                           
LRP‌‌score‌‌‌r‌j‌ ‌of‌‌each‌‌SNP‌‌‌j‌‌can‌‌now‌‌be‌‌interpreted‌‌as‌‌a‌‌measure‌‌of‌‌relevance‌‌regarding‌‌                                 
the‌‌prediction:‌‌The‌‌higher‌‌‌r‌j‌,‌‌the‌‌greater‌‌the‌‌influence‌‌of‌‌locus‌‌‌j‌‌on‌‌the‌‌decision‌‌process‌‌                               
of‌‌the‌‌DNN.‌‌To‌‌achieve‌‌better‌‌performance,‌‌the‌‌SNP‌‌relevance‌‌scores‌‌are‌‌now‌‌filtered‌‌-‌‌                             
like‌ ‌the‌ ‌SVM‌‌weights‌‌of‌‌the‌‌COMBI‌‌method‌‌-‌‌before‌‌using‌‌them‌‌to‌‌select‌‌the‌‌highest‌‌                               
scoring‌ ‌locations.‌ ‌The‌ ‌vector‌ ‌‌r‌ ‌‌is‌‌post-processed‌‌through‌‌a‌‌‌p-‌th-order‌‌moving‌‌average‌‌                       
filter,‌ ‌that‌ ‌is:‌ ‌ 

 ‌ ‌ ‌ ∶  rj
new =  √p

∑
min d,j+ l 1 2( ( f ilter− )/ )

h=max 1,j l 1 2( −( f ilter− )/ )
(r )h

pf ilter   

where‌ ‌ ‌denotes‌ ‌the‌ ‌window‌‌size‌‌and‌‌ ‌is‌‌a‌‌norm‌‌parameter.‌‌  ∈1, …, dlf ilter                 ∈]0, [pf ilter ∞          
We‌‌have‌‌now‌‌generated‌‌relevance‌‌scores‌‌showing‌‌which‌‌SNPs‌‌played‌‌an‌‌important‌‌role‌‌                         
in‌‌the‌‌classification‌‌decision‌‌and‌‌can‌‌use‌‌them‌‌for‌‌the‌‌selection‌‌of‌‌promising‌‌locations.‌‌                           
For‌‌the‌‌next‌‌step‌‌of‌‌DeepCOMBI,‌‌we‌‌choose‌‌to‌‌test‌‌all‌‌SNPs‌‌with‌‌the‌‌‌k‌‌largest‌‌values‌‌                                 
of‌ ‌the‌ ‌scores‌ ‌  ‌and‌ ‌eliminate‌ ‌all‌ ‌SNPs‌ ‌with‌ ‌lower‌ ‌relevance.‌‌ ‌rj

new   

The‌ ‌third‌ ‌step‌ ‌of‌ ‌DeepCOMBI‌ ‌-‌ ‌Statistical‌ ‌testing‌ ‌ 

The‌‌statistical‌‌testing‌‌step‌‌of‌‌the‌‌DeepCOMBI‌‌method‌‌is‌‌identical‌‌to‌‌the‌‌second‌‌step‌‌of‌‌                             
the‌‌COMBI‌‌method.‌‌A‌‌ hypothesis‌‌test‌‌is‌‌performed‌‌for‌‌each‌‌of‌‌the‌‌‌k‌‌SNPs‌‌selected‌‌        χ2                      
in‌ ‌the‌ ‌LRP‌ ‌explanation‌ ‌step‌ ‌and‌ ‌the‌ ‌‌p‌-values‌ ‌for‌ ‌all‌ ‌other‌ ‌SNPs‌ ‌are‌ ‌set‌ ‌to‌ ‌one.‌‌ ‌  

‌ ‌   

‌ 
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In‌ ‌summary,‌ ‌the‌ ‌proposed‌ ‌methodology,‌ ‌including‌ ‌all‌ ‌steps,‌ ‌is‌ ‌formally‌ ‌stated‌ ‌as‌‌                       
Algorithm‌ ‌3‌.‌ ‌ 

‌ 

To‌‌identify‌‌statistically‌‌significant‌‌associations,‌‌the‌‌‌p‌-value‌‌threshold‌‌ ‌is‌‌calibrated‌‌to‌‌                t*        
control‌ ‌the‌ ‌‌FWER‌ ‌for‌ ‌multiplicity‌ ‌by‌ ‌applying‌ ‌the‌ ‌same‌ ‌permutation‌ ‌procedure‌ ‌as‌‌                       
proposed‌ ‌above‌‌for‌‌COMBI‌‌in‌‌‌Algorithm‌‌2‌,‌‌‌replacing‌‌“‌Algorithm‌‌1‌”‌‌with‌‌“‌Algorithm‌‌                       
3‌”‌ ‌in‌ ‌the‌ ‌requirements‌ ‌and‌ ‌in‌ ‌line‌ ‌3.‌‌ ‌  

Implementation‌ ‌details‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌ 

The‌‌DeepCOMBI‌‌method‌‌is‌‌implemented‌‌in‌‌Python‌‌and‌‌the‌‌source‌‌code‌‌is‌‌available‌‌at‌‌                           
https://github.com/AlexandreRozier/DeepCombi.‌ ‌The‌ ‌implementation‌ ‌uses‌ ‌the‌ ‌DNN‌‌           
development‌‌library‌‌Keras‌223‌ ‌in‌‌combination‌‌with‌‌the‌‌LRP‌‌library‌‌iNNvestigate‌158‌.‌‌The‌‌                     
code‌ ‌for‌ ‌simulating‌ ‌GWAS‌ ‌datasets‌ ‌is‌ ‌also‌ ‌available‌ ‌at‌‌                 
https://github.com/AlexandreRozier/DeepCombi.‌ 

‌ ‌   
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Algorithm‌ ‌3‌ ‌ 
‌ 

T‌HE‌‌ ‌D‌EEP‌C‌OMBI‌‌ ‌M‌ETHOD‌.‌ ‌ 
Require‌:‌ ‌genotypes‌ ‌ ‌and‌ ‌phenotypes‌ ‌ ,‌ ‌a‌ ‌reasonable‌ ‌upper‌ ‌bound‌‌     x = x( ij)       y = (y )i          

 ‌for‌ ‌the‌ ‌number‌ ‌of‌ ‌informative‌ ‌SNPs‌ ‌and‌ ‌an‌ ‌‌FWER‌‌ ‌level‌ ‌α‌ ‌∈k {1, …, d}     
‌ 

1:‌‌  train‌ ‌a‌ ‌DNN‌ ‌using‌ ‌genotypes‌ ‌  ‌and‌ ‌phenotypes‌ ‌ ‌x y  
2:‌‌  calculate‌ ‌global‌ ‌relevances‌ ‌  ‌via‌ ‌averaging‌ ‌local‌ ‌LRP‌ ‌scores‌ ‌, ..., rrj     d  
3:‌‌  filter‌ ‌the‌ ‌weights‌ ‌  ‌through‌ ‌a‌ ‌‌p-‌th-order‌ ‌moving‌ ‌average‌ ‌filter‌‌ ‌, ..., r  rj     d   
4:‌‌  let‌ ‌ ‌denote‌ ‌the‌ ‌ -th‌ ‌largest‌ ‌of‌ ‌the‌ ‌ ’s‌ ‌in‌ ‌absolute‌ ‌value‌ ‌and‌ ‌re-number‌ ‌the‌‌  r* (k)       k         rj              

corresponding‌ ‌positions‌ ‌from‌ ‌ ‌, …, k1      
5:‌‌  ‌for‌ ‌all‌ ‌ ‌ ‌‌do‌ ‌, …, kj = 1      

6:‌ compute‌ ‌the‌ ‌‌p-‌value‌ ‌of‌ ‌the‌ ‌‌j-‌th‌ ‌SNP‌ ‌ ‌ pj x , y( j*   )  
7:‌‌  end‌ ‌for‌ ‌ 
8:‌‌  decide‌ ‌that‌ ‌SNP‌ ‌‌j‌ ‌‌is‌ ‌associated‌ ‌with‌ ‌the‌ ‌trait‌ ‌if‌ ‌ ‌and‌ ‌ ,‌ ‌where‌‌                    rj ≥ r* (k)     pj < t*    

‌is‌ ‌chosen‌ ‌as‌ ‌the‌ ‌α-quantile‌ ‌of‌ ‌the‌ ‌permutation‌ ‌distribution‌ ‌of‌ ‌the‌t* ≡ t* (k, )α                        
smallest‌ ‌of‌ ‌the‌ ‌‌k‌ ‌p‌-values‌ ‌(see‌ ‌‌Algorithm‌ ‌2‌ ‌‌for‌ ‌details)‌ ‌ 

‌ 
Return‌ ‌‌predicted‌ ‌set‌ ‌of‌ ‌informative‌ ‌SNPs‌ ‌ 
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3.2.3‌ ‌Datasets‌ ‌and‌ ‌corresponding‌ ‌validation‌ ‌strategies‌ ‌ 

To‌ ‌evaluate‌ ‌the‌ ‌performances‌ ‌of‌ ‌the‌ ‌proposed‌ ‌methods‌ ‌in‌ ‌comparison‌ ‌to‌ ‌their‌‌                       
competitor‌ ‌methods,‌ ‌we‌ ‌analyze‌ ‌a‌ ‌number‌ ‌of‌ ‌different‌ ‌datasets.‌ ‌First,‌ ‌we‌ ‌generate‌‌                       
semi-real‌‌GWAS‌‌datasets,‌‌where‌‌the‌‌underlying‌‌truth‌‌of‌‌associated‌‌SNPs‌‌is‌‌known‌‌and‌‌                         
the‌ ‌methods‌ ‌can‌ ‌be‌ ‌investigated‌ ‌in‌‌a‌‌controlled‌‌environment.‌‌Afterwards,‌‌we‌‌examine‌‌                       
seven‌‌real‌‌GWAS‌‌datasets‌‌from‌‌a‌‌2007‌‌study‌38‌ ‌and‌‌evaluate‌‌the‌‌findings‌‌of‌‌the‌‌methods‌‌                             
in‌ ‌terms‌ ‌of‌ ‌replication‌ ‌in‌ ‌independent‌ ‌studies.‌ ‌The‌ ‌datasets‌ ‌and‌ ‌corresponding‌‌                     
validation‌ ‌strategies‌ ‌are‌ ‌presented‌ ‌in‌ ‌the‌ ‌following‌ ‌paragraphs.‌ ‌ 

Validation‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌ 

First,‌‌we‌‌aim‌‌to‌‌assess‌‌the‌‌performance‌‌of‌‌the‌‌two‌‌proposed‌‌methods‌‌in‌‌comparison‌‌to‌‌                             
other‌‌methods‌‌in‌‌controlled‌‌simulation‌‌experiments.‌‌To‌‌create‌‌a‌‌realistic‌‌but‌‌controlled‌‌                       
environment‌ ‌where‌ ‌the‌ ‌ground-truth‌ ‌labels‌ ‌of‌ ‌a‌ ‌dataset,‌ ‌‌i.e.‌ ‌the‌ ‌SNPs‌ ‌that‌ ‌are‌ ‌indeed‌‌                           
linked‌‌to‌‌the‌‌disease,‌‌are‌‌known,‌‌we‌‌generate‌‌semi-real‌‌datasets‌‌with‌‌real‌‌genotypes‌‌and‌‌                           
synthetic‌ ‌phenotypes.‌ ‌The‌ ‌basic‌ ‌concept‌ ‌is‌ ‌to‌ ‌take‌ ‌an‌‌ensemble‌‌of‌‌real‌‌genotypes‌‌and‌‌                           
generate‌ ‌a‌ ‌synthetic‌ ‌phenotype‌ ‌for‌ ‌each‌ ‌subject‌‌according‌‌to‌‌a‌‌specific‌‌rule.‌‌With‌‌this‌                           
method,‌‌the‌‌underlying‌‌architecture‌‌of‌‌the‌‌genome,‌‌including,‌‌for‌‌example,‌‌genetic‌‌LD‌‌                       
and‌ ‌correlation‌ ‌structures,‌ ‌is‌ ‌kept‌ ‌intact‌ ‌while‌ ‌control‌ ‌over‌ ‌the‌ ‌phenotypic‌ ‌labels‌ ‌is‌‌                         
gained‌‌at‌‌the‌‌same‌‌time.‌‌We‌‌use‌‌the‌‌WTCCC‌‌data‌38‌ ‌described‌‌in‌‌more‌‌detail‌‌below‌‌and‌‌                               
randomly‌‌select‌‌300‌‌subjects‌‌of‌‌the‌‌Crohn’s‌‌disease‌‌dataset.‌‌We‌‌draw‌‌a‌‌random‌‌block‌‌of‌‌                             
20‌ ‌consecutive‌ ‌SNPs‌ ‌from‌ ‌chromosome‌ ‌1‌ ‌and‌ ‌a‌ ‌random‌ ‌block‌ ‌of‌‌10,000‌‌consecutive‌‌                         
SNPs‌ ‌from‌ ‌chromosome‌ ‌2‌ ‌without‌ ‌breaking‌ ‌linkage.‌ ‌The‌ ‌former,‌ ‌smaller‌ ‌block‌‌                     
represents‌ ‌the‌ ‌set‌ ‌of‌ ‌informative‌ ‌SNPs‌ ‌to‌ ‌be‌ ‌associated‌ ‌with‌ ‌the‌ ‌phenotype‌ ‌in‌ ‌this‌‌                           
experiment,‌ ‌while‌ ‌the‌ ‌latter,‌ ‌larger‌ ‌block‌ ‌constitutes‌ ‌the‌ ‌set‌ ‌of‌ ‌uninformative‌ ‌SNPs.‌‌                       
These‌‌‌noise‌‌‌SNPs‌‌are‌‌placed‌‌surrounding‌‌the‌‌20‌‌informative‌‌loci,‌‌which‌‌thus‌‌are‌‌to‌‌be‌‌                             
found‌‌at‌‌the‌‌positions‌‌5,001‌‌to‌‌5,020.‌‌Synthetic‌‌phenotypes‌‌are‌‌now‌‌generated‌‌based‌‌on‌                           
only‌ ‌one‌ ‌of‌ ‌the‌ ‌20‌ ‌associated‌ ‌SNPs‌ ‌(at‌ ‌position‌ ‌5,010),‌ ‌using‌ ‌a‌ ‌logistic‌ ‌regression‌‌                           
model.‌ ‌The‌ ‌corresponding‌ ‌probability‌ ‌function‌ ‌describes‌ ‌the‌ ‌statistical‌ ‌distribution‌ ‌of‌‌                   
phenotypes‌ ‌as‌ ‌ 

,‌ ‌ P Y ∣X( i =   + 1 i,*
= xi,*) = 1 xp( + e (− γ x edian( i,5010 − m x( ,5010* )))) 1−

 

where,‌ ‌ ‌is‌ ‌an‌ ‌effect‌ ‌size‌ ‌parameter,‌ ‌ ‌is‌ ‌the‌ ‌allele‌ ‌sequence‌ ‌in‌ ‌nominal‌ ‌feature‌‌  γ             xi,*
               

encoding‌‌(‌i.e.‌‌ ‌is‌‌the‌‌number‌‌of‌‌minor‌‌alleles‌‌in‌‌SNP‌‌ ‌of‌‌subject‌‌ )‌‌and‌‌ ‌is‌‌the‌‌    xij                   j       i     Y i      
generated‌ ‌phenotype‌ ‌of‌ ‌subject‌ ‌i‌.‌ ‌Basing‌ ‌the‌‌label‌‌of‌‌a‌‌subject‌‌on‌‌the‌‌SNP‌‌at‌‌position‌‌                               
5,010‌‌creates‌‌associations‌‌to‌‌all‌‌20‌‌informative‌‌SNPs‌‌because‌‌there‌‌are‌‌real‌‌covariance‌‌                         
structures‌ ‌and‌ ‌LD‌ ‌within‌ ‌this‌ ‌set‌ ‌of‌ ‌SNPs.‌ ‌A‌ ‌typical‌ ‌tower-shaped‌ ‌p‌-value‌ ‌formation‌‌                         
with‌‌realistic‌‌covariances‌‌appears‌‌in‌‌the‌‌resulting‌‌Manhattan‌‌plot.‌‌The‌‌tower‌‌structure‌‌is‌‌                         
limited‌ ‌to‌ ‌those‌ ‌20‌ ‌informative‌ ‌positions‌ ‌because‌ ‌there‌ ‌are‌ ‌no‌ ‌correlations‌ ‌of‌ ‌those‌‌                         
SNPs‌ ‌with‌ ‌the‌ ‌surrounding‌ ‌10,000‌ ‌noise‌ ‌SNPs‌ ‌coming‌ ‌from‌ ‌chromosome‌ ‌2.‌ ‌The‌‌                       
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random‌ ‌generation‌ ‌process‌ ‌also‌‌ensures‌‌that‌‌the‌‌datasets‌‌have‌‌associations‌‌of‌‌different‌‌                       
strengths‌‌to‌‌the‌‌20‌‌informative‌‌SNPs,‌‌which‌‌increases‌‌similarity‌‌to‌‌real‌‌GWAS‌‌datasets.‌‌                         
Three‌ ‌exemplary‌ ‌datasets‌ ‌are‌ ‌shown‌ ‌and‌ ‌investigated‌ ‌in‌ ‌Figure‌ ‌13‌ ‌‌in‌‌Chapter‌‌3.3.1‌.‌‌                         
The‌ ‌complete‌ ‌process‌ ‌of‌ ‌drawing‌‌random‌‌genotypes‌‌and‌‌generating‌‌the‌‌corresponding‌‌                     
phenotypes‌ ‌is‌ ‌repeated‌ ‌1,000‌ ‌times‌ ‌to‌ ‌generate‌ ‌1,000‌ ‌datasets.‌‌COMBI,‌‌DeepCOMBI‌‌                     
and‌ ‌all‌ ‌baseline‌‌methods‌‌are‌‌applied‌‌to‌‌each‌‌dataset‌‌with‌‌an‌‌80:20‌‌class‌‌balanced‌‌split‌‌                             
into‌ ‌training‌ ‌and‌ ‌test‌ ‌data.‌ ‌The‌ ‌results‌ ‌on‌ ‌the‌ ‌test‌ ‌data‌ ‌are‌ ‌evaluated‌ ‌with‌ ‌the‌ ‌known‌‌                               
ground‌ ‌truth‌ ‌of‌ ‌only‌ ‌20‌ ‌informative‌ ‌SNPs‌ ‌at‌ ‌the‌ ‌positions‌ ‌5,000‌ ‌to‌ ‌5,020‌ ‌and‌ ‌the‌‌                             
corresponding‌ ‌performance‌ ‌can‌ ‌be‌ ‌measured‌ ‌in‌ ‌terms‌ ‌of‌ ‌the‌ ‌number‌‌of‌‌true‌‌and‌‌false‌‌                           
positives‌ ‌for‌ ‌each‌ ‌method.‌‌ ‌  

An‌ ‌additive‌ ‌heritability‌ ‌model‌ ‌is‌ ‌assumed‌ ‌appropriate‌ ‌for‌ ‌this‌ ‌simulation‌ ‌study‌ ‌for‌ ‌a‌‌                         
number‌ ‌of‌ ‌different‌ ‌reasons.‌ ‌Most‌ ‌importantly,‌ ‌it‌ ‌is‌ ‌the‌ ‌standard‌‌model‌‌in‌‌the‌‌field‌‌of‌‌                             
SNP‌‌effect‌‌estimation,‌‌genomic‌‌risk‌‌score‌‌computation‌‌and‌‌other‌‌related‌‌problems‌224,225‌.‌‌                     
This‌‌is‌‌especially‌‌true‌‌for‌‌the‌‌seven‌‌diseases‌‌that‌‌are‌‌studied‌‌in‌‌this‌‌dissertation.‌‌In‌‌the‌‌                               
original‌ ‌WTCCC‌ ‌study,‌ ‌an‌ ‌additive‌ ‌test‌‌is‌‌used‌‌as‌‌the‌‌null‌‌model,‌‌spotting‌‌only‌‌a‌‌few‌‌                               
cases‌ ‌where‌ ‌departure‌ ‌from‌ ‌this‌ ‌additivity‌ ‌are‌ ‌observed‌38‌.‌ ‌Additive,‌ ‌infinitesimal‌‌                   
models‌ ‌have‌ ‌been‌ ‌shown‌ ‌to‌ ‌perform‌ ‌well‌ ‌in‌ ‌the‌‌research‌‌area‌‌of‌‌quantitative‌‌genetics‌‌                           
and,‌ ‌indeed,‌ ‌most‌ ‌GWAS‌ ‌hits‌ ‌seem‌ ‌to‌ ‌behave‌ ‌additively‌226–228‌.‌ ‌It‌ ‌is‌ ‌also‌ ‌the‌ ‌most‌‌                           
agnostic‌ ‌model,‌ ‌with‌ ‌few‌ ‌parameters‌ ‌and‌ ‌no‌ ‌assumptions‌ ‌on‌ ‌values‌ ‌of‌ ‌dominance‌ ‌or‌‌                         
complex‌ ‌interactions‌ ‌between‌ ‌loci‌224,225‌.‌ ‌The‌ ‌investigation‌ ‌of‌ ‌other‌ ‌models‌ ‌for‌ ‌the‌‌                     
genetic‌ ‌architecture‌ ‌of‌ ‌a‌ ‌disease‌ ‌could‌ ‌be‌ ‌the‌ ‌subject‌ ‌of‌ ‌future‌ ‌research‌ ‌projects.‌ ‌ 

The‌ ‌validation‌ ‌results‌ ‌using‌ ‌the‌‌generated‌‌semi-real‌‌datasets‌‌are‌‌presented‌‌in‌‌‌Chapter‌‌                       
3.3.1‌.‌ ‌In‌ ‌addition‌ ‌to‌ ‌assessing‌ ‌the‌ ‌effectiveness‌ ‌of‌ ‌the‌ ‌proposed‌ ‌algorithms,‌ ‌the‌‌                       
generated‌ ‌datasets‌ ‌with‌ ‌access‌ ‌to‌ ‌the‌ ‌true‌ ‌set‌ ‌of‌ ‌informative‌ ‌SNPs‌ ‌are‌ ‌also‌ ‌used‌ ‌to‌‌                             
identify‌ ‌optimal‌ ‌parameter‌ ‌settings‌ ‌for‌ ‌both‌ ‌COMBI‌‌and‌‌DeepCOMBI‌‌in‌‌a‌‌controlled‌‌                       
environment,‌ ‌as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌3.2.4‌.‌‌ ‌  

Validation‌ ‌on‌ ‌WTCCC‌ ‌data‌‌ ‌  

For‌ ‌evaluation‌ ‌on‌ ‌real-world‌ ‌genomic‌ ‌data,‌ ‌the‌ ‌performances‌ ‌of‌ ‌COMBI‌ ‌and‌‌                     
DeepCOMBI‌‌are‌‌assessed‌‌on‌‌the‌‌WTCCC‌‌phase‌‌1‌‌dataset,‌‌released‌‌in‌‌2007‌38‌,‌‌featuring‌‌                         
the‌ ‌genotypic‌ ‌information‌ ‌of‌ ‌17,000‌ ‌British‌ ‌subjects.‌ ‌With‌ ‌3,000‌ ‌shared‌ ‌controls‌ ‌and‌‌                       
2,000‌ ‌case‌ ‌samples‌ ‌for‌ ‌seven‌ ‌major‌ ‌human‌ ‌diseases‌ ‌(Crohn’s‌ ‌disease‌ ‌(CD),‌ ‌type‌ ‌1‌‌                         
diabetes‌ ‌(T1D),‌ ‌type‌ ‌2‌ ‌diabetes‌ ‌(T2D),‌ ‌coronary‌ ‌artery‌ ‌disease‌ ‌(CAD),‌ ‌hypertension‌‌                     
(HT),‌ ‌bipolar‌ ‌disorder‌ ‌(BD)‌ ‌and‌ ‌rheumatoid‌ ‌arthritis‌ ‌(RA)),‌ ‌it‌ ‌was‌ ‌a‌ ‌landmark‌ ‌study‌‌                         
both‌ ‌in‌ ‌terms‌ ‌of‌ ‌sample‌ ‌size‌ ‌and‌ ‌dimensionality‌ ‌at‌ ‌the‌ ‌time‌ ‌of‌ ‌its‌ ‌publication.‌‌ ‌  

Here‌‌and‌‌in‌‌contrast‌‌to‌‌the‌‌simulation‌‌experiments‌‌described‌‌above,‌‌the‌‌true‌‌underlying‌‌                         
genetic‌ ‌architectures‌ ‌of‌ ‌the‌ ‌traits‌‌under‌‌investigation,‌‌‌i.e.‌‌the‌‌sets‌‌of‌‌informative‌‌SNPs‌‌                         
for‌ ‌each‌ ‌disease,‌ ‌are‌ ‌largely‌ ‌unknown.‌ ‌Hence,‌ ‌for‌‌evaluation‌‌purposes,‌‌the‌‌concept‌‌of‌‌                         
replicability‌ ‌in‌ ‌independent‌ ‌studies‌ ‌is‌ ‌used‌ ‌as‌ ‌a‌ ‌measure‌ ‌of‌ ‌performance.‌ ‌An‌‌                       
approximation‌ ‌of‌ ‌the‌ ‌true‌‌set‌‌of‌‌informative‌‌SNPs‌‌is‌‌created‌‌by‌‌employing‌‌the‌‌GWAS‌‌                           
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catalog‌7‌ ‌and‌ ‌examining‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌13‌ ‌years‌ ‌of‌ ‌independent‌ ‌studies‌ ‌after‌ ‌the‌‌                           
WTCCC‌‌dataset‌‌was‌‌published.‌‌In‌‌summary,‌‌we‌‌proceed‌‌as‌‌follows:‌‌the‌‌application‌‌of‌‌                         
some‌‌method‌‌(for‌‌instance,‌‌COMBI,‌‌DeepCOMBI‌‌or‌‌RPVT)‌‌to‌‌the‌‌2007‌‌WTCCC‌‌data‌‌                         
results‌‌in‌‌a‌‌list‌‌of‌‌SNPs‌‌that‌‌are‌‌potentially‌‌associated‌‌with‌‌the‌‌trait‌‌(this‌‌is‌‌illustrated‌‌on‌‌                                 
the‌ ‌left-hand‌ ‌side‌ ‌of‌ ‌‌Figure‌ ‌12‌).‌ ‌ 

‌ 

Figure‌ ‌12:‌ ‌Illustration‌ ‌of‌ ‌the‌ ‌validation‌ ‌methodology‌ ‌on‌ ‌WTCCC‌ ‌data.‌‌ ‌After‌ ‌producing‌ ‌a‌ ‌list‌ ‌of‌ ‌associated‌ ‌SNPs‌‌ 
via‌ ‌an‌ ‌appropriate‌ ‌inference‌ ‌method‌ ‌(‌i.e.‌‌ ‌COMBI,‌ ‌DeepCOMBI‌ ‌or‌ ‌RPVT),‌ ‌the‌ ‌GWAS‌ ‌catalog‌ ‌is‌ ‌used‌ ‌in‌ ‌an‌‌ 

independent‌ ‌validation‌ ‌step‌ ‌to‌ ‌confirm‌ ‌or‌ ‌refute‌ ‌those‌ ‌candidate‌ ‌SNPs‌ ‌accessing‌ ‌the‌ ‌predictability‌ ‌of‌ ‌the‌ ‌used‌‌ 
inference‌ ‌method.‌ ‌  

‌ 

This‌ ‌list‌ ‌of‌ ‌potentially‌ ‌associated‌ ‌SNPs‌ ‌is‌ ‌then‌ ‌evaluated‌ ‌considering‌ ‌replicability‌ ‌on‌‌                       
independent‌ ‌data‌ ‌to‌ ‌obtain‌ ‌a‌ ‌“‌List‌ ‌of‌ ‌confirmed‌ ‌associated‌ ‌SNPs‌”‌ ‌(illustrated‌ ‌on‌ ‌the‌‌                         
right-hand‌ ‌side‌ ‌of‌ ‌‌Figure‌ ‌12‌).‌ ‌All‌ ‌studies‌ ‌for‌ ‌the‌ ‌WTCCC‌ ‌diseases‌ ‌included‌ ‌in‌ ‌the‌‌                           
GWAS‌ ‌catalog‌ ‌constitute‌ ‌the‌ ‌set‌ ‌of‌ ‌studies‌ ‌examined‌ ‌for‌ ‌replicability.‌ ‌Most‌ ‌of‌ ‌these‌‌                         
studies‌‌are‌‌performed‌‌either‌‌with‌‌larger‌‌sample‌‌sizes‌‌or‌‌using‌‌meta-analysis‌‌techniques‌‌                       
and‌‌were‌‌published‌‌after‌‌the‌‌original‌‌WTCCC‌‌paper.‌‌In‌‌a‌‌sense,‌‌we‌‌thus‌‌examine‌‌how‌‌                             
well‌ ‌any‌ ‌particular‌ ‌method,‌ ‌when‌ ‌applied‌ ‌to‌ ‌the‌ ‌WTCCC‌ ‌dataset,‌ ‌is‌ ‌able‌ ‌to‌ ‌make‌‌                           
discoveries‌ ‌in‌ ‌that‌ ‌dataset‌‌that‌‌are‌‌actually‌‌confirmed‌‌by‌‌later‌‌research‌‌using‌‌RPVT‌‌in‌‌                           
independent‌ ‌publications.‌ ‌To‌ ‌evaluate‌ ‌the‌ ‌reported‌ ‌finding‌ ‌of‌ ‌a‌ ‌method‌ ‌(COMBI,‌‌                     
DeepCOMBI‌ ‌or‌‌competitor),‌‌the‌‌GWAS‌‌catalog‌‌is‌‌inquired‌‌for‌‌that‌‌SNP‌‌and‌‌all‌‌SNPs‌‌                           
in‌‌LD‌‌(R‌2‌>0.2)‌‌within‌‌a‌‌200kb‌‌window‌‌around‌‌that‌‌SNP.‌‌LD‌‌calculations‌‌are‌‌performed‌‌                           
with‌‌PLINK‌229‌‌‌based‌‌on‌‌the‌‌genomic‌‌sequences‌‌of‌‌the‌‌85‌‌CEU‌‌individuals‌‌from‌‌Phase‌‌1‌‌                             
of‌ ‌the‌ ‌1000‌ ‌Genomes‌ ‌Project‌27‌.‌ ‌A‌ ‌hit‌ ‌indicates‌ ‌that‌ ‌a‌ ‌GWAS‌ ‌other‌ ‌than‌ ‌the‌ ‌original‌‌                             
WTCCC‌ ‌study‌ ‌has‌ ‌since‌ ‌reported‌ ‌this‌ ‌SNP‌ ‌(or‌ ‌SNP‌ ‌in‌ ‌LD)‌ ‌to‌‌be‌‌associated‌‌with‌‌the‌‌                               
disease.‌‌Note‌‌that‌‌the‌‌GWAS‌‌catalog‌‌only‌‌contains‌‌SNPs‌‌with‌‌‌p‌-values‌‌<10‌-5‌,‌‌meaning‌‌                         
that‌‌we‌‌miss‌‌some‌‌hits‌‌that‌‌are‌‌statistically‌‌weak,‌‌but‌‌that‌‌might‌‌be‌‌biologically‌‌relevant‌‌                             
in‌ ‌the‌ ‌sense‌ ‌that‌ ‌they‌ ‌contribute‌ ‌to‌ ‌the‌ ‌classification‌ ‌of‌ ‌individuals‌ ‌according‌ ‌to‌‌                         
phenotypes.‌ ‌With‌‌this‌‌procedure,‌‌methods‌‌can‌‌be‌‌compared‌‌by‌‌counting‌‌the‌‌respective‌‌                       
number‌ ‌of‌ ‌replicated‌ ‌and‌ ‌unreplicated‌‌reported‌‌associations.‌‌If‌‌an‌‌association‌‌with‌‌the‌‌                       
disease‌‌with‌‌‌p‌-value‌‌<10‌-5‌ ‌of‌‌the‌‌SNP‌‌itself‌‌or‌‌the‌‌SNPs‌‌in‌‌LD‌‌was‌‌reported‌‌by‌‌at‌‌least‌‌                                   
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one‌‌independent‌‌GWAS‌‌published‌‌after‌‌the‌‌WTCCC‌‌study,‌‌the‌‌reported‌‌SNP‌‌is‌‌counted‌‌                         
as‌ ‌a‌ ‌true-positive‌ ‌finding.‌ ‌In‌ ‌contrast,‌ ‌all‌ ‌SNPs‌‌that‌‌were‌‌not‌‌replicated‌‌count‌‌as‌‌false‌‌                             
negatives.‌ ‌ 

The‌ ‌seven‌ ‌2007‌‌WTCCC‌‌datasets‌‌were‌‌downloaded‌‌from‌‌the‌‌EGA‌‌website‌‌(European‌‌                       
Genome-phenome‌ ‌Archive,‌ ‌ega.crg.eu)‌ ‌after‌ ‌being‌ ‌granted‌ ‌the‌ ‌corresponding‌ ‌access‌‌                 
licenses.‌ ‌Since‌ ‌it‌ ‌is‌ ‌not‌‌publicly‌‌available,‌‌access‌‌can‌‌be‌‌requested‌‌from‌‌the‌‌owners‌‌at‌‌                             
https://www.wtccc.org.uk/info/access_to_data_samples.html‌ ‌and‌ ‌ 
https://www.sanger.ac.uk/legal/DAA/MasterController.‌ ‌The‌ ‌validation‌ ‌results‌‌using‌‌the‌‌           
seven‌ ‌WTCCC‌ ‌datasets‌ ‌are‌ ‌presented‌ ‌in‌ ‌‌Chapter‌ ‌3.3.2‌.‌‌ ‌  

3.2.4‌ ‌Preprocessing‌ ‌and‌ ‌parameter‌ ‌selection‌ ‌ 

The‌ ‌application‌ ‌of‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌requires‌ ‌some‌ ‌preprocessing‌ ‌and‌ ‌the‌‌                     
determination‌‌of‌‌a‌‌number‌‌of‌‌free‌‌parameters.‌‌In‌‌the‌‌following‌‌sections,‌‌we‌‌present‌‌the‌‌                           
selected‌ ‌preprocessing‌ ‌steps‌ ‌and‌ ‌optimal‌ ‌parameter‌ ‌values‌ ‌for‌ ‌both‌ ‌methods.‌ ‌We‌‌                     
describe‌ ‌the‌ ‌process‌ ‌of‌ ‌finding‌ ‌these‌ ‌values‌ ‌for‌ ‌the‌ ‌different‌ ‌datasets‌ ‌under‌‌                       
investigation.‌ ‌For‌‌future‌‌applications,‌‌the‌‌choice‌‌of‌‌exact‌‌parameter‌‌values‌‌needs‌‌to‌‌be‌‌                         
adapted‌ ‌for‌ ‌each‌ ‌particular‌ ‌phenotype‌ ‌or‌ ‌disease‌ ‌under‌ ‌study‌ ‌since‌ ‌they‌ ‌will‌ ‌have‌‌                         
different‌ ‌genetic‌ ‌architectures‌ ‌and‌ ‌distribution‌ ‌of‌ ‌effect‌ ‌sizes‌43,230‌.‌ ‌For‌ ‌this‌‌manuscript‌‌                     
and‌ ‌in‌ ‌order‌ ‌to‌ ‌provide‌ ‌a‌ ‌comprehensive‌ ‌and‌ ‌comparable‌ ‌set‌ ‌of‌ ‌results‌ ‌across‌ ‌many‌‌                           
diseases,‌ ‌we‌ ‌employ‌ ‌a‌ ‌unique‌ ‌set‌ ‌of‌ ‌parameter‌ ‌values‌ ‌supported‌ ‌by‌ ‌the‌‌results‌‌of‌‌our‌‌                             
simulation‌ ‌study‌ ‌and‌ ‌other‌ ‌findings‌ ‌in‌ ‌related‌ ‌literature.‌ ‌ 

Preprocessing‌ ‌and‌ ‌parameter‌ ‌selection‌ ‌for‌ ‌generated‌ ‌datasets‌ ‌ 

For‌ ‌the‌ ‌generation‌ ‌process‌ ‌of‌ ‌semi-real‌ ‌datasets,‌ ‌the‌ ‌effect‌ ‌size‌ ‌parameter‌ ‌is‌ ‌set‌ ‌to‌‌                           
‌One-hot-encoded‌ ‌genotypic‌ ‌feature‌ ‌encoding‌ ‌is‌ ‌utilized,‌ ‌where‌ ‌all‌‌features‌‌are‌‌.γ = 6                      

normalized‌‌such‌‌that‌‌the‌‌6‌th‌ ‌centered‌‌moments‌‌equal‌‌one‌‌(this‌‌is‌‌similar‌‌to‌‌the‌‌common‌‌                             
practice‌ ‌of‌ ‌scaling‌ ‌each‌ ‌feature‌ ‌to‌ ‌unit‌ ‌standard‌ ‌deviation).‌ ‌ 

The‌ ‌application‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌requires‌ ‌the‌ ‌selection‌ ‌of‌ ‌a‌ ‌number‌ ‌of‌ ‌free‌‌                           
parameters‌ ‌(‌e.g.‌ ‌the‌ ‌SVM‌ ‌optimization‌ ‌parameter‌ ‌‌C‌,‌ ‌the‌ ‌window‌ ‌size‌ ‌ ‌of‌ ‌the‌‌                    lf ilter      
moving‌ ‌average‌ ‌filter‌ ‌or‌ ‌the‌ ‌filter‌ ‌norm‌ ‌parameter‌ ‌ ‌).‌ ‌To‌ ‌this‌ ‌end,‌ ‌the‌ ‌generated‌‌                pf ilter            
semi-real‌‌datasets‌‌are‌‌used‌‌to‌‌determine‌‌performance‌‌changes‌‌induced‌‌by‌‌varying‌‌those‌‌                       
free‌‌parameters.‌‌Most‌‌findings‌‌are‌‌in‌‌agreement‌‌with‌‌related‌‌literature‌‌and‌‌biologically‌‌                       
sensible.‌‌For‌‌example,‌‌it‌‌is‌‌found‌‌that‌‌aggregating‌‌SNPs‌‌within‌‌the‌‌filtering‌‌step‌‌based‌‌                           
on‌ ‌a‌ ‌filter‌ ‌window‌ ‌size‌ ‌of‌ ‌35‌ ‌is‌ ‌optimal,‌ ‌which‌ ‌is‌ ‌on‌ ‌the‌ ‌same‌ ‌magnitude‌ ‌as‌ ‌in‌‌                                 
Alexander‌‌and‌‌Lange‌231‌,‌‌who‌‌find‌‌that‌‌grouping‌‌of‌‌SNPs‌‌into‌‌bins‌‌of‌‌size‌‌40‌‌helps‌‌the‌‌                               
performance‌ ‌of‌ ‌their‌ ‌algorithm.‌ ‌The‌ ‌moving‌ ‌average‌ ‌filter‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌is‌‌                         
designed‌‌to‌‌correct‌‌for‌‌non-independence‌‌of‌‌statistical‌‌tests‌‌within‌‌LD‌‌blocks.‌‌Given‌‌the‌‌                         
SNP‌ ‌density‌ ‌in‌ ‌the‌ ‌arrays‌ ‌used‌ ‌by‌ ‌the‌ ‌original‌ ‌WTCCC‌ ‌study‌ ‌and‌‌LD‌‌patterns‌‌in‌‌the‌‌                               
CEU‌ ‌population‌ ‌(1000‌ ‌Genomes‌27‌),‌ ‌we‌ ‌estimate‌ ‌that‌ ‌the‌ ‌average‌ ‌LD‌ ‌block‌ ‌(r²‌ ‌>0.8)‌‌                         
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harbors‌ ‌no‌ ‌more‌ ‌than‌ ‌20-30‌ ‌SNPs‌232‌,‌ ‌which‌ ‌supports‌ ‌our‌ ‌findings‌ ‌of‌ ‌setting‌ ‌the‌‌filter‌‌                           
window‌‌size‌‌ ‌to‌‌35‌‌in‌‌the‌‌sense‌‌that‌‌we‌‌average-out‌‌blocks‌‌and‌‌conservatively‌‌add‌‌    lf ilter                          
a‌ ‌bit‌ ‌of‌ ‌noise‌ ‌by‌ ‌potentially‌‌smoothing‌‌out‌‌signals‌‌across‌‌blocks.‌‌The‌‌norm‌‌parameter‌‌                           

‌of‌‌the‌‌moving‌‌average‌‌filter‌‌is‌‌set‌‌to‌‌2‌‌and‌‌the‌‌SNP‌‌selection‌‌parameter‌‌to‌‌‌k‌‌=‌‌30.‌‌pf ilter                                      
Choosing‌ ‌an‌ ‌optimal‌ ‌SVM‌ ‌parameter‌ ‌using‌ ‌cross-validation-based‌ ‌model‌ ‌selection‌ ‌in‌‌                   
each‌ ‌repetition‌ ‌of‌ ‌the‌ ‌Westfall-Young‌ ‌permutation‌‌procedure‌‌in‌‌order‌‌to‌‌maximize‌‌the‌‌                       
(estimated)‌ ‌generalization‌ ‌ability‌ ‌of‌‌the‌‌function‌‌‌f‌‌‌does‌‌not‌‌result‌‌in‌‌a‌‌higher‌‌power‌‌of‌‌                             
the‌‌COMBI‌‌method.‌‌Performance‌‌results‌‌for‌‌constant‌‌and‌‌cross-validated‌‌‌C‌‌are‌‌almost‌‌                       
identical.‌‌Thus,‌‌time-consuming‌‌cross-validation‌‌is‌‌avoided‌‌and‌‌a‌‌fixed‌C‌‌=‌‌0.00001‌‌is‌‌                         
used‌‌for‌‌all‌‌further‌‌applications‌‌of‌‌the‌‌COMBI‌‌method.‌‌A‌‌linear‌‌L2‌‌regularized‌‌L1-loss‌‌                           
dual‌ ‌classifier‌215‌ ‌is‌ ‌used‌ ‌to‌ ‌solve‌ ‌the‌ ‌SVM‌ ‌minimization‌ ‌problem.‌ ‌The‌ ‌simulation‌‌                       
experiments‌‌show‌‌better‌‌performance‌‌when‌‌the‌‌χ‌2‌ ‌test‌‌for‌‌associations‌‌is‌‌applied‌‌instead‌‌                         
of‌ ‌the‌ ‌Cochran-Armitage‌ ‌test‌.‌ ‌ 

When‌‌applying‌‌the‌‌DeepCOMBI‌‌method‌‌to‌‌the‌‌generated‌‌datasets,‌‌we‌‌study‌‌the‌‌effect‌‌                         
of‌‌all‌‌hyperparameters‌‌on‌‌the‌‌performance‌‌of‌‌the‌‌DNN.‌‌An‌‌accuracy-based‌‌random‌‌grid‌‌                         
search‌ ‌with‌ ‌a‌ ‌stratified‌ ‌split‌ ‌in‌ ‌90%‌ ‌training‌‌and‌‌10%‌‌testing‌‌data‌‌is‌‌conducted.‌‌Here,‌‌                             
we‌‌present‌‌the‌‌selected‌‌most‌‌successful‌‌values‌‌and‌‌the‌‌investigated‌‌parameter‌‌intervals‌‌                       
in‌ ‌parentheses:‌ ‌ 

● number‌ ‌of‌ ‌neurons‌ ‌per‌ ‌dense‌ ‌hidden‌ ‌layer‌ ‌‌nn‌‌ ‌=‌ ‌64‌ ‌[2,‌ ‌4,‌ ‌8,‌ ‌16,‌ ‌64],‌ ‌ 
● L1‌ ‌regularization‌ ‌coefficient‌ ‌  ‌[0,‌ ‌1e-6,‌ ‌1e-5,‌ ‌1e-4,‌ ‌1e-3,1e-2,‌ ‌1e-1],‌ ‌.0001τ = 0  
● L2‌ ‌regularization‌ ‌coefficient‌ ‌  ‌[0,‌ ‌1e-6,‌ ‌1e-5,‌ ‌1e-4,‌ ‌1e-3,1e-2,‌ ‌1e-1],‌ ‌.000001υ = 0  
● dropout‌ ‌rate‌ ‌ [0.3,‌ ‌0.5],‌ ‌.3  ϕ = 0  
● learning‌ ‌rate‌ ‌ ‌with‌ ‌a‌ ‌learning‌ ‌rate‌ ‌reduction‌ ‌on‌ ‌a‌‌plateau‌‌with‌‌factor‌‌0.7125‌‌after‌‌50‌‌    .01η = 0                            

epochs‌ ‌of‌ ‌no‌ ‌improvement,‌ ‌ 
● number‌ ‌of‌ ‌epochs‌ ‌‌eps‌‌ ‌=‌ ‌500‌ ‌[100,‌ ‌500,‌ ‌1000].‌ ‌ 

A‌ ‌few‌ ‌different‌ ‌parameter‌ ‌values‌ ‌of‌ ‌the‌ -‌ ‌backpropagation‌ ‌rule‌ ‌are‌ ‌manually‌‌            βα          
investigated‌ ‌on‌ ‌exemplary‌ ‌datasets.‌ ‌By‌ ‌visually‌ ‌inspecting‌ ‌the‌ ‌resulting‌ ‌LRP‌ ‌vectors‌‌                     
and‌ ‌their‌ ‌corresponding‌ ‌DeepCOMBI‌ ‌‌p‌-values,‌ ‌the‌‌combination‌‌of‌‌ ‌[0,‌‌1,‌‌2]‌‌                αLRP = 1        
and‌ ‌  ‌[0,‌ ‌1,‌ ‌2]‌ ‌is‌ ‌found‌ ‌to‌ ‌be‌ ‌most‌ ‌successful.‌ ‌βLRP = 0  

For‌ ‌post-processing‌ ‌the‌ ‌global‌ ‌relevance‌ ‌scores‌ ‌and‌‌selecting‌‌the‌‌most‌‌relevant‌‌SNPs,‌‌                       
we‌ ‌assume‌ ‌that‌ ‌the‌ ‌most‌ ‌successful‌ ‌values‌ ‌found‌ ‌for‌ ‌COMBI‌ ‌would‌ ‌also‌ ‌be‌ ‌a‌ ‌good‌‌                             
choice‌‌for‌‌DeepCOMBI.‌‌Hence,‌‌we‌‌set‌‌the‌‌window‌‌size‌‌of‌‌the‌‌moving‌‌average‌‌filter‌‌to‌‌                             

,‌ ‌the‌ ‌norm‌‌parameter‌‌of‌‌the‌‌moving‌‌average‌‌filter‌‌to‌ ‌and‌‌the‌‌SNP‌‌5lf ilter = 3                     pf ilter = 2        
selection‌ ‌parameter‌ ‌to‌ ‌‌k‌‌ ‌=‌ ‌30.‌‌  

Preprocessing‌ ‌and‌ ‌parameter‌ ‌selection‌ ‌for‌ ‌WTCCC‌ ‌data‌ ‌ 

Given‌‌the‌‌original‌‌WTCCC‌‌dataset‌38‌,‌‌a‌‌case-control‌‌dataset‌‌for‌‌each‌‌disease‌‌is‌‌created,‌‌                         
removing‌ ‌all‌ ‌SNPs‌ ‌and‌ ‌samples‌ ‌that‌ ‌did‌ ‌not‌ ‌fulfill‌ ‌the‌ ‌quality‌ ‌control‌ ‌criteria‌ ‌of‌ ‌the‌‌                             
original‌‌paper‌‌using‌‌the‌‌lists‌‌provided‌‌at‌‌the‌‌WTCCC‌‌website‌‌(www.wtccc.org.uk).‌‌This‌‌                       
results‌ ‌in‌ ‌seven‌ ‌datasets,‌ ‌including‌ ‌more‌ ‌than‌ ‌500,000‌ ‌SNPs‌ ‌distributed‌ ‌across‌ ‌all‌ ‌23‌‌                         
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‌ 

chromosomes.‌‌The‌‌sex‌‌chromosome‌‌is‌‌left‌‌out‌‌of‌‌our‌‌analysis‌‌since‌‌it‌‌would‌‌have‌‌to‌‌be‌‌                               
treated‌ ‌differently‌ ‌than‌ ‌the‌ ‌other‌ ‌chromosomes‌38‌.‌ ‌Based‌ ‌on‌ ‌lists‌ ‌provided‌ ‌by‌ ‌the‌‌                       
WTCCC,‌‌we‌‌remove‌‌an‌‌additional‌‌set‌‌of‌‌579‌‌false-positive‌‌SNPs‌‌from‌‌the‌‌analysis‌‌(‌e.g.‌‌                           
SNPs‌‌that‌‌are‌‌significant,‌‌isolated‌‌hits,‌‌with‌‌no‌‌significance‌‌in‌‌the‌‌surrounding‌‌high‌‌LD‌‌                           
SNPs,‌ ‌‌i.e.‌ ‌with‌ ‌no‌ ‌tower‌ ‌around‌ ‌them).‌ ‌Since‌ ‌(at‌ ‌the‌ ‌time‌ ‌of‌ ‌our‌‌study‌‌in‌‌June‌‌2015)‌‌                                 
these‌ ‌lists‌ ‌lack‌ ‌the‌ ‌information‌ ‌corresponding‌ ‌to‌ ‌the‌ ‌CAD‌ ‌study,‌ ‌all‌ ‌genome-wide‌‌                       
significant‌ ‌CAD‌ ‌SNPs‌ ‌(‌ )‌ ‌that‌ ‌do‌ ‌not‌ ‌appear‌ ‌in‌ ‌the‌ ‌original‌‌WTCCC‌‌paper‌‌      < 5 * 10 7−                    
are‌ ‌manually‌ ‌removed.‌ ‌The‌ ‌one-hot-encoded‌ ‌genotypic‌ ‌feature‌ ‌encoding‌ ‌method‌ ‌is‌‌                   
utilized‌ ‌and‌ ‌all‌ ‌features‌ ‌are‌ ‌normalized‌ ‌such‌ ‌that‌ ‌the‌ ‌6‌th‌‌ ‌centered‌ ‌moments‌ ‌are‌ ‌one.‌ ‌ 

Since‌ ‌the‌ ‌findings‌ ‌on‌ ‌optimal‌ ‌parameter‌ ‌values‌ ‌on‌ ‌the‌ ‌generated‌ ‌datasets‌ ‌are‌ ‌in‌‌                         
agreement‌‌with‌‌related‌‌literature‌‌and‌‌biologically‌‌sensible,‌‌the‌‌optimal‌‌settings‌‌there‌‌are‌‌                       
assumed‌ ‌to‌ ‌be‌ ‌good‌ ‌choices‌ ‌for‌ ‌the‌ ‌application‌ ‌of‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌to‌ ‌real‌‌                           
data.‌ ‌For‌ ‌example,‌ ‌we‌ ‌transfer‌ ‌the‌‌optimal‌‌values‌‌of‌‌the‌‌filter‌‌window‌‌size‌‌ ‌                          5lf ilter = 3  
and‌‌the‌‌norm‌‌parameter‌‌ ‌to‌‌the‌‌application‌‌on‌‌the‌‌WTCCC‌‌dataset.‌‌Similarly,‌‌        pf ilter = 2                  
a‌ ‌linear‌ ‌L2‌ ‌regularized‌ ‌L1-loss‌ ‌dual‌ ‌classifier‌215‌ ‌is‌ ‌employed‌ ‌and‌ ‌the‌ ‌χ‌2‌ test‌ ‌for‌‌                           
association‌‌is‌‌applied‌‌instead‌‌of‌‌the‌‌Cochran-Armitage‌‌test.‌‌Since‌‌we‌‌find‌‌no‌‌significant‌‌                         
effect‌ ‌of‌ ‌the‌ ‌penalty‌ ‌parameter‌ ‌‌C‌ ‌on‌‌the‌‌generated‌‌semi-real‌‌datasets,‌‌we‌‌fix‌‌it‌‌to‌‌‌C‌‌=‌‌                                 
0.00001‌ ‌for‌ ‌the‌ ‌investigation‌ ‌of‌ ‌the‌ ‌real‌ ‌data,‌ ‌economizing‌ ‌computation‌ ‌time‌ ‌and‌‌                       
memory‌ ‌space.‌‌ ‌  

Some‌ ‌parameters‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌methods‌ ‌cannot‌ ‌be‌ ‌investigated‌‌                     
within‌ ‌the‌‌simulation‌‌study‌‌but‌‌have‌‌to‌‌be‌‌chosen‌‌manually‌‌for‌‌the‌‌WTCCC‌‌data.‌‌The‌‌                             
decision‌‌to‌‌train‌‌the‌‌SVM‌‌separately‌‌on‌‌each‌‌chromosome‌‌is‌‌one‌‌of‌‌those‌‌tuning‌‌steps,‌‌                             
as‌‌genome-wide‌‌training‌‌is‌‌very‌‌time-‌‌and‌‌memory-consuming‌‌on‌‌the‌‌one‌‌hand‌‌and‌‌can‌‌                           
only‌ ‌improve‌ ‌performance‌ ‌marginally‌ ‌on‌ ‌the‌ ‌other‌ ‌hand,‌ ‌as‌ ‌intergenic‌ ‌correlations‌                     
between‌ ‌chromosomes‌ ‌are‌ ‌very‌ ‌rare.‌ ‌Hence,‌ ‌in‌ ‌agreement‌ ‌with‌ ‌the‌ ‌lack‌ ‌of‌‌                       
inter-chromosomal‌‌LD,‌‌the‌‌COMBI‌‌method,‌‌the‌‌DeepCOMBI‌‌method‌‌and‌‌all‌‌baseline‌‌                     
methods‌ ‌are‌ ‌applied‌ ‌to‌ ‌each‌‌chromosome‌‌separately.‌‌Another‌‌parameter‌‌that‌‌has‌‌to‌‌be‌‌                         
chosen‌‌manually‌‌is‌‌the‌‌number‌‌of‌‌active‌‌SNPs‌‌in‌‌one‌‌chromosome,‌‌‌i.e.‌‌‌the‌‌parameter‌‌‌k‌,‌‌                             
which‌ ‌is‌ ‌set‌ ‌to‌ ‌100‌ ‌SNPs‌ ‌per‌ ‌chromosome‌ ‌for‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌after‌ ‌careful‌‌                           
consideration‌.‌‌‌This‌‌choice‌‌is‌‌admittedly‌‌a‌‌wide,‌‌arbitrary‌‌upper‌‌bound‌‌for‌‌the‌‌number‌‌of‌‌                           
SNPs‌‌that‌‌can‌‌present‌‌a‌‌detectable‌‌association‌‌with‌‌a‌‌given‌‌phenotype.‌‌As‌‌of‌‌June‌‌2015,‌‌                             
the‌ ‌maximum‌ ‌total‌ ‌number‌ ‌of‌ ‌SNPs‌ ‌(not‌ ‌independent‌ ‌signals)‌ ‌associated‌ ‌with‌ ‌any‌‌                       
phenotype‌‌is‌‌~450‌‌for‌‌human‌‌height‌‌and‌‌922‌‌for‌‌Crohn’s‌‌Disease‌‌(GWAS‌‌Catalog),‌‌so‌‌                           
with‌ ‌‌k‌ ‌‌=‌ ‌100‌ ‌per‌ ‌chromosome,‌‌one‌‌is‌‌well‌‌within‌‌what‌‌evidence‌‌would‌‌support.‌‌After‌‌                             
all,‌ ‌for‌ ‌future‌‌applications‌‌of‌‌COMBI,‌‌‌k‌‌is‌‌a‌‌tuning‌‌parameter,‌‌which‌‌has‌‌to‌‌be‌‌chosen‌‌                               
by‌ ‌the‌ ‌researcher‌ ‌according‌ ‌to‌ ‌the‌ ‌assumed‌ ‌number‌ ‌of‌ ‌relevant‌ ‌loci.‌ ‌ 

To‌ ‌choose‌ ‌hyperparameters‌ ‌for‌ ‌the‌ ‌DNN‌ ‌trained‌ ‌on‌ ‌WTCCC‌ ‌data‌ ‌in‌ ‌the‌ ‌first‌ ‌step‌ ‌of‌‌                             
DeepCOMBI,‌ ‌a‌ ‌parameter‌ ‌search‌ ‌is‌ ‌run‌ ‌on‌ ‌a‌ ‌single‌ ‌dataset.‌ ‌The‌ ‌Crohn’s‌ ‌disease‌‌                         
chromosome‌ ‌3‌ ‌dataset‌ ‌is‌ ‌selected‌ ‌as‌ ‌a‌ ‌good‌ ‌representative‌ ‌and‌ ‌an‌ ‌accuracy-based‌‌                       
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parameter‌ ‌search‌ ‌with‌ ‌a‌ ‌stratified‌ ‌split‌ ‌in‌ ‌90%‌ ‌training‌ ‌and‌ ‌10%‌ ‌testing‌ ‌data‌ ‌is‌‌                           
conducted.‌‌We‌‌study‌‌the‌‌effect‌‌of‌‌the‌‌hyperparameters‌‌on‌‌the‌‌performance‌‌of‌‌the‌‌DNN‌‌                           
and‌ ‌the‌ ‌best‌ ‌performing‌ ‌hyperparameters‌ ‌are‌ ‌as‌ ‌follows‌ ‌(tested‌ ‌intervals‌ ‌in‌ ‌parentheses):‌ ‌ 

● number‌ ‌of‌ ‌neurons‌ ‌per‌ ‌dense‌ ‌hidden‌ ‌layer‌‌ ‌nn‌‌ ‌=‌ ‌64‌ ‌[2,‌ ‌4,‌ ‌8,‌ ‌16,‌ ‌64],‌ ‌ 
● L1‌ ‌regularization‌ ‌coefficient‌ ‌  ‌[0,‌ ‌1e-6,‌ ‌1e-5,‌ ‌1e-4,‌ ‌1e-3,1e-2,‌ ‌1e-1],‌ ‌.001τ = 0  
● L2‌ ‌regularization‌ ‌coefficient‌ ‌  ‌[0,‌ ‌1e-6,‌ ‌1e-5,‌ ‌1e-4,‌ ‌1e-3,1e-2,‌ ‌1e-1],‌ ‌.0001υ = 0  
● dropout‌ ‌rate‌ ‌ [0.3,‌ ‌0.5],‌ ‌.3  ϕ = 0  
● p‌-value‌ ‌threshold‌ ‌ =‌ ‌1e-2‌ ‌[1e-4,‌ ‌1e-2,‌ ‌1],‌‌ ‌κ   
● learning‌ ‌rate‌ ‌  ‌[1e-7,‌ ‌1e-6,‌ ‌1e-5,‌ ‌1e-4,‌ ‌1e-3,1e-2,‌ ‌1e-1],‌ ‌.00001η = 0  
● number‌ ‌of‌ ‌epochs‌ ‌‌eps‌‌ ‌=‌ ‌500‌ ‌[100,‌ ‌500,‌ ‌1000].‌ ‌ 

Detailed‌‌results‌‌on‌‌the‌‌classification‌‌performance‌‌of‌‌the‌‌final‌‌training‌‌parameter‌‌settings‌‌                       
can‌ ‌be‌ ‌found‌ ‌in‌ ‌‌Chapter‌ ‌3.3.2‌.‌ ‌ 

As‌ ‌before,‌ ‌we‌ ‌visually‌ ‌investigate‌ ‌a‌ ‌few‌ ‌different‌ ‌parameter‌ ‌values‌ ‌of‌ ‌the‌ ‌ -‌‌                        βα  
backpropagation‌ ‌rule‌ ‌and‌ ‌their‌ ‌influence‌ ‌on‌ ‌both‌ ‌the‌ ‌resulting‌ ‌relevance‌ ‌scores‌ ‌and‌‌                       
p‌-values.‌ ‌On‌ ‌the‌ ‌Crohn’s‌‌disease‌‌chromosome‌‌3‌‌dataset,‌‌the‌‌combination‌‌of‌‌ ‌                      αLRP = 2  
[0,‌ ‌1,‌ ‌2]‌ ‌and‌ ‌  ‌[0,‌ ‌1,‌ ‌2]‌ ‌is‌ ‌found‌ ‌to‌ ‌be‌ ‌optimal.‌βLRP = 1  

After‌‌manually‌‌investigating‌‌the‌‌global‌‌LRP‌‌scores‌‌and‌‌the‌‌corresponding‌‌DeepCOMBI‌‌                     
p-‌values‌‌of‌‌the‌‌exemplary‌‌dataset‌‌(Crohn’s‌‌disease‌‌chromosome‌‌3),‌‌we‌‌find‌‌that‌‌slightly‌‌                         
different‌ ‌settings‌ ‌than‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌the‌ ‌generated‌ ‌datasets‌ ‌should‌ ‌be‌‌applied‌‌for‌‌                           
post-processing‌ ‌the‌ ‌relevance‌ ‌vectors‌ ‌of‌ ‌DeepCOMBI‌ ‌and‌ ‌selecting‌‌the‌‌most‌‌relevant‌‌                     
SNPs.‌‌Namely,‌‌the‌‌window‌‌size‌‌of‌‌the‌‌moving‌‌average‌‌filter‌‌is‌‌set‌‌to‌ ‌and‌‌the‌‌                          1lf ilter = 2      
SNP‌ ‌selection‌ ‌parameter‌ ‌is‌ ‌increased‌ ‌to‌ ‌ .‌ ‌The‌ ‌need‌ ‌for‌ ‌a‌ ‌decreased‌ ‌filter‌‌            00k = 2              
window‌ ‌size‌ ‌and‌ ‌an‌ ‌increased‌ ‌number‌ ‌of‌ ‌selected‌ ‌SNPs‌ ‌might‌ ‌be‌ ‌caused‌ ‌by‌ ‌the‌‌                           
application‌ ‌of‌ ‌the‌ ‌p‌-value‌ ‌based‌ ‌preselection‌ ‌step‌ ‌for‌ ‌limiting‌ ‌the‌ ‌number‌ ‌of‌ ‌model‌‌                         
parameters,‌ ‌which‌ ‌is‌ ‌only‌ ‌applied‌ ‌to‌ ‌the‌ ‌real‌ ‌dataset‌ ‌and‌ ‌not‌ ‌the‌ ‌generated‌ ‌datasets.‌‌ ‌  

Regarding‌‌significance‌‌levels,‌‌we‌‌aim‌‌to‌‌stay‌‌as‌‌close‌‌in‌‌line‌‌with‌‌the‌‌original‌‌WTCCC‌‌                             
study‌‌as‌‌possible,‌‌reporting‌‌not‌‌only‌‌the‌‌strong‌‌associations‌‌at‌‌the‌‌significance‌‌level‌‌of‌                           

‌but‌ ‌also‌ ‌weak‌ ‌associations‌ ‌at‌ ‌ .‌ ‌Within‌ ‌our‌ ‌validation‌ ‌pipeline,‌ ‌we‌‌5 × 10 7−             1 × 10 5−            
consider‌ ‌the‌ ‌full‌ ‌NHGRI‌ ‌GWAS‌ ‌Catalog‌1‌ ‌with‌ ‌the‌ ‌inclusion‌ ‌criterion‌ ‌of‌ ‌having‌‌                       
achieved‌‌a‌‌‌p‌-value‌‌of‌‌ ‌in‌‌a‌‌GWAS.‌‌The‌‌“‌somewhat‌‌liberal‌‌statistical‌‌threshold‌‌        1 × 10 5−                  
of‌ ‌ ‌was‌ ‌chosen‌ ‌to‌ ‌allow‌ ‌examination‌ ‌of‌ ‌borderline‌ ‌associations‌ ‌and‌ ‌to‌‌  p ≤ 1 × 10 5−                      
accommodate‌ ‌scans‌ ‌of‌ ‌various‌ ‌sizes‌ ‌while‌ ‌maintaining‌ ‌a‌ ‌consistent‌ ‌approach‌”‌38‌.‌ ‌ 

When‌ ‌comparing‌ ‌the‌ ‌performance‌‌of‌‌the‌‌COMBI‌‌and‌‌DeepCOMBI‌‌methods‌‌with‌‌that‌‌                       
of‌‌RPVT‌‌on‌‌WTCCC‌‌data,‌‌the‌‌challenge‌‌now‌‌is‌‌to‌‌determine‌‌the‌‌type‌‌1‌‌error‌‌level‌‌α‌‌to‌‌                                   
be‌ ‌used‌‌in‌‌the‌‌permutation‌‌test‌‌procedure‌‌that‌‌corresponds‌‌to‌‌the‌‌error‌‌level‌‌applied‌‌in‌‌                             
the‌ ‌original‌ ‌study.‌ ‌We‌ ‌apply‌ ‌the‌ ‌basic‌ ‌idea‌ ‌of‌ ‌estimating‌ ‌the‌ ‌empirical‌ ‌distribution‌‌of‌‌                           
p‌-values‌‌using‌‌the‌‌Westfall-Young‌212‌ ‌procedure‌‌and‌‌select‌‌the‌‌error‌‌level‌‌that‌‌the‌‌RPVT‌‌                         
threshold‌ ‌used‌ ‌in‌ ‌the‌ ‌WTCCC‌ ‌publication‌ ‌corresponds‌ ‌to.‌‌ ‌  
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In‌ ‌the‌ ‌original‌ ‌study,‌ ‌when‌ ‌considering‌ ‌the‌ ‌stringent‌ ‌thresholding,‌ ‌ ‌is‌‌                  t* = 5 × 10 7−    
determined‌ ‌to‌ ‌be‌ ‌a‌ ‌reasonable‌ ‌threshold‌ ‌for‌ ‌type‌‌1‌‌error‌‌control‌‌in‌‌RPVT‌‌stating‌‌that,‌‌                             
“‌the‌ ‌posterior‌ ‌odds‌ ‌in‌ ‌favor‌‌of‌‌a‌‌‘hit’‌‌being‌‌a‌‌true‌‌association‌‌would‌‌be‌‌10:1‌”‌38‌ ‌using‌‌                               
this‌ ‌threshold.‌ ‌A‌ ‌sound‌ ‌upper‌ ‌bound‌ ‌on‌ ‌the‌ ‌‌ENFR‌ ‌level‌ ‌that‌ ‌this‌ ‌threshold‌‌implies‌‌is‌‌                             
obtained‌ ‌by‌ ‌calculating‌ ‌the‌ ‌empirical‌ ‌distribution‌ ‌of‌ ‌‌p‌-values‌ ‌using‌ ‌the‌‌                   
Westfall-Young‌212‌ ‌procedure.‌‌It‌‌turns‌‌out‌‌that‌‌the‌‌threshold‌‌of‌‌ ,‌‌on‌‌average,‌‌                  t* = 5 × 10 7−      
produces‌‌0.17‌‌non-replicated‌‌discoveries‌‌per‌‌disease,‌‌or‌‌1.19‌‌for‌‌all‌‌seven.‌‌Out‌‌of‌‌the‌‌24‌‌                             
SNPs‌ ‌reported‌ ‌in‌ ‌WTCCC‌ ‌at‌ ‌ ,‌ ‌only‌ ‌one‌ ‌can‌ ‌be‌ ‌expected‌ ‌to‌ ‌be‌ ‌a‌‌          t* = 5 × 10 7−                  
false-positive,‌‌which‌‌corresponds‌‌to‌‌a‌‌true-to-false-positives‌‌ratio‌‌of‌‌23:1.‌‌WTCCC‌‌also‌‌                     
reports‌ ‌SNPs‌ ‌at‌ ‌the‌ ‌level‌ ‌ ,‌ ‌stating‌ ‌that‌ ‌“‌if‌ ‌we‌ ‌relax‌ ‌the‌ ‌significance‌‌          t* = 1 0× 1 5−                
threshold‌ ‌by‌ ‌a‌ ‌factor‌ ‌of‌ ‌ten‌ ‌[…],‌ ‌the‌ ‌posterior‌ ‌odds‌ ‌that‌ ‌a‌ ‌‘hit’‌ ‌is‌ ‌a‌ ‌true‌ ‌association‌‌                                 
would‌‌also‌‌be‌‌reduced‌‌by‌‌a‌‌factor‌‌of‌‌ten.‌”‌38‌ ‌The‌‌relaxed‌‌threshold‌‌of‌ ‌thus‌‌                          t* = 1 0× 1 5−    
refers‌ ‌to‌ ‌posterior‌‌odds‌‌of‌‌1:2.‌‌According‌‌to‌‌our‌‌simulations,‌‌the‌‌controlled‌‌number‌‌of‌‌                           
non-replicated‌‌discoveries‌‌to‌‌be‌‌expected‌‌is‌‌3.32‌‌per‌‌disease‌‌on‌‌average.‌‌This‌‌suggests‌‌                         
that‌ ‌out‌ ‌of‌ ‌the‌ ‌82‌ ‌loci‌ ‌reported‌ ‌by‌ ‌the‌ ‌WTCCC‌ ‌at‌ ‌ ,‌ ‌we‌ ‌can‌ ‌expect‌ ‌that‌‌                      t* = 1 0× 1 5−          
approximately‌ ‌23‌ ‌are‌ ‌false-positives,‌ ‌corresponding‌ ‌to‌ ‌an‌ ‌actual‌ ‌rate‌ ‌of‌‌                   
true-to-false-positives‌ ‌of‌ ‌~‌ ‌3:1.‌ ‌ 

To‌ ‌compare‌ ‌the‌ ‌performances‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌methods‌ ‌with‌ ‌that‌ ‌of‌‌                         
RPVT‌ ‌in‌ ‌a‌ ‌fair‌ ‌way,‌ ‌we‌ ‌consequently‌ ‌calibrate‌ ‌both‌ ‌of‌ ‌these‌ ‌methods‌ ‌(using‌ ‌the‌‌                           
Westfall‌ ‌and‌ ‌Young-type‌ ‌procedure‌ ‌described‌ ‌in‌ ‌‌Algorithm‌ ‌2‌ ‌‌presented‌ ‌in‌ ‌‌Chapter‌‌                     
3.2.2‌)‌ ‌in‌ ‌a‌ ‌way‌‌such‌‌that‌‌the‌‌number‌‌of‌‌non-replicated‌‌discoveries‌‌is‌‌bounded‌‌by‌‌3.32‌‌                             
per‌‌disease‌‌(using‌‌the‌‌augmentation‌‌for‌‌‌ENFR‌‌control‌‌of‌‌both‌‌algorithms).‌‌It‌‌should‌‌be‌‌                           
noted‌ ‌that,‌ ‌when‌ ‌investigating‌ ‌the‌ ‌performance‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌‌with‌‌semi-real‌‌                       
data‌ ‌simulations,‌ ‌we‌ ‌observe‌ ‌that‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌produces‌ ‌only‌ ‌approximately‌‌                     
20%‌‌of‌‌the‌‌number‌‌of‌‌type‌‌1‌‌errors‌‌it‌‌is‌‌aiming‌‌to‌‌control‌‌for‌‌(see‌‌‌Appendix‌‌Chapter‌‌                                 
I.‌).‌ ‌Although‌ ‌it‌ ‌is‌ ‌not‌ ‌known‌ ‌whether‌ ‌this‌ ‌relation‌‌is‌‌true‌‌in‌‌the‌‌case‌‌of‌‌real‌‌data,‌‌one‌‌                                   
can‌‌still‌‌expect‌‌substantially‌‌fewer‌‌errors‌‌than‌‌what‌‌the‌‌calibration‌‌aims‌‌for,‌‌‌i.e.‌‌around‌‌                           
0.664‌ ‌instead‌ ‌of‌ ‌3.32‌ ‌per‌ ‌disease‌ ‌if‌ ‌the‌ ‌data‌ ‌distribution‌ ‌was‌ ‌identical‌ ‌to‌ ‌that‌ ‌in‌ ‌the‌‌                               
simulations.‌ ‌ 

3.2.5‌ ‌Baseline‌ ‌methods‌ ‌ 

In‌ ‌order‌ ‌to‌ ‌evaluate‌ ‌the‌ ‌performances‌ ‌of‌ ‌the‌ ‌proposed‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌‌                       
methods‌ ‌in‌ ‌comparison‌ ‌to‌ ‌competitor‌ ‌approaches,‌ ‌we‌ ‌select‌ ‌a‌ ‌set‌ ‌of‌ ‌representative‌‌                       
baseline‌‌methods.‌‌RPVT‌‌is‌‌chosen‌‌as‌‌the‌‌most‌‌widely‌‌used‌‌traditional,‌‌purely‌‌statistical‌‌                         
testing‌ ‌approach.‌ ‌In‌ ‌addition,‌ ‌we‌ ‌investigate‌ ‌two‌ ‌more‌‌important‌‌competitor‌‌methods,‌                     
where‌‌we‌‌interpret‌‌the‌‌raw‌‌SVM‌‌weights‌‌and‌‌LRP‌‌scores‌‌as‌‌test‌‌statistics‌‌and‌‌threshold‌‌                             
them‌ ‌directly.‌ ‌The‌ ‌three‌ ‌baseline‌ ‌methods‌ ‌of‌ ‌RPVT,‌ ‌the‌ ‌thresholding‌ ‌of‌ ‌raw‌ ‌SVM‌‌                         
weights‌ ‌and‌ ‌the‌ ‌thresholding‌ ‌of‌ ‌raw‌ ‌LRP‌‌scores‌‌represent‌‌the‌‌separate‌‌components‌‌of‌‌                         
the‌‌COMBI‌‌and‌‌DeepCOMBI‌‌methods‌‌and‌‌are‌‌therefore‌‌crucial‌‌in‌‌order‌‌to‌‌validate‌‌the‌‌                           
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proposed‌ ‌thesis‌ ‌of‌ ‌this‌ ‌dissertation‌ ‌of‌ ‌combinatorial‌ ‌approaches‌ ‌being‌ ‌superior‌ ‌over‌‌                     
their‌ ‌individual‌ ‌components‌ ‌in‌ ‌this‌ ‌setting.‌‌ ‌  
Finally,‌ ‌three‌ ‌other‌ ‌combinatorial‌ ‌ML-based‌ ‌approaches‌ ‌(by‌ ‌Roshan‌ ‌‌et‌ ‌al.‌62‌,‌‌                   
Meinshausen‌‌‌et‌‌al.‌213‌ ‌‌and‌‌Wasserman‌‌and‌‌Roeder‌210‌)‌‌and‌‌two‌‌purely‌‌statistical‌‌analysis‌‌                       
tools‌ ‌(by‌ ‌Lippert‌ ‌‌et‌ ‌al.‌188,192‌)‌ ‌are‌ ‌investigated.‌‌ ‌  

All‌ ‌baseline‌ ‌methods‌ ‌are‌ ‌described‌ ‌in‌ ‌detail‌ ‌in‌ ‌the‌ ‌following‌ ‌sections.‌ ‌ 

RPVT‌ ‌as‌ ‌a‌ ‌baseline‌ ‌method‌ ‌ 

RPVT‌ ‌is‌ ‌the‌ ‌statistical‌ ‌framework‌ ‌traditionally‌ ‌used‌ ‌in‌ ‌GWAS‌ ‌for‌ ‌identifying‌‌                     
significant‌ ‌associations‌ ‌between‌ ‌SNPs‌ ‌and‌ ‌traits.‌ ‌Please‌ ‌refer‌ ‌to‌ ‌‌Chapter‌ ‌2.2.1‌ ‌and‌‌                       
Chapter‌ ‌3.2.1‌ ‌for‌ ‌an‌ ‌introduction.‌ ‌The‌‌single-locus‌‌null‌‌hypothesis‌‌to‌‌be‌‌tested‌‌states‌‌                         
that‌‌the‌‌SNP‌‌at‌‌locus‌‌j‌‌is‌‌independent‌‌of‌‌the‌‌binary‌‌trait‌‌of‌‌interest,‌‌i.e.‌‌that‌‌there‌‌is‌‌no‌‌                                     
correlation‌ ‌between‌ ‌this‌ ‌particular‌ ‌SNP‌ ‌and‌ ‌the‌ ‌development‌ ‌of‌ ‌the‌ ‌disease‌ ‌under‌‌                       
investigation.‌‌A‌‌standard‌‌statistical‌‌test‌‌for‌‌this‌‌hypothesis‌‌is‌‌the‌‌ -test‌233‌,‌‌which‌‌tests‌‌                    χ2      
for‌ ‌independence‌ ‌of‌‌the‌‌two‌‌multi-level‌‌variables‌‌genotype‌‌(three‌‌different‌‌levels:‌‌0,‌‌1‌‌                         
or‌ ‌2‌ ‌minor‌‌alleles)‌‌and‌‌phenotype‌‌(two‌‌different‌‌levels:‌‌case‌‌or‌‌control)‌‌by‌‌calculating‌‌                           

the‌ ‌test‌ ‌statistic‌ ‌ where‌ ‌ ‌and‌‌ ‌are‌‌the‌‌observed‌‌and‌‌expected‌‌      χ︿2 = ∑
 

c,g
Ec,g

(O E )c,g− c,g
2

  Oc,g     Ec,g            

frequencies‌ ‌of‌ ‌genotype‌ ‌‌g‌‌in‌‌combination‌‌with‌‌the‌‌phenotype‌‌case-control‌‌status‌‌‌c‌.‌‌To‌‌                         
compute‌ ‌a‌ ‌‌p‌-value,‌ ‌ is‌ ‌then‌ ‌compared‌ ‌to‌ ‌a‌ ‌ distribution‌ ‌with‌ ‌two‌ ‌degrees‌ ‌of‌‌      χ︿2           χ2          
freedom.‌ ‌It‌ ‌represents‌ ‌the‌ ‌probability‌ ‌of‌‌observing‌‌a‌‌sample‌‌statistic‌‌as‌‌extreme‌‌as‌‌                          χ︿2

under‌‌the‌‌assumption‌‌of‌‌no‌‌association‌‌between‌‌genotype‌‌and‌‌phenotype.‌‌If‌‌the‌‌‌p‌-value‌‌                         
is‌‌smaller‌‌than‌‌a‌‌predefined‌‌threshold‌‌ ,‌‌the‌‌null‌‌hypothesis‌‌is‌‌rejected‌‌and‌‌we‌‌declare‌            t*                  
the‌ ‌SNP‌ ‌under‌ ‌investigation‌ ‌to‌‌be‌‌significantly‌‌associated‌‌with‌‌the‌‌phenotype.‌‌If‌‌there‌‌                         
was‌ ‌a‌ ‌single‌ ‌test‌ ‌to‌ ‌perform,‌ ‌ ‌would‌ ‌usually‌ ‌be‌ ‌equal‌ ‌to‌ ‌the‌ ‌significance‌ ‌level‌‌            t*                  

.‌‌When‌‌performing‌‌multiple‌‌testing,‌‌however,‌‌the‌‌threshold‌‌is‌‌modified‌‌to‌‌take‌‌.05α = 0                        
the‌ ‌multiplicity‌ ‌of‌ ‌the‌ ‌problem‌ ‌into‌ ‌account.‌ ‌The‌ ‌simplest‌ ‌method‌ ‌is‌ ‌the‌ ‌so-called‌‌                         
Bonferroni‌ ‌correction‌70‌,‌ ‌where‌‌ ‌is‌‌divided‌‌by‌‌the‌‌number‌‌of‌‌tests‌‌performed,‌‌i.e.‌‌the‌‌      t*                      
number‌‌of‌‌SNPs‌‌‌d‌‌‌in‌‌this‌‌case,‌‌which‌‌guarantees‌‌that‌‌the‌‌FWER,‌‌the‌‌probability‌‌of‌‌one‌‌                               
or‌ ‌more‌‌erroneously‌‌reported‌‌associations,‌‌is‌‌bounded‌‌by‌‌α.‌‌The‌‌Bonferroni‌‌correction‌‌                       
performs‌ ‌well‌ ‌under‌ ‌the‌ ‌assumption‌ ‌that‌ ‌all‌ ‌null‌ ‌hypotheses‌ ‌are‌ ‌independent‌ ‌of‌ ‌each‌‌                         
other,‌ ‌which‌‌is‌‌not‌‌the‌‌case‌‌here.‌‌Indeed,‌‌since‌‌SNPs‌‌show‌‌high‌‌degrees‌‌of‌‌correlation‌‌                             
through‌‌LD,‌‌the‌‌Bonferroni‌‌correction‌‌can‌‌become‌‌extremely‌‌conservative,‌‌leading‌‌to‌‌a‌‌                       
high‌ ‌rate‌ ‌of‌ ‌false‌ ‌negatives,‌ ‌which‌ ‌is‌ ‌why‌ ‌the‌ ‌scientific‌ ‌community‌ ‌mostly‌ ‌applies‌ ‌a‌‌                           
fixed‌ ‌threshold‌ ‌that‌ ‌remains‌ ‌constant‌ ‌for‌ ‌multiple‌ ‌GWAS.‌ ‌Here,‌‌based‌‌on‌‌the‌‌original‌‌                         
publication‌ ‌of‌ ‌the‌ ‌data‌ ‌we‌ ‌are‌ ‌analyzing‌ ‌(WTCCC‌ ‌data,‌ ‌see‌ ‌‌Chapter‌ ‌3.2.3‌38‌),‌ ‌we‌‌                         
present‌ ‌not‌ ‌only‌ ‌the‌ ‌strong‌ ‌associations‌‌at‌‌a‌‌significance‌‌level‌‌of‌‌ ‌but‌‌also‌‌                      t* = 5x10 7−      
weak‌ ‌associations‌ ‌at‌ ‌ .‌ ‌t* = 1 0× 1 5−  
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Raw‌ ‌SVM‌ ‌weights‌ ‌and‌ ‌LRP‌ ‌scores‌ ‌without‌ ‌statistical‌ ‌testing‌ ‌as‌‌                   
baseline‌ ‌methods‌ ‌ ‌  

Instead‌ ‌of‌ ‌interpreting‌ ‌the‌ ‌SVM‌ ‌weights‌ ‌from‌ ‌COMBI‌ ‌and‌ ‌the‌ ‌LRP‌ ‌scores‌ ‌from‌‌                         
DeepCOMBI‌ ‌as‌ ‌relevance‌ ‌scores‌ ‌to‌ ‌select‌ ‌a‌ ‌subset‌ ‌of‌ ‌SNPs‌ ‌to‌‌calculate‌‌‌p‌-values‌‌for,‌‌                           
this‌ ‌step‌‌can‌‌be‌‌skipped‌‌to‌‌instead‌‌use‌‌them‌‌as‌‌direct‌‌test‌‌statistics.‌‌For‌‌evaluation,‌‌the‌‌                               
vector‌ ‌of‌ ‌raw‌ ‌SVM‌ ‌weights‌ ‌and‌ ‌LRP‌ ‌scores‌ ‌is‌ ‌treated‌ ‌like‌ ‌the‌ ‌vector‌ ‌of‌ ‌‌p‌-values‌ ‌of‌‌                               
RPVT‌‌to‌‌calculate‌‌performance‌‌curves.‌‌We‌‌compare‌‌COMBI‌‌and‌‌DeepCOMBI‌‌to‌‌these‌‌                       
baseline‌‌methods‌‌of‌‌raw‌‌relevance‌‌scores‌‌and‌‌RPVT‌‌to‌‌show‌‌that‌‌only‌‌the‌‌combination‌‌                           
of‌ ‌ML‌ ‌/‌ ‌deep‌ ‌learning‌ ‌and‌ ‌multiple‌ ‌testing‌ ‌produce‌‌the‌‌desired‌‌performance‌‌increase,‌‌                         
which‌ ‌cannot‌ ‌be‌ ‌achieved‌ ‌individually‌ ‌by‌ ‌one‌ ‌of‌ ‌the‌ ‌components.‌‌ ‌  

Other‌ ‌baseline‌ ‌methods‌ 

In‌ ‌addition‌ ‌to‌ ‌comparing‌ ‌the‌ ‌proposed‌ ‌methods‌ ‌with‌ ‌the‌‌RPVT‌‌approach‌‌and‌‌the‌‌raw‌‌                           
relevance‌ ‌scores,‌ ‌we‌ ‌investigate‌ ‌whether‌ ‌slight‌ ‌alterations‌ ‌and‌ ‌simplifications‌ ‌of‌ ‌the‌‌                     
COMBI‌‌method‌‌can‌‌achieve‌‌the‌‌same‌‌level‌‌of‌‌effectiveness.‌‌On‌‌the‌‌generated‌‌datasets,‌‌                         
we‌ ‌investigate‌ ‌the‌ ‌performance‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌without‌ ‌the‌ ‌moving‌ ‌average‌‌                       
filter‌‌and‌‌the‌‌performance‌‌of‌‌RPVT‌‌when‌‌such‌‌a‌‌filter‌‌is‌‌applied‌‌to‌‌the‌‌raw‌‌‌p‌-values‌‌to‌‌                                 
show‌ ‌that‌ ‌both‌ ‌the‌ ‌SVM‌ ‌and‌ ‌the‌ ‌filter‌ ‌are‌ ‌crucial.‌ ‌ 

A‌ ‌number‌ ‌of‌ ‌experiments‌ ‌are‌ ‌performed‌ ‌to‌ ‌show‌ ‌that‌ ‌the‌ ‌novel‌ ‌methods‌ ‌also‌‌                         
outperform‌‌other‌‌combinatorial‌‌ML-based‌‌approaches.‌‌There‌‌are‌‌only‌‌a‌‌few‌‌related‌‌ML‌‌                       
methods,‌ ‌out‌ ‌of‌‌which‌‌we‌‌select‌‌three‌‌techniques‌‌as‌‌representatives‌‌to‌‌be‌‌compared‌‌to‌‌                           
the‌‌COMBI‌‌method‌‌on‌‌the‌‌generated‌‌datasets.‌‌The‌‌first‌‌one‌‌was‌‌proposed‌‌by‌‌Roshan‌‌‌et‌‌                             
al.‌62‌ ‌and‌ ‌is‌ ‌a‌ ‌version‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌where‌ ‌the‌ ‌order‌ ‌of‌ ‌the‌ ‌two‌ ‌steps‌ ‌(SVM‌‌                                 
training‌‌and‌‌statistical‌‌testing)‌‌is‌‌reversed.‌‌The‌‌second‌‌method‌‌proposed‌‌by‌‌Wasserman‌‌                       
and‌‌Roeder‌210‌ ‌separates‌‌the‌‌two‌‌steps‌‌of‌‌the‌‌COMBI‌‌method‌‌and‌‌performs‌‌the‌‌ML‌‌step‌‌                             
on‌ ‌one‌ ‌half‌ ‌of‌ ‌the‌ ‌data‌ ‌and‌ ‌the‌ ‌statistical‌ ‌testing‌ ‌step‌ ‌on‌ ‌the‌ ‌other‌ ‌half.‌ ‌The‌ ‌third‌‌                                 
competitor‌ ‌method‌ ‌by‌ ‌Meinshausen‌ ‌‌et‌ ‌al.‌213‌ ‌is‌ ‌an‌ ‌extension‌ ‌of‌ ‌this‌ ‌method,‌ ‌which‌‌                         
aggregates‌ ‌the‌ ‌results‌ ‌of‌ ‌multiple‌ ‌random‌ ‌splits.‌‌ ‌  

In‌‌a‌‌functional‌‌study‌‌on‌‌the‌‌WTCCC‌‌dataset,‌‌we‌‌also‌‌compare‌‌COMBI‌‌to‌‌two‌‌methods‌‌                             
proposed‌ ‌by‌ ‌Lippert‌ ‌‌et‌ ‌al.‌188,192‌,‌ ‌one‌ ‌linear‌ ‌and‌ ‌one‌ ‌identifying‌ ‌epistatic‌ ‌interactions,‌‌                       
which‌ ‌both‌ ‌employ‌‌linear‌‌mixed‌‌models‌‌(LMM)‌‌and‌‌are‌‌widely‌‌used‌‌purely‌‌statistical‌‌                         
analysis‌ ‌tools.‌ ‌ 
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3.2.6‌ ‌Performance‌ ‌metrics‌ ‌ 

To‌ ‌assess‌ ‌the‌ ‌performance‌ ‌of‌ ‌COMBI,‌ ‌DeepCOMBI‌ ‌and‌ ‌the‌ ‌baseline‌ ‌methods,‌ ‌a‌‌                       
number‌ ‌of‌ ‌statistical‌ ‌metrics‌‌are‌‌evaluated.‌‌The‌‌performances‌‌of‌‌both‌‌the‌‌intermediate‌‌                       
classification‌‌step‌‌(‌i.e.‌‌either‌‌SVM‌‌or‌‌DNN)‌‌and‌‌the‌‌final‌‌step‌‌of‌‌predicting‌‌informative‌‌                           
SNPs‌ ‌need‌ ‌to‌ ‌be‌ ‌explored.‌‌ ‌  

Assuming‌ ‌we‌ ‌know‌ ‌the‌ ‌ground‌ ‌truth,‌ ‌the‌ ‌metrics‌ ‌are‌ ‌defined‌ ‌as‌ ‌follows:‌ ‌ 

● Number‌ ‌of‌ ‌true‌ ‌positives‌ ‌=‌ ‌TP;‌ ‌False‌ ‌positives‌ ‌=‌ ‌FP;‌ ‌True‌ ‌negatives‌ ‌=‌ ‌TN;‌ ‌False‌ ‌negatives‌ ‌=‌ ‌FN‌ ‌ 
● Accuracy‌ ‌=‌ ‌(TP‌ ‌+‌ ‌TN)/(TP‌ ‌+‌ ‌TN‌ ‌+‌ ‌FP‌ ‌+‌ ‌FN)‌ ‌ 
● Precision‌ ‌=‌ ‌TP/(TP‌ ‌+‌ ‌FP)‌ ‌ 
● True-positive‌ ‌rate‌ ‌TPR‌ ‌=‌ ‌TP‌ ‌/‌ ‌(TP‌ ‌+‌ ‌FN)‌ ‌ 
● False-positive‌ ‌rate‌ ‌FPR‌ ‌=‌ ‌FP‌ ‌/‌ ‌(TP‌ ‌+‌ ‌FN)‌ ‌ 
● Family-wise‌ ‌error‌ ‌rate‌ ‌FWER‌ ‌=‌ ‌P(FP‌ ‌>=1)‌ ‌ 
● Expected‌ ‌number‌ ‌of‌ ‌false‌ ‌rejections‌ ‌ENFR‌ ‌=‌ ‌E(FP)‌ ‌ 
● Balanced‌ ‌accuracy‌ ‌=‌ ‌(TPR‌ ‌+‌ ‌TNR‌ ‌)/2‌ ‌ 

The‌ ‌following‌ ‌performance‌ ‌curves‌ ‌and‌ ‌the‌ ‌area‌ ‌under‌ ‌these‌ ‌curves‌ ‌(AUC)‌ ‌are‌‌                       
investigated:‌ ‌ 

● Receiver‌ ‌operating‌ ‌characteristic‌ ‌curve‌ ‌(ROC):‌‌Power‌‌vs.‌‌error‌‌rate,‌‌‌e.g.‌‌TPR‌‌vs.‌‌FPR,‌‌TP‌‌vs.‌‌                             
FP,‌ ‌TPR‌ ‌vs.‌ ‌FWER‌ ‌or‌ ‌TPR‌ ‌vs.‌ ‌ENFR‌ ‌for‌ ‌varying‌ ‌thresholds‌ ‌ 

● Precision-recall‌‌curve‌‌(PR):‌‌Precision‌‌vs.‌‌power,‌‌‌e.g.‌‌Precision‌‌vs.‌‌TPR‌‌or‌‌Precision‌‌vs.‌‌TP‌‌for‌‌                             
varying‌ ‌thresholds‌ ‌ 

‌ ‌   
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3.3‌ ‌Results‌ ‌ 
In‌ ‌the‌ ‌following‌ ‌sections,‌ ‌we‌ ‌present‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌proposed‌ ‌COMBI‌ ‌and‌‌                         
DeepCOMBI‌ ‌methods‌ ‌evaluated‌ ‌on‌ ‌generated‌ ‌as‌ ‌well‌ ‌as‌ ‌on‌ ‌real-world‌ ‌data.‌‌                     
Performance‌‌in‌‌terms‌‌of‌‌both‌‌classification‌‌accuracy‌‌and‌‌SNP‌‌prediction‌‌is‌‌examined‌‌in‌‌                         
comparison‌ ‌to‌ ‌a‌ ‌number‌ ‌of‌ ‌baseline‌ ‌methods,‌ ‌which‌ ‌are‌ ‌presented‌ ‌in‌ ‌full‌ ‌detail‌ ‌in‌‌                           
Chapter‌ ‌3.2.5‌.‌ ‌As‌ ‌evaluation‌ ‌criteria,‌ ‌we‌ ‌report‌ ‌prediction‌ ‌accuracy‌ ‌for‌ ‌the‌‌                     
classification‌ ‌step‌ ‌and‌ ‌‌FWER‌,‌ ‌precision‌ ‌and‌ ‌‌TPR‌ ‌‌for‌ ‌the‌ ‌SNP‌ ‌selection‌ ‌step.‌ ‌See‌‌                         
Chapter‌ ‌3.2.6‌ ‌‌from‌ ‌‌above‌ ‌for‌ ‌a‌ ‌detailed‌ ‌description‌ ‌of‌ ‌the‌ ‌evaluated‌ ‌performance‌‌                       
metrics.‌ ‌ 

3.3.1‌ ‌Results‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌ 

Here,‌ ‌we‌ ‌report‌ ‌the‌ ‌results‌ ‌averaged‌ ‌over‌ ‌1,000‌ ‌datasets‌ ‌generated‌ ‌in‌ ‌the‌ ‌simulation‌‌                         
process‌‌described‌‌in‌‌‌Chapter‌‌3.2.3‌‌‌(“‌Validation‌‌on‌‌generated‌‌datasets‌”).‌‌We‌‌show‌‌that‌‌                       
on‌ ‌these‌ ‌datasets,‌ ‌COMBI‌‌and‌‌DeepCOMBI‌‌perform‌‌better‌‌than‌‌the‌‌traditionally‌‌used‌‌                       
method‌ ‌for‌ ‌analyzing‌ ‌GWAS,‌ ‌RPVT,‌ ‌and‌ ‌other‌ ‌competitor‌ ‌methods.‌ ‌In‌ ‌addition,‌ ‌it‌‌is‌‌                         
demonstrated‌ ‌that‌ ‌the‌ ‌deep‌ ‌learning-based‌ ‌approach‌ ‌DeepCOMBI‌ ‌outperforms‌ ‌the‌‌                 
SVM-based‌ ‌method‌ ‌COMBI.‌ ‌ 

Prediction‌ ‌performance‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌ 

The‌ ‌first‌ ‌steps‌ ‌of‌ ‌both‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌consist‌ ‌of‌ ‌training‌ ‌a‌ ‌learning‌‌                         
algorithm‌‌for‌‌the‌‌classification‌‌of‌‌subjects‌‌into‌‌their‌‌respective‌‌phenotypic‌‌group‌‌given‌‌                       
their‌ ‌genotypic‌ ‌information.‌ ‌Since‌ ‌all‌ ‌following‌ ‌steps‌ ‌depend‌ ‌on‌ ‌the‌ ‌performance‌ ‌of‌‌                       
these‌ ‌classifiers,‌ ‌high‌ ‌prediction‌ ‌accuracy‌ ‌is‌ ‌crucial.‌ ‌On‌ ‌the‌ ‌generated‌ ‌datasets,‌ ‌the‌‌                       
SVM‌ ‌(as‌ ‌part‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method)‌ ‌achieves‌ ‌59%‌ ‌accuracy‌ ‌on‌ ‌average‌ ‌and‌ ‌54%‌‌                           
balanced‌ ‌accuracy.‌ ‌In‌ ‌comparison,‌ ‌the‌ ‌DNN‌ ‌(as‌ ‌part‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌ ‌method)‌‌                       
performs‌ ‌significantly‌ ‌better‌ ‌with‌ ‌an‌ ‌average‌ ‌of‌ ‌74%‌ ‌classification‌ ‌accuracy.‌ ‌It‌ ‌also‌‌                       
achieves‌ ‌higher‌ ‌balanced‌‌accuracy‌‌(74%)‌‌by‌‌counteracting‌‌against‌‌the‌‌negative‌‌effects‌‌                     
of‌ ‌unbalanced‌ ‌datasets‌ ‌through‌ ‌the‌ ‌application‌ ‌of‌ ‌class‌ ‌weights‌ ‌in‌ ‌the‌ ‌DNN‌ ‌training‌‌                         
process.‌ ‌All‌ ‌accuracy‌ ‌scores‌ ‌and‌ ‌summary‌ ‌statistics‌ ‌are‌ ‌presented‌ ‌in‌ ‌‌Table‌ ‌2‌.‌ ‌ 

Table‌ ‌2.‌ ‌Classification‌ ‌performances‌ ‌of‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌‌ 
(2020)‌15‌.‌‌ ‌Summary‌ ‌statistics‌ ‌of‌ ‌the‌ ‌classification‌ ‌accuracy‌ ‌of‌ ‌the‌ ‌SVM‌ ‌(as‌ ‌in‌ ‌the‌ ‌first‌ ‌step‌ ‌of‌ ‌COMBI)‌ ‌and‌ ‌the‌ ‌DNN‌‌ 

(as‌ ‌in‌ ‌the‌ ‌first‌ ‌step‌ ‌of‌ ‌DeepCOMBI)‌ ‌are‌ ‌presented.‌ ‌Values‌ ‌corresponding‌ ‌to‌ ‌accuracy‌ ‌and‌ ‌balanced‌ ‌accuracy‌ ‌in‌‌ 
parentheses‌ ‌are‌ ‌given.‌ ‌ 

‌ 

‌ 

‌ 
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‌  Mean‌ ‌accuracy‌‌ 
(balanced‌‌ 
accuracy)‌ ‌ 

Standard‌ ‌deviation‌‌ 
of‌ ‌accuracy‌‌ 

(balanced‌ ‌accuracy)‌ ‌ 

Minimum‌ ‌of‌‌ 
accuracy‌ ‌(balanced‌‌ 

accuracy)‌ ‌ 

Maximum‌ ‌of‌‌ 
accuracy‌ ‌(balanced‌‌ 

accuracy)‌ ‌ 

SVM‌ ‌(as‌ ‌in‌‌ 
COMBI)‌ ‌ 

0.59‌ ‌(0.54)‌ ‌  0.05‌ ‌(0.06)‌ ‌  0.41‌ ‌(0.35)‌ ‌  0.76‌ ‌(0.71)‌ ‌ 

DNN‌ ‌(as‌ ‌in‌‌ 
DeepCOMBI)‌ ‌ 

0.74‌ ‌(0.74)‌ ‌  0.07‌ ‌(0.07)‌ ‌  0.55‌ ‌(0.50)‌ ‌  0.97‌ ‌(0.98)‌ ‌ 
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Following‌ ‌these‌ ‌promising‌ ‌intermediate‌ ‌results,‌ ‌we‌ ‌investigate‌ ‌whether‌ ‌the‌ ‌entire‌‌                   
workflow‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌can‌ ‌outperform‌ ‌COMBI‌‌and‌‌the‌‌other‌‌baseline‌‌                       
methods‌ ‌in‌ ‌terms‌ ‌of‌ ‌SNP‌ ‌prediction‌ ‌in‌ ‌the‌ ‌next‌ ‌sections.‌ ‌ 

SNP‌ ‌selection‌ ‌performance‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌ 

To‌‌provide‌‌some‌‌intuitive‌‌understanding‌‌of‌‌the‌‌advantages‌‌of‌‌the‌‌novel‌‌methods‌‌and‌‌to‌‌                           
compare‌ ‌the‌ ‌relevance‌ ‌scores‌ ‌and‌ ‌‌p‌-values‌ ‌obtained‌ ‌with‌ ‌the‌ ‌LRP-based‌ ‌method‌‌                     
DeepCOMBI‌‌to‌‌those‌‌derived‌‌from‌‌the‌‌SVM‌‌weights‌‌in‌‌the‌‌COMBI‌‌method,‌‌we‌‌look‌‌at‌‌                             
three‌‌exemplary‌‌synthetic‌‌datasets‌‌and‌‌the‌‌corresponding‌‌results‌‌(See‌‌‌Figure‌‌13‌).‌‌They‌‌                       
can‌‌be‌‌distinguished‌‌by‌‌the‌‌level‌‌of‌‌association‌‌of‌‌the‌‌20‌‌informative‌‌SNPs‌‌(highlighted‌‌                           
in‌ ‌pink)‌ ‌with‌ ‌the‌ ‌phenotype.‌ ‌In‌ ‌the‌ ‌first‌ ‌column‌ ‌of‌ ‌subfigures,‌ ‌the‌ ‌strength‌ ‌of‌‌                           
association‌‌for‌‌each‌‌replication‌‌at‌‌positions‌‌5001‌‌-‌‌5020‌‌is‌‌shown‌‌in‌‌the‌‌corresponding‌‌                           
RPVT‌ ‌Manhattan‌ ‌plots.‌ ‌While‌ ‌the‌‌first‌‌row‌‌of‌‌subfigures‌‌represents‌‌a‌‌replication‌‌with‌‌                         
very‌ ‌weak‌ ‌associations‌ ‌(small‌ ‌pink‌ ‌tower),‌ ‌the‌ ‌second‌ ‌has‌ ‌a‌ ‌moderate‌ ‌association‌‌                       
(medium-sized‌‌tower)‌‌and‌‌the‌‌third‌‌shows‌‌a‌‌very‌‌strong‌‌association‌‌(large‌‌tower).‌‌In‌‌the‌‌                           
second‌‌and‌‌third‌‌columns,‌‌the‌‌raw‌‌SVM‌‌weights‌‌and‌‌LRP‌‌scores‌‌are‌‌shown.‌‌For‌‌strong‌‌                             
associations‌ ‌(bottom‌ ‌row),‌ ‌both‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌not‌‌only‌‌precisely‌‌identify‌‌                     
the‌ ‌correct‌ ‌tower‌ ‌but‌ ‌also‌ ‌flatten‌ ‌out‌ ‌any‌ ‌noise‌ ‌SNPs,‌ ‌even‌ ‌when‌ ‌-‌ ‌by‌ ‌chance‌ ‌-‌ ‌they‌‌                                 
achieve‌ ‌considerably‌ ‌high‌ ‌significance.‌ ‌The‌ ‌methods‌ ‌thus‌ ‌not‌ ‌only‌ ‌increase‌ ‌the‌‌                     
probability‌ ‌of‌ ‌finding‌ ‌the‌ ‌correct‌ ‌tower‌ ‌but‌ ‌also,‌ ‌and‌ ‌potentially‌ ‌more‌ ‌importantly,‌‌                       
decrease‌ ‌the‌ ‌probability‌ ‌of‌ ‌falsely‌ ‌selecting‌ ‌a‌ ‌noise‌ ‌tower.‌ ‌ 

Furthermore,‌ ‌It‌ ‌can‌ ‌be‌ ‌seen‌ ‌that‌ ‌LRP‌ ‌yields‌ ‌clearer‌ ‌relevance‌ ‌distributions‌ ‌in‌‌                       
comparison‌ ‌to‌ ‌the‌ ‌SVM-based‌ ‌method.‌ ‌Even‌ ‌with‌ ‌the‌ ‌huge‌ ‌number‌ ‌of‌ ‌trained‌                       
parameters,‌‌the‌‌explanation‌‌scores‌‌of‌‌DeepCOMBI‌‌yield‌‌a‌‌lot‌‌less‌‌noise‌‌than‌‌the‌‌SVM‌‌                           
weights‌ ‌of‌ ‌COMBI.‌‌This‌‌results‌‌in‌‌the‌‌COMBI‌‌method‌‌only‌‌being‌‌able‌‌to‌‌classify‌‌the‌‌                             
very‌‌strong‌‌association‌‌correctly‌‌(third‌‌row‌‌of‌‌subfigures‌‌in‌‌‌Figure‌‌13‌)‌‌while‌‌it‌‌misses‌‌                           
the‌‌weak‌‌and‌‌moderate‌‌ones.‌‌In‌‌contrast,‌‌DeepCOMBI‌‌is‌‌successful‌‌for‌‌both‌‌the‌‌second‌‌                           
and‌ ‌third‌ ‌replication‌ ‌with‌ ‌moderate‌ ‌and‌ ‌strong‌ ‌associations‌ ‌and‌ ‌only‌ ‌misses‌ ‌the‌ ‌very‌‌                         
weak‌ ‌association‌ ‌(last‌ ‌row‌ ‌of‌ ‌subfigures‌ ‌in‌ ‌‌Figure‌ ‌13‌).‌ ‌Please‌ ‌note‌ ‌that‌ ‌moderate‌‌                         
associations‌ ‌(second‌ ‌row‌ ‌of‌ ‌subfigures‌ ‌in‌ ‌‌Figure‌ ‌13‌),‌ ‌again,‌ ‌DeepCOMBI‌ ‌not‌ ‌only‌‌                       
identifies‌‌the‌‌correct‌‌informative‌‌tower‌‌but‌‌also‌‌filters‌‌out‌‌a‌‌relatively‌‌high‌‌noise‌‌tower‌                           
at‌‌position‌‌ ,‌‌which‌‌-‌‌just‌‌by‌‌chance‌‌-‌‌achieved‌‌a‌‌‌p‌-value‌‌ ‌and‌‌is‌‌therefore‌‌    00~ 6                     < 10 5−        
incorrectly‌ ‌classified‌ ‌as‌ ‌an‌ ‌informative‌ ‌locus‌ ‌by‌ ‌RPVT.‌‌ ‌  
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To‌ ‌investigate‌ ‌whether‌ ‌these‌ ‌exemplary‌ ‌findings‌ ‌represent‌ ‌a‌ ‌general‌ ‌trend,‌ ‌we‌ ‌now‌‌                       
examine‌ ‌the‌ ‌results‌ ‌of‌ ‌all‌ ‌competitor‌ ‌methods‌ ‌averaged‌ ‌over‌ ‌all‌ ‌1,000‌ ‌generated‌‌                       
datasets.‌‌In‌‌‌Figure‌‌14‌,‌‌‌the‌‌corresponding‌‌ROC‌‌and‌‌PR‌‌curves‌‌are‌‌shown.‌‌By‌‌increasing‌‌                           
the‌ ‌significance‌ ‌threshold‌ ‌of‌ ‌each‌ ‌method‌ ‌from‌ ‌very‌ ‌conservative‌ ‌(‌i.e.‌ ‌ ,‌ ‌no‌‌                    t  * = 0    
significant‌‌SNPs)‌‌to‌‌very‌‌liberal‌‌(‌i.e.‌‌ ,‌‌all‌‌SNPs‌‌significant),‌‌we‌‌investigate‌‌here‌‌            t* = ∞              
how‌ ‌the‌ ‌different‌ ‌methods‌ ‌perform‌ ‌for‌ ‌different‌ ‌levels‌ ‌of‌ ‌error.‌ ‌In‌ ‌both‌ ‌subfigures,‌‌                         
COMBI‌ ‌(dark‌ ‌blue‌ ‌line)‌ ‌outperforms‌ ‌RPVT‌ ‌(light‌ ‌blue‌ ‌line)‌ ‌in‌ ‌terms‌ ‌of‌ ‌power‌ ‌(as‌                           
measured‌ ‌by‌ ‌the‌ ‌‌TPR‌)‌ ‌and‌ ‌precision.‌‌ ‌  

‌ 

Figure‌ ‌14:‌ ‌Performance‌ ‌curves‌ ‌of‌ ‌COMBI,‌ ‌DeepCOMBI‌ ‌and‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌from‌‌ 
Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2020)‌15‌.‌ ‌A‌ ‌‌ROC‌ ‌curves‌ ‌and‌ ‌‌B‌‌ ‌PR‌ ‌curves‌ ‌of‌ ‌RPVT,‌ ‌the‌ ‌COMBI‌ ‌method,‌ ‌direct‌ ‌thresholding‌ ‌of‌ ‌SVM‌‌ 

weights,‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌and‌ ‌direct‌ ‌thresholding‌ ‌of‌ ‌LRP‌ ‌scores‌ ‌averaged‌ ‌over‌ ‌the‌ ‌1,000‌ ‌generated‌ ‌datasets‌‌ 
are‌ ‌shown.‌ ‌ 

‌ 
‌ 

The‌ ‌COMBI‌ ‌method‌ ‌improves‌ ‌performance‌ ‌by‌ ‌correctly‌ ‌filtering‌ ‌out‌ ‌the‌ ‌noise‌ ‌SNPs‌‌                       
and‌ ‌identifying‌ ‌the‌ ‌informative‌ ‌SNPs‌ ‌accurately‌ ‌in‌ ‌the‌ ‌selection‌ ‌step‌ ‌of‌ ‌the‌ ‌COMBI‌‌                         
method.‌‌The‌‌identification‌‌of‌‌SNPs‌‌that‌‌have‌‌an‌‌effect‌‌on‌‌the‌‌phenotype‌‌in‌‌the‌‌semi-real‌‌                             
datasets‌‌can‌‌be‌‌improved‌‌even‌‌further‌‌by‌‌applying‌‌the‌‌DeepCOMBI‌‌method‌‌(pink‌‌line),‌‌                         
which‌ ‌consistently‌ ‌achieves‌ ‌better‌ ‌results‌ ‌than‌ ‌the‌ ‌COMBI‌ ‌approach.‌ ‌The‌ ‌LRP‌‌based‌‌                       
relevance‌ ‌scores‌ ‌predict‌‌more‌‌accurately‌‌than‌‌the‌‌SVM‌‌weights‌‌where‌‌the‌‌informative‌‌                       
SNPs‌ ‌can‌ ‌be‌ ‌found.‌ ‌ 

The‌‌combinatorial‌‌approaches,‌‌COMBI‌‌and‌‌DeepCOMBI,‌‌also‌‌perform‌‌better‌‌than‌‌their‌‌                     
individual‌ ‌components‌ ‌of‌ ‌an‌ ‌ML‌ ‌algorithm‌ ‌(‌i.e.‌ ‌SVM‌ ‌or‌ ‌DNN‌ ‌with‌ ‌LRP)‌ ‌and‌ ‌a‌‌                           
multiple‌‌testing‌‌step‌‌(‌i.e.‌‌RPVT).‌‌This‌‌can‌‌be‌‌deduced‌‌from‌‌the‌‌fact‌‌that‌‌RPVT,‌‌as‌‌well‌‌                               
as‌‌the‌‌other‌‌two‌‌baseline‌‌methods‌‌of‌‌directly‌‌thresholding‌‌the‌‌raw‌‌LRP‌‌scores‌‌(dashed‌‌                           
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pink‌ ‌line)‌ ‌and‌ ‌SVM‌ ‌weights‌ ‌(dashed‌ ‌dark‌ ‌blue‌ ‌line),‌ ‌cannot‌ ‌achieve‌ ‌the‌ ‌same‌‌                         
performance‌ ‌as‌ ‌their‌ ‌combinations‌ ‌(‌i.e.‌‌ ‌DeepCOMBI‌ ‌and‌ ‌COMBI).‌‌ ‌  

During‌‌the‌‌development‌‌phase‌‌of‌‌the‌‌COMBI‌‌method‌‌and‌‌for‌‌the‌‌original‌‌publication‌‌of‌                           
2016‌10‌,‌‌a‌‌number‌‌of‌‌additional‌‌experiments‌‌were‌‌conducted.‌‌The‌‌remainder‌‌of‌‌‌Chapter‌‌                       
3.3.1‌ ‌‌and‌ ‌Appendix‌ ‌I‌ ‌‌present‌ ‌the‌ ‌corresponding‌ ‌results.‌ ‌Please‌ ‌note‌ ‌that‌ ‌during‌ ‌this‌‌                         
initial‌‌phase‌‌of‌‌the‌‌dissertation,‌‌a‌‌slightly‌‌different‌‌experimental‌‌setup‌‌for‌‌the‌‌generated‌‌                         
datasets‌ ‌was‌ ‌employed‌‌and‌‌DeepCOMBI‌‌was‌‌not‌‌introduced‌‌yet.‌‌For‌‌example,‌‌10,000‌‌                       
datasets‌ ‌are‌ ‌generated‌ ‌here‌ ‌instead‌ ‌of‌ ‌1,000‌ ‌in‌ ‌the‌ ‌DeepCOMBI‌ ‌publication‌15‌.‌‌ ‌  

To‌ ‌understand‌ ‌the‌ ‌results‌ ‌in‌ ‌more‌ ‌detail,‌ ‌we‌ ‌now‌ ‌investigate‌ ‌in‌ ‌which‌ ‌cases‌‌from‌‌the‌‌                             
original‌ ‌publication‌ ‌(2016‌10‌)‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌can‌ ‌or‌ ‌cannot‌ ‌increase‌ ‌the‌‌                     
performance‌ ‌of‌ ‌the‌ ‌SNP‌ ‌prediction.‌ ‌‌Figure‌ ‌15‌‌‌shows‌‌for‌‌all‌‌10,000‌‌synthetic‌‌datasets‌‌                         
the‌‌level‌‌of‌‌difficulty‌‌of‌‌the‌‌problem‌‌(represented‌‌by‌‌the‌‌‌TPR‌‌of‌‌RPVT)‌‌and‌‌how‌‌well‌‌it‌‌                                 
can‌‌be‌‌solved‌‌using‌‌the‌‌COMBI‌‌method‌‌(represented‌‌by‌‌the‌‌gain‌‌in‌‌‌TPR‌‌of‌‌the‌‌COMBI‌‌                               
method‌ ‌over‌ ‌RPVT).‌ ‌In‌‌the‌‌majority‌‌of‌‌cases,‌‌the‌‌COMBI‌‌method‌‌helps‌‌performance,‌‌                         
i.e‌.‌ ‌increases‌ ‌the‌‌‌TPR‌.‌‌However,‌‌it‌‌decreases‌‌performance‌‌in‌‌some‌‌cases‌‌(about‌‌3%‌‌of‌‌                           
the‌ ‌10,000‌ ‌datasets).‌ ‌As‌ ‌expected,‌ ‌those‌ ‌cases‌ ‌represent‌ ‌difficult‌ ‌problems‌ ‌with‌ ‌high‌‌                       
noise‌ ‌where‌ ‌the‌ ‌baseline‌ ‌‌TPR‌‌ ‌of‌ ‌RPVT‌ ‌is‌ ‌very‌ ‌low.‌‌ ‌  

‌ 
Figure‌ ‌15:‌‌ ‌‌TPR‌‌ ‌gain‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌against‌ ‌‌TPR‌‌ ‌of‌ ‌RPVT‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌‌ 

(2016)‌10‌.‌‌ ‌Each‌ ‌dot‌ ‌represents‌ ‌one‌ ‌dataset‌ ‌and‌ ‌indicates‌ ‌how‌ ‌much‌ ‌is‌ ‌gained‌ ‌in‌ ‌terms‌ ‌of‌ ‌‌TPR‌‌ ‌by‌ ‌applying‌ ‌the‌ ‌COMBI‌‌ 
method‌ ‌instead‌ ‌of‌ ‌RPVT‌ ‌to‌ ‌this‌ ‌specific‌ ‌dataset.‌ ‌‌TPR‌‌ ‌of‌ ‌RPVT‌ ‌can‌ ‌be‌ ‌interpreted‌ ‌as‌ ‌a‌ ‌measure‌ ‌of‌ ‌the‌ ‌difficulty‌ ‌of‌ ‌the‌‌ 

problem.‌ ‌Four‌ ‌replications‌ ‌are‌ ‌highlighted.‌ ‌Three‌ ‌of‌ ‌them‌ ‌represent‌ ‌special‌ ‌cases‌ ‌with‌ ‌extraordinary‌ ‌characteristics‌‌ 
(‌i.e.‌ ‌‌maximum‌ ‌‌TPR‌‌ ‌gain,‌ ‌minimum‌ ‌‌TPR‌‌ ‌gain‌ ‌with‌ ‌low‌ ‌and‌ ‌high‌ ‌noise)‌ ‌and‌ ‌the‌ ‌fourth‌ ‌represents‌ ‌an‌ ‌average‌ ‌run‌ ‌with‌‌ 

medium‌ ‌‌TPR‌‌ ‌gain‌ ‌and‌ ‌medium‌ ‌noise.‌ ‌See‌ ‌‌Figure‌ ‌16‌‌ ‌for‌ ‌the‌ ‌individual‌ ‌results‌ ‌of‌ ‌those‌ ‌replications.‌ ‌ 
‌ 

In‌‌order‌‌to‌‌investigate‌‌the‌‌different‌‌situations‌‌to‌‌be‌‌encountered‌‌in‌‌a‌‌real-world‌‌setting,‌‌                           
we‌‌now‌‌analyze‌‌a‌‌number‌‌of‌‌special‌‌replications.‌‌Detailed‌‌plots‌‌of‌‌exemplary‌‌runs‌‌that‌‌                           
either‌ ‌represent‌ ‌an‌ ‌average‌ ‌run‌ ‌(‌i.e‌.‌ ‌medium‌ ‌‌TPR‌ ‌gain‌ ‌and‌ ‌medium‌ ‌noise)‌ ‌or‌ ‌have‌‌                           
extraordinary‌‌characteristics‌‌(‌i.e‌.‌‌maximum‌‌‌TPR‌‌gain,‌‌minimum‌TPR‌‌gain‌‌with‌‌low‌‌and‌‌                       
high‌ ‌noise)‌ ‌are‌ ‌shown‌ ‌in‌‌ ‌Figure‌ ‌16‌.‌‌ ‌  
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The‌ ‌first‌ ‌row‌ ‌in‌ ‌‌Figure‌ ‌16‌ ‌represents‌ ‌the‌‌replication‌‌with‌‌maximum‌‌‌TPR‌‌gain,‌‌where‌‌                           
the‌ ‌COMBI‌ ‌method‌ ‌performs‌ ‌extremely‌ ‌well.‌ ‌Although‌‌there‌‌is‌‌a‌‌lot‌‌of‌‌noise‌‌and‌‌the‌‌                             
tower‌ ‌of‌ ‌SNPs‌ ‌associated‌ ‌with‌ ‌the‌ ‌phenotype‌ ‌located‌ ‌at‌ ‌positions‌ ‌5,001-5,020‌ ‌is‌ ‌not‌‌                         
very‌ ‌high‌ ‌in‌ ‌this‌ ‌example,‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌finds‌ ‌it‌ ‌accurately.‌ ‌An‌ ‌average‌‌                         
replication‌‌with‌‌medium‌‌noise‌‌and‌‌medium‌‌‌TPR‌‌gain,‌‌‌i.e‌.‌‌where‌‌both‌‌methods‌‌find‌‌the‌‌                           
tower‌ ‌and‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌can‌ ‌only‌ ‌moderately‌‌help‌‌performance,‌‌is‌‌presented‌‌in‌‌                         
the‌ ‌second‌ ‌row.‌ ‌The‌ ‌third‌ ‌example‌ ‌illustrates‌ ‌that‌ ‌RPVT‌ ‌is‌ ‌sufficient‌ ‌for‌ ‌very‌ ‌easy‌‌                           
problems‌‌(‌i.e.‌‌low‌‌noise‌‌and‌‌high‌‌tower‌‌yielding‌‌minimum‌‌‌TPR‌‌gain)‌‌and‌‌that‌‌using‌‌the‌‌                             
COMBI‌ ‌method‌ ‌does‌ ‌not‌ ‌decrease‌ ‌performance.‌‌The‌‌most‌‌crucial‌‌case‌‌is‌‌presented‌‌in‌‌                         
the‌‌last‌‌row.‌‌In‌‌this‌‌worst-case‌‌scenario‌‌of‌‌minimum‌‌‌TPR‌‌gain‌‌and‌‌high‌‌noise,‌‌there‌‌is‌‌                               
an‌ ‌extremely‌ ‌small‌ ‌tower‌ ‌that‌ ‌is‌ ‌very‌ ‌hard‌ ‌to‌ ‌identify.‌ ‌In‌ ‌addition,‌ ‌there‌ ‌is‌ ‌another‌‌                             
high-noise‌ ‌tower‌ ‌with‌ ‌very‌ ‌high‌ ‌SVM‌ ‌weights.‌ ‌In‌ ‌contrast‌ ‌to‌ ‌the‌ ‌RPVT‌ ‌approach,‌‌                         
which‌ ‌identifies‌ ‌the‌ ‌correct‌ ‌tower,‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌selects‌ ‌the‌ ‌wrong‌ ‌tower.‌ ‌This‌‌                         
example‌ ‌shows‌ ‌that‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌selects‌ ‌the‌ ‌wrong‌ ‌towers‌ ‌in‌ ‌very‌ ‌few‌ ‌cases.‌ ‌ 

We‌ ‌now‌ ‌investigate‌ ‌whether‌ ‌these‌ ‌pathological‌ ‌cases‌ ‌can‌ ‌be‌ ‌identified‌ a‌ ‌priori‌.‌ ‌As‌‌                         
observed‌‌in‌‌Figure‌‌16‌,‌‌they‌‌are‌‌characterized‌‌by‌‌high‌‌noise‌‌levels,‌‌indicating‌‌that‌‌very‌‌                           
hard‌ ‌problems‌ ‌must‌ ‌be‌ ‌solved.‌ ‌Identifying‌ ‌the‌ ‌datasets‌ ‌where‌‌an‌‌SVM‌‌trained‌‌for‌‌the‌‌                           
classification‌‌of‌‌subjects‌‌does‌‌not‌‌have‌‌high‌‌accuracy‌‌is‌‌an‌‌intuitive‌‌idea.‌‌The‌‌COMBI‌‌                           
method‌‌would‌‌be‌‌expected‌‌to‌‌fail‌‌in‌‌those‌‌cases,‌‌which‌‌is‌‌indeed‌‌what‌‌can‌‌be‌‌seen‌‌when‌‌                                 
investigating‌ ‌the‌ ‌SVM‌ ‌accuracies‌ ‌for‌ ‌each‌ ‌replication‌ ‌in‌ ‌Figure‌ ‌17‌.‌ ‌As‌ ‌expected,‌‌the‌‌                         
problematic‌‌cases‌‌-‌‌where‌‌power‌‌is‌‌lost‌‌with‌‌the‌‌COMBI‌‌method‌‌-‌‌are‌‌characterized‌‌by‌‌                             
low‌ ‌SVM‌ ‌classification‌ ‌accuracies.‌ ‌These‌ ‌cases‌ ‌can‌ ‌thus‌ ‌roughly‌ ‌be‌ ‌estimated‌ ‌in‌‌                       
advance‌ ‌and‌ ‌a‌‌measure‌‌of‌‌trust‌‌in‌‌the‌‌results‌‌of‌‌the‌‌COMBI‌‌method‌‌could‌‌be‌‌reported‌‌                               
along‌ ‌with‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌for‌ ‌each‌ ‌dataset.‌ ‌ 

‌ 

Figure‌ ‌17:‌ ‌AUC‌ ‌gain‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌against‌ ‌SVM‌ ‌accuracy‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌‌ 
(2016)‌10‌.‌ ‌‌Each‌ ‌dot‌ ‌represents‌ ‌one‌ ‌dataset‌ ‌and‌ ‌indicates‌ ‌how‌ ‌much‌ ‌is‌ ‌gained‌ ‌in‌ ‌terms‌ ‌of‌ ‌‌AUC‌ ‌‌of‌ ‌the‌ ‌ROC‌ ‌curve‌ ‌by‌‌ 
applying‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌for‌ ‌varying‌ ‌degrees‌ ‌of‌ ‌SVM‌ ‌accuracy.‌ ‌Negative‌ ‌AUC‌ ‌gain‌ ‌marks‌ ‌the‌ ‌cases‌ ‌where‌‌ 

power‌ ‌is‌ ‌lost‌ ‌in‌ ‌comparison‌ ‌to‌ ‌RPVT.‌‌ ‌  
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Comparison‌ ‌to‌ ‌other‌ ‌baseline‌ ‌methods‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌ 

In‌‌addition‌‌to‌‌comparing‌‌the‌‌proposed‌‌methods‌‌with‌‌the‌‌RPVT‌‌approach,‌‌we‌‌investigate‌‌                         
here‌ ‌whether‌ ‌slight‌ ‌alterations‌ ‌and‌ ‌simplifications‌ ‌of‌ ‌the‌‌COMBI‌‌method‌‌can‌‌achieve‌‌                       
the‌ ‌same‌ ‌level‌ ‌of‌ ‌effectiveness‌ ‌and‌ ‌also‌ ‌examine‌ ‌other‌ ‌appropriate‌ ‌state-of-the-art‌‌                     
algorithms.‌ ‌Since‌ ‌DeepCOMBI‌ ‌was‌ ‌previously‌ ‌shown‌ ‌to‌ ‌outperform‌ ‌COMBI‌ ‌on‌ ‌the‌‌                     
generated‌ ‌datasets,‌ ‌it‌ ‌is‌ ‌sufficient‌ ‌here‌ ‌to‌ ‌only‌ ‌look‌‌at‌‌the‌‌performance‌‌of‌‌the‌‌latter‌‌in‌‌                               
order‌ ‌to‌ ‌show‌ ‌that‌ ‌both‌ ‌proposed‌ ‌methods‌ ‌outperform‌ ‌the‌ ‌competitor‌ ‌methods.‌ ‌ 

Beginning‌ ‌with‌ ‌the‌ ‌investigation‌ ‌of‌ ‌simplifications‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method,‌ ‌we‌ ‌show‌‌                       
now‌‌that‌‌applying‌‌a‌‌moving‌‌average‌‌filter‌‌to‌‌the‌‌SVM‌‌weights‌‌prior‌‌to‌‌the‌‌selection‌‌step‌‌                               
is‌‌crucial‌‌to‌‌significantly‌‌improve‌‌performance.‌‌Observe‌‌in‌‌‌Figure‌‌18‌‌‌that‌‌the‌‌COMBI‌‌                         
method‌‌cannot‌‌increase‌‌the‌‌power‌‌or‌‌precision‌‌of‌‌RPVT‌‌at‌‌all‌‌without‌‌this‌‌filtering‌‌step.‌‌                             
As‌ ‌a‌ ‌consequence,‌ ‌one‌ ‌might‌ ‌suspect‌ ‌that‌ ‌the‌ ‌filtering‌ ‌step‌ ‌alone‌ ‌and‌ ‌not‌ ‌the‌ ‌SVM‌‌                             
screening‌ ‌step‌ ‌is‌ ‌responsible‌ ‌for‌ ‌improving‌ ‌performance‌ ‌in‌ ‌comparison‌ ‌to‌ ‌RPVT.‌ ‌To‌                       
refute‌ ‌this‌ ‌thesis,‌ ‌we‌ ‌apply‌ ‌the‌ ‌moving‌ ‌average‌ ‌filter‌ ‌to‌‌the‌‌‌p‌-values‌‌in‌‌‌log‌-space‌‌and‌‌                             
then‌ ‌employ‌ ‌RPVT‌ ‌in‌ ‌the‌ ‌original‌ ‌‌p‌-value‌ ‌space.‌ ‌‌Figure‌ ‌18‌ ‌‌illustrates‌ ‌‌that‌ ‌this‌‌                         
decreases‌‌the‌‌performance‌‌of‌‌the‌‌RPVT‌‌method‌‌and‌‌thus‌‌cannot‌‌reach‌‌the‌‌effectiveness‌‌                         
of‌‌the‌‌COMBI‌‌method.‌‌In‌‌conclusion,‌‌the‌‌filter‌‌is‌‌not‌‌the‌‌only‌‌effective‌‌tool‌‌in‌‌COMBI‌‌                               
and‌ ‌both‌ ‌screening‌ ‌approaches‌ ‌(‌i.e.‌ ‌SVM‌ ‌and‌ ‌filter‌ ‌screening)‌ ‌are‌ ‌crucial‌ ‌in‌ ‌order‌ ‌to‌‌                           
achieve‌ ‌high‌ ‌performance‌ ‌rates.‌ ‌ 

Figure‌ ‌18:‌‌ ‌‌Performance‌ ‌curves‌ ‌of‌ ‌COMBI,‌ ‌RPVT‌ ‌and‌ ‌modifications‌ ‌thereof‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌from‌ ‌Mieth‌‌ 
et‌ ‌al.‌ ‌‌(2016)‌10‌.‌ ‌A‌ ‌‌PR‌ ‌curves‌ ‌and‌ ‌‌B‌‌ ‌ROC‌ ‌curves‌ ‌of‌ ‌RPVT,‌ ‌RPVT‌ ‌with‌ ‌a‌ ‌filter‌ ‌directly‌ ‌applied‌ ‌to‌ ‌the‌ ‌‌p‌-values‌ ‌on‌‌ 

log-scale,‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌without‌ ‌the‌ ‌filter‌ ‌and‌ ‌the‌ ‌complete‌ ‌COMBI‌ ‌method,‌ ‌including‌ ‌the‌ ‌filter,‌ ‌averaged‌ ‌over‌‌ 
the‌ ‌10,000‌ ‌generated‌ ‌datasets‌ ‌are‌ ‌shown.‌‌ ‌  
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Besides‌‌checking‌‌whether‌‌easy‌‌simplifications‌‌of‌‌the‌‌COMBI‌‌method‌‌achieve‌‌the‌‌same‌‌                       
effect,‌ ‌the‌ ‌performances‌ ‌of‌ ‌other‌ ‌competitor‌ ‌methods‌ ‌are‌ ‌investigated.‌ ‌There‌ ‌are‌ ‌a‌‌                       
number‌ ‌of‌ ‌related‌ ‌ML‌ ‌methods,‌ ‌out‌ ‌of‌ ‌which‌ ‌we‌ ‌select‌ ‌three‌ ‌as‌‌representatives‌‌to‌‌be‌‌                             
compared‌ ‌to‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌in‌ ‌this‌ ‌simulation‌ ‌setup.‌ ‌See‌ ‌‌Figure‌ ‌19‌ ‌‌for‌ ‌the‌‌                           
corresponding‌ ‌results.‌‌ ‌  

Figure‌ ‌19:‌‌ ‌‌Performance‌ ‌curves‌ ‌of‌ ‌COMBI,‌ ‌RPVT‌ ‌and‌ ‌additional‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌generated‌ ‌datasets‌‌ 
from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌.‌ ‌A‌ ‌‌PR‌ ‌curves‌ ‌and‌ ‌‌B‌‌ ‌ROC‌ ‌curves‌ ‌of‌ ‌RPVT,‌ ‌the‌ ‌COMBI‌ ‌method,‌ ‌the‌ ‌reversed-order‌‌ 

COMBI‌ ‌method‌ ‌proposed‌ ‌by‌ ‌Roshan‌ ‌‌et‌ ‌al.‌62‌,‌ ‌the‌ ‌single-split‌ ‌COMBI‌ ‌method‌ ‌proposed‌ ‌by‌ ‌Wasserman‌ ‌and‌ ‌Roeder‌210‌ ‌ 
and‌ ‌the‌ ‌multi-split‌ ‌COMBI‌ ‌method‌ ‌proposed‌ ‌by‌ ‌Meinshausen‌ ‌‌et‌ ‌al.‌211‌‌ ‌over‌ ‌the‌ ‌1,000‌ ‌generated‌ ‌datasets‌ ‌are‌ ‌shown.‌‌ 

Please‌ ‌note‌ ‌that‌ ‌in‌ ‌‌B‌,‌ ‌the‌ ‌yellow‌ ‌curve‌ ‌is‌ ‌hardly‌ ‌visible‌ ‌because‌ ‌it‌ ‌is‌ ‌almost‌ ‌identical‌ ‌to‌ ‌the‌ ‌green‌ ‌one.‌ ‌ 

‌ 
The‌ ‌most‌ ‌closely‌ ‌related‌ ‌method‌ ‌proposed‌ ‌by‌ ‌Wasserman‌ ‌and‌ ‌Roeder‌210‌ ‌‌separates‌‌the‌‌                       
two‌ ‌steps‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method,‌ ‌‌i.e‌.‌ ‌ML‌ ‌and‌ ‌statistical‌ ‌testing,‌ ‌from‌ ‌each‌ ‌other‌ ‌in‌‌                             
terms‌‌of‌‌the‌‌data‌‌they‌‌use‌‌in‌‌each‌‌step.‌‌First,‌‌they‌‌randomly‌‌select‌‌half‌‌of‌‌the‌‌datapoints‌‌                                 
(‌i.e‌.‌ ‌half‌ ‌of‌ ‌the‌ ‌individuals)‌ ‌and‌ ‌train‌‌an‌‌SVM‌‌to‌‌identify‌‌the‌‌‌k‌‌SNPs‌‌with‌‌the‌‌highest‌‌                                 
corresponding‌ ‌weights.‌ ‌In‌ ‌the‌ ‌second‌ ‌step,‌‌‌p‌-values‌‌are‌‌computed‌‌on‌‌the‌‌other‌‌half‌‌of‌‌                           
the‌‌dataset,‌‌considering‌‌only‌‌the‌‌SNPs‌‌identified‌‌in‌‌the‌‌previous‌‌step.‌‌Even‌‌though‌‌the‌‌                           
significance‌ ‌threshold‌ ‌ ‌can‌ ‌now‌ ‌simply‌ ‌be‌ ‌corrected‌ ‌with‌ ‌ ‌(which‌ ‌is‌ ‌much‌ ‌less‌‌    α               k

α          
conservative‌ ‌than‌ ‌the‌ ‌Bonferroni‌ ‌correction‌ ‌ ‌on‌ ‌the‌ ‌complete‌ ‌dataset‌ ‌considering‌‌          d

α            
),‌‌this‌‌method‌‌comes‌‌with‌‌a‌‌great‌‌loss‌‌of‌‌power,‌‌where‌‌the‌‌corresponding‌‌curves‌‌<k < d                            

are‌ ‌constantly‌ ‌below‌ ‌the‌ ‌curve‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method.‌ ‌ 

Meinshausen‌ ‌‌et‌ ‌al.‌211‌ ‌present‌ ‌an‌ ‌extension‌‌of‌‌the‌‌method‌‌proposed‌‌by‌‌Wasserman‌‌and‌‌                         
Roeder‌210‌.‌ ‌Instead‌ ‌of‌ ‌splitting‌ ‌the‌ ‌data‌ ‌once‌ ‌into‌ ‌two‌ ‌sets‌ ‌and‌ ‌using‌ ‌one‌ ‌for‌ ‌SVM‌‌                             
training‌ ‌and‌ ‌the‌ ‌other‌ ‌for‌ ‌statistical‌ ‌testing,‌ ‌they‌ ‌suggest‌ ‌aggregating‌ ‌the‌ ‌results‌ ‌of‌‌                         
multiple‌‌random‌‌splits,‌‌arguing‌‌that‌‌this‌‌would‌‌decrease‌‌error‌‌rates‌‌and‌‌increase‌‌power.‌‌                         
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They‌ ‌propose‌ ‌using‌ ‌quantiles‌ ‌as‌ ‌summary‌ ‌statistics‌ ‌for‌ ‌the‌ ‌‌p‌-values‌ ‌of‌ ‌the‌ ‌multiple‌‌                         
splits.‌ ‌In‌ ‌our‌ ‌simulation,‌ ‌this‌ ‌method‌ ‌does‌ ‌not‌ ‌reach‌ ‌the‌ ‌performance‌ ‌levels‌ ‌of‌ ‌the‌‌                           
COMBI‌ ‌method‌ ‌and‌ ‌also‌ ‌fails‌ ‌to‌ ‌reach‌ ‌that‌ ‌of‌ ‌the‌ ‌RPVT‌ ‌approach.‌‌ ‌  

To‌‌summarize,‌‌the‌‌results‌‌here‌‌indicate‌‌that‌‌it‌‌is‌‌more‌‌effective‌‌to‌‌use‌‌the‌‌full‌‌dataset‌‌for‌‌                                 
both‌ ‌the‌ ‌selection‌ ‌of‌ ‌candidate‌ ‌SNPs‌ ‌and‌ ‌multiple‌‌testing‌‌(as‌‌in‌‌the‌‌COMBI‌‌method),‌‌                           
rather‌ ‌than‌ ‌using‌‌a‌‌subset‌‌for‌‌selection‌‌and‌‌another‌‌subset‌‌for‌‌testing‌‌(as‌‌in‌‌the‌‌single-‌‌                               
and‌ ‌multi-split‌ ‌methods‌ ‌by‌ ‌Wasserman‌ ‌and‌ ‌Roeder‌210‌‌ ‌‌and‌ ‌Meinshausen‌ ‌‌et‌ ‌al.‌211‌).‌ ‌ 

Another‌ ‌method‌ ‌for‌ ‌identifying‌ ‌associated‌ ‌regions‌‌was‌‌proposed‌‌by‌‌Roshan‌‌‌et‌‌al.‌62‌.‌‌It‌‌                         
consists‌ ‌of‌ ‌a‌‌statistical‌‌testing‌‌step,‌‌where‌‌the‌‌top‌‌χ‌2‌-ranked‌‌SNPs‌‌are‌‌selected‌‌and‌‌put‌‌                             
into‌ ‌the‌ ‌next‌ ‌step‌ ‌to‌ ‌train‌ ‌an‌ ‌SVM.‌ ‌The‌ ‌SVM‌ ‌weights‌ ‌are‌‌then‌‌used‌‌directly‌‌as‌‌a‌‌test‌‌                                   
statistic.‌‌This‌‌basically‌‌boils‌‌down‌‌to‌‌a‌‌version‌‌of‌‌the‌‌COMBI‌‌method,‌‌where‌‌the‌‌order‌‌                             
of‌‌the‌‌two‌‌steps‌‌(SVM‌‌training‌‌and‌‌statistical‌‌testing)‌‌is‌‌reversed.‌‌Applying‌‌this‌‌method‌‌                           
to‌ ‌our‌ ‌10,000‌ ‌simulated‌ ‌datasets‌ ‌yields‌ ‌no‌ ‌gain‌ ‌in‌ ‌performance,‌ ‌suggesting‌ ‌that‌ ‌it‌ ‌is‌                           
important‌ ‌to‌ ‌select‌ ‌SNPs‌ ‌for‌ ‌multiple‌ ‌testing‌ ‌according‌ ‌to‌ ‌their‌ ‌relevance‌ ‌in‌ ‌SVM‌‌                         
prediction‌ ‌(as‌ ‌in‌ ‌the‌ ‌COMBI‌ ‌method)‌ ‌rather‌ ‌than‌ ‌selecting‌ ‌SNPs‌ ‌according‌ ‌to‌ ‌their‌‌                         
p‌-value‌ ‌for‌ ‌SVM‌ ‌training‌ ‌(as‌ ‌Roshan‌ ‌‌et‌ ‌al.‌‌ ‌propose).‌‌ ‌  
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3.3.2‌ ‌Results‌ ‌on‌ ‌WTCCC‌ ‌data‌ ‌ 

Here,‌ ‌we‌ ‌report‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌proposed‌ ‌methods‌ ‌on‌ ‌the‌ ‌seven‌ ‌WTCCC‌ ‌datasets‌‌                           
described‌ ‌in‌ ‌‌Chapter‌ ‌3.2.3‌ ‌‌(“‌Validation‌ ‌on‌ ‌WTCCC‌ ‌data”‌).‌ ‌On‌ ‌these‌ ‌datasets,‌ ‌we‌‌                       
compare‌‌the‌‌performance‌‌of‌‌COMBI‌‌and‌‌DeepCOMBI‌‌to‌‌that‌‌of‌‌the‌‌traditionally‌‌used‌‌                         
method,‌ ‌RPVT,‌ ‌and‌ ‌other‌ ‌competitor‌ ‌methods.‌ ‌We‌ ‌also‌ ‌show‌ ‌that‌ ‌the‌ ‌deep‌‌                       
learning-based‌ ‌approach‌ ‌DeepCOMBI‌ ‌outperforms‌ ‌the‌ ‌SVM-based‌ ‌method‌ ‌COMBI.‌ ‌ 

Prediction‌ ‌performance‌ ‌on‌ ‌WTCCC‌ ‌data‌ ‌ 

In‌ ‌order‌ ‌to‌ ‌perform‌ ‌well‌ ‌in‌ ‌the‌ ‌SNP‌ ‌selection‌ ‌step,‌ ‌both‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌‌                           
depend‌ ‌on‌ ‌high‌ ‌accuracies‌ ‌in‌ ‌the‌ ‌prediction‌ ‌steps.‌ ‌In‌ ‌‌Figure‌ ‌20‌,‌ ‌we‌ ‌present‌ ‌the‌‌                           
classification‌‌performances‌‌on‌‌all‌‌diseases‌‌and‌‌chromosomes‌‌of‌‌the‌‌WTCCC‌‌dataset‌‌of‌‌                       
the‌‌SVM‌‌as‌‌used‌‌in‌‌the‌‌first‌‌step‌‌of‌‌the‌‌COMBI‌‌method‌‌and‌‌of‌‌the‌‌DNN‌‌as‌‌used‌‌in‌‌the‌‌                                       
first‌‌step‌‌of‌‌the‌‌DeepCOMBI‌‌method.‌‌The‌‌DNN‌‌of‌‌DeepCOMBI‌‌performs‌‌consistently‌‌                       
better‌ ‌than‌ ‌the‌ ‌SVM‌ ‌of‌ ‌COMBI‌ ‌in‌ ‌terms‌ ‌of‌ ‌all‌ ‌four‌ ‌validation‌ ‌metrics‌ ‌described‌ ‌in‌‌                             
Chapter‌ ‌3.2.6‌.‌ ‌ 

‌ 

Figure‌ ‌20:‌ ‌Classification‌ ‌performance‌ ‌on‌ ‌WTCCC‌ ‌data‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2020)‌15‌.‌ ‌‌Mean‌ ‌validation‌ ‌measures‌ ‌of‌‌ 
the‌ ‌SVM‌ ‌(as‌ ‌in‌ ‌the‌ ‌first‌ ‌step‌ ‌of‌ ‌COMBI)‌ ‌and‌ ‌the‌ ‌DNN‌ ‌(as‌ ‌in‌ ‌the‌ ‌first‌ ‌step‌ ‌of‌ ‌DeepCOMBI)‌ ‌averaged‌ ‌over‌ ‌all‌ ‌diseases‌‌ 
and‌ ‌chromosomes‌ ‌are‌ ‌given‌ ‌with‌ ‌standard‌ ‌deviation.‌ ‌All‌ ‌seven‌ ‌datasets‌ ‌are‌ ‌split‌ ‌into‌ ‌80%‌ ‌training‌ ‌and‌ ‌20%‌ ‌validation‌‌ 

data.‌ ‌ 
‌ 

SNP‌ ‌selection‌ ‌performance‌ ‌on‌ ‌WTCCC‌ ‌data‌ ‌ 

In‌ ‌the‌ ‌following‌ ‌section,‌ ‌we‌ ‌first‌ ‌present‌ ‌the‌ ‌SNP‌ ‌selection‌ ‌results‌ ‌of‌ ‌the‌ ‌COMBI‌‌                           
method‌‌applied‌‌to‌‌the‌‌WTCCC‌‌dataset‌‌as‌‌published‌‌in‌‌Mieth‌‌‌et‌‌al.‌‌‌2016‌10‌.‌‌Afterwards,‌‌                           
we‌‌present‌‌the‌‌SNP‌‌selection‌‌results‌‌of‌‌the‌‌DeepCOMBI‌‌method‌‌as‌‌published‌‌in‌‌Mieth‌‌                           
et‌‌al.‌‌2020‌15‌.‌‌Please‌‌note‌‌that‌‌for‌‌the‌‌latter‌‌publication,‌‌COMBI‌‌is‌‌re-applied‌‌to‌‌the‌‌same‌‌                               
dataset‌ ‌and‌ ‌due‌ ‌to‌ ‌the‌ ‌nondeterministic‌ ‌nature‌ ‌of‌ ‌the‌ ‌permutation‌ ‌procedure,‌ ‌slightly‌‌                       
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‌ 

different‌‌results‌‌are‌‌obtained.‌‌Hence,‌‌DeepCOMBI‌‌is‌‌compared‌‌to‌‌the‌‌re-calculations‌‌of‌‌                       
COMBI,‌ ‌not‌ ‌necessarily‌ ‌to‌ ‌those‌ ‌of‌ ‌the‌ ‌original‌ ‌COMBI‌ ‌publication.‌ ‌In‌ ‌addition,‌ ‌the‌‌                         
GWAS‌ ‌catalog‌ ‌-‌ ‌which‌ ‌is‌ ‌the‌ ‌basis‌ ‌for‌ ‌all‌ ‌validation‌ ‌procedures‌ ‌-‌ ‌included‌ ‌a‌ ‌very‌‌                             
different‌‌(to‌‌be‌‌specific‌‌a‌‌much‌‌smaller)‌‌set‌‌of‌‌associations‌‌in‌‌2015‌‌than‌‌in‌‌2020,‌‌which‌‌                               
-‌ ‌without‌ ‌loss‌ ‌of‌ ‌generality‌ ‌-‌ ‌causes‌ ‌some‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌‌performance‌‌curves‌‌to‌‌                           
look‌ ‌slightly‌ ‌different‌ ‌than‌‌the‌‌ones‌‌presented‌‌first‌‌in‌‌the‌‌COMBI‌‌figures.‌‌Please‌‌refer‌                           
to‌ ‌‌Appendix‌ ‌Chapter‌ ‌II.‌ ‌for‌ ‌an‌ ‌investigation‌ ‌of‌ ‌internal‌ ‌stability‌ ‌of‌ ‌the‌ ‌COMBI‌‌                         
method,‌ ‌where‌ ‌we‌ ‌find‌ ‌that‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌produces‌ ‌more‌ ‌stable‌ ‌results‌ ‌than‌‌                         
RPVT.‌ ‌ 

Please‌‌also‌‌note‌‌that‌‌the‌‌RPVT‌‌results‌‌correspond‌‌to‌‌the‌‌χ‌2‌‌‌p‌-values‌‌we‌‌have‌‌calculated‌‌                             
here,‌ ‌not‌ ‌necessarily‌ ‌to‌ ‌the‌ ‌original‌ ‌WTCCC‌ ‌publication,‌ ‌where‌ ‌they‌ ‌also‌ ‌investigate‌‌                       
Cochran-Armitage‌ ‌trend‌ ‌test‌ ‌p‌-values‌ ‌and‌ ‌presumably‌ ‌apply‌ ‌slightly‌ ‌different‌‌                 
preprocessing‌ ‌steps.‌‌ ‌  

The‌ ‌COMBI‌ ‌method‌ ‌on‌ ‌WTCCC‌ ‌data‌ ‌ 

Figure‌ ‌21‌ ‌‌displays‌ ‌Manhattan‌ ‌plots‌ ‌for‌ ‌all‌ ‌seven‌ ‌diseases‌ ‌resulting‌‌from‌‌the‌‌standard‌‌                         
RPVT‌ ‌approach‌ ‌(left)‌ ‌and‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌(center),‌ ‌as‌ ‌well‌ ‌as‌ ‌the‌ ‌corresponding‌‌                         
SVM‌ ‌weights‌ ‌(right).‌ ‌In‌ ‌each‌ ‌Manhattan‌ ‌plot,‌‌the‌‌negative‌‌logarithmic‌‌‌p‌-values‌‌of‌‌all‌‌                         
SNPs‌ ‌at‌ ‌a‌ ‌given‌ ‌position‌ ‌in‌ ‌a‌ ‌chromosome‌ ‌are‌ ‌shown.‌ ‌Chromosomes‌ ‌are‌ ‌shown‌ ‌in‌‌                           
alternating‌ ‌colors‌ ‌for‌ ‌clarity.‌ ‌SNPs‌ ‌that‌ ‌show‌ ‌genome-wide‌ ‌statistical‌ ‌significance‌‌are‌‌                     
highlighted‌ ‌in‌ ‌green‌ ‌in‌ ‌the‌ ‌left‌ ‌and‌ ‌right‌ ‌panel‌ ‌and‌ ‌all‌ ‌statistically‌ ‌significant‌ ‌SNP‌‌                           
associations‌‌are‌‌highlighted‌‌in‌‌green.‌‌For‌‌standard‌‌RPVT,‌‌the‌‌threshold‌‌indicated‌‌by‌‌the‌‌                         
horizontal‌‌dashed‌‌line‌‌is‌‌fixed‌‌‌a‌‌priori‌‌genome-wide‌‌to‌‌ ‌(‌i.e.‌‌5‌‌in‌‌the‌‌plot).‌‌                  t* = 1 0× 1 5−            
For‌ ‌the‌ ‌COMBI‌ ‌method,‌‌it‌‌is‌‌determined‌‌chromosome-wise‌‌via‌‌the‌‌permutation-based‌‌                     
threshold‌ ‌over‌ ‌the‌ ‌whole‌ ‌COMBI‌ ‌procedure‌‌described‌‌in‌‌‌Chapter‌‌3.2.2.‌‌to‌‌match‌‌the‌‌                         
ENFR‌ ‌of‌ ‌RPVT‌ ‌as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌3.2.4‌.‌ ‌ 

The‌ ‌center‌‌and‌‌right‌‌graphs‌‌illustrate‌‌that‌‌the‌‌COMBI‌‌method‌‌discards‌‌SNPs‌‌with‌‌low‌‌                           
SVM‌ ‌scores.‌ ‌Hence,‌ ‌the‌ ‌‌p‌-values‌ ‌for‌ ‌such‌ ‌SNPs‌ ‌are‌ ‌set‌ ‌to‌ ‌one‌ ‌without‌ ‌performing‌ ‌a‌‌                             
statistical‌ ‌test,‌ ‌thereby‌ ‌drastically‌ ‌reducing‌ ‌the‌ ‌number‌ ‌of‌ ‌candidate‌ ‌associations.‌ ‌In‌‌                     
contrast,‌ ‌the‌ ‌RPVT‌ ‌method‌ ‌results‌ ‌in‌ ‌‌p‌-values‌ ‌based‌ ‌on‌ ‌a‌‌formal‌‌significance‌‌test‌‌for‌‌                           
every‌ ‌SNP,‌ ‌where‌ ‌many‌ ‌of‌ ‌these‌ ‌‌p‌-values‌ ‌are‌ ‌small‌ ‌by‌ ‌chance‌ ‌and‌ ‌produce‌ ‌a‌ ‌lot‌ ‌of‌‌                               
statistical‌ ‌noise.‌‌ ‌  
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In‌ ‌‌Table‌ ‌3‌,‌ ‌we‌ ‌present‌ ‌all‌ ‌significant‌ ‌associations‌ ‌reported‌ ‌by‌ ‌the‌ ‌COMBI‌ ‌method.‌‌                         
Besides‌ ‌showing‌ ‌basic‌ ‌information‌ ‌(associated‌ ‌disease,‌ ‌chromosome,‌ ‌identifier‌‌and‌‌χ‌2‌‌                   

p‌-value)‌ ‌for‌ ‌all‌‌of‌‌these‌‌SNPs,‌‌the‌‌fifth‌‌column‌‌indicates‌‌whether‌‌they‌‌are‌‌found‌‌to‌‌be‌‌                               
significant‌ ‌by‌ ‌RPVT‌ ‌with‌ ‌the‌ ‌application‌ ‌of‌ ‌ .‌ ‌Associations‌ ‌with‌ ‌a‌ ‌raw‌‌              t* = 1 0× 1  

5−          
p‌-value‌ ‌>10‌-5‌ ‌‌are‌ ‌not‌ ‌reported‌ ‌using‌ ‌only‌ ‌RPVT.‌ ‌If‌ ‌they‌ ‌are‌ ‌selected‌ ‌by‌ ‌the‌ ‌COMBI‌‌                             
method,‌‌we‌‌consider‌‌them‌‌to‌‌be‌‌new‌‌findings.‌‌To‌‌validate‌‌all‌‌reported‌‌associations,‌‌the‌‌                           
sixth‌‌and‌‌seventh‌‌columns‌‌of‌Table‌‌3‌‌‌report‌‌whether‌‌-‌‌and‌‌if‌‌so‌‌in‌‌which‌‌external‌‌study‌‌                                 
-‌‌they‌‌have‌‌been‌‌found‌‌significantly‌‌associated‌‌with‌‌the‌‌given‌‌disease‌‌according‌‌to‌‌the‌‌                           
GWAS‌ ‌catalog.‌ ‌By‌ ‌investigating‌‌whether‌‌the‌‌identified‌‌SNPs‌‌have‌‌been‌‌discovered‌‌as‌‌                       
significant‌ ‌in‌‌an‌‌independent‌‌GWAS‌‌published‌‌after‌‌the‌‌original‌‌WTCCC‌‌study,‌‌it‌‌can‌‌                         
be‌ ‌determined‌ ‌whether‌ ‌those‌ ‌novel‌ ‌findings‌ ‌can‌ ‌be‌ ‌confirmed‌ ‌to‌‌be‌‌true‌‌associations.‌‌                         
The‌‌COMBI‌‌method‌‌finds‌‌46‌‌significant‌‌locations.‌‌34‌‌of‌‌these‌‌46‌‌significant‌‌locations‌‌                         
have‌‌a‌‌‌p‌-value‌‌below‌‌10‌-5‌ ‌and‌‌are‌‌thus‌‌also‌‌found‌‌by‌‌the‌‌RPVT‌‌approach.‌‌Crucially,‌‌the‌‌                               
COMBI‌‌method‌‌finds‌‌12‌‌‌additional‌‌SNPs.‌‌Out‌‌of‌‌these,‌‌ten‌‌(>83%)‌‌have‌‌already‌‌been‌‌                           
replicated‌ ‌in‌ ‌later‌ ‌GWAS‌ ‌or‌ ‌meta-analyses.‌ ‌The‌ ‌COMBI‌ ‌discoveries‌ ‌that‌ ‌have‌ ‌been‌‌                       
replicated‌ ‌independently‌ ‌using‌ ‌individual‌ ‌SNP‌ ‌testing‌ ‌are‌ ‌for‌ ‌bipolar‌ ‌disorder‌‌                   
rs2989476‌ ‌(Chr.‌ ‌1),‌ ‌rs1344484‌ ‌(Chr.‌ ‌16),‌ ‌rs4627791‌ ‌(Chr.‌ ‌3)‌ ‌and‌‌rs1375144‌‌(Chr.‌‌2);‌‌                         
for‌ ‌coronary‌ ‌artery‌ ‌disease‌ ‌rs6907487‌ ‌(Chr.‌ ‌6)‌ ‌and‌ ‌rs383830‌ ‌(Chr.‌ ‌5);‌ ‌for‌ ‌Crohn’s‌‌                         
disease‌‌rs12037606‌‌(Chr.‌‌1),‌‌rs10228407‌‌(Chr.‌‌7)‌‌and‌‌rs4263839‌‌(Chr.‌‌9)‌‌and‌‌for‌‌type‌‌2‌‌                             
diabetes‌ ‌rs6718526‌ ‌(Chr.‌ ‌2).‌ ‌Given‌ ‌the‌ ‌current‌ ‌debate‌ ‌on‌ ‌the‌ ‌replicability‌ ‌of‌ ‌GWAS‌‌                         
findings‌‌obtained‌‌by‌‌single-SNP‌‌analyses‌226‌,‌‌it‌‌is‌‌remarkable‌‌that‌‌GWAS‌‌published‌‌later‌‌                       
have‌ ‌already‌ ‌replicated‌ ‌more‌ ‌than‌ ‌83%‌ ‌of‌‌novel‌‌SNPs‌‌the‌‌COMBI‌‌method‌‌detects‌‌by‌‌                           
reanalyzing‌ ‌data‌ ‌published‌ ‌in‌ ‌2007.‌ ‌ 

Table‌ ‌3‌ ‌:‌ ‌Significant‌ ‌SNPs‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌on‌ ‌seven‌ ‌WTCCC‌ ‌datasets‌ ‌and‌ ‌related‌ ‌association‌ ‌details‌‌ 
from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌.‌ ‌‌For‌ ‌each‌ ‌SNP‌ ‌identifier‌ ‌on‌ ‌a‌ ‌specific‌ ‌chromosome‌ ‌that‌ ‌is‌ ‌found‌ ‌to‌ ‌be‌ ‌significantly‌‌ 

associated‌ ‌with‌ ‌a‌ ‌disease‌ ‌by‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌in‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌,‌ ‌the‌ ‌corresponding‌ ‌χ‌2‌‌ ‌test‌ ‌‌p‌-value‌ ‌is‌ ‌shown‌‌ 
and‌ ‌it‌ ‌is‌ ‌indicated‌ ‌whether‌ ‌the‌ ‌RPVT‌ ‌‌p‌-value‌ ‌is‌ ‌  ‌(‌i.e.‌‌ ‌the‌ ‌SNP‌ ‌is‌ ‌a‌ ‌significant‌ ‌finding‌ ‌of‌ ‌RPVT‌ ‌as‌ ‌well)‌ ‌and‌‌< 1 × 10 5−  

whether‌ ‌the‌ ‌SNP‌ ‌has‌ ‌been‌ ‌found‌ ‌significant‌ ‌with‌ ‌a‌ ‌‌p‌-value‌ ‌ ‌ ‌‌in‌ ‌an‌ ‌external‌ ‌study‌ ‌with‌ ‌a‌ ‌corresponding‌‌< 1 × 10 5−  
PubMed‌ ‌identification‌ ‌number‌ ‌(PMID).‌ ‌Please‌ ‌note‌ ‌that‌ ‌the‌ ‌RPVT‌ ‌result‌ ‌in‌ ‌the‌ ‌fifth‌ ‌column‌ ‌corresponds‌ ‌to‌ ‌the‌ ‌χ‌2‌‌ 

p‌-values‌ ‌calculated‌ ‌here,‌ ‌not‌ ‌necessarily‌ ‌to‌ ‌the‌ ‌original‌ ‌WTCCC‌ ‌publication,‌ ‌where‌ ‌they‌ ‌investigate‌‌ 
Cochran-Armitage‌ ‌trend‌ ‌test‌‌ ‌p‌-values‌ ‌and‌ ‌presumably‌ ‌apply‌ ‌slightly‌ ‌different‌ ‌preprocessing‌ ‌steps.‌‌ ‌  

‌ 

‌ 
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Disease‌ ‌  Chromosome‌ ‌  Identifier‌ ‌  χ‌2‌ ‌‌p‌-value‌ ‌  Significant‌‌ 
in‌ ‌RPVT‌ ‌ 

p‌-value‌ ‌<‌ ‌10‌-5‌ ‌‌in‌ ‌at‌‌ ‌  
least‌ ‌one‌ ‌ext.‌ ‌GWAS‌‌ ‌  

References‌ ‌ 
(PMID)‌ ‌ 

Bipolar‌‌ 
disorder‌‌ ‌  

(BD)‌ ‌ 

1‌ ‌  rs2989476‌ ‌  1.05e-05‌ ‌  ‌  YES‌ ‌  19416921‌ ‌ 
2‌ ‌  rs1375144‌ ‌  1.26e-05‌ ‌  ‌  YES‌ ‌  21254220‌ ‌ 
2‌ ‌  rs7570682‌ ‌  1.77e-06‌ ‌  YES‌ ‌  YES‌ ‌  21254220‌ ‌ 
3‌ ‌  rs4627791‌ ‌  1.18e-05‌ ‌  ‌  YES‌ ‌  21254220‌ ‌ 
14‌ ‌  rs11622475‌ ‌  8.02e-06‌ ‌  YES‌ ‌  YES‌ ‌  21254220‌ ‌ 
16‌ ‌  rs1344484‌ ‌  1.10e-05‌ ‌  ‌  YES‌ ‌  21254220‌ ‌ 
9‌ ‌  rs7860360‌ ‌  1.82e-06‌ ‌  YES‌ ‌  ‌  ‌ 
20‌ ‌  rs3761218‌ ‌  7.15e-06‌ ‌  YES‌ ‌  YES‌ ‌  21254220‌ ‌ 

Coronary‌‌ 
artery‌ ‌disease‌ ‌ 

( CAD)‌ ‌ 

5‌ ‌  rs383830‌ ‌  1.35e-05‌ ‌  ‌  YES‌ ‌  21804106‌ ‌ 
6‌ ‌  rs6907487‌ ‌  1.22e-05‌ ‌  ‌  YES‌ ‌  17634449‌ ‌ 
9‌ ‌  rs1333049‌ ‌  1.12e-13‌ ‌  YES‌ ‌  YES‌ ‌  21606135‌ ‌ 
22‌ ‌  rs688034‌ ‌  2.75e-06‌ ‌  YES‌ ‌  ‌  ‌ 
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Two‌‌out‌‌of‌‌the‌‌12‌‌SNPs‌‌with‌‌‌p‌-values‌‌exceeding‌‌ ‌have‌‌not‌‌yet‌‌been‌‌reported‌‌in‌‌                  1 × 10 5−              
any‌‌GWAS‌‌or‌‌meta-analyses‌‌as‌‌being‌‌associated‌‌with‌‌the‌‌corresponding‌‌diseases.‌‌Those‌‌                       
are‌ ‌rs11110912‌ ‌(Chr.‌ ‌12)‌ ‌for‌ ‌hypertension‌ ‌and‌‌rs6950410‌‌(Chr.‌‌7)‌‌for‌‌type‌‌1‌‌diabetes.‌‌                           
SNP‌‌rs11110912‌‌is‌‌included‌‌in‌‌the‌‌original‌‌WTCCC‌‌analysis,‌‌but‌‌a‌‌‌p‌-value‌‌higher‌‌than‌‌                           

‌is‌‌obtained‌‌(‌ )‌38‌,‌‌so‌‌it‌‌was‌‌not‌‌collected‌‌in‌‌the‌‌GWAS‌‌Catalog.‌‌SNP‌‌1 × 10 5−       .941 × 10 5−                      
rs6950410‌‌has‌‌been‌‌detected‌‌as‌‌associated‌‌with‌‌multiple‌‌complex‌‌diseases‌234‌.‌‌Regarding‌‌                     
the‌ ‌biological‌ ‌plausibility‌ ‌of‌ ‌these‌ ‌two‌ ‌non-replicated‌‌SNPs,‌‌we‌‌examine‌‌a‌‌number‌‌of‌‌                         
functional‌‌indicators‌‌to‌‌assess‌‌their‌‌potential‌‌role‌‌in‌‌disease‌‌(See‌‌‌Table‌‌4‌).‌‌In‌‌particular,‌‌                           
we‌ ‌explore‌ ‌the‌ ‌genomic‌ ‌regions‌ ‌in‌ ‌which‌ ‌they‌‌map,‌‌their‌‌potential‌‌roles‌‌as‌‌regulatory‌‌                           
SNPs,‌ ‌their‌ ‌status‌ ‌as‌ ‌expression‌ ‌quantitative‌ ‌trait‌ ‌loci‌ ‌(eQTL)‌ ‌and‌ ‌their‌ ‌role‌ ‌in‌‌                         
Mendelian‌ ‌disease.‌ ‌  
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Disease‌ ‌  Chromosome‌ ‌  Identifier‌ ‌  χ‌2‌ ‌‌p‌-value‌ ‌  Significant‌‌ 
in‌ ‌RPVT‌ ‌ 

p‌-value‌ ‌<‌ ‌10‌-5‌ ‌‌in‌ ‌at‌‌ ‌  
least‌ ‌one‌ ‌ext.‌ ‌GWAS‌‌ ‌  

References‌ ‌ 
(PMID)‌ ‌ 

Crohn’s‌‌ 
disease‌‌ ‌  
(CD)‌ ‌ 

1‌ ‌  rs11805303‌ ‌  6.35e-12‌ ‌  YES‌ ‌  ‌  ‌ 
1‌ ‌  rs12037606‌ ‌  1.02e-05‌ ‌  ‌  YES‌ ‌  17554261‌ ‌ 
2‌ ‌  rs10210302‌ ‌  4.52e-14‌ ‌  YES‌ ‌  YES‌ ‌  23128233‌ ‌ 
3‌ ‌  rs11718165‌ ‌  2.04e-08‌ ‌  YES‌ ‌  YES‌ ‌  21102463‌ ‌ 
5‌ ‌  rs6596075‌ ‌  3.11e-06‌ ‌  YES‌ ‌  ‌  ‌ 
5‌ ‌  rs17234657‌ ‌  2.42e-12‌ ‌  YES‌ ‌  YES‌ ‌  18587394‌ ‌ 
7‌ ‌  rs10228407‌ ‌  1.08e-05‌ ‌  ‌  ‌  ‌ 
9‌ ‌  rs4263839‌ ‌  1.61e-05‌ ‌  ‌  YES‌ ‌  21102463‌ ‌ 
10‌ ‌  rs10883371‌ ‌  5.23e-08‌ ‌  YES‌ ‌  YES‌ ‌  21102463‌ ‌ 
16‌ ‌  rs2076756‌ ‌  7.55e-15‌ ‌  YES‌ ‌  YES‌ ‌  21102463‌ ‌ 
18‌ ‌  rs2542151‌ ‌  1.93e-07‌ ‌  YES‌ ‌  YES‌ ‌  18587394‌ ‌ 

Hypertension‌‌ 
(HT)‌ ‌ 

1‌ ‌  rs2820037‌ ‌  7.41e-07‌ ‌  YES‌ ‌  ‌  ‌ 
12‌ ‌  rs11110912‌ ‌  1.58e-05‌ ‌  ‌  ‌  ‌ 
15‌ ‌  rs2398162‌ ‌  6.01e-06‌ ‌  YES‌ ‌ 

‌ 
‌ 

Rheumatoid‌‌ 
arthritis‌ ‌ 

(RA)‌ ‌ 

1‌ ‌  rs6679677‌ ‌  <1.0e-15‌ ‌  YES‌ ‌  YES‌ ‌  20453842‌ ‌ 
4‌ ‌  rs3816587‌ ‌  7.28e-06‌ ‌  YES‌ ‌  ‌  ‌ 
6‌ ‌  rs9272346‌ ‌  7.38e-14‌ ‌  YES‌ ‌  ‌  ‌ 

Type‌ ‌1‌‌ 
diabetes‌‌ 
(T1D) ‌ ‌ 

1‌ ‌  rs6679677‌ ‌  <1.0e-15‌ ‌  YES‌ ‌  YES‌ ‌  19430480‌ ‌ 
2‌ ‌  rs231726‌ ‌  1.43e-06‌ ‌  YES‌ ‌  ‌  ‌ 
4‌ ‌  rs17388568‌ ‌  3.07e-06‌ ‌  YES‌ ‌  YES‌ ‌  21829393‌ ‌ 
5‌ ‌  rs17166496‌ ‌  5.97e-06‌ ‌  YES‌ ‌  ‌  ‌ 
6‌ ‌  rs9272346‌ ‌  <1.0e-15‌ ‌  YES‌ ‌  YES‌ ‌  18978792‌ ‌ 
7‌ ‌  rs6950410‌ ‌  1.03e-05‌ ‌  ‌  ‌  ‌ 
12‌ ‌  rs17696736‌ ‌  1.55e-14‌ ‌  YES‌ ‌  YES‌ ‌  18978792‌ ‌ 
12‌ ‌  rs11171739‌ ‌  8.36e-11‌ ‌  YES‌ ‌  YES‌ ‌  19430480‌ ‌ 
16‌ ‌  rs12924729‌ ‌  7.86e-08‌ ‌  YES‌ ‌  YES‌ ‌  17554260‌ ‌ 

Type‌ ‌2‌‌ 
diabetes‌ ‌(T2D)‌ 

2‌ ‌  rs6718526‌ ‌  1.00e-05‌ ‌  ‌  YES‌ ‌  20418489‌ ‌ 
4‌ ‌  rs1481279‌ ‌  9.44e-06‌ ‌  YES‌ ‌  ‌  ‌ 
4‌ ‌  rs7659604‌ ‌  9.61e-06‌ ‌  YES‌ ‌  ‌  ‌ 
6‌ ‌  rs9465871‌ ‌  3.38e-07‌ ‌  YES‌ ‌  ‌  ‌ 
10‌ ‌  rs4506565‌ ‌  5.01e-12‌ ‌  YES‌ ‌  YES‌ ‌  23300278‌ ‌ 
12‌ ‌  rs1495377‌ ‌  7.21e-06‌ ‌  YES‌ ‌  ‌  ‌ 
16‌ ‌  rs7193144‌ ‌  4.15e-08‌ ‌  YES‌ ‌  YES‌ ‌  22693455‌ ‌ 
18‌ ‌  rs1025450‌ ‌  1.98e-06‌ ‌  YES‌ ‌  ‌  ‌ 
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Table‌ ‌4:‌ ‌Functional‌ ‌analysis‌ ‌of‌ ‌unreplicated‌ ‌SNPs‌ ‌from‌ ‌WTCCC‌ ‌datasets‌ ‌detected‌ ‌by‌ ‌the‌ ‌COMBI‌ ‌method‌‌ 
from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌.‌‌ ‌The‌ ‌two‌ ‌SNPs‌ ‌-‌ ‌detected‌ ‌by‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌-‌ ‌which,‌ ‌according‌ ‌to‌ ‌‌Table‌ ‌3‌,‌ ‌were‌ ‌not‌‌ 

replicated‌ ‌in‌ ‌a‌ ‌subsequent‌ ‌independent‌ ‌GWAS‌ ‌are‌ ‌functionally‌ ‌analyzed.‌ 

Overall,‌‌there‌‌is‌‌no‌‌strong‌‌evidence‌‌of‌‌functional‌‌roles‌‌for‌‌the‌‌two‌‌non-replicated‌‌SNPs,‌‌                           
but‌‌SNP‌‌rs11110912‌‌(Chr.‌‌12),‌‌for‌‌which‌‌COMBI‌‌suggests‌‌a‌‌link‌‌to‌‌hypertension,‌‌is‌‌an‌‌                             
intronic‌‌SNP‌‌mapping‌‌on‌‌a‌‌gene,‌‌MYBPC1,‌‌that‌‌has‌‌been‌‌previously‌‌linked‌‌to‌‌familial‌‌                           
hypertrophic‌ ‌cardiomyopathy,‌ ‌suggesting‌ ‌that‌ ‌COMBI‌ ‌has‌ ‌given‌ ‌rise‌ ‌to‌ ‌another‌‌                   
interesting‌ ‌true-positive‌ ‌finding.‌ ‌ 

Instead‌ ‌of‌ ‌investigating‌ ‌the‌ ‌significant‌ ‌findings‌ ‌of‌ ‌the‌ ‌two‌ ‌methods‌ ‌achieved‌ ‌by‌‌                       
matching‌‌a‌‌specific‌‌error‌‌level,‌‌we‌‌now‌‌examine‌‌the‌‌performance‌‌of‌‌those‌‌methods‌‌for‌‌                           
different‌ ‌levels‌ ‌of‌ ‌error.‌ Figure‌ ‌22‌ ‌shows‌ ‌the‌ ‌ROC‌ ‌and‌ ‌PR‌ ‌curves‌ ‌that‌ ‌have‌ ‌been‌‌                             
generated‌‌based‌‌on‌‌the‌‌replication‌‌of‌‌SNPs‌‌according‌‌to‌‌the‌‌GWAS‌‌catalog‌‌(here,‌‌due‌‌to‌‌                             
the‌‌absence‌‌of‌‌basic‌‌truth‌‌knowledge,‌‌replicated‌‌reported‌‌associations‌‌are‌‌again‌‌counted‌‌                       
as‌ ‌true‌ ‌positives‌ ‌and‌ ‌non-replicated‌ ‌associations‌ ‌as‌ ‌false-positives).‌ ‌The‌ ‌COMBI‌‌                   
method‌ ‌outperforms‌ ‌the‌ ‌RPVT‌ ‌approach‌ ‌for‌ ‌different‌ ‌type‌ ‌1‌ ‌error‌‌levels.‌‌As‌‌the‌‌dark‌‌                           
blue‌‌lines‌‌are‌‌consistently‌‌above‌‌the‌‌light‌‌blue‌‌lines,‌‌the‌‌COMBI‌‌method‌‌achieves‌‌both‌‌                           
higher‌ ‌numbers‌ ‌of‌ ‌‌true‌ ‌positives‌ ‌‌(‌i.e‌.‌ ‌higher‌ ‌TPR)‌ ‌as‌ ‌well‌ ‌as‌ ‌a‌ ‌higher‌ ‌‌precision‌ ‌(‌i.e.‌‌                             
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‌  SNP‌ ‌detected‌ ‌by‌ ‌COMBI‌ ‌ 

‌  rs11110912‌ ‌  rs6950410‌ ‌ 

Disease‌ ‌  HT‌ ‌(Hypertension)‌ ‌  T1D‌ ‌(Type‌ ‌1‌‌ 
diabetes)‌ ‌ 

Chr‌ ‌/‌ ‌Position‌ ‌(hg19)‌ ‌  12:102042213‌ ‌  7:4038917‌ ‌ 

Functional‌ ‌consequence‌ ‌  Intronic‌ ‌MYBPC1‌‌ 
(myosin‌ ‌binding‌‌ 

protein‌ ‌C)‌ ‌ 

Intronic‌ ‌SDK1‌‌ 
(sidekick‌ ‌cell‌‌ 

adhesion‌ ‌molecule‌ ‌1)‌ ‌ 

OMIM‌ ‌(‌Role‌ ‌in‌ ‌disease‌ ‌evidence‌ ‌of‌ ‌the‌ ‌gene‌ ‌the‌‌ 
associated‌ ‌SNP‌ ‌lies‌ ‌in‌ ‌(available‌ ‌at‌ ‌http://omim.org/)‌)‌ ‌ 

Yes‌ ‌(involved‌ ‌in‌‌ 
familial‌ ‌hypertrophic‌ 

cardiomyopathy)‌ ‌ 

-‌ ‌ 

GWAS‌ ‌Catalog‌ ‌(‌Presence‌ ‌in‌ ‌the‌ ‌“‌reported‌ ‌gene‌”‌ ‌field‌‌ 
in‌ ‌the‌ ‌GWAS‌ ‌Catalog‌‌ 

(http://www.genome.gov/gwastudies/)‌)‌ ‌ 

No‌ ‌  No‌ ‌ 

Genes‌ ‌(‌in‌ ‌200‌ ‌Kb‌ ‌window‌)‌ ‌  MYBPC1,‌ ‌CHPT1,‌‌ 
SYCP3‌ ‌ 

SDK1‌ ‌ 

eQTL‌ ‌activity‌ ‌(‌p‌-value)‌ ‌(‌Evidence‌ ‌about‌ ‌the‌‌ 
activity‌ ‌as‌ ‌eQTL‌ ‌in‌ ‌blood‌ ‌(gathered‌ ‌from‌ ‌the‌ ‌”‌Blood‌ ‌eQTL‌‌ 

browser”‌;‌ ‌http://genenetwork.nl/bloodeqtlbrowser/)‌)‌ ‌ 

CHPT1‌ ‌(P<10-8)‌ ‌  -‌ ‌ 

RegulomeDB‌ ‌(‌RegulomeDB.‌ ‌Summary‌ ‌of‌ ‌DNA‌‌ 
regulatory‌ ‌evidence‌ ‌(in‌ ‌http://regulomedb.org/)‌)‌ ‌ 

1d‌ ‌(“‌strong‌”)‌ ‌  -‌ ‌ 

Haploreg‌ ‌(‌Noncoding‌ ‌regulatory‌ ‌evidence‌ ‌of‌ ‌the‌‌ 
haplotype‌ ‌block‌‌ 

(www.broadinstitute.org/mammals/haploreg/haploreg.php)‌)‌ ‌ 

Transcription‌ ‌factor‌‌ 
activity‌ ‌‌(BATF,PU1)‌ ‌ 

DNAse‌ ‌activity‌ ‌(in‌‌ 
Osteoblasts)‌ ‌ 
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proportion‌‌of‌‌replicated‌‌associations‌‌amongst‌‌the‌‌SNPs‌‌classified‌‌as‌‌associated‌‌with‌‌the‌‌                       
trait)‌ ‌for‌ ‌given‌ ‌numbers‌ ‌of‌ ‌‌false‌‌and‌‌true‌‌positives‌‌‌than‌‌RPVT‌‌for‌‌almost‌‌all‌‌levels‌‌of‌‌                               
error.‌‌For‌‌comparison,‌‌we‌‌also‌‌show‌‌the‌‌result‌‌achieved‌‌when‌‌selecting‌‌SNPs‌‌based‌‌on‌‌                           
the‌ ‌highest‌ ‌SVM‌ ‌weights‌ ‌in‌ ‌absolute‌ ‌value‌ ‌(after‌ ‌filtering).‌ ‌The‌ ‌results‌ ‌show‌ ‌that‌‌                         
discarding‌ ‌either‌ ‌one‌ ‌of‌‌the‌‌two‌‌steps‌‌in‌‌the‌‌COMBI‌‌method‌‌(ML‌‌or‌‌statistical‌‌testing‌‌                             
step)‌‌leads‌‌to‌‌a‌‌decrease‌‌in‌‌performance.‌‌Please‌‌note‌‌that‌‌the‌‌COMBI‌‌lines‌‌end‌‌at‌‌some‌‌                               
point‌ ‌and‌ ‌the‌ ‌RPVT‌ ‌and‌ ‌the‌ ‌raw‌ ‌SVM‌‌lines‌‌continue.‌‌At‌‌the‌‌endpoint‌‌of‌‌the‌‌COMBI‌‌                               
curve,‌ ‌all‌ ‌SNPs‌ ‌selected‌ ‌in‌ ‌the‌ ‌SVM‌ ‌step‌ ‌are‌ ‌also‌ ‌significant‌ ‌in‌ ‌the‌ ‌statistical‌‌testing‌‌                             
step;‌‌‌i.e.‌‌if‌‌one‌‌wanted‌‌to‌‌add‌‌just‌‌one‌‌more‌‌SNP‌‌to‌‌the‌‌list‌‌of‌‌reported‌‌associations,‌‌all‌‌                                   
other‌ ‌SNPs‌ ‌would‌ ‌also‌ ‌become‌ ‌significant,‌ ‌as‌ ‌they‌ ‌have‌ ‌a‌ ‌‌p‌-value‌ ‌of‌ ‌1.‌ ‌ 

Figure‌ ‌22:‌ ‌Manhattan‌ ‌plots‌ ‌of‌ ‌seven‌ ‌WTCCC‌ ‌datasets‌ ‌and‌ ‌corresponding‌ ‌COMBI‌ ‌results‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌‌ 
(2016)‌10‌.‌ ‌‌The‌ ‌negative‌ ‌logarithmic‌ ‌‌p‌-values‌ ‌are‌ ‌plotted‌ ‌against‌ ‌position‌ ‌on‌ ‌each‌ ‌chromosome‌ ‌for‌ ‌all‌ ‌seven‌ ‌diseases.‌‌ 

The‌ ‌Manhattan‌ ‌plots‌ ‌of‌ ‌the‌ ‌corresponding‌ ‌RPVT‌ ‌‌p‌-values‌ ‌(first‌ ‌column),‌ ‌as‌ ‌well‌ ‌as‌ ‌the‌ ‌‌p‌-values‌ ‌of‌ ‌the‌ ‌COMBI‌‌ 
method‌ ‌(second‌ ‌column)‌ ‌and‌ ‌the‌ ‌SVM‌ ‌weights‌ ‌(third‌ ‌column)‌ ‌are‌ ‌presented.‌ ‌Thresholds‌ ‌indicating‌ ‌statistical‌‌ 

significance‌ ‌are‌ ‌represented‌ ‌by‌ ‌dashed‌ ‌horizontal‌ ‌lines‌ ‌and‌ ‌significant‌ ‌‌p‌-values‌ ‌are‌ ‌highlighted‌ ‌in‌ ‌green.‌ ‌Please‌ ‌note‌‌ 
that‌ ‌the‌ ‌y-axes‌ ‌of‌ ‌all‌ ‌plots‌ ‌have‌ ‌the‌ ‌same‌ ‌limits‌ ‌(0‌ ‌to‌ ‌15‌ ‌for‌ ‌‌p‌-values‌ ‌and‌ ‌0‌ ‌to‌ ‌4‌ ‌for‌ ‌SVM‌ ‌weights)‌ ‌to‌ ‌enable‌ ‌direct‌‌ 

comparison.‌ ‌ 

We‌ ‌now‌ ‌investigate‌ ‌the‌ ‌points‌ ‌on‌ ‌the‌ ‌curves‌ ‌that‌ ‌correspond‌ ‌to‌ ‌the‌ ‌application‌ ‌of‌‌                           
‌in‌ ‌the‌ ‌case‌ ‌of‌ ‌RPVT‌ ‌and‌ ‌to‌ ‌the‌ ‌values‌ ‌of‌ ‌ ‌resulting‌ ‌from‌ ‌the‌‌t* = 1 0× 1 5−                       t*        

permutation-based‌‌method‌‌in‌‌the‌‌case‌‌of‌‌the‌‌COMBI‌‌method‌‌in‌‌more‌‌detail.‌‌See‌‌‌Table‌‌                           
5‌‌‌for‌‌the‌‌numbers‌‌corresponding‌‌to‌‌those‌‌points,‌‌which‌‌summarize‌‌the‌‌findings‌‌of‌‌‌Table‌‌                           
3‌‌‌and‌‌a‌‌potential‌‌equivalent‌‌list‌‌of‌‌the‌‌significant‌‌findings‌‌of‌‌RPVT.‌‌A‌‌total‌‌of‌‌78‌‌SNPs‌‌                                 
are‌ ‌found‌ ‌to‌ ‌be‌‌significant‌‌with‌‌RPVT,‌‌which‌‌only‌‌performs‌‌the‌‌statistical‌‌testing‌‌step‌‌                           
and‌ ‌only‌ ‌46‌ ‌with‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌since‌ ‌it‌ ‌has‌ ‌the‌ ‌additional‌ ‌layer‌ ‌of‌ ‌the‌ ‌ML‌‌                               
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screening‌ ‌step‌ ‌prior‌ ‌to‌ ‌statistical‌ ‌testing.‌ ‌Although‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌finds‌ ‌fewer‌‌                       
SNPs‌ ‌than‌ ‌RPVT,‌ ‌the‌ ‌number‌ ‌of‌ ‌replicated‌ ‌SNPs‌ ‌is‌ ‌greater‌ ‌(28‌ ‌in‌ ‌contrast‌ ‌to‌ ‌24‌ ‌of‌‌                               
RPVT).‌ ‌The‌ ‌COMBI‌ ‌method‌ ‌also‌ ‌classifies‌ ‌only‌ ‌18‌ ‌unreplicated‌ ‌SNPs‌ ‌as‌ ‌associated‌‌                       
with‌‌the‌‌trait‌‌(yielding‌‌a‌‌precision‌‌of‌‌61%).‌‌This‌‌is‌‌in‌‌contrast‌‌to‌‌RPVT,‌‌which‌‌classifies‌‌                               
52‌‌unreplicated‌‌SNPs‌‌as‌‌associated‌‌with‌‌the‌‌trait‌‌(yielding‌‌a‌‌precision‌‌of‌‌only‌‌32%).‌‌In‌‌                             
other‌ ‌words,‌ ‌if‌ ‌both‌ ‌methods‌ ‌are‌ ‌calibrated‌ ‌with‌ ‌respect‌ ‌to‌ ‌the‌ ‌same‌ ‌type‌ ‌I‌ ‌error‌‌                             
criterion,‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌reports‌ ‌significantly‌ ‌more‌ ‌replicated‌ ‌associations‌‌                 
(Fisher’s‌ ‌exact‌ ‌test‌ ‌‌p‌-value‌ ‌of‌ ‌0.0014).‌ ‌ 

Table‌ ‌5:‌ ‌Quantitative‌ ‌summary‌ ‌of‌ ‌the‌ ‌significant‌ ‌findings‌ ‌of‌ ‌RPVT‌ ‌and‌ ‌COMBI‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌.‌ ‌‌For‌‌ 
each‌ ‌method,‌ ‌the‌ ‌number‌ ‌of‌ ‌replicated‌ ‌and‌ ‌unreplicated‌ ‌hits‌ ‌(‌i.e.‌‌ ‌the‌ ‌number‌ ‌of‌ ‌true‌ ‌and‌ ‌false‌ ‌positives)‌ ‌as‌ ‌well‌ ‌as‌‌ 

precision‌ ‌and‌ ‌error‌ ‌rates‌ ‌are‌ ‌presented.‌ ‌A‌ ‌pairwise‌ ‌test‌ ‌for‌ ‌the‌ ‌null‌ ‌hypothesis‌ ‌of‌ ‌identical‌ ‌distributions‌ ‌for‌ ‌COMBI‌‌ 
and‌ ‌RPVT‌ ‌is‌ ‌performed‌ ‌and‌ ‌the‌ ‌corresponding‌ ‌‌p‌-value‌ ‌is‌ ‌given.‌ ‌The‌ ‌table‌ ‌represents‌ ‌the‌ ‌information‌ ‌given‌‌ ‌‌by‌ ‌the‌‌ 

points‌ ‌on‌ ‌the‌ ‌RPVT‌ ‌and‌ ‌COMBI‌ ‌lines‌ ‌in‌ ‌‌Figure‌ ‌22‌.‌ ‌ 
‌ 

‌ 

The‌ ‌DeepCOMBI‌ ‌method‌ ‌on‌ ‌WTCCC‌ ‌data‌ 

We‌ ‌now‌ ‌present‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌as‌ ‌published‌ ‌in‌ ‌Mieth‌ ‌‌et‌ ‌al.‌‌                             
2020‌15‌.‌ ‌For‌ ‌this‌ ‌publication,‌ ‌COMBI‌ ‌is‌ ‌re-applied‌ ‌to‌‌the‌‌same‌‌dataset‌‌as‌‌a‌‌competitor‌‌                           
method‌ ‌and‌ ‌due‌ ‌to‌ ‌the‌ ‌nondeterministic‌ ‌nature‌ ‌of‌ ‌the‌ ‌permutation‌ ‌procedure,‌ ‌slightly‌‌                       
different‌ ‌results‌ ‌are‌ ‌obtained.‌ ‌DeepCOMBI‌ ‌is,‌ ‌therefore,‌ ‌now‌ ‌compared‌ ‌to‌ ‌the‌‌                     
re-calculations‌‌of‌‌COMBI,‌‌not‌‌necessarily‌‌to‌‌those‌‌of‌‌the‌‌original‌‌COMBI‌‌publication.‌‌                       
In‌ ‌addition,‌ ‌the‌ ‌GWAS‌ ‌catalog‌ ‌-‌ ‌which‌ ‌is‌ ‌the‌ ‌basis‌ ‌for‌ ‌all‌ ‌validation‌ ‌procedures‌ ‌-‌‌                             
included‌‌a‌‌very‌‌different‌‌(to‌‌be‌‌specific‌‌a‌‌much‌‌smaller)‌‌set‌‌of‌‌associations‌‌in‌‌2015‌‌than‌‌                               
in‌ ‌2020,‌ ‌which‌ ‌-‌ ‌without‌‌loss‌‌of‌‌generality‌‌and‌‌amongst‌‌other‌‌things‌‌-‌‌causes‌‌some‌‌of‌‌                               
the‌ ‌performance‌ ‌curves‌ ‌to‌ ‌look‌ ‌slightly‌ ‌different‌ ‌than‌ ‌in‌‌previously‌‌presented‌‌figures.‌‌                       
Please‌‌refer‌‌to‌‌‌Appendix‌‌Chapter‌‌II‌‌for‌‌an‌‌investigation‌‌of‌‌the‌‌internal‌‌stability‌‌of‌‌the‌‌                             
COMBI‌ ‌method.‌ ‌ 
In‌ ‌Figure‌ ‌23‌,‌ ‌we‌ ‌present‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌traditional‌ ‌RPVT‌ ‌approach,‌ ‌the‌‌                         
(re-calculated)‌ ‌COMBI‌ ‌method‌ ‌and‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌applied‌ ‌to‌ ‌the‌ ‌seven‌‌                     
diseases‌ ‌of‌ ‌the‌ ‌WTCCC‌ ‌2007‌ ‌dataset.‌‌While‌‌RPVT‌‌assigns‌‌‌p‌-values‌‌smaller‌‌than‌‌one‌‌                         
(‌i.e.‌ ‌nonzero‌ ‌in‌ ‌the‌ ‌plots‌ ‌on‌ ‌a‌ ‌logarithmic‌ ‌scale)‌ ‌to‌ ‌all‌ ‌SNPs‌ ‌and,‌ ‌in‌ ‌consequence,‌‌                             
produces‌‌a‌‌lot‌‌of‌‌statistical‌‌noise,‌‌both‌‌COMBI‌‌and‌‌DeepCOMBI‌‌discard‌‌most‌‌SNPs‌‌by‌‌                           
assigning‌‌‌p‌-values‌‌of‌‌one‌‌(‌i.e.‌‌‌zero‌‌in‌‌the‌‌plot‌‌on‌‌a‌‌logarithmic‌‌scale)‌‌and‌‌hence‌‌reduce‌‌                               
the‌ ‌level‌‌of‌‌noise‌‌significantly.‌‌The‌‌COMBI‌‌method‌‌selects‌‌100‌‌SNPs‌‌with‌‌high‌‌SVM‌‌                           
weights‌ ‌per‌ ‌chromosome‌ ‌and‌ ‌DeepCOMBI‌ ‌chooses‌ ‌200‌ ‌SNPs‌ ‌with‌ ‌high‌ ‌LRP‌ ‌scores.‌‌ ‌ ‌    
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‌  Number‌ ‌of‌ ‌SNPs‌ ‌reaching‌ ‌significance‌ ‌applying‌ ‌ 
‌  RPVT‌ ‌  COMBI‌ ‌Method‌ ‌ 

SNPs‌ ‌that‌ ‌have‌ ‌achieved‌ ‌<‌ ‌10‌-5‌‌ ‌in‌ ‌at‌ ‌least‌‌ 
one‌ ‌external‌ ‌study‌ ‌ 

24‌ ‌ 
(32%‌ ‌precision)‌ ‌ 

28‌ ‌ 
(61%‌ ‌precision)‌ ‌ 

SNPs‌ ‌that‌ ‌have‌ ‌not‌ ‌achieved‌ ‌<‌ ‌10‌-5‌‌ ‌in‌ ‌an‌‌ 
external‌ ‌study‌ ‌ 

52‌ ‌ 
(68%‌ ‌error)‌ ‌ 

18‌ ‌ 
(39%‌ ‌error)‌ ‌ 

Overall‌ ‌  76‌ ‌  46‌ ‌ 
p‌-value‌ ‌(one-sided‌ ‌Fisher’s‌ ‌exact‌ ‌test)‌ ‌  0.0014‌ ‌ 
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All‌ ‌SNPs‌ ‌reaching‌ ‌statistical‌ ‌significance‌ ‌in‌ ‌the‌ ‌permutation-based‌ ‌thresholding‌‌                 
procedure‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌‌method‌‌are‌‌presented‌‌in‌‌‌Table‌‌6‌.‌‌As‌‌in‌‌‌Table‌‌3‌‌for‌‌the‌‌                               
findings‌ ‌of‌ ‌COMBI,‌ ‌we‌ ‌present‌ ‌basic‌ ‌information‌ ‌(associated‌ ‌disease,‌ ‌chromosome,‌‌                   
identifier‌ ‌and‌ ‌χ‌2‌ ‌‌p‌-value)‌ ‌for‌ ‌all‌ ‌of‌ ‌the‌ ‌findings‌ ‌of‌ ‌DeepCOMBI.‌ ‌The‌ ‌fifth‌ ‌and‌ ‌sixth‌‌                             
columns‌‌indicate‌‌whether‌‌they‌‌are‌‌found‌‌to‌‌be‌‌significant‌‌by‌‌RPVT‌‌with‌‌the‌‌application‌‌                           
of‌ ‌ ‌or‌‌by‌‌the‌‌COMBI‌‌method.‌‌Again,‌‌to‌‌validate‌‌all‌‌findings,‌‌the‌‌seventh‌  t* = 1 0× 1  

5−                          
and‌‌eighth‌‌columns‌‌report‌‌whether‌‌-‌‌and‌‌if‌‌so,‌‌in‌‌which‌‌external‌‌study‌‌-‌‌they‌‌have‌‌been‌‌                                 
found‌ ‌significantly‌ ‌associated‌ ‌with‌ ‌the‌ ‌given‌ ‌disease‌ ‌according‌ ‌to‌ ‌the‌ ‌GWAS‌ ‌catalog.‌‌ ‌  

The‌ ‌DeepCOMBI‌ ‌method‌ ‌finds‌ ‌39‌ ‌significant‌ ‌associations.‌ ‌According‌ ‌to‌ ‌the‌ ‌fifth‌‌                     
column‌ ‌of‌ ‌‌Table‌ ‌6‌,‌ ‌31‌ ‌of‌ ‌these‌ ‌SNPs‌ ‌are‌ ‌also‌ ‌discovered‌ ‌by‌ ‌the‌ ‌traditional‌ ‌RPVT‌‌                             
approach‌ ‌because‌ ‌they‌ ‌have‌ ‌‌p‌-values‌ ‌ .‌ ‌The‌ ‌other‌ ‌8‌ ‌of‌ ‌those‌‌39‌‌SNPs‌‌have‌‌          < 1 × 10 5−                  
p‌-values‌‌ ‌‌and‌‌are‌‌hence‌‌not‌‌determined‌‌to‌‌be‌‌associated‌‌with‌‌the‌‌disease‌‌with‌‌  > 1 × 10 5−                          
RPVT‌ ‌in‌ ‌the‌ ‌original‌ ‌WTCCC‌ ‌publication.‌ ‌They‌ ‌are‌ ‌of‌ ‌special‌ ‌interest‌ ‌because‌ ‌they‌‌                         
represent‌‌additional‌‌SNP‌‌disease‌‌associations,‌‌which‌‌the‌‌traditional‌‌analysis‌‌of‌‌the‌‌data‌‌                       
is‌ ‌not‌ ‌able‌ ‌to‌ ‌identify.‌ ‌Out‌ ‌of‌ ‌these‌ ‌eight‌ ‌novel‌ ‌discoveries,‌ ‌six‌ ‌have‌ ‌been‌ ‌validated‌‌                             
independently‌ ‌in‌ ‌later‌ ‌GWAS‌ ‌or‌ ‌meta-analyses:‌ ‌rs7570682‌ ‌on‌ ‌chromosome‌ ‌2‌ ‌and‌‌                     
rs1375144‌ ‌on‌ ‌chromosome‌ ‌2‌ ‌for‌ ‌bipolar‌ ‌disorder;‌ ‌rs6907487‌ ‌on‌ ‌chromosome‌ ‌6‌ ‌for‌‌                       
coronary‌‌artery‌‌disease;‌‌rs12037606‌‌on‌‌chromosome‌‌1‌‌for‌‌Crohn’s‌‌disease;‌‌rs231726‌‌on‌‌                       
chromosome‌ ‌2‌ ‌for‌ ‌type‌ ‌1‌ ‌diabetes‌ ‌and‌ ‌rs6718526‌ ‌on‌ ‌chromosome‌ ‌2‌ ‌for‌ ‌type‌ ‌2‌ ‌diabetes.‌‌ ‌  

‌ 
Table‌ ‌6:‌ ‌Significant‌ ‌SNPs‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌on‌ ‌seven‌ ‌WTCCC‌ ‌datasets‌ ‌and‌ ‌related‌ ‌association‌‌ 

details‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2020)‌15‌.‌ ‌‌For‌ ‌each‌ ‌SNP‌ ‌identifier‌ ‌on‌ ‌a‌ ‌specific‌ ‌chromosome‌ ‌that‌ ‌is‌ ‌found‌ ‌to‌ ‌be‌ ‌significantly‌‌ 
associated‌ ‌with‌ ‌a‌ ‌disease‌ ‌by‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌ ‌in‌ ‌Mieth‌ ‌‌et‌ ‌al.‌(2020)‌15‌,‌ ‌the‌ ‌corresponding‌ ‌χ‌2‌‌ ‌test‌ ‌‌p‌-value‌ ‌is‌‌ 

shown‌ ‌and‌ ‌it‌ ‌is‌ ‌indicated‌ ‌whether‌ ‌the‌ ‌RPVT‌ ‌‌p‌-value‌ ‌is‌ ‌  ‌(‌i.e.‌‌ ‌the‌ ‌SNP‌ ‌is‌ ‌a‌ ‌significant‌ ‌finding‌ ‌of‌ ‌RPVT‌ ‌as‌< 1 × 10 5−  
well),‌ ‌whether‌ ‌its‌ ‌COMBI‌ ‌‌p‌-value‌ ‌is‌ ‌smaller‌ ‌than‌ ‌the‌ ‌corresponding‌ ‌COMBI‌ ‌threshold‌ ‌(‌i.e.‌‌ ‌the‌ ‌SNP‌ ‌is‌ ‌a‌ ‌significant‌‌ 
finding‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌as‌ ‌well)‌ ‌and‌ ‌whether‌ ‌the‌ ‌SNP‌ ‌has‌ ‌been‌ ‌found‌ ‌significant‌ ‌with‌ ‌a‌ ‌‌p‌-value‌ ‌ ‌ ‌‌in‌‌< 1 × 10 5−  
an‌ ‌external‌ ‌study‌ ‌with‌ ‌a‌ ‌corresponding‌ ‌PubMed‌ ‌identification‌ ‌number‌ ‌(PMID).‌ ‌Please‌ ‌note‌ ‌that‌ ‌the‌ ‌RPVT‌ ‌result‌ ‌in‌‌ 
the‌ ‌fifth‌ ‌column‌ ‌corresponds‌ ‌to‌ ‌the‌ ‌χ‌2‌ ‌‌p‌-values‌ ‌calculated‌ ‌here,‌ ‌not‌ ‌necessarily‌ ‌to‌ ‌the‌ ‌original‌ ‌WTCCC‌ ‌publication,‌‌ 
where‌ ‌they‌ ‌investigate‌ ‌Cochran-Armitage‌ ‌trend‌ ‌test‌‌ ‌p‌-values‌ ‌and‌ ‌presumably‌ ‌apply‌ ‌slightly‌ ‌different‌ ‌preprocessing‌‌ 
steps.‌ ‌Similarly,‌ ‌the‌ ‌COMBI‌ ‌result‌ ‌in‌ ‌the‌ ‌sixth‌ ‌column‌ ‌corresponds‌ ‌to‌ ‌the‌ ‌re-calculations‌ ‌of‌ ‌COMBI‌ ‌we‌ ‌perform‌ ‌in‌‌ 
the‌ ‌course‌ ‌of‌ ‌validating‌ ‌DeepCOMBI,‌ ‌not‌ ‌necessarily‌ ‌to‌ ‌those‌ ‌of‌ ‌the‌ ‌original‌ ‌COMBI‌ ‌publication,‌ ‌where‌ ‌slightly‌‌ 

different‌ ‌results‌ ‌were‌ ‌produced‌ ‌due‌ ‌to‌ ‌the‌ ‌random‌ ‌nature‌ ‌of‌ ‌the‌ ‌permutation‌ ‌procedure.‌ ‌ 
‌ 
‌ 

‌ 

‌ 
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94‌ ‌ 

Disease‌ ‌  Chromosome‌ ‌  Identifier‌ ‌  χ‌2‌ ‌‌p‌-value‌ ‌  Significant‌ ‌in‌ 
RPVT‌ ‌ 

Significant‌‌ 
in‌ ‌COMBI‌ 

p‌-value‌ ‌<‌ ‌10‌-5‌ ‌‌in‌‌ 
at‌ ‌least‌ ‌one‌‌ 

external‌ ‌GWAS‌‌ 
or‌ ‌meta-analysis‌ 

References‌ 
(PMID)‌ ‌ 

Bipolar‌‌ 
disorder‌‌ ‌  

(BD)‌ ‌ 
‌ ‌  

2‌ ‌  rs7570682‌ ‌  1.77e-05‌ ‌  ‌  YES‌ ‌  YES‌ ‌  21254220‌ ‌ 
2‌ ‌  rs1375144‌ ‌  1.26e-05‌ ‌  ‌  YES‌ ‌  YES‌ ‌  21254220‌ ‌ 
3‌ ‌  rs514636‌ ‌  2.53e-06‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  21254220‌ ‌ 
16‌ ‌  rs420259‌ ‌  5.87e-08‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  21254220‌ ‌ 

Coronary‌‌ 
artery‌ ‌disease‌ 

(CAD)‌ ‌ 

6‌ ‌  rs6907487‌ ‌  2.92e-05‌ ‌  ‌  ‌  YES‌ ‌  17634449‌‌ ‌  
9‌ ‌  rs1333049‌ ‌  1.12e-13‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  17634449‌ ‌ 
16‌ ‌  rs8055236‌ ‌  5.32e-06‌ ‌  YES‌ ‌  YES‌ ‌  ‌  ‌ ‌  
22‌ ‌  rs688034‌ ‌  2.75e-06‌ ‌  YES‌ ‌  YES‌ ‌  ‌  ‌ ‌  

https://paperpile.com/c/QS9fGm/hbHj
https://paperpile.com/c/QS9fGm/hbHj


‌ 

Observe‌‌from‌‌‌Table‌‌6‌‌‌that‌‌two‌‌out‌‌of‌‌the‌‌eight‌‌novel‌‌DeepCOMBI‌‌SNPs‌‌with‌‌‌p‌-values‌‌                             
‌have‌ ‌not‌ ‌yet‌ ‌been‌ ‌replicated‌ ‌in‌ ‌an‌ ‌independent‌ ‌GWAS‌ ‌or‌ ‌meta-analyses.‌‌> 1 × 10 5−                        

They‌ ‌have‌ ‌also‌ ‌not‌ ‌been‌ ‌identified‌ ‌by‌ ‌the‌ ‌COMBI‌ ‌method.‌ ‌Those‌ ‌entirely‌ ‌novel‌‌                         
DeepCOMBI‌ ‌discoveries‌ ‌are‌ ‌rs10889923‌ ‌on‌ ‌chromosome‌ ‌1‌ ‌for‌ ‌hypertension‌ ‌and‌‌                   
rs4769283‌ ‌on‌ ‌chromosome‌ ‌13‌ ‌for‌ ‌type‌ ‌1‌ ‌diabetes.‌ ‌To‌ ‌determine‌ ‌whether‌ ‌those‌ ‌two‌‌                         
SNPs‌ ‌are‌ ‌biologically‌ ‌plausible‌ ‌discoveries‌ ‌for‌ ‌an‌ ‌association‌ ‌with‌ ‌the‌ ‌respective‌‌                     
disease,‌‌their‌‌genomic‌‌regions‌‌are‌‌investigated‌‌in‌‌terms‌‌of‌‌functional‌‌indicators.‌‌Strong‌‌                       
evidence‌ ‌of‌ ‌potential‌ ‌functional‌ ‌roles‌ ‌in‌ ‌the‌ ‌diseases‌ ‌is‌ ‌found.‌‌ ‌  

Firstly,‌‌rs10889923‌‌maps‌‌on‌‌an‌‌intron‌‌for‌‌‌NEGR1‌‌‌(neuronal‌‌growth‌‌receptor‌‌1),‌‌a‌‌very‌‌                           
important‌‌gene‌‌many‌‌times‌‌linked‌‌to‌‌obesity,‌‌body‌‌mass‌‌index,‌‌triglycerides,‌‌cholesterol‌‌                       
and‌ ‌many‌ ‌other‌ ‌phenotypes‌ ‌highly‌ ‌correlated‌ ‌with‌ ‌hypertension‌235–237‌.‌ ‌Even‌ ‌though‌‌                   
NEGR1‌ ‌‌has‌ ‌been‌ ‌associated‌ ‌with‌ ‌many‌ ‌phenotypes‌ ‌in‌ ‌the‌ ‌GWAS‌ ‌Catalog,‌‌no‌‌GWAS‌‌                         

‌ 
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Disease‌ ‌  Chromosome‌ ‌  Identifier‌ ‌  χ‌2‌ ‌‌p‌-value‌ ‌  Significant‌ ‌in‌ 
RPVT‌ ‌ 

Significant‌‌ 
in‌ ‌COMBI‌ 

p‌-value‌ ‌<‌ ‌10‌-5‌ ‌‌in‌‌ 
at‌ ‌least‌ ‌one‌‌ 

external‌ ‌GWAS‌‌ 
or‌ ‌meta-analysis‌ 

References‌ 
(PMID)‌ ‌ 

Crohn’s‌‌ 
disease‌‌ ‌  
(CD)‌ ‌ 

‌ ‌  
‌ ‌  
‌ ‌  
‌ ‌  
‌ ‌  
‌ ‌  
‌ ‌  
‌ ‌  

1‌ ‌  rs11805303‌ ‌  6.35e-12‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  17435756‌ ‌ 
1‌ ‌  rs12037606‌ ‌  1.02e-05‌ ‌  ‌  ‌  YES‌ ‌  17554261‌ ‌ 
2‌ ‌  rs10210302‌ ‌  4.52e-14‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  23128233‌ ‌ 
3‌ ‌  rs11718165‌ ‌  2.04e-08‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  21102463‌ ‌ 
5‌ ‌  rs6596075‌ ‌  3.11e-06‌ ‌  YES‌ ‌  YES‌ ‌  ‌  ‌ ‌  
5‌ ‌  rs17234657‌ ‌  2.42e-12‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  18587394‌ ‌ 
5‌ ‌  rs11747270‌ ‌  1.05e-06‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  18587394‌ ‌ 
7‌ ‌  rs7807268‌ ‌  5.43e-06‌ ‌  YES‌ ‌  ‌  YES‌ ‌  26192919‌ ‌ 
10‌ ‌  rs10883371‌ ‌  5.23e-08‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  21102463‌ ‌ 
10‌ ‌  rs10761659‌ ‌  1.69e-06‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  22936669‌ ‌ 
16‌ ‌  rs2076756‌ ‌  7.55e-15‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  21102463‌‌ ‌  

Hypertension‌ 
(HT)‌ ‌ 

1‌ ‌  rs10889923‌ ‌  1.38e-05‌ ‌  ‌  ‌  ‌  ‌ ‌  
15‌ ‌  rs2398162‌ ‌  6.01e-06‌ ‌  YES‌ ‌  ‌  ‌  ‌ ‌  

Rheumatoid‌‌ 
arthritis‌‌ ‌  

(RA)‌ ‌ 

1‌ ‌  rs6679677‌ ‌  <1.0e-15‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  20453842‌ ‌ 
4‌ ‌  rs3816587‌ ‌  7.28e-06‌ ‌  YES‌ ‌  YES‌ ‌  ‌  ‌ ‌  
6‌ ‌  rs9272346‌ ‌  7.38e-14‌ ‌  YES‌ ‌  YES‌ ‌  ‌ ‌   ‌ 
22‌ ‌  rs743777‌ ‌  1.01e-06‌ ‌  YES‌ ‌  ‌  YES‌ ‌  23143596‌ ‌ 

Type‌ ‌1‌‌ 
diabetes‌‌ 

(T1D)‌ ‌ 
‌ ‌  
‌ ‌  
‌ ‌  
‌ ‌  

1‌ ‌  rs6679677‌ ‌  <1.0e-15‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  19430480‌ ‌ 
2‌ ‌  rs231726‌ ‌  1.43e-05‌ ‌  ‌  ‌  YES‌ ‌  30659077‌ ‌ 
4‌ ‌  rs17388568‌ ‌  3.07e-06‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  21829393‌ ‌ 
6‌ ‌  rs9272346‌ ‌  <1.0e-15‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  18978792‌ ‌ 
12‌ ‌  rs17696736‌ ‌  1.56e-14‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  18978792‌ ‌ 
12‌ ‌  rs11171739‌ ‌  8.36e-11‌ ‌  YES‌ ‌  ‌  YES‌ ‌  19430480‌ ‌ 
13‌ ‌  rs4769283‌ ‌  1.20e-05‌ ‌  ‌  ‌  ‌ ‌   ‌ ‌  
16‌ ‌  rs12924729‌ ‌  7.86e-08‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  17554260‌‌ ‌  

Type‌ ‌2‌‌ 
diabetes‌‌ 

(T2D)‌ ‌ 
‌ ‌  
‌ ‌  
‌ 

2‌ ‌  rs6718526‌ ‌  1.00e-05‌ ‌  ‌  YES‌ ‌  YES‌ ‌  20418489‌ ‌ 
4‌ ‌  rs1481279‌ ‌  9.44e-06‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  28869590‌ ‌ 
6‌ ‌  rs9465871‌ ‌  3.38e-07‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  21490949‌ ‌ 
10‌ ‌  rs4506565‌ ‌  5.01e-12‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  23300278‌ ‌ 
12‌ ‌  rs1495377‌ ‌  7.21e-06‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  22885922‌ ‌ 
16‌ ‌  rs7193144‌ ‌  4.15e-08‌ ‌  YES‌ ‌  YES‌ ‌  YES‌ ‌  22693455‌ ‌ 

https://paperpile.com/c/QS9fGm/hs2l+KagF+Gm0i


‌ 

has‌‌yet‌‌been‌‌able‌‌to‌‌link‌‌it‌‌to‌‌hypertension‌‌directly.‌‌Furthermore,‌‌rs10889923‌‌is‌‌part‌‌of‌‌a‌‌                               
high‌‌LD‌‌region‌‌(according‌‌to‌‌LDmatrix‌‌Tool‌238‌)‌‌with‌‌variants‌‌that‌‌have‌‌been‌‌reported‌‌to‌‌                           
be‌ ‌significantly‌‌associated‌‌with‌‌a‌‌number‌‌of‌‌psychiatric‌‌disorders‌‌and‌‌phenotypes,‌‌‌e.g.‌‌                       
educational‌‌attainment‌‌(in‌‌Lee‌‌‌et‌‌al.‌45‌‌‌rs12136092‌‌with‌‌‌p‌-value‌‌ ‌and‌‌a‌‌degree‌‌of‌‌                  e< 1 11−          
LD‌ ‌ ‌to‌ ‌rs10889923;‌ ‌rs11576565‌ ‌with‌ ‌‌p‌-value‌ ‌and‌‌ ).‌‌This‌‌  .86R2 = 0             e< 1 8−     .63R2 = 0    
link‌‌suggests‌‌a‌‌potential‌‌connection‌‌between‌‌hypertension‌‌and‌‌related‌‌phenotypes‌‌with‌‌                     
mental‌ ‌traits.‌ ‌rs10889923‌ ‌can‌ ‌thus‌ ‌altogether‌ ‌be‌‌considered‌‌an‌‌excellent‌‌candidate‌‌for‌‌                       
association‌ ‌with‌ ‌hypertension.‌‌ ‌  

Secondly,‌‌rs4769283‌‌on‌‌chromosome‌‌13‌‌lies‌‌in‌‌an‌‌intergenic‌‌region‌‌very‌‌close‌‌to‌‌a‌‌gene‌‌                             
called‌‌MIPEP‌‌(mitochondrial‌‌peptidase),‌‌which‌‌cannot‌‌be‌‌directly‌‌linked‌‌to‌‌T1D‌‌but‌‌is‌‌                         
reported‌‌as‌‌a‌‌significant‌‌eQTL‌‌for‌‌two‌‌other‌‌genes,‌‌namely‌‌C1QTNF9B‌‌and‌‌PCOTH‌239‌.‌‌                         
Thus,‌ ‌MIPEP‌ ‌and‌ ‌therefore‌ ‌rs4769283‌ ‌significantly‌ ‌control‌ ‌expression‌ ‌levels‌ ‌of‌‌                   
mRNAs‌ ‌from‌ ‌these‌ ‌two‌ ‌genes‌ ‌in‌ ‌a‌ ‌particular‌ ‌tissue.‌ ‌Most‌‌remarkably,‌‌rs4769283‌‌is‌‌a‌‌                           
significant‌‌eQTL‌‌(with‌‌‌p‌-value‌‌ )‌‌for‌‌C1QTNF9B‌‌(complement‌‌C1q‌‌and‌‌tumor‌‌        .1e= 1 6−              
necrosis‌ ‌factor-related‌ ‌protein‌ ‌9B)‌ ‌in‌ ‌(amongst‌ ‌several‌ ‌other‌ ‌tissues)‌ ‌the‌ ‌pancreas,‌‌                     
which‌‌produces‌‌very‌‌little‌‌or‌‌no‌‌insulin‌‌in‌‌T1D‌‌patients.‌‌So‌‌even‌‌though‌‌the‌‌association‌‌                             
of‌ ‌rs4769283‌ ‌with‌ ‌Type‌ ‌1‌ ‌diabetes‌ ‌is‌ ‌not‌ ‌an‌ ‌obvious‌ ‌one,‌ ‌it‌ ‌is‌ ‌indeed‌ ‌an‌ ‌interesting‌‌                               
novel‌ ‌discovery‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌ ‌method.‌‌ ‌  

To‌ ‌present‌ ‌a‌ ‌more‌ ‌condensed‌ ‌view‌ ‌of‌ ‌these‌ ‌discoveries,‌ Table‌ ‌7‌ ‌summarizes‌ ‌the‌‌                         
findings‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods,‌ ‌RPVT,‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI.‌‌ ‌  

Table‌ ‌7:‌ ‌Quantitative‌ ‌summary‌ ‌of‌ ‌the‌ ‌significant‌ ‌findings‌ ‌of‌ ‌RPVT,‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI‌ ‌on‌ ‌seven‌‌ 
WTCCC‌ ‌datasets‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2020)‌15‌.‌ ‌‌For‌ ‌each‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods,‌ ‌the‌ ‌numbers‌ ‌of‌ ‌replicated‌‌ 
and‌ ‌unreplicated‌ ‌hits‌ ‌(‌i.e.‌‌ ‌the‌ ‌number‌ ‌of‌ ‌true‌ ‌and‌ ‌false‌ ‌positives)‌ ‌as‌ ‌well‌ ‌as‌ ‌precision‌ ‌and‌ ‌error‌ ‌rates‌ ‌are‌ ‌presented.‌‌ 
Pairwise‌ ‌tests‌ ‌for‌ ‌the‌ ‌null‌ ‌hypothesis‌ ‌of‌ ‌identical‌ ‌distributions‌ ‌for‌ ‌DeepCOMBI‌ ‌and‌ ‌the‌ ‌two‌ ‌baseline‌ ‌methods‌ ‌are‌‌ 

performed‌ ‌and‌ ‌corresponding‌ ‌‌p‌-values‌ ‌are‌ ‌given.‌ ‌ 

When‌‌no‌‌screening‌‌step‌‌is‌‌conducted‌‌and‌‌RPVT‌‌‌p‌-values‌‌are‌‌calculated‌‌for‌‌all‌‌SNPs,‌‌68‌‌                             
locations‌ ‌with‌ ‌‌p‌ ‌<‌ ‌10‌-5‌ ‌are‌ ‌identified‌ ‌as‌ ‌significant‌ ‌RPVT‌ ‌hits.‌ ‌COMBI‌ ‌and‌‌                         
DeepCOMBI‌ ‌both‌ ‌apply‌ ‌a‌ ‌learning-based‌ ‌SNP‌ ‌preselection‌ ‌step‌ ‌and‌ ‌thus,‌ ‌find‌ ‌fewer‌‌                       
significant‌ ‌associations.‌ ‌The‌ ‌DNN-based‌ ‌approach‌ ‌to‌ ‌this‌ ‌is‌ ‌seen‌ ‌to‌ ‌be‌ ‌more‌‌                       

‌ 

‌ 
96‌ ‌ 

‌  Number‌ ‌of‌ ‌significant‌ ‌SNPs‌ ‌of‌ ‌ 

RPVT‌ ‌  DeepCOMBI‌ ‌method‌ ‌  COMBI‌ ‌method‌ ‌ 

SNPs‌ ‌that‌ ‌have‌ ‌achieved‌ ‌‌p‌ ‌‌<‌ ‌10‌−5‌ ‌ 
in‌ ‌at‌ ‌least‌ ‌one‌ ‌external‌ ‌study‌ ‌ 

33‌‌ ‌  
(49%‌ ‌precision)‌ ‌ 

31‌‌ ‌  
(79%‌ ‌precision)‌ ‌ 

31‌‌ ‌  
(58%‌ ‌precision)‌ ‌ 

SNPs‌ ‌that‌ ‌have‌ ‌not‌ ‌achieved‌‌ ‌  
p‌‌ ‌<‌ ‌10‌−5‌‌ ‌in‌ ‌an‌ ‌external‌ ‌study‌ ‌ 

35‌‌ ‌  
(51%‌ ‌error‌ ‌rate)‌ ‌ 

8‌‌ ‌  
(21%‌ ‌error‌ ‌rate)‌ ‌ 

22‌‌ ‌  
(42%‌ ‌error‌ ‌rate)‌ ‌ 

Overall‌ ‌  68‌ ‌  39‌ ‌  53‌ ‌ 

Pairwise‌ ‌‌p‌-value‌‌ ‌  
(one-sided‌ ‌Fisher’s‌ ‌exact‌ ‌test)‌ ‌ 

DeepCOMBI‌ ‌vs.‌‌ 
RPVT‌ ‌ 

=‌ ‌0.00106‌ ‌ 

‌  DeepCOMBI‌ ‌vs.‌‌ 
COMBI‌ ‌ 

=‌ ‌0.01910‌ ‌ 

https://paperpile.com/c/QS9fGm/ZkTZ
https://paperpile.com/c/QS9fGm/7zx3
https://paperpile.com/c/QS9fGm/UaHY
https://en.wikipedia.org/wiki/MRNA
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‌ 

conservative‌ ‌than‌ ‌the‌ ‌SVM-based‌ ‌one,‌ ‌with‌ ‌only‌ ‌39‌ ‌identified‌ ‌locations‌ ‌of‌‌                     
DeepCOMBI‌ ‌in‌ ‌comparison‌ ‌to‌ ‌53‌ ‌findings‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method.‌ ‌Even‌ ‌though‌ ‌the‌‌                         
DeepCOMBI‌‌method‌‌finds‌‌fewer‌‌significant‌‌SNPs‌‌than‌‌RPVT‌‌and‌‌COMBI,‌‌the‌‌number‌‌                       
of‌ ‌independently‌ ‌replicated‌ ‌SNPs‌ ‌of‌ ‌DeepCOMBI‌ ‌(=‌ ‌31‌ ‌replicated‌ ‌SNPs,‌ ‌yielding‌ ‌a‌‌                       
precision‌ ‌of‌ ‌79%)‌ ‌is‌ ‌identical‌ ‌to‌ ‌that‌ ‌of‌ ‌COMBI‌ ‌(31,‌ ‌precision‌ ‌=‌ ‌58%)‌ ‌and‌ ‌almost‌‌                             
identical‌‌to‌‌that‌‌of‌‌RPVT‌‌(33,‌‌precision‌‌=‌‌49%).‌‌In‌‌addition,‌‌the‌‌DeepCOMBI‌‌method‌‌                           
misclassifies‌ ‌only‌ ‌eight‌ ‌unreplicated‌ ‌SNPs‌ ‌as‌ ‌associated‌ ‌with‌ ‌the‌‌disease‌‌(yielding‌‌an‌‌                       
error‌‌rate‌‌of‌‌only‌‌21%),‌‌while‌‌RPVT‌‌wrongly‌‌classifies‌‌35‌‌SNPs‌‌(error‌‌rate‌‌=‌‌51%)‌‌and‌‌                               
the‌ ‌COMBI‌ ‌method‌ ‌makes‌ ‌22‌ ‌mistakes‌ ‌(error‌ ‌rate‌ ‌=‌ ‌42%).‌ ‌These‌ ‌observations‌ ‌are‌‌                         
quantified‌ ‌with‌ ‌pairwise‌ ‌one-sided‌ ‌Fisher’s‌‌exact‌‌tests‌‌for‌‌the‌‌null‌‌hypothesis‌‌of‌‌equal‌‌                         
error‌ ‌rates‌ ‌for‌ ‌both‌ ‌methods.‌ ‌They‌ ‌produce‌‌significant‌‌‌p‌-values‌‌for‌‌both‌‌comparisons:‌‌                       
DeepCOMBI‌‌vs.‌‌RPVT‌‌(‌p‌-value‌‌of‌‌0.00106)‌‌and‌‌DeepCOMBI‌‌vs.‌‌COMBI‌‌(‌p‌-value‌‌=‌‌                       
0.01910).‌‌ ‌  
In‌ ‌‌Figure‌ ‌24‌,‌ ‌we‌ ‌present‌ ‌the‌ ‌ROC‌ ‌and‌ ‌PR‌ ‌curves‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods,‌‌                             
where‌ ‌we‌ ‌interpret‌ ‌the‌ ‌replication‌ ‌of‌ ‌SNPs‌ ‌according‌ ‌to‌ ‌the‌ ‌GWAS‌ ‌catalog‌ ‌as‌ ‌a‌‌                           
validation,‌ ‌‌i.e.‌ ‌we‌ ‌count‌ ‌a‌ ‌SNP‌ ‌as‌‌a‌‌true‌‌positive‌‌if‌‌it‌‌has‌‌achieved‌‌‌p‌‌<‌‌10‌-5‌ ‌in‌‌at‌‌least‌‌                                       
one‌‌external‌‌study.‌‌Overall,‌‌the‌‌findings‌‌obtained‌‌by‌‌the‌‌DeepCOMBI‌‌method‌‌are‌‌better‌‌                         
replicated‌ ‌than‌ ‌those‌ ‌obtained‌ ‌by‌ ‌RPVT‌ ‌and‌ ‌COMBI‌ ‌for‌ ‌all‌ ‌levels‌ ‌of‌ ‌error.‌ ‌The‌‌                           
performance‌‌metrics‌‌of‌‌the‌‌DeepCOMBI‌‌method‌‌(pink‌‌line)‌‌are‌‌consistently‌‌better‌‌than‌‌                       
that‌‌of‌‌RPVT‌‌(light‌‌blue‌‌lines)‌‌and‌‌COMBI‌‌(dark‌‌blue‌‌lines).‌‌The‌‌DeepCOMBI‌‌method‌‌                           
finds‌ ‌more‌ ‌true‌ ‌positives‌ ‌for‌ ‌different‌ ‌levels‌ ‌of‌ ‌error‌ ‌and‌ ‌yields‌ ‌higher‌ ‌levels‌ ‌of‌                           
precision‌ ‌for‌ ‌different‌ ‌levels‌ ‌of‌ ‌recall‌ ‌than‌ ‌COMBI‌ ‌and‌ ‌RPVT.‌‌ ‌  

Figure‌ ‌24:‌ ‌Performance‌ ‌curves‌ ‌of‌ ‌DeepCOMBI‌ ‌and‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌seven‌ ‌WTCCC‌ ‌datasets‌ ‌from‌‌ 
Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2020)‌15‌.‌ ‌A‌ ‌‌ROC‌ ‌curves‌ ‌and‌ ‌‌B‌‌ ‌PR‌ ‌curves‌ ‌of‌ ‌RPVT,‌ ‌the‌ ‌COMBI‌ ‌method,‌ ‌the‌ ‌DeepCOMBI‌ ‌method,‌‌ 

direct‌ ‌thresholding‌ ‌of‌ ‌SVM‌ ‌weights‌ ‌and‌ ‌direct‌ ‌thresholding‌ ‌of‌ ‌LRP‌ ‌scores‌ ‌averaged‌ ‌over‌ ‌all‌ ‌diseases‌ ‌and‌‌ 
chromosomes‌ ‌are‌ ‌shown.‌ ‌Replicability‌ ‌according‌ ‌to‌ ‌the‌ ‌GWAS‌ ‌catalog‌ ‌is‌ ‌used‌ ‌for‌ ‌validation.‌ ‌ 

‌ 
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Figure‌ ‌24‌ ‌‌also‌ ‌shows‌ ‌the‌ ‌performance‌ ‌curves‌ ‌of‌ ‌the‌ ‌other‌ ‌two‌ ‌baseline‌ ‌methods‌‌that‌‌                           
threshold‌ ‌SNPs‌ ‌solely‌ ‌based‌ ‌on‌ ‌raw‌ ‌LRP‌ ‌relevance‌ ‌scores‌ ‌or‌ ‌raw‌ ‌SVM‌ ‌weights,‌‌                         
respectively.‌ ‌As‌ ‌we‌ ‌can‌ ‌view‌ ‌these‌ ‌two‌ ‌methods‌ ‌and‌ ‌RPVT‌ ‌as‌ ‌the‌ ‌individual‌‌                         
components‌‌of‌‌the‌‌combinatorial‌‌approaches‌‌and‌‌neither‌‌of‌‌these‌‌three‌‌can‌‌achieve‌‌the‌‌                         
same‌ ‌level‌ ‌of‌ ‌performance‌ ‌as‌ ‌COMBI‌ ‌and‌ ‌DeepCOMBI,‌ ‌it‌ ‌can‌ ‌be‌ ‌deduced‌ ‌that‌ ‌all‌‌                           
components‌‌are‌‌essential.‌‌Only‌‌the‌‌combination‌‌of‌‌the‌‌two‌‌components‌‌of‌‌the‌‌COMBI‌‌                         
method‌‌(SVM‌‌and‌‌statistical‌‌testing)‌‌and‌‌the‌‌DeepCOMBI‌‌method‌‌(DNN‌‌with‌‌LRP‌‌and‌‌                         
statistical‌ ‌testing)‌ ‌can‌ ‌achieve‌ ‌the‌ ‌desired‌ ‌performance‌ ‌increase.‌‌ ‌  

Comparison‌ ‌to‌ ‌other‌ ‌baseline‌ ‌methods‌ ‌on‌ ‌WTCCC‌ ‌datasets‌ ‌ 

In‌ ‌a‌ ‌functional‌ ‌study,‌ ‌we‌ ‌now‌ ‌compare‌ ‌COMBI‌ ‌against‌ ‌two‌ ‌other‌ ‌state-of-the-art‌‌                       
methods‌ ‌proposed‌ ‌by‌ ‌Lippert‌ ‌‌et‌ ‌al.‌188,192‌.‌ ‌‌They‌ ‌devise‌ ‌a‌ ‌novel‌ ‌univariate‌ ‌analysis‌‌                       
method‌ ‌to‌ ‌improve‌ ‌WTCCC‌ ‌findings‌ ‌and‌ ‌also‌ ‌implement‌ ‌an‌ ‌LMM‌ ‌to‌ ‌uncover‌ ‌new‌‌                         
epistatic‌‌associations‌‌by‌‌means‌‌of‌‌brute‌‌force‌‌comparison‌‌of‌‌pairwise‌‌interactions.‌‌They‌‌                       
apply‌‌both‌‌methods‌‌to‌‌the‌‌seven‌‌WTCCC‌‌datasets,‌‌searching‌‌for‌‌new‌‌univariate‌‌signals‌‌                         
and‌ ‌for‌ ‌epistatic‌ ‌associations.‌ ‌For‌ ‌the‌ ‌univariate‌ ‌analysis,‌ ‌they‌ ‌report‌ ‌a‌ ‌total‌ ‌of‌ ‌573‌‌                           
novel‌ ‌SNP-disease‌ ‌associations‌188‌ ‌with‌ ‌‌p‌-values‌ ‌less‌ ‌than‌ ‌5x10‌-7‌ ‌distributed‌ ‌over‌ ‌all‌‌                     
WTCCC‌‌diseases‌‌except‌‌for‌‌‌CAD,‌‌for‌‌which‌‌no‌‌novelty‌‌is‌‌reported.‌‌A‌‌lot‌‌of‌‌these‌‌573‌‌                               
SNPs‌ ‌are‌ ‌part‌ ‌of‌ ‌small‌ ‌SNP‌ ‌clusterings,‌ ‌so‌ ‌we‌ ‌select‌ ‌representative‌ ‌markers‌ ‌for‌‌each‌‌                           
locus‌‌through‌‌the‌‌LD‌‌pruning‌‌option‌‌in‌‌PLINK‌‌and‌‌compute‌‌pairwise‌‌LD‌‌with‌‌a‌‌sliding‌‌                             
window‌‌of‌‌two‌‌SNPs‌‌(with‌‌steps‌‌of‌‌1‌‌SNP‌‌at‌‌a‌‌time).‌‌We‌‌then‌‌discard‌‌one‌‌SNP‌‌out‌‌of‌‌                                     
each‌‌pair‌‌if‌‌they‌‌are‌‌in‌‌high‌‌LD‌‌(R²‌‌≥‌‌0.8).‌‌We‌‌run‌‌the‌‌final‌‌list‌‌of‌‌SNPs,‌‌consisting‌‌of‌‌1‌‌                                         
discovery‌ ‌for‌ ‌BD,‌ ‌0‌ ‌for‌ ‌CAD,‌ ‌19‌ ‌for‌ ‌CD,‌ ‌1‌ ‌for‌ ‌HT,‌ ‌3‌ ‌for‌ ‌RA,‌ ‌39‌ ‌for‌‌T1D‌‌and‌‌9‌‌for‌‌                                         
T2D,‌‌through‌‌our‌‌validation‌‌pipeline‌‌(described‌‌in‌‌‌Chapter‌‌3.2.3‌,‌‌‌Figure‌‌12‌)‌‌using‌‌the‌‌                         
same‌ ‌parameters‌ ‌that‌ ‌we‌ ‌use‌ ‌for‌ ‌COMBI‌ ‌in‌ ‌this‌ ‌dissertation‌ ‌(physical‌ ‌distance‌ ‌to‌‌                         
tag-SNP:‌ ‌<‌ ‌200‌ ‌kb.‌ ‌LD‌ ‌with‌ ‌tag-SNP:‌ ‌R²‌ ‌≥‌ ‌0.8).‌ ‌The‌ ‌results‌ ‌are‌ ‌presented‌ ‌in‌ ‌‌Table‌ ‌8‌.‌‌ ‌  

Table‌ ‌8:‌ ‌Quantitative‌ ‌comparison‌ ‌of‌ ‌the‌ ‌significant‌ ‌findings‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌ ‌ 
and‌ ‌the‌ ‌univariate‌ ‌method‌ ‌from‌ ‌Lippert‌ ‌‌et‌ ‌al.‌188‌.‌ ‌The‌ ‌significant‌ ‌SNPs‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌from‌ ‌‌Table‌ ‌3‌‌ ‌are‌‌ 

compared‌ ‌with‌ ‌the‌ ‌significant‌ ‌findings‌ ‌of‌ ‌the‌ ‌univariate‌ ‌analysis‌ ‌presented‌ ‌by‌ ‌Lippert‌ ‌‌et‌ ‌al.‌ ‌‌BD,‌ ‌CAD,‌ ‌HT‌ ‌and‌ ‌T1D‌‌ 
are‌ ‌summarized‌ ‌because‌ ‌no‌ ‌discoveries‌ ‌of‌ ‌Lippert‌ ‌‌et‌ ‌al.‌ ‌‌for‌ ‌these‌ ‌diseases‌ ‌are‌ ‌validated‌ ‌in‌ ‌independent‌ ‌studies.‌‌ ‌  
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Disease‌ ‌  COMBI‌ ‌  Lippert‌ ‌‌et‌ ‌al.‌‌ ‌univariate‌ ‌analysis‌ ‌ 

Discoveries‌ ‌  Validated‌‌ 
discoveries‌ ‌ 

Discoveries‌‌ ‌   Validated‌‌ 
discoveries‌‌ ‌  

CD‌ ‌  11‌ ‌  8‌ ‌  19‌ ‌  3‌ ‌ 

RA‌ ‌  3‌ ‌  1‌ ‌  3‌ ‌  1‌ ‌ 

T2D‌ ‌  8‌ ‌  3‌ ‌  9‌ ‌  1‌ ‌ 

BD,‌ ‌CAD,‌ ‌HT,‌ ‌T1D‌‌ ‌   24‌ ‌  16‌ ‌  41‌ ‌  0‌ ‌ 

Overall‌‌ ‌   46‌ ‌  28‌ ‌  72‌ ‌  5‌ ‌ 

‌  p‌-value‌ ‌of‌ ‌one-sided‌ ‌Fisher’s‌ ‌exact‌ ‌test:‌ ‌<‌ ‌0.00001‌ ‌ 

https://paperpile.com/c/QS9fGm/74Ga+c5in
https://paperpile.com/c/QS9fGm/74Ga
https://paperpile.com/c/QS9fGm/LBxl
https://paperpile.com/c/QS9fGm/74Ga


‌ 

In‌‌Table‌‌8,‌‌the‌‌number‌‌of‌‌true-positive‌‌SNPs‌‌from‌‌Lippert‌‌‌et‌‌al.‌‌(that‌‌is,‌‌of‌‌discoveries‌‌                               
that‌ ‌have‌ ‌been‌ ‌validated‌ ‌in‌ ‌the‌ ‌literature)‌ ‌is‌‌very‌‌small,‌‌with‌‌only‌‌five‌‌of‌‌the‌‌reported‌‌                               
SNPs‌‌featured‌‌in‌‌GWAS‌‌published‌‌after‌‌the‌‌WTCCC‌‌study‌‌(CD:‌‌3‌‌true‌‌positives,‌‌RA:‌‌1‌‌                             
and‌ ‌T2D‌ ‌1‌ ‌true‌ ‌positive‌ ‌each).‌ ‌This‌ ‌figure‌ ‌is‌ ‌much‌ ‌smaller‌ ‌than‌ ‌for‌ ‌COMBI,‌ ‌which‌‌                             
reports‌ ‌12‌ ‌validated‌ ‌SNPs‌‌for‌‌these‌‌diseases.‌‌Not‌‌only‌‌does‌‌COMBI‌‌give‌‌rise‌‌to‌‌more‌‌                             
validated‌‌discoveries,‌‌but‌‌these‌‌discoveries‌‌cover‌‌the‌‌whole‌‌range‌‌of‌‌WTCCC‌‌diseases.‌‌                       
Overall,‌ ‌the‌ ‌advantage‌ ‌of‌ ‌COMBI‌ ‌over‌ ‌the‌ ‌univariate‌ ‌analysis‌ ‌of‌ ‌Lippert‌ ‌‌et‌ ‌al.‌ ‌is‌‌                           
significant‌ ‌with‌ ‌a‌ ‌‌p‌-value‌ ‌ ‌.00001.< 0  

The‌ ‌epistasis‌ ‌analysis‌ ‌by‌ ‌Lippert‌ ‌‌et‌ ‌al.‌188‌ ‌‌consists‌ ‌of‌ ‌a‌ ‌brute‌ ‌force‌ ‌computation‌ ‌of‌ ‌all‌‌                             
possible‌ ‌pairwise‌ ‌SNP‌ ‌associations‌ ‌for‌ ‌the‌ ‌seven‌ ‌diseases‌ ‌(~63‌ ‌billion‌ ‌pairs;‌ ‌no‌ ‌hits‌‌                         
reported‌ ‌for‌ ‌CD)‌ ‌and‌ ‌testing‌ ‌their‌ ‌epistatic‌ ‌interaction‌‌in‌‌disease‌‌risk‌‌for‌‌significance.‌‌                         
The‌‌authors‌‌report‌‌a‌‌final‌‌list‌‌consisting‌‌of‌‌707‌‌pairs‌‌of‌‌SNPs‌‌with‌‌‌p‌-values‌‌lower‌‌than‌‌                               
7.9‌‌x‌‌10‌-13‌.‌‌Applying‌‌the‌‌LD‌‌pruning‌‌method‌‌as‌‌described‌‌above,‌‌Lippert‌‌‌et‌‌al.‌‌‌identify‌‌                             
two‌‌pairs‌‌of‌‌SNPs‌‌for‌‌BD,‌‌32‌‌for‌‌CAD,‌‌0‌‌for‌‌CD,‌‌2‌‌for‌‌HT,‌‌7‌‌for‌‌RA,‌‌13‌‌for‌‌T1D‌‌and‌‌2‌‌                                             
for‌ ‌T2D.‌ ‌We‌ ‌evaluate‌ ‌all‌ ‌individual‌ ‌SNPs‌ ‌taking‌ ‌part‌ ‌in‌ ‌the‌ ‌significant‌ ‌reported‌‌                         
interactions‌ ‌via‌ ‌our‌ ‌validation‌ ‌pipeline.‌ ‌We‌ ‌are‌ ‌aware‌ ‌that‌ ‌this‌ ‌is‌ ‌only‌ ‌a‌ ‌suboptimal‌‌                           
validation‌ ‌since‌ ‌epistasis‌‌is‌‌not‌‌the‌‌sum‌‌of‌‌separated‌‌SNP‌‌effects,‌‌which‌‌are‌‌those‌‌that‌‌                             
are‌ ‌registered‌ ‌in‌ ‌the‌ ‌GWAS‌ ‌catalog,‌ ‌but‌ ‌some‌ ‌associations‌ ‌could‌ ‌still‌ ‌emerge.‌ ‌By‌                         
running‌ ‌the‌ ‌corresponding‌ ‌markers‌ ‌through‌ ‌our‌ ‌validation‌ ‌pipeline,‌ ‌we‌ ‌find‌ ‌a‌ ‌single‌‌                       
association‌ ‌for‌ ‌T1D,‌ ‌while‌ ‌no‌‌markers‌‌are‌‌found‌‌for‌‌the‌‌other‌‌diseases.‌‌A‌‌comparison‌‌                           
against‌‌the‌‌validated‌‌discoveries‌‌of‌‌COMBI‌‌is‌‌presented‌‌in‌‌‌Table‌‌9‌.‌‌The‌‌superiority‌‌of‌‌                           
the‌ ‌COMBI‌ ‌method‌ ‌over‌ ‌the‌ ‌epistatic‌ ‌analysis‌ ‌of‌ ‌Lippert‌ ‌‌et‌ ‌al.‌ ‌‌in‌ ‌this‌ ‌context‌ ‌is‌‌                             
significant‌ ‌with‌ ‌a‌ ‌‌p‌-value‌ ‌ .‌ ‌.00001< 0  

Table‌ ‌9:‌ ‌Quantitative‌ ‌comparison‌ ‌of‌ ‌the‌ ‌significant‌ ‌findings‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌ ‌ 
and‌ ‌the‌ ‌epistatic‌ ‌analysis‌ ‌method‌ ‌from‌ ‌Lippert‌ ‌‌et‌ ‌al.‌188‌.‌ ‌‌The‌ ‌significant‌ ‌SNPs‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌from‌ ‌‌Table‌ ‌3‌‌ 
are‌ ‌compared‌ ‌with‌ ‌the‌ ‌significant‌ ‌findings‌ ‌of‌ ‌the‌ ‌epistatic‌ ‌analysis‌ ‌presented‌ ‌by‌ ‌Lippert‌ ‌‌et‌ ‌al.‌ ‌‌BD,‌ ‌CAD,‌ ‌CD,‌ ‌HT,‌ ‌RA‌‌ 

and‌ ‌T2D‌ ‌are‌ ‌summarized‌ ‌in‌ ‌the‌ ‌table‌ ‌because‌ ‌no‌ ‌discoveries‌ ‌of‌ ‌Lippert‌ ‌‌et‌ ‌al.‌‌ ‌for‌ ‌these‌ ‌diseases‌ ‌are‌ ‌validated‌ ‌in‌‌ 
independent‌ ‌studies.‌‌ ‌  
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Disease‌ ‌  COMBI‌ ‌  Lippert‌‌ ‌et‌ ‌al.‌‌ ‌univariate‌ ‌analysis‌ ‌ 

Discoveries‌ ‌  Validated‌‌ 
discoveries‌ ‌ 

Discoveries‌‌ ‌   Validated‌‌ 
discoveries‌‌ ‌  

T1D‌ ‌  9‌ ‌  6‌ ‌  13‌ ‌  1‌ ‌ 

BD,‌ ‌CAD,‌ ‌CD,‌ ‌HT,‌ ‌RA,‌ ‌T2D‌‌ ‌   37‌ ‌  22‌ ‌  45‌ ‌  0‌ ‌ 

Overall‌‌ ‌   46‌ ‌  28‌ ‌  58‌ ‌  1‌ ‌ 

‌  p‌-value‌ ‌of‌ ‌one-sided‌ ‌Fisher’s‌ ‌exact‌ ‌test:‌ ‌<‌ ‌0.00001‌ ‌ 

https://paperpile.com/c/QS9fGm/74Ga
https://paperpile.com/c/QS9fGm/LBxl
https://paperpile.com/c/QS9fGm/74Ga


‌ 

3.4‌ ‌Summary‌ ‌and‌ ‌discussion‌ ‌ 
Numerous‌ ‌different‌ ‌approaches‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS‌ ‌have‌‌been‌‌introduced‌‌since‌‌                       
the‌ ‌first‌ ‌of‌ ‌its‌ ‌kind‌ ‌was‌‌published‌‌in‌‌2002.‌‌Traditionally,‌‌they‌‌focus‌‌either‌‌on‌‌accurate‌‌                             
phenotype‌ ‌prediction‌57–59‌ ‌or‌ ‌the‌ ‌identification‌ ‌of‌ ‌SNP-phenotype‌ ‌associations‌63,65,66‌.‌‌At‌‌                 
first,‌‌most‌‌of‌‌these‌‌approaches‌‌were‌‌of‌‌a‌‌purely‌‌statistical‌‌nature‌42,43‌,‌‌but‌‌since‌‌ML‌‌has‌‌                             
become‌‌increasingly‌‌important‌‌in‌‌data‌‌science,‌‌it‌‌also‌‌found‌‌its‌‌way‌‌to‌‌the‌‌investigation‌‌                           
of‌‌genomic‌‌data.‌‌Like‌‌traditional‌‌methods,‌‌these‌‌ML-based‌‌approaches‌‌can‌‌be‌‌classified‌‌                       
into‌ ‌two‌ ‌groups:‌ ‌ 

1. methods‌ ‌that‌ ‌construct‌ ‌an‌ ‌ML‌ ‌model‌ ‌from‌ ‌genetic‌ ‌data‌ ‌in‌ ‌order‌ ‌to‌ ‌carry‌ ‌out‌‌                           
accurate‌ ‌predictions‌ ‌of‌ ‌a‌ ‌phenotype‌60,61,193,196,197,240–242‌;‌ ‌and‌ ‌ 

2. methods‌ ‌that‌ ‌use‌ ‌ML‌ ‌to‌ ‌construct‌ ‌a‌ ‌statistical‌ ‌association‌ ‌test‌ ‌or‌ ‌rank‌ ‌genetic‌‌                         
markers‌ ‌according‌ ‌to‌ ‌their‌ ‌predicted‌ ‌association‌ ‌with‌ ‌a‌ ‌phenotype‌62,63,66,213,243–246‌.‌‌ ‌  

The‌ ‌set‌ ‌of‌ ‌papers‌ ‌that‌ ‌fall‌ ‌into‌ ‌the‌ ‌first‌ ‌category,‌ ‌for‌ ‌example,‌ ‌study‌ ‌the‌ ‌predictive‌‌                             
performance‌ ‌of‌ ‌non-penalized‌ ‌or‌ ‌penalized,‌ ‌linear‌ ‌or‌ ‌nonlinear‌ ‌regression‌ ‌and‌‌                   
classification‌ ‌models,‌ ‌including‌ ‌SVMs‌11–13‌,‌ ‌random‌ ‌forests‌247‌ ‌and‌ ‌sparsity-inducing‌‌               
methods‌ ‌such‌ ‌as‌ ‌the‌ ‌elastic‌ ‌net‌154‌,‌ ‌on‌ ‌various‌ ‌complex‌ ‌diseases‌ ‌(including‌ ‌the‌ ‌ones‌‌                         
studied‌‌here),‌‌showing‌‌that‌‌ML‌‌methods‌‌such‌‌as‌‌SVMs‌‌–‌‌if‌‌appropriately‌‌applied‌‌-‌‌can‌‌                             
perform‌ ‌well‌ ‌at‌ ‌predicting‌ ‌disease‌ ‌risks.‌‌ ‌  

This‌‌dissertation‌‌aimed‌‌at‌‌both‌‌of‌‌the‌‌goals‌‌presented‌‌above‌‌but‌‌put‌‌focus‌‌on‌‌the‌‌second‌‌                               
category‌ ‌by‌ ‌using‌‌ML-based‌‌prediction‌‌methods‌‌in‌‌combination‌‌with‌‌statistical‌‌testing‌‌                     
to‌‌identify‌‌SNPs‌‌associated‌‌with‌‌the‌‌phenotype‌‌under‌‌investigation.‌‌We‌‌first‌‌proposed‌‌a‌‌                         
novel‌ ‌method‌ ‌-‌ ‌called‌ ‌COMBI‌ ‌-‌ ‌which‌ ‌utilizes‌ ‌the‌ ‌advantages‌‌of‌‌an‌‌SVM‌‌trained‌‌for‌‌                             
phenotype‌‌prediction‌‌to‌‌select‌‌a‌‌set‌‌of‌‌candidate‌‌SNPs‌‌for‌‌multiple‌‌hypothesis‌‌testing.‌‌It‌‌                           
was‌‌shown‌‌that‌‌COMBI‌‌outperformed‌‌the‌‌traditional‌‌RPVT‌‌statistical‌‌testing‌‌approach‌‌                     
on‌‌generated‌‌as‌‌well‌‌as‌‌real‌‌GWAS‌‌datasets.‌‌In‌‌addition,‌‌it‌‌was‌‌found‌‌that‌‌the‌‌individual‌‌                               
components‌ ‌of‌ ‌the‌ ‌proposed‌‌combinatorial‌‌approach‌‌-‌‌SVM‌‌training,‌‌statistical‌‌testing‌‌                     
and‌‌the‌‌moving‌‌average‌‌filter‌‌-‌‌cannot‌‌achieve‌‌comparable‌‌performance‌‌when‌‌their‌‌raw‌‌                         
scores‌ ‌are‌ ‌used‌ ‌as‌ ‌test‌ ‌statistics‌ ‌and‌ ‌directly‌ ‌thresholded‌ ‌for‌ ‌significance.‌ ‌Only‌ ‌the‌‌                         
combination‌ ‌of‌ ‌these‌ ‌components‌ ‌can‌ ‌improve‌ ‌the‌ ‌identification‌ ‌of‌ ‌associated‌ ‌SNPs‌‌                     
successfully.‌‌ ‌  

The‌ ‌COMBI‌ ‌method‌‌was‌‌furthermore‌‌compared‌‌to‌‌alternative‌‌methods‌‌that‌‌stem‌‌from‌‌                       
the‌ ‌second‌ ‌category‌ ‌from‌ ‌above,‌ ‌some‌ ‌of‌ ‌which‌ ‌include‌ ‌two-stage‌ ‌approaches,‌ ‌first‌‌                       
performing‌‌statistical‌‌testing‌‌and‌‌then‌‌ML‌‌to‌‌refine‌‌the‌‌set‌‌of‌‌predicted‌‌associations‌62,63‌.‌‌                         
These‌‌approaches,‌‌however,‌‌are‌‌unable‌‌to‌‌take‌‌correlation‌‌structures‌‌of‌‌SNPs‌‌that‌‌have‌‌                         
been‌ ‌excluded‌ ‌in‌ ‌the‌ ‌first‌ ‌step‌ ‌into‌ ‌account‌ ‌and‌ ‌neither‌ ‌method‌ ‌was‌‌validated‌‌on‌‌real‌‌                             
data‌ ‌in‌‌terms‌‌of‌‌a‌‌comparison‌‌to‌‌the‌‌GWAS‌‌database.‌‌Similarly,‌‌Pahikkala‌‌‌et‌‌al.‌248‌ ‌‌and‌‌                             
He‌ ‌and‌ ‌Lin‌249‌ ‌developed‌ ‌methods‌ ‌for‌ ‌ranking‌ ‌genetic‌ ‌markers‌ ‌based‌ ‌on‌ ‌the‌ ‌sure‌‌                         
independence‌ ‌screening‌ ‌strategy‌250‌ ‌and‌ ‌stability‌‌selection‌‌analyzing‌‌only‌‌one‌‌SNP‌‌at‌‌a‌‌                       
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time.‌ ‌The‌ ‌approach‌ ‌was‌ ‌extended‌ ‌to‌‌detect‌‌gene-to-gene‌‌interactions‌‌by‌‌Li‌‌‌et‌‌al.‌250,251‌,‌‌                         
but‌ ‌neither‌ ‌of‌ ‌the‌ ‌methods‌ ‌was‌ ‌validated‌ ‌on‌ ‌independent‌ ‌external‌ ‌studies.‌ ‌Another‌‌                       
approach‌‌was‌‌introduced‌‌by‌‌Alexander‌‌and‌‌Lange‌231‌,‌‌who‌‌applied‌‌the‌‌stability‌‌selection‌‌                       
method‌‌of‌‌Meinshausen‌‌and‌‌Bühlmann‌64‌ ‌to‌‌the‌‌WTCCC‌‌dataset‌‌to‌‌rank‌‌SNPs‌‌according‌‌                         
to‌ ‌their‌ ‌predicted‌ ‌association‌ ‌with‌ ‌a‌ ‌phenotype.‌ ‌We‌ ‌found‌ ‌that‌ ‌stability‌ ‌selection‌‌                       
effectively‌‌controls‌‌the‌‌‌FWER‌‌when‌‌applied‌‌to‌‌GWAS‌‌data‌‌but‌‌suffers‌‌a‌‌loss‌‌of‌‌power‌‌                             
while‌ ‌at‌ ‌the‌ ‌same‌ ‌time‌ ‌rendering‌‌conservative‌‌results.‌‌The‌‌work‌‌that‌‌is‌‌probably‌‌most‌‌                           
closely‌ ‌related‌ ‌to‌ ‌the‌ ‌present‌ ‌research‌ ‌is‌ ‌the‌ ‌two-step‌ ‌algorithm‌ ‌by‌ ‌Wasserman‌ ‌and‌‌                         
Roeder‌210‌(and‌‌the‌‌extension‌‌by‌‌Meinshausen‌‌‌et‌‌al.‌211‌),‌‌who‌‌split‌‌the‌‌data‌‌into‌‌two‌‌equal‌‌                           
parts‌‌performing‌‌marker‌‌selection‌‌on‌‌the‌‌first‌‌part‌‌and‌‌then‌‌testing‌‌the‌‌selected‌‌markers‌‌                           
on‌ ‌the‌ ‌second‌ ‌part.‌‌ ‌  

In‌‌order‌‌to‌‌investigate‌‌and‌‌compare‌‌the‌‌performance‌‌of‌‌the‌‌COMBI‌‌method‌‌to‌‌other‌‌ML‌‌                             
approaches,‌‌the‌‌work‌‌of‌‌Wasserman‌‌and‌‌Roeder‌210‌,‌‌Meinshausen‌‌‌et‌‌al.‌211‌ ‌a‌nd‌‌Roshan‌‌‌et‌‌                         
al.‌62‌ ‌‌were‌ ‌selected‌‌as‌‌representative‌‌baseline‌‌methods.‌‌In‌‌‌Chapter‌‌3.3.1‌,‌‌‌it‌‌was‌‌shown‌‌                         
that‌ ‌the‌ ‌COMBI‌ ‌approach‌ ‌outperformed‌ ‌all‌ ‌of‌ ‌these‌ ‌methods‌ ‌on‌ ‌semi-real‌ ‌generated‌‌                       
data.‌ ‌Wasserman‌ ‌and‌ ‌Roeder‌210‌ ‌and‌ ‌also‌ ‌the‌ ‌extension‌ ‌by‌ ‌Meinshausen‌‌‌et‌‌al.‌211‌ ‌‌lose‌‌a‌‌                           
great‌‌amount‌‌of‌‌statistical‌‌power‌‌by‌‌splitting‌‌the‌‌GWAS‌‌dataset‌‌under‌‌investigation‌‌into‌‌                         
two‌ ‌parts,‌ ‌performing‌‌SNP‌‌preselection‌‌on‌‌one‌‌part‌‌and‌‌statistical‌‌testing‌‌on‌‌the‌‌other.‌‌                           
This‌ ‌approach‌ ‌is‌ ‌significantly‌ ‌less‌ ‌successful‌ ‌in‌ ‌identifying‌ ‌SNP‌ ‌disease‌ ‌associations‌‌                     
than‌ ‌COMBI,‌ ‌which‌ ‌performs‌ ‌all‌ ‌substeps‌ ‌on‌ ‌the‌‌complete‌‌(and‌‌therefore‌‌statistically‌‌                       
more‌ ‌powerful)‌‌dataset.‌‌Another‌‌important‌‌and‌‌very‌‌closely‌‌related‌‌method‌‌by‌‌Lippert‌‌                       
et‌ ‌al.‌188,192‌ ‌aims‌ ‌to‌ ‌identify‌ ‌putative‌ ‌significant‌ ‌disease-marker‌ ‌associations‌ ‌using‌ ‌two‌‌                     
approaches‌ ‌based‌ ‌on‌ ‌LMMs:‌ ‌a‌ ‌univariate‌ ‌test‌ ‌and‌ ‌a‌ ‌test‌ ‌for‌ ‌pairwise‌ ‌epistatic‌‌                         
interactions.‌ ‌LMMs,‌ ‌like‌ ‌COMBI,‌ ‌address‌ ‌the‌ ‌issue‌ ‌of‌ ‌population‌ ‌stratification‌ ‌in‌‌                     
GWAS,‌ ‌cf.‌ ‌‌Mimno‌ ‌‌et‌ ‌al.‌252‌.‌ ‌However,‌ ‌in‌ ‌contrast‌ ‌to‌ ‌COMBI,‌ ‌they‌ ‌still‌ ‌test‌ ‌SNPs‌ ‌(or‌‌                             
pairs‌ ‌of‌ ‌SNPs)‌ ‌individually,‌ ‌one‌ ‌after‌ ‌the‌ ‌other‌ ‌and‌ ‌thus‌ ‌potentially‌ ‌lose‌ ‌detection‌‌                         
power.‌‌Another‌‌possible‌‌shortcoming‌‌of‌‌LMMs‌‌and‌‌related‌‌methods‌‌over‌‌SVMs‌‌is‌‌that‌‌                         
they‌ ‌are‌ ‌tailored‌ ‌for‌ ‌regression‌ ‌and‌‌not‌‌binary‌‌classification.‌‌Recently‌‌the‌‌approach‌‌of‌‌                         
Lippert‌ ‌‌et‌ ‌al.‌ ‌‌has‌ ‌been‌ ‌extended‌ ‌for‌ ‌disease‌ ‌risk‌ ‌prediction‌ ‌(Rakitsch‌ ‌‌et‌ ‌al.‌253‌)‌ ‌‌and‌‌                           
related‌‌approaches‌‌have‌‌been‌‌proposed‌‌by‌‌Loh‌‌‌et‌‌al.‌254‌ ‌and‌‌Song‌‌‌et‌‌al.‌255‌,‌‌suffering‌‌the‌‌                             
same‌ ‌drawbacks‌ ‌as‌ ‌discussed‌ ‌above.‌ ‌For‌ ‌a‌ ‌comparison‌ ‌of‌ ‌COMBI‌ ‌with‌ ‌Lippert‌ ‌‌et‌‌                         
al.‌188,192‌ ‌on‌ ‌real‌ ‌WTCCC‌ ‌data,‌ ‌see‌ ‌‌Chapter‌ ‌3.3.2.‌ ‌When‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌univariate‌‌                           
method‌ ‌of‌ ‌Lippert‌ ‌‌et‌‌al.‌‌were‌‌checked‌‌against‌‌the‌‌same‌‌validation‌‌criteria‌‌we‌‌used‌‌for‌‌                             
COMBI,‌‌it‌‌turned‌‌out‌‌that‌‌our‌‌method‌‌reported‌‌17‌‌more‌‌true‌‌positives‌‌(4.4‌‌times‌‌more‌‌                             
positives)‌‌for‌‌the‌‌three‌‌diseases‌‌for‌‌which‌‌their‌‌univariate‌‌method‌‌reported‌‌at‌‌least‌‌one‌‌                           
hit‌ ‌and‌ ‌performed‌ ‌significantly‌ ‌better‌ ‌on‌ ‌all‌ ‌datasets.‌ ‌The‌ ‌COMBI‌ ‌method‌ ‌also‌‌holds‌‌                         
great‌ ‌potential‌ ‌for‌ ‌testing‌ ‌pairwise‌ ‌SNP-trait‌ ‌associations,‌ ‌as‌ ‌it‌ ‌drastically‌‌reduces‌‌the‌‌                       
number‌ ‌of‌ ‌candidate‌ ‌associations‌ ‌by‌‌selecting‌‌a‌‌subset‌‌of‌‌the‌‌most‌‌predictive‌‌SNPs‌‌in‌‌                           
the‌ ‌ML‌ ‌step.‌ ‌Again,‌ ‌a‌ ‌comparison‌ ‌to‌ ‌the‌ ‌method‌ ‌Lippert‌ ‌‌et‌ ‌al.‌188,192‌ ‌‌proposed‌ ‌for‌‌                           
detecting‌ ‌epistatic‌ ‌interactions‌ ‌was‌ ‌also‌ ‌significantly‌ ‌favorable‌ ‌to‌ ‌COMBI.‌ ‌An‌‌                   
extension‌ ‌of‌ ‌LMMs‌ ‌to‌ ‌multivariate‌ ‌cases‌ ‌was‌ ‌developed‌‌by‌‌Zhou‌‌and‌‌Stephens‌256‌ ‌but‌‌                         
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‌ 

has‌‌not‌‌yet‌‌been‌‌applied‌‌to‌‌WTCCC.‌‌Fitting‌‌LMMs‌‌to‌‌multiple‌‌phenotypes‌‌provides‌‌no‌‌                           
novel‌ ‌insight‌ ‌into‌ ‌analyzing‌ ‌multiple‌ ‌genotypes/SNPs‌ ‌at‌ ‌once,‌ ‌which‌ ‌is‌ ‌the‌ ‌issue‌‌                       
COMBI‌ ‌addresses.‌ ‌ 

With‌ ‌the‌ ‌increasingly‌ ‌large‌‌amounts‌‌of‌‌available‌‌data,‌‌deep‌‌learning-based‌‌approaches‌‌                     
and‌‌artificial‌‌NNs‌‌are‌‌now‌‌also‌‌being‌‌applied‌‌to‌‌GWAS‌‌datasets‌198,199‌.‌‌However,‌‌most‌‌of‌‌                           
these‌ ‌publications‌ ‌focus‌ ‌on‌ ‌pure‌ ‌classification‌ ‌or‌ ‌regression‌ ‌prediction‌ ‌tasks‌193,200–202‌,‌‌                   
rather‌ ‌than‌‌the‌‌identification‌‌of‌‌associated‌‌SNPs‌‌in‌‌the‌‌corresponding‌‌datasets‌193,203‌.‌‌To‌‌                       
harness‌ ‌the‌ ‌great‌ ‌potential‌ ‌of‌ ‌DNNs‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS,‌ ‌we‌ ‌proposed‌ ‌another‌‌                           
novel‌ ‌method‌ ‌-‌ ‌called‌ ‌DeepCOMBI‌ ‌-‌ ‌which‌ ‌uses‌ ‌a‌ ‌deep‌ ‌learning-based‌ ‌phenotype‌‌                       
prediction‌‌in‌‌combination‌‌with‌‌statistical‌‌testing‌‌for‌‌identifying‌‌SNPs‌‌that‌‌are‌‌associated‌‌                       
with‌‌the‌‌phenotype‌‌under‌‌investigation.‌‌DeepCOMBI‌‌could‌‌be‌‌considered‌‌an‌‌extension‌‌                     
of‌ ‌COMBI,‌ ‌replacing‌ ‌the‌ ‌rather‌ ‌simple‌ ‌linear‌‌SVM‌‌with‌‌a‌‌more‌‌sophisticated‌‌method‌‌                         
and‌ ‌using‌ ‌the‌ ‌concept‌ ‌of‌ ‌explainability‌ ‌to‌ ‌reveal‌ ‌the‌ ‌underlying‌ ‌decision-making‌‌                     
process.‌‌In‌‌particular,‌‌DeepCOMBI‌‌trains‌‌a‌‌DNN‌‌and‌‌extracts‌‌SNP‌‌relevance‌‌scores‌‌via‌‌                         
LRP‌16–18‌.‌ ‌To‌ ‌our‌ ‌knowledge,‌ ‌Romagnoni‌ ‌‌et‌ ‌al.‌193‌ ‌were‌‌the‌‌first‌‌and‌‌only‌‌scientists‌‌(up‌‌                           
until‌‌the‌‌publication‌‌of‌‌DeepCOMBI)‌‌to‌‌use‌‌XAI‌‌in‌‌the‌‌context‌‌of‌‌GWAS‌‌and‌‌propose‌‌                             
to‌ ‌apply‌ ‌PFI.‌ ‌Even‌ ‌though‌ ‌they‌ ‌were‌ ‌able‌ ‌to‌ ‌identify‌ ‌some‌ ‌novel‌ ‌predictors,‌ ‌the‌‌                           
prediction‌ ‌performance‌ ‌of‌ ‌their‌ ‌NN‌ ‌was‌ ‌not‌ ‌better‌ ‌than‌ ‌that‌ ‌of‌ ‌traditional‌ ‌ML-based‌‌                         
tools.‌ ‌In‌ ‌addition,‌ ‌PFI‌ ‌is‌ ‌a‌ ‌generalized,‌ ‌model-agnostic‌ ‌approach‌ ‌and‌ ‌with‌ ‌the‌‌                       
DeepCOMBI‌ ‌method,‌ ‌we‌ ‌utilized‌ ‌more‌ ‌advanced‌ ‌deep‌ ‌Taylor-based‌ ‌explanation‌‌                 
techniques‌ ‌by‌ ‌adopting‌ ‌LRP‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS‌ ‌data.‌‌ ‌  

DeepCOMBI‌‌was‌‌shown‌‌to‌‌compare‌‌favorably‌‌to‌‌its‌‌main‌‌competitor‌‌COMBI‌‌on‌‌both‌‌                         
generated‌ ‌controlled‌ ‌datasets‌ ‌as‌ ‌well‌ ‌as‌ ‌seven‌ ‌real-world‌ ‌GWAS‌ ‌datasets.‌ ‌These‌‌                     
findings‌ ‌are‌ ‌in‌ ‌accordance‌ ‌with‌ ‌Romagnoni‌ ‌‌et‌ ‌al.‌193‌,‌ ‌who‌ ‌found‌ ‌that‌ ‌deep‌‌                       
learning-based‌ ‌methods‌ ‌can‌ ‌provide‌ ‌novel‌ ‌insights‌ ‌into‌ ‌the‌ ‌genetic‌ ‌architecture‌ ‌of‌‌                     
specific‌ ‌traits.‌ ‌By‌ ‌applying‌ ‌LRP,‌ ‌we‌ ‌were‌ ‌able‌ ‌to‌ ‌leverage‌ ‌the‌ ‌power‌ ‌of‌ ‌DNNs‌ ‌and‌‌                             
generate‌ ‌relevance‌ ‌scores‌‌that‌‌are‌‌less‌‌noise‌‌inflicted‌‌than‌‌the‌‌SVM‌‌importance‌‌scores‌‌                         
of‌‌COMBI.‌‌In‌‌return,‌‌the‌‌preselection‌‌of‌‌candidates‌‌SNPs‌‌is‌‌better‌‌than‌‌that‌‌of‌‌COMBI‌‌                             
and‌‌higher‌‌TPR‌‌and‌‌precision‌‌can‌‌be‌‌achieved‌‌for‌‌all‌‌levels‌‌of‌‌error.‌‌In‌‌addition‌‌to‌‌the‌‌                                 
main‌ ‌competitor‌ ‌method,‌ ‌COMBI,‌ ‌we‌ ‌also‌ ‌compared‌ ‌DeepCOMBI‌ ‌to‌ ‌the‌ ‌baseline‌‌                     
methods‌ ‌of‌ ‌RPVT,‌ ‌raw‌ ‌LRP‌ ‌relevance‌ ‌scores‌ ‌and‌ ‌raw‌ ‌SVM‌ ‌importance‌ ‌scores‌ ‌and‌‌                         
showed‌ ‌that‌ ‌only‌ ‌the‌ ‌combination‌ ‌of‌ ‌deep‌ ‌learning‌ ‌and‌ ‌multiple‌ ‌testing‌ ‌show‌ ‌the‌‌                         
desired‌ ‌performance‌ ‌increase,‌ ‌which‌ ‌cannot‌ ‌be‌ ‌achieved‌ ‌individually‌ ‌by‌ ‌one‌ ‌of‌ ‌these‌‌                       
components.‌ ‌Since‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌itself‌ ‌was‌ ‌shown‌ ‌before‌ ‌to‌ ‌outperform‌ ‌other‌                       
combinatorial‌ ‌ML-based‌ ‌approaches‌ ‌(Roshan‌ ‌‌et‌ ‌al.‌62‌,‌ ‌Meinshausen‌ ‌‌et‌ ‌al.‌213‌ ‌‌and‌‌                   
Wasserman‌‌and‌‌Roeder‌210‌)‌‌and‌‌two‌‌purely‌‌statistical‌‌analysis‌‌tools‌‌(Lippert‌‌‌et‌‌al.‌188,192‌),‌‌                       
it‌ ‌can‌ ‌be‌ ‌directly‌ ‌deduced‌ ‌that‌ ‌DeepCOMBI‌ ‌also‌ ‌outperforms‌ ‌those‌ ‌approaches.‌ ‌ 

To‌‌summarize,‌‌we‌‌proposed‌‌two‌‌novel‌‌and‌‌powerful‌‌methods‌‌for‌‌analyzing‌‌GWAS‌‌data‌‌                         
that‌ ‌are‌ ‌based‌ ‌on‌ ‌applying‌ ‌a‌ ‌carefully‌ ‌designed‌ ‌ML‌ ‌step‌ ‌before‌ ‌applying‌ ‌a‌ ‌classical‌                           
multiple‌ ‌testing‌ ‌step.‌ ‌Certain‌ ‌ML‌ ‌models,‌ ‌in‌ ‌particular‌ ‌appropriately‌ ‌designed‌ ‌linear‌‌                     
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SVMs‌ ‌and‌ ‌DNNs,‌ ‌take‌ ‌high-dimensional‌ ‌correlation‌ ‌structures‌ ‌into‌ ‌account‌ ‌and‌ ‌thus‌‌                     
implicitly‌ ‌incorporate‌ ‌interactions‌ ‌between‌ ‌different‌ ‌loci.‌ ‌A‌ ‌subset‌ ‌of‌ ‌predictive‌‌                   
candidate‌ ‌SNPs‌ ‌is‌ ‌extracted‌ ‌within‌ ‌the‌ ‌ML‌‌step.‌‌The‌‌COMBI‌‌method‌‌implements‌‌the‌‌                         
ML‌‌step‌‌with‌‌an‌‌SVM‌‌and‌‌interprets‌‌the‌‌learned‌‌weights‌‌as‌‌importance‌‌scores‌‌in‌‌order‌‌                             
to‌ ‌select‌ ‌candidate‌ ‌SNPs‌‌for‌‌multiple‌‌statistical‌‌testing.‌‌The‌‌‌p‌-values‌‌corresponding‌‌to‌‌                       
association‌ ‌tests‌ ‌are‌ ‌then‌ ‌thresholded‌ ‌with‌ ‌a‌ ‌permutation-based‌ ‌procedure‌ ‌for‌ ‌these‌‌                     
candidate‌ ‌SNPs‌ ‌in‌ ‌a‌ ‌subsequent‌ ‌statistical‌ ‌testing‌ ‌step.‌ ‌COMBI‌ ‌was‌ ‌shown‌ ‌to‌‌                       
outperform‌‌the‌‌RPVT‌‌approach‌‌both‌‌on‌‌controlled,‌‌semi-real‌‌data‌‌and‌‌on‌‌data‌‌from‌‌the‌‌                           
WTCCC‌ ‌2007‌ ‌study,‌ ‌for‌ ‌which‌ ‌reported‌ ‌associations‌ ‌were‌ ‌validated‌ ‌by‌ ‌their‌‌                     
replicability‌ ‌in‌ ‌later‌ ‌external‌ ‌studies.‌ ‌The‌ ‌empirical‌ ‌analysis‌ ‌showed‌ ‌a‌ ‌significant‌‌                     
increase‌ ‌in‌ ‌detection‌ ‌power‌ ‌for‌ ‌replicated‌ ‌SNPs‌ ‌while‌ ‌yielding‌ ‌fewer‌ ‌unconfirmed‌‌                     
discoveries.‌ ‌Two‌ ‌new‌ ‌(as‌ ‌yet‌ ‌unreplicated)‌ ‌candidate‌ ‌associations‌ ‌were‌ ‌reported.‌ ‌The‌‌                     
second‌ ‌method‌ ‌we‌ ‌proposed‌ ‌is‌ ‌called‌ ‌DeepCOMBI‌ ‌and‌ ‌implements‌ ‌the‌ ‌ML‌ ‌step‌ ‌as‌‌                         
follows:‌ ‌After‌ ‌training‌ ‌a‌ ‌carefully‌ ‌designed‌ ‌DNN‌ ‌to‌ ‌classify‌ ‌subjects‌ ‌into‌ ‌their‌‌                       
respective‌ ‌phenotype,‌ ‌the‌ ‌concept‌ ‌of‌ ‌XAI‌ ‌is‌ ‌applied‌ ‌by‌ ‌backpropagating‌ ‌the‌ ‌class‌‌                       
prediction‌ ‌score‌ ‌to‌ ‌the‌ ‌input‌ ‌layer‌ ‌through‌ ‌the‌ ‌network‌ ‌via‌ ‌LRP.‌ ‌The‌ ‌resulting‌ ‌SNP‌‌                           
relevance‌ ‌scores‌ ‌are‌ ‌used‌ ‌to‌ ‌select‌ ‌the‌ ‌most‌ ‌relevant‌ ‌SNPs‌ ‌for‌ ‌multiple‌ ‌testing‌ ‌in‌‌                           
combination‌ ‌with‌ ‌the‌ ‌same‌ ‌permutation-based‌ ‌thresholding‌ ‌procedure‌ ‌of‌ ‌the‌ ‌COMBI‌‌                   
method.‌ ‌On‌ ‌both‌ ‌generated,‌ ‌controlled‌ ‌datasets‌ ‌as‌ ‌well‌ ‌as‌ ‌seven‌ ‌real‌‌GWAS‌‌datasets,‌‌                         
DeepCOMBI‌ ‌was‌ ‌shown‌ ‌to‌ ‌outperform‌ ‌COMBI‌ ‌and‌ ‌a‌ ‌number‌ ‌of‌ ‌other‌ ‌competitor‌‌                       
methods‌ ‌in‌ ‌terms‌ ‌of‌ ‌classification‌ ‌accuracy‌ ‌of‌ ‌the‌‌DNN‌‌and‌‌in‌‌terms‌‌of‌‌ROC‌‌and‌‌PR‌‌                               
curves‌ ‌when‌ ‌using‌ ‌either‌ ‌the‌ ‌generated‌ ‌labels‌ ‌or‌ ‌replicability‌ ‌in‌ ‌external‌ ‌studies‌ ‌as‌ ‌a‌‌                           
validation‌ ‌criterion.‌ ‌In‌ ‌addition,‌ ‌two‌ ‌very‌ ‌promising,‌ ‌entirely‌ ‌novel‌ ‌SNP‌ ‌disease‌‌                     
associations‌‌were‌‌discovered.‌‌Located‌‌on‌‌an‌‌intron‌‌for‌‌‌NEGR1‌,‌‌an‌‌important‌‌gene‌‌many‌‌                         
times‌ ‌linked‌ ‌to‌ ‌obesity,‌ ‌body‌ ‌mass‌ ‌index‌ ‌and‌ ‌other‌ ‌correlated‌ ‌factors,‌ ‌rs10889923‌‌on‌‌                         
chromosome‌ ‌1‌ ‌was‌ ‌found‌ ‌to‌ ‌be‌ ‌significantly‌ ‌linked‌ ‌to‌ ‌hypertension.‌ ‌Another‌ ‌novel‌‌                       
location‌‌found‌‌by‌‌DeepCOMBI‌‌to‌‌be‌‌associated‌‌with‌‌type‌‌1‌‌diabetes‌‌is‌‌rs4769283.‌‌It‌‌is‌‌                             
part‌‌of‌‌an‌‌intergenic‌‌region‌‌on‌‌chromosome‌‌13‌‌and‌‌was‌‌previously‌‌found‌‌to‌‌be‌‌an‌‌eQTL‌‌                               
for‌ ‌C1QTNF9B‌ ‌in‌ ‌the‌ ‌pancreas,‌ ‌the‌ ‌affected‌ ‌organ‌ ‌in‌ ‌T1D‌ ‌patients.‌ ‌ 

In‌‌reference‌‌to‌‌the‌‌author’s‌‌thesis‌‌of‌‌this‌‌dissertation,‌‌in‌‌this‌‌chapter,‌‌two‌‌novel‌‌methods‌‌                             
for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌GWAS‌ ‌were‌ ‌proposed‌ ‌that‌ ‌are‌ ‌both‌‌based‌‌on‌‌a‌‌combination‌‌of‌‌the‌‌                               
traditionally‌ ‌used‌ ‌analysis‌ ‌tool‌ ‌-‌ ‌multiple‌ ‌hypothesis‌ ‌testing‌ ‌-‌ ‌and‌ ‌a‌ ‌novel‌ ‌ML-based‌‌                         
technique‌ ‌-‌ ‌SVM‌ ‌and‌ ‌DNN,‌ ‌respectively.‌ ‌Validating‌ ‌the‌ ‌proposed‌ ‌thesis,‌ ‌they‌ ‌were‌‌                       
successfully‌‌applied‌‌to‌‌GWAS‌‌datasets‌‌and‌‌contributed‌‌to‌‌a‌‌better‌‌understanding‌‌of‌‌the‌‌                         
translation‌‌of‌‌genetic‌‌code‌‌into‌‌phenotypes.‌‌The‌‌proposed‌‌methods‌‌were‌‌shown‌‌to‌‌rely‌‌                         
on‌‌each‌‌of‌‌its‌‌individual‌‌components‌‌and‌‌increase‌‌the‌‌statistical‌‌power‌‌and‌‌accuracy‌‌of‌                           
existing‌ ‌techniques.‌ ‌In‌ ‌this‌ ‌framework,‌ ‌too‌ ‌-‌ ‌“‌the‌ ‌whole‌‌is‌‌greater‌‌than‌‌the‌‌sum‌‌of‌‌its‌‌                               
parts‌”‌26‌‌ ‌(derived‌ ‌from‌ ‌Aristotle,‌ ‌4th‌ ‌century‌ ‌BC).‌ ‌ 

A‌ ‌number‌ ‌of‌ ‌alternatives‌ ‌and‌ ‌possible‌ ‌options‌ ‌for‌ ‌future‌‌research‌‌exist.‌‌The‌‌proposed‌‌                         
approach‌‌can‌‌be‌‌extended‌‌to‌‌explore‌‌different‌‌directions‌‌by‌‌substituting‌‌one‌‌of‌‌the‌‌two‌‌                           
steps‌ ‌of‌ ‌the‌ ‌general‌ ‌algorithm‌ ‌(first‌ ‌ML,‌ ‌second‌ ‌statistical‌ ‌testing)‌‌with‌‌other‌‌suitable‌‌                         

‌ 

‌ 
103‌ 

https://paperpile.com/c/QS9fGm/ilw1


‌ 

procedures.‌ ‌The‌ ‌effects‌ ‌of‌ ‌replacing‌ ‌the‌ ‌ ‌test‌ ‌in‌ ‌the‌ ‌final‌ ‌step‌ ‌of‌ ‌the‌ ‌two‌‌proposed‌‌            χ2                    
methods‌ ‌with‌ ‌a‌ ‌different,‌ ‌more‌ ‌sophisticated‌ ‌kind‌ ‌of‌ ‌test‌ ‌should‌ ‌be‌ ‌studied.‌ ‌For‌‌                         
example,‌ ‌procedures‌ ‌correcting‌ ‌for‌ ‌population‌ ‌structures‌ ‌or‌ ‌other‌ ‌confounding‌‌                 
factors‌192,257‌ ‌or‌ ‌investigating‌ ‌pairwise‌ ‌hypotheses‌‌or‌‌other‌‌multivariate‌‌effects‌‌could‌‌be‌‌                     
examined.‌‌Another‌‌goal‌‌could‌‌be‌‌to‌‌extend‌‌the‌‌COMBI‌‌and‌‌DeepCOMBI‌‌methods‌‌to‌‌a‌‌                           
regression‌ ‌setup,‌ ‌where‌ ‌the‌ ‌phenotype‌ ‌is‌ ‌not‌ ‌binary.‌ ‌DNNs‌ ‌and‌ ‌SVMs‌ ‌can‌ ‌easily‌ ‌be‌‌                           
adjusted‌ ‌to‌‌non-binary‌‌phenotypes.‌‌Considering‌‌the‌‌first‌‌step‌‌of‌‌the‌‌method,‌‌one‌‌could‌                         
apply‌‌other‌‌ML‌‌prediction‌‌methods‌‌instead‌‌of‌‌training‌‌an‌‌SVM.‌‌For‌‌example,‌‌the‌‌SVM‌‌                           
training‌ ‌could‌ ‌be‌ ‌replaced‌ ‌by‌ ‌SNP‌ ‌selection‌ ‌via‌ ‌random‌ ‌forests‌ ‌or‌ ‌component-wise‌‌                       
boosting.‌ ‌Future‌ ‌work‌ ‌on‌ ‌the‌ ‌subject‌ ‌of‌ ‌deep‌ ‌learning‌ ‌and‌ ‌XAI‌ ‌in‌ ‌the‌ ‌context‌ ‌of‌‌                             
analyzing‌ ‌GWAS‌ ‌datasets‌ ‌could‌‌also‌‌focus‌‌on‌‌replacing‌‌the‌‌first‌‌step‌‌of‌‌a‌‌DNN‌‌in‌‌the‌‌                               
DeepCOMBI‌‌method.‌‌DNNs‌‌with‌‌different‌‌architectures‌‌or‌‌other‌‌suitable‌‌analysis‌‌tools‌‌                     
could‌‌be‌‌investigated.‌‌For‌‌example,‌‌future‌‌research‌‌could‌‌aim‌‌to‌‌harness‌‌the‌‌potential‌‌of‌‌                           
CNNs‌258‌ ‌as‌ ‌a‌‌promising‌‌candidate‌‌network‌‌architecture‌‌since‌‌CNNs‌‌implement‌‌similar‌‌                     
feature‌‌extracting‌‌properties‌‌of‌‌short-range‌‌local‌‌effects‌‌as‌‌the‌‌moving‌‌average‌‌filter‌‌of‌‌                         
the‌ ‌proposed‌ ‌methods.‌ ‌By‌ ‌integrating‌ ‌multiple‌ ‌output‌ ‌nodes‌ ‌for‌ ‌multiple‌ ‌phenotypes,‌‌                     
the‌ ‌DNN‌ ‌could‌ ‌also‌ ‌be‌ ‌extended‌ ‌to‌ ‌cover‌ ‌multivariate‌ ‌output‌ ‌variables‌ ‌and‌ ‌examine‌‌                         
multimorbidities.‌ ‌Improvement‌ ‌ideas‌ ‌for‌ ‌the‌ ‌second‌ ‌step‌ ‌of‌ ‌the‌ ‌DeepCOMBI‌ ‌method‌‌                     
(explanation)‌ ‌include‌ ‌the‌ ‌application‌ ‌of‌ ‌different‌ ‌explanation‌ ‌methods‌ ‌or‌ ‌LRP‌‌                   
backpropagation‌ ‌rules,‌ ‌for‌ ‌example,‌ ‌according‌ ‌to‌ ‌the‌ ‌layer‌ ‌types,‌ ‌as‌ ‌advised‌ ‌by‌‌                       
Montavan‌ ‌‌et‌ ‌al.‌17‌.‌ ‌Great‌ ‌potential‌ ‌lies‌ ‌in‌ ‌finding‌ ‌more‌ ‌sophisticated‌ ‌ways‌‌to‌‌combine‌‌                         
the‌ ‌local‌ ‌LRP‌ ‌explanations‌ ‌of‌ ‌each‌ ‌individual‌ ‌subject‌ ‌to‌ ‌a‌ ‌single‌ ‌global‌ ‌explanation‌‌                         
used‌ ‌for‌ ‌SNP‌ ‌selection.‌ ‌A‌ ‌very‌‌promising‌‌candidate‌‌in‌‌this‌‌regard‌‌would‌‌be‌‌a‌‌method‌‌                             
called‌ ‌SpRAy‌259‌,‌ ‌which‌ ‌clusters‌ ‌the‌ ‌individual‌ ‌explanations‌ ‌and‌ ‌simplifies‌ ‌the‌‌                   
identification‌ ‌of‌ ‌explanatory‌ ‌structures‌ ‌in‌ ‌subsets‌ ‌of‌ ‌subjects.‌ ‌ 

Considering‌ ‌the‌ ‌weaknesses‌ ‌of‌ ‌the‌ ‌proposed‌ ‌methods,‌ ‌it‌ ‌is‌ ‌important‌ ‌to‌ ‌note‌ ‌that‌ ‌the‌‌                           
most‌ ‌crucial‌‌limitation‌‌in‌‌ML‌‌is‌‌the‌‌amount‌‌and‌‌quality‌‌of‌‌the‌‌training‌‌data.‌‌DNNs,‌‌as‌‌                               
utilized‌ ‌in‌ ‌the‌ ‌DeepCOMBI‌ ‌method,‌ ‌especially‌ ‌rely‌ ‌on‌ ‌large‌ ‌datasets.‌ ‌However,‌ ‌in‌‌                       
GWAS,‌ ‌the‌ ‌number‌ ‌of‌ ‌features‌ ‌(‌i.e.‌ ‌‌SNPs)‌ ‌is‌ ‌often‌ ‌much‌ ‌bigger‌ ‌than‌ ‌the‌ ‌number‌ ‌of‌‌                             
datapoints‌ ‌(‌i.e.‌ ‌subjects).‌ ‌Trying‌ ‌to‌ ‌recruit‌ ‌subjects‌ ‌for‌ ‌studies‌ ‌is‌ ‌often‌ ‌not‌ ‌only‌ ‌a‌‌                           
cost-based‌ ‌problem‌ ‌but‌ ‌can‌ ‌also‌‌be‌‌difficult‌‌when‌‌rare‌‌phenotypes‌‌are‌‌studied.‌‌On‌‌the‌‌                           
other‌‌hand,‌‌more‌‌and‌‌more‌‌genomic‌‌sequences‌‌can‌‌be‌‌accessed‌‌on‌‌public‌‌web‌‌platforms‌‌                           
(such‌‌as‌‌‌openSNP‌)‌‌where‌‌people‌‌who‌‌have‌‌paid‌‌‌commercial‌‌genetic‌‌testing‌‌companies‌‌                       
(such‌ ‌as‌ ‌‌23andMe‌)‌ ‌to‌ ‌sequence‌ ‌their‌ ‌genome‌ ‌and‌ ‌have‌ ‌then‌ ‌decided‌ ‌to‌ ‌share‌ ‌their‌‌                           
results‌ ‌for‌ ‌various‌ ‌reasons‌260‌.‌ ‌In‌ ‌the‌‌future,‌‌these‌‌open-source‌‌datasets‌‌might‌‌present‌‌a‌‌                         
huge‌ ‌potential‌ ‌for‌ ‌biological‌ ‌and‌ ‌medical‌ ‌research.‌ ‌However,‌ ‌the‌ ‌‌quality‌ ‌and‌‌                     
consistency‌ ‌of‌ ‌such‌ ‌data‌ ‌will‌‌be‌‌far‌‌from‌‌the‌‌conventional‌‌standards‌‌of‌‌GWAS,‌‌which‌‌                           
limits‌‌the‌‌applicability,‌‌robustness‌‌and‌‌stability‌‌of‌‌ML‌‌methods.‌‌For‌‌example,‌‌neither‌‌of‌‌                         
the‌ ‌methods‌ ‌proposed‌ ‌here‌ ‌would‌ ‌be‌ ‌able‌ ‌to‌ ‌handle‌ ‌datasets‌ ‌where‌ ‌the‌ ‌genetic‌‌                         
sequences‌ ‌contain‌ ‌the‌ ‌information‌ ‌of‌ ‌different‌ ‌SNPs.‌ ‌They‌ ‌could‌ ‌only‌ ‌analyze‌ ‌these‌‌                       
datasets‌ ‌when‌ ‌limiting‌ ‌their‌ ‌feature‌ ‌space‌ ‌to‌ ‌the‌ ‌SNPs‌ ‌that‌ ‌are‌ ‌available‌ ‌for‌ ‌all‌‌                           
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sequences.‌ ‌Possible‌ ‌solutions‌ ‌to‌ ‌this‌ ‌problem‌ ‌could‌ ‌be‌ ‌learning‌ ‌joint‌ ‌and‌ ‌retractable‌‌                       
representations‌‌of‌‌all‌‌datapoints‌‌in‌‌a‌‌shared‌‌feature‌‌space‌261–263‌ ‌or‌‌applying‌‌the‌‌concepts‌‌                         
of‌ ‌transfer‌ ‌and‌ ‌multitask‌ ‌learning‌ ‌to‌ ‌allow‌ ‌for‌ ‌datapoints‌ ‌to‌ ‌lie‌ ‌in‌ ‌different‌ ‌spaces‌264‌.‌ ‌ 

As‌ ‌an‌ ‌additional‌ ‌limitation‌ ‌of‌ ‌the‌ ‌proposed‌ ‌methods,‌ ‌it‌ ‌is‌ ‌essential‌ ‌to‌ ‌note‌ ‌that‌‌                           
identifying‌‌associated‌‌SNPs‌‌in‌‌GWAS‌‌can‌‌only‌‌indicate‌‌association,‌‌not‌‌causation.‌‌The‌‌                       
findings‌ ‌of‌ ‌GWAS‌ ‌always‌ ‌need‌ ‌to‌ ‌be‌ ‌biologically‌ ‌verified.‌ ‌Building‌ ‌trust‌ ‌in‌ ‌the‌‌                         
corresponding‌ ‌methodologies‌ ‌is‌ ‌especially‌ ‌important‌ ‌in‌ ‌the‌ ‌sensitive‌ ‌field‌ ‌of‌ ‌medical‌‌                     
applications.‌ ‌Although‌ ‌the‌ ‌proposed‌ ‌methods‌ ‌utilize‌ ‌explanation‌ ‌techniques,‌ ‌they‌‌                 
remain‌ ‌black‌ ‌boxes‌ ‌in‌ ‌the‌ ‌sense‌ ‌that‌ ‌it‌ ‌is‌ ‌unclear‌ ‌‌how‌ ‌the‌‌associated‌‌SNPs‌‌affect,‌‌for‌‌                               
example,‌‌the‌‌risk‌‌of‌‌developing‌‌a‌‌disease.‌‌Our‌‌validation‌‌pipeline‌‌enquiring‌‌the‌‌GWAS‌‌                         
catalog‌ ‌can‌ ‌be‌ ‌a‌ ‌great‌ ‌approach‌ ‌in‌ ‌this‌ ‌respect‌ ‌and‌ ‌we‌ ‌further‌ ‌address‌ ‌the‌ ‌issue‌ ‌of‌‌                               
meaningful‌ ‌associations‌ ‌in‌ ‌‌Chapter‌ ‌4‌.‌ ‌‌Additional‌ ‌interpretability‌ ‌and‌ ‌explanation‌‌                 
techniques‌‌should‌‌be‌‌adopted‌‌in‌‌the‌‌future‌‌to‌‌verify‌‌the‌‌results‌‌of‌‌GWAS.‌‌However,‌‌the‌‌                             
judgment‌ ‌of‌ ‌experts‌ ‌will‌ ‌always‌ ‌remain‌ ‌crucial‌ ‌and‌ ‌machines‌ ‌can‌ ‌only‌ ‌guide‌ ‌the‌‌                         
processes‌ ‌in‌ ‌medical‌ ‌decision-making.‌‌ ‌  

Furthermore,‌ ‌another‌ ‌important‌ ‌limitation‌ ‌of‌ ‌the‌ ‌proposed‌ ‌methods‌ ‌is‌ ‌that‌ ‌they‌ ‌are‌‌                       
stochastic‌ ‌and‌ ‌non-deterministic‌ ‌at‌ ‌multiple‌ ‌stages‌ ‌of‌ ‌the‌ ‌algorithms‌ ‌causing‌‌                   
reproducibility‌ ‌to‌ ‌be‌ ‌a‌ ‌potential‌ ‌problem.‌ ‌The‌ ‌gradient-based‌‌SVM‌‌and‌‌DNN‌‌training‌‌                       
and‌ ‌the‌ ‌permutation‌ ‌test‌ ‌procedure‌ ‌both‌ ‌introduce‌ ‌a‌ ‌certain‌ ‌level‌ ‌of‌ ‌randomness‌.‌ ‌‌We‌‌                         
have‌‌shown‌‌‌in‌‌‌Appendix‌‌II‌‌‌that‌‌when‌‌applying‌‌the‌‌methods‌‌repeatedly‌‌and‌‌to‌‌varying‌‌                           
subsets‌ ‌of‌ ‌the‌ ‌WTCCC‌ ‌data,‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌are‌ ‌more‌ ‌similar‌ ‌and‌‌                             
thus‌ ‌more‌ ‌stable‌ ‌than‌ ‌those‌ ‌of‌ ‌RPVT.‌ ‌However,‌ ‌even‌ ‌though‌ ‌high-performing‌‌                     
fast-converging‌‌optimizers‌‌exist,‌‌they‌‌are‌‌never‌‌guaranteed‌‌to‌‌find‌‌the‌‌optimal‌‌solutions‌‌                       
during‌ ‌training.‌ ‌In‌ ‌addition,‌ ‌‌the‌ ‌quality‌ ‌of‌ ‌a‌ ‌given‌ ‌classifier‌ ‌always‌ ‌depends‌ ‌on‌ ‌their‌‌                           
architecture,‌‌the‌‌hyperparameters‌‌and‌‌the‌‌initial‌‌weights‌‌which‌‌are‌‌selected‌‌by‌‌the‌‌user.‌‌                         
DNNs,‌ ‌especially,‌ ‌are‌ ‌known‌ ‌to‌ ‌be‌ ‌highly‌ ‌sensitive‌‌to‌‌such‌‌‌a‌‌priori‌‌choices‌265‌.‌‌In‌‌this‌‌                             
context,‌ ‌it‌ ‌is‌ ‌also‌ ‌important‌ ‌to‌ ‌note‌ ‌that‌ ‌finding‌ ‌a‌ ‌global‌ ‌optimum‌ ‌is‌ ‌often‌‌                           
time-consuming‌266‌ ‌‌and‌ ‌performing‌ ‌the‌ ‌proposed‌ ‌permutation‌ ‌test‌ ‌procedure‌ ‌increases‌‌                 
the‌ ‌computation‌ ‌times‌ ‌even‌ ‌further.‌ ‌‌Dense‌ ‌DNNs‌ ‌scale‌ ‌poorly‌ ‌with‌ ‌the‌ ‌number‌ ‌of‌‌                         
datapoints‌ ‌and‌ ‌features‌ ‌studied.‌ ‌However,‌‌as‌‌mentioned‌‌above,‌‌GWAS‌‌tend‌‌to‌‌include‌‌                       
much‌‌fewer‌‌subjects‌‌than‌‌SNPs‌‌and‌‌we‌‌have‌‌shown‌‌that‌‌DeepCOMBI‌‌performs‌‌well‌‌in‌‌                           
combination‌ ‌with‌ ‌a‌ ‌‌p‌-value‌ ‌based‌ ‌SNP‌ ‌preselection‌ ‌step.‌ ‌‌To‌ ‌avoid‌ ‌an‌ ‌explosion‌ ‌of‌‌                         
computing‌ ‌times‌ ‌and‌ ‌required‌‌resources,‌‌more‌‌direct‌‌approaches‌‌to‌‌thresholding‌‌could‌‌                     
be‌‌developed.‌‌However,‌‌directly‌‌thresholding‌‌the‌‌learned‌‌weights‌‌of‌‌the‌‌ML‌‌algorithms‌‌                       
was‌ ‌shown‌ ‌here‌ ‌not‌ ‌to‌ ‌perform‌ ‌as‌ ‌well‌ ‌as‌ ‌the‌ ‌proposed‌ ‌p-value‌ ‌thresholding.‌ ‌ 

Another‌ ‌issue‌ ‌to‌ ‌address‌ ‌in‌ ‌the‌ ‌context‌ ‌of‌ ‌the‌ ‌methods’‌ ‌randomness‌ ‌is‌ ‌a‌ ‌common‌‌                           
phenomenon‌ ‌in‌ ‌scientific‌ ‌research‌ ‌where‌ ‌people‌ ‌tend‌ ‌to‌ ‌re-analyze‌ ‌a‌ ‌dataset‌ ‌until‌‌                       
something‌ ‌“‌publishable‌”‌ ‌is‌ ‌found‌267‌.‌ ‌For‌ ‌the‌ ‌proposed‌ ‌methods,‌ ‌the‌ ‌permutation‌ ‌test‌‌                     
procedure‌‌is‌‌aiming‌‌to‌‌guarantee‌‌that‌‌data‌‌dredging‌‌and‌‌‌p‌-hacking‌‌is‌‌not‌‌possible,‌‌but‌‌of‌‌                             
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course,‌ ‌these‌ ‌methods,‌ ‌too,‌ ‌can‌ ‌be‌ ‌applied‌ ‌repeatedly‌ ‌until‌ ‌they‌ ‌produce‌ ‌the‌ ‌desired‌‌                         
results.‌‌ ‌  

Whenever‌ ‌training‌ ‌AI‌ ‌algorithms‌ ‌on‌ ‌human-related‌ ‌data,‌ ‌it‌ ‌is‌ ‌crucial‌ ‌to‌ ‌mention‌ ‌the‌‌                         
ethical‌ ‌aspect‌ ‌of‌ ‌such‌‌studies‌268‌.‌‌Machines‌‌do‌‌not‌‌intrinsically‌‌have‌‌morals‌‌and‌‌cannot‌‌                         
unsolicitedly‌ ‌distinguish‌ ‌between‌ ‌right‌ ‌or‌ ‌wrong,‌ ‌especially‌ ‌when‌ ‌they‌ ‌are‌ ‌trained‌‌on‌‌                       
unbalanced‌ ‌data.‌ ‌It‌ ‌is‌ ‌always‌ ‌the‌ ‌researcher’s‌ ‌responsibility‌ ‌to‌ ‌ensure‌ ‌a‌ ‌fair‌ ‌and‌ ‌just‌‌                           
representation‌‌of‌‌all‌‌humans‌‌in‌‌their‌‌data‌‌or‌‌communicate‌‌if‌‌that‌‌is‌‌not‌‌the‌‌case.‌‌When‌‌                               
GWAS‌ ‌are‌ ‌conducted‌ ‌in‌ ‌the‌ ‌social-behavioral‌ ‌field,‌ ‌for‌ ‌example,‌ ‌there‌ ‌is‌ ‌a‌ ‌risk‌ ‌of‌‌                           
supporting‌ ‌existing‌ ‌discrimination‌ ‌(‌e.g.‌ ‌on‌‌the‌‌basis‌‌of‌‌race,‌‌gender‌‌or‌‌origin)‌‌because‌‌                         
of‌ ‌unbalanced‌ ‌training‌ ‌datasets‌ ‌and‌ ‌hence‌ ‌failing‌ ‌to‌ ‌appropriately‌ ‌study‌ ‌the‌ ‌targeted‌‌                       
phenotypes‌ ‌(‌e.g.‌ ‌personality‌ ‌traits).‌ ‌GWAS‌ ‌datasets‌ ‌need‌ ‌to‌ ‌be‌ ‌carefully‌ ‌created‌ ‌and‌‌                       
account‌ ‌for‌ ‌various‌ ‌factors‌ ‌via‌ ‌stratification.‌ ‌There‌ ‌exist‌ ‌numerous‌ ‌techniques‌ ‌to‌ ‌do‌‌                       
so‌269,270‌ ‌and‌‌both‌‌the‌‌COMBI‌‌and‌‌the‌‌DeepCOMBI‌‌method‌‌would‌‌benefit‌‌greatly‌‌from‌‌                         
an‌ ‌adaption‌ ‌of‌ ‌such‌ ‌concepts.‌ ‌ 

To‌ ‌sum‌ ‌up‌ ‌the‌ ‌limitations‌ ‌mentioned‌ ‌above,‌ ‌as‌ ‌always‌ ‌in‌‌AI,‌‌the‌‌performances‌‌of‌‌the‌‌                             
proposed‌‌methods‌‌depend‌‌on‌‌the‌‌ability‌‌and‌‌willingness‌‌of‌‌future‌‌users‌‌to‌‌train‌‌a‌‌good‌‌                             
model‌ ‌and‌ ‌perform‌ ‌sincere‌ ‌research.‌ ‌Additionally,‌ ‌to‌ ‌account‌ ‌for‌ ‌the‌ ‌challenges‌ ‌they‌‌                       
face‌ ‌when‌ ‌applied‌ ‌in‌ ‌various‌ ‌biological‌ ‌and‌ ‌medical‌ ‌studies,‌ ‌the‌ ‌presented‌ ‌methods‌‌                       
should‌‌be‌‌developed‌‌further,‌‌adapted‌‌and‌‌improved‌‌according‌‌to‌‌the‌‌current‌‌state‌‌of‌‌AI‌‌                           
research.‌ ‌ 
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4‌ ‌Combining‌ ‌transfer‌ ‌learning‌ ‌with‌‌ 
clustering‌ ‌methods‌ ‌for‌‌ ‌  

single-cell‌ ‌RNA‌ ‌sequencing‌ ‌studies‌ ‌ 
‌ 

‌ 
In‌ ‌this‌ ‌chapter,‌ ‌we‌ ‌propose‌ ‌a‌ ‌novel‌ ‌method‌ ‌that‌ ‌combines‌ ‌traditional‌ ‌clustering‌‌                       
approaches‌ ‌(from‌ ‌‌Chapter‌ ‌2.2.2‌)‌‌with‌‌an‌‌innovative‌‌transfer‌‌learning‌‌technique‌‌(from‌‌                     
Chapter‌ ‌2.3.5‌ ‌and‌ ‌‌2.3.6‌)‌ ‌to‌ ‌cluster‌ ‌individual‌ ‌cells‌ ‌according‌ ‌to‌ ‌their‌ ‌transcriptomic‌‌                       
output‌‌in‌‌scRNA-Seq‌‌datasets‌‌(described‌‌in‌‌‌Chapter‌‌2.1.3‌).‌‌Given‌‌a‌‌well-known‌‌source‌‌                       
dataset‌ ‌with‌ ‌clustering‌ ‌labels,‌ ‌the‌ ‌proposed‌ ‌method‌ ‌improves‌ ‌the‌ ‌clustering‌ ‌of‌ ‌an‌‌                       
unlabeled‌ ‌target‌ ‌dataset‌ ‌by‌ ‌transferring‌ ‌knowledge‌ ‌from‌ ‌source‌ ‌to‌ ‌target‌ ‌data‌ ‌via‌‌                       
NMF‌23–25‌.‌ ‌The‌ ‌modified‌ ‌target‌ ‌dataset‌ ‌can‌ ‌then‌ ‌be‌ ‌provided‌ ‌to‌ ‌any‌ ‌kind‌ ‌of‌ ‌clustering‌‌                           
algorithm.‌ ‌In‌ ‌support‌ ‌of‌ ‌the‌ ‌author's‌ ‌thesis‌ ‌in‌ ‌this‌ ‌dissertation,‌ ‌the‌ ‌proposed‌‌                       
combinatorial‌ ‌approach‌ ‌helps‌ ‌to‌ ‌better‌ ‌understand‌ ‌gene‌ ‌expression‌ ‌in‌ ‌different‌ ‌cell‌‌                     
types‌ ‌and‌ ‌therefore‌ ‌examines‌ ‌the‌ ‌translation‌ ‌of‌ ‌genetic‌ ‌code‌ ‌into‌ ‌biological‌ ‌function.‌‌ ‌  
This‌ ‌chapter‌ ‌is‌ ‌based‌ ‌on‌ ‌and‌ ‌contains‌ ‌parts‌ ‌of‌ ‌article‌ ‌‌B‌22‌ ‌from‌ ‌‌Chapter‌ ‌1.4‌ ‌‌on‌‌                             
previously‌ ‌published‌ ‌work.‌‌ ‌ ‌    
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4.0‌ ‌Notation‌ ‌of‌ ‌chapter‌ ‌4‌ ‌ 
Symbol‌ Definition‌ ‌(page‌ ‌it‌ ‌is‌ ‌introduced‌ ‌on)‌ ‌ 

αNMF Penalty‌ ‌multiplier‌ ‌of‌ ‌the‌ ‌elastic‌ ‌net‌ ‌in‌ ‌NMF‌ ‌(41‌ ‌and‌ ‌115)‌ ‌ 

g‌‌  Number‌ ‌of‌ ‌dimensions,‌ ‌‌i.e.‌‌ ‌genes,‌ ‌in‌ ‌a‌ ‌scRNA-Seq‌ ‌dataset‌ ‌(115)‌ ‌ 
H ,  H  src Dictionary‌ ‌in‌ ‌NMF‌ ‌(40‌ ‌and‌ ‌115)‌ ‌ 

i‌ Index‌ ‌of‌ ‌a‌ ‌cell‌ ‌in‌ ‌a‌ ‌scRNA-Seq‌ ‌dataset‌ ‌(116)‌ ‌ 

k‌ ‌Number‌ ‌of‌ ‌clusters‌ ‌to‌ ‌find‌ ‌in‌ ‌a‌ ‌scRNA-Seq‌ ‌dataset‌ ‌(115)‌ ‌ 

λNMF Parameter‌ ‌of‌ ‌the‌ ‌elastic‌ ‌net‌ ‌in‌ ‌NMF‌ ‌controlling‌ ‌L1‌ ‌and‌ ‌L2‌ ‌regularization‌ ‌(41‌ ‌and‌ ‌115)‌ ‌ 

nsrc Number‌ ‌of‌ ‌points,‌ ‌‌i.e.‌‌ ‌cells,‌ ‌in‌ ‌a‌ ‌source‌ ‌scRNA-Seq‌ ‌dataset‌ ‌(115)‌ ‌ 

ntrg Number‌ ‌of‌ ‌points,‌ ‌‌i.e.‌‌ ‌cells,‌ ‌in‌ ‌a‌ ‌target‌ ‌scRNA-Seq‌ ‌dataset‌ ‌(115)‌ ‌ 

‌θ   Mixture‌ ‌parameter‌ ‌of‌ ‌the‌ ‌transfer‌ ‌learning‌ ‌method‌ ‌(115)‌ ‌ 

ecv ( . ) Vectorization‌ ‌of‌ ‌a‌ ‌given‌ ‌matrix‌ ‌(115)‌ ‌ 

,W , W src W trg Reconstruction‌ ‌or‌ ‌clustering‌ ‌data‌ ‌matrix‌ ‌in‌ ‌NMF‌ ‌(40‌ ‌and‌ ‌115)‌ ‌ 

W ′
trg Simplified‌ ‌version‌ ‌of‌ ‌the‌ ‌target‌ ‌reconstruction‌ ‌matrix‌ ‌  ‌(116)‌ ‌W trg  

W *src Initial‌ ‌starting‌ ‌point‌ ‌of‌ ‌ in‌ ‌NMF‌ ‌(116)‌ ‌W src  

xcells Cutoff‌ ‌value‌ ‌for‌ ‌percentage‌ ‌of‌ ‌cells‌ ‌for‌ ‌gene‌ ‌filter‌ ‌(122)‌ ‌ 

xexpression Cutoff‌ ‌value‌ ‌for‌ ‌expression‌ ‌level‌ ‌for‌ ‌cell‌ ‌and‌ ‌gene‌ ‌filter‌ ‌(122)‌ ‌ 

xgenes Cutoff‌ ‌value‌ ‌for‌ ‌number‌ ‌of‌ ‌genes‌ ‌for‌ ‌cell‌ ‌filter‌ ‌(122)‌ ‌ 

‌Xsrc   Source‌ ‌dataset‌ ‌for‌ ‌transfer‌ ‌learning‌ ‌(115)‌ ‌ 

‌X trg   Target‌ ‌dataset‌ ‌for‌ ‌transfer‌ ‌learning‌ ‌(115)‌ ‌ 

X trg
new Newly‌ ‌constructed‌ ‌target‌ ‌dataset‌ ‌(116)‌ ‌ 

ysrc Known‌ ‌cluster‌ ‌memberships‌ ‌of‌ ‌the‌ ‌cells‌ ‌in‌ ‌the‌ ‌source‌ ‌dataset‌ ‌(115)‌ ‌ 

y︿ 
src Predicted‌ ‌cluster‌ ‌memberships‌ ‌of‌ ‌the‌ ‌cells‌ ‌in‌ ‌the‌ ‌source‌ ‌dataset‌ ‌(117)‌ ‌ 

y︿trg Predicted‌ ‌cluster‌ ‌membership‌ ‌of‌ ‌the‌ ‌cells‌ ‌in‌ ‌the‌ ‌target‌ ‌dataset‌ ‌(116)‌ ‌ 

 . ∣∣ ∣∣1 L1‌ ‌Manhattan‌ ‌Norm‌ ‌(115)‌ ‌ 

 . ∣∣ ∣∣ F ro Frobenius‌ ‌norm‌ ‌(115)‌ ‌ 
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4.1‌ ‌Introduction‌ ‌ 
Sorting‌‌objects‌‌into‌‌groups‌‌with‌‌limited‌‌or‌‌no‌‌‌a‌‌priori‌‌knowledge‌‌is‌‌a‌‌common‌‌problem‌‌                             
in‌ ‌many‌ ‌different‌ ‌areas‌ ‌of‌ ‌scientific‌ ‌research‌271,272‌.‌ ‌In‌‌biological‌‌and‌‌medical‌‌sciences,‌‌                       
datasets‌ ‌are‌ ‌often‌ ‌constrained‌ ‌by‌ ‌the‌ ‌scarcity,‌ ‌feasibility‌ ‌and‌ ‌expense‌ ‌of‌ ‌collecting‌‌                       
samples.‌ ‌As‌‌such,‌‌it‌‌is‌‌not‌‌straightforward‌‌to‌‌apply‌‌state-of-the-art‌‌methodologies,‌‌like‌‌                       
deep‌‌learning,‌‌which‌‌requires‌‌large‌‌and‌‌well-annotated‌‌datasets‌‌to‌‌solve‌‌many‌‌problems‌‌                       
sufficiently‌‌well.‌‌To‌‌address‌‌this,‌‌the‌‌concept‌‌of‌‌using‌‌transfer‌‌learning‌‌(as‌‌described‌‌in‌‌                           
Chapter‌ ‌2.3.6‌)‌ ‌to‌ ‌integrate‌ ‌‌a‌ ‌priori‌ ‌knowledge‌ ‌from‌ ‌reference‌ ‌datasets‌ ‌into‌ ‌target‌‌                       
datasets‌ ‌has‌ ‌been‌‌proposed‌‌as‌‌one‌‌way‌‌to‌‌generate‌‌additional‌‌insights‌173,174‌.‌‌One‌‌of‌‌the‌‌                           
scientific‌ ‌fields‌ ‌where‌ ‌these‌ ‌problems‌ ‌are‌ ‌of‌ ‌interest‌ ‌is‌ ‌scRNA-Seq,‌ ‌as‌ ‌described‌ ‌in‌‌                         
Chapter‌ ‌2.1.3‌.‌ ‌‌Figure‌ ‌25‌ ‌shows‌ ‌a‌ ‌graphical‌ ‌representation‌ ‌of‌ ‌the‌ ‌scRNA-Seq‌‌                     
procedure‌ ‌and‌ ‌the‌ ‌application‌ ‌of‌ ‌transfer‌ ‌learning‌ ‌to‌ ‌its‌ ‌specific‌ ‌problem‌ ‌setting.‌‌ ‌  

Figure‌ ‌25:‌ ‌scRNA-Seq‌ ‌and‌ ‌transfer‌ ‌learning.‌ ‌A‌‌ ‌Recent‌ ‌scientific‌ ‌and‌ ‌biotechnological‌ ‌developments‌ ‌have‌ ‌enabled‌ 
scRNA-Seq,‌ ‌the‌ ‌accurate‌ ‌measurement‌ ‌of‌ ‌the‌ ‌transcriptional‌ ‌output‌ ‌of‌ ‌individual‌ ‌cells.‌ ‌Once‌ ‌a‌ ‌tissue‌ ‌sample‌ ‌(‌e.g‌.‌‌ 

brain‌ ‌tissue)‌ ‌is‌ ‌extracted‌ ‌from‌ ‌an‌ ‌organism,‌ ‌single‌ ‌cells‌ ‌(‌e.g.‌ ‌‌neurons)‌ ‌are‌ ‌isolated‌ ‌and‌ ‌sequenced.‌ ‌For‌ ‌each‌ ‌gene,‌ ‌the‌‌ 
number‌ ‌of‌ ‌times‌ ‌a‌ ‌corresponding‌ ‌transcript‌ ‌is‌ ‌found‌ ‌in‌ ‌each‌ ‌individual‌ ‌cell‌ ‌is‌ ‌counted.‌ ‌These‌ ‌gene‌ ‌expression‌ ‌profiles‌‌ 

of‌ ‌single‌ ‌cells‌ ‌are‌ ‌then‌ ‌used‌ ‌to‌ ‌identify‌ ‌tissue-specific‌ ‌cell‌ ‌types‌ ‌or‌ ‌states‌ ‌through‌ ‌an‌ ‌unsupervised‌ ‌clustering‌‌ 
algorithm‌ ‌(‌e.g.‌‌ ‌SC3),‌ ‌which‌ ‌can‌ ‌eventually‌ ‌be‌ ‌visualized‌ ‌(through‌ ‌‌e.g.‌‌ ‌t-SNE‌ ‌or‌ ‌PCA‌ ‌plots).‌ ‌‌B‌ ‌‌When‌ ‌clustering‌‌ 

smaller‌ ‌disease‌ ‌or‌ ‌tissue-specific‌ ‌scRNA-Seq‌ ‌datasets,‌ ‌it‌ ‌is‌ ‌often‌ ‌desirable‌ ‌to‌ ‌utilize‌ ‌large‌ ‌labeled‌ ‌reference‌ ‌datasets.‌‌ 
The‌ ‌current‌ ‌work‌ ‌proposes‌ ‌to‌ ‌apply‌ ‌the‌ ‌ML‌ ‌concept‌ ‌of‌ ‌transfer‌ ‌learning‌ ‌to‌ ‌modify‌ ‌the‌ ‌unlabeled‌ ‌target‌ ‌dataset‌ ‌via‌‌ 

NMF‌ ‌in‌ ‌a‌ ‌way‌ ‌that‌ ‌reflects‌ ‌specific‌ ‌properties‌ ‌of‌ ‌a‌ ‌large‌ ‌labeled‌ ‌source‌ ‌dataset‌ ‌and‌ ‌improves‌ ‌the‌ ‌results‌ ‌of‌‌ 
downstream‌ ‌clustering‌ ‌algorithms‌ ‌(in‌ ‌our‌ ‌case,‌ ‌SC3).‌ ‌Please‌ ‌note‌ ‌that‌ ‌even‌ ‌though‌ ‌this‌ ‌graph‌ ‌shows‌ ‌a‌ ‌complete‌‌ 
overlap‌ ‌in‌ ‌cell‌ ‌types,‌ ‌both‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌ ‌might‌ ‌include‌ ‌cell‌ ‌types‌ ‌that‌ ‌do‌ ‌not‌ ‌appear‌ ‌in‌ ‌the‌ ‌other‌ ‌set.‌ ‌ 

Graphs‌ ‌were‌ ‌created‌ ‌using‌ ‌Servier‌ ‌Medical‌ ‌Art‌ ‌(brain,‌ ‌neuron‌ ‌and‌ ‌syringe)‌ ‌according‌ ‌to‌ ‌a‌ ‌Creative‌ ‌Commons‌ ‌Attribution‌ ‌3.0‌ ‌Unported‌ ‌License‌‌ 
guidelines‌ ‌3.0‌ ‌(https://creativecommons.org/licenses/by/3.0/).‌ ‌Color‌ ‌changes‌ ‌were‌ ‌made‌ ‌to‌ ‌the‌ ‌original‌ ‌neuron‌ ‌cartoons.‌ ‌ 
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In‌‌recent‌‌years,‌‌a‌‌series‌‌of‌‌advances‌‌in‌‌molecular‌‌biology‌19,273,274‌,‌‌microfluidics‌275,276‌ ‌and‌‌                       
data‌‌analysis‌78‌ ‌have‌‌led‌‌to‌‌our‌‌ability‌‌to‌‌accurately‌‌measure‌‌the‌‌transcriptional‌‌output‌‌of‌‌                           
large‌‌numbers‌‌of‌‌individual‌‌cells‌‌through‌‌scRNA-Seq‌‌(‌Figure‌‌25‌‌A‌).‌‌The‌‌application‌‌of‌‌                         
this‌ ‌technology‌ ‌has‌ ‌already‌ ‌led‌ ‌to‌ ‌insights‌ ‌into‌ ‌cellular‌ ‌development‌19,277‌,‌ ‌dynamics‌278‌ ‌                     
and‌ ‌heterogeneity‌279,280‌ ‌and‌ ‌the‌ ‌pathogenesis‌ ‌of‌‌human‌‌disease‌281‌.‌‌The‌‌advent‌‌of‌‌major‌‌                       
global‌ ‌initiatives‌ ‌focusing‌ ‌on‌ ‌scRNA-Seq‌ ‌such‌ ‌as‌ ‌the‌‌Human‌‌Cell‌‌Atlas‌282‌ ‌means‌‌that‌‌                         
the‌ ‌importance‌ ‌and‌ ‌impact‌ ‌of‌ ‌this‌ ‌technology‌ ‌are‌ ‌likely‌‌to‌‌grow,‌‌as‌‌are‌‌the‌‌associated‌‌                             
data‌ ‌analysis‌ ‌challenges.‌ ‌ 

Most‌ ‌scRNA-Seq‌ ‌experiments‌ ‌are‌ ‌concerned‌ ‌with‌ ‌the‌ ‌identification‌‌and‌‌cataloging‌‌of‌‌                     
cell‌ ‌types‌ ‌or‌ ‌states‌ ‌within‌‌a‌‌tissue‌‌or‌‌biofluid‌283,284‌ ‌(‌Figure‌‌25‌‌A‌).‌‌Historically‌‌this‌‌has‌‌                             
been‌ ‌done‌ ‌through‌ ‌measurement,‌ ‌often‌ ‌qualitatively,‌ ‌of‌ ‌small‌ ‌numbers‌ ‌of‌ ‌“‌marker‌”‌‌                     
genes‌ ‌whose‌ ‌expression‌ ‌has‌ ‌been‌ ‌observed‌ ‌to‌ ‌correlate‌ ‌with‌ ‌cellular‌ ‌function.‌‌                     
scRNA-Seq‌ ‌complements‌ ‌these‌‌approaches‌‌by‌‌being‌‌high-throughput,‌‌quantitative‌‌and‌‌                 
cost-effective‌ ‌in‌ ‌generating‌ ‌high-dimensional‌ ‌data‌ ‌suitable‌ ‌for‌ ‌cell-type‌ ‌classification.‌‌                 
Neuronal‌‌cell‌‌types,‌‌for‌‌instance,‌‌have‌‌been‌‌deeply‌‌studied‌‌by‌‌scRNA-Seq‌285‌,‌‌leading‌‌to‌‌                         
new,‌ ‌unbiased,‌ ‌data-driven‌ ‌classifications‌ ‌of‌ ‌neurons‌ ‌and‌ ‌other‌ ‌cell‌ ‌types‌ ‌within‌ ‌the‌‌                       
mammalian‌ ‌peripheral‌ ‌and‌ ‌central‌ ‌nervous‌ ‌systems‌82,286–291‌.‌ ‌Unique‌ ‌disease-associated‌‌               
cell‌‌states‌‌such‌‌as‌‌microglial‌‌subtypes‌‌associated‌‌with‌‌Alzheimer’s‌‌Disease‌281‌ ‌have‌‌also‌‌                       
been‌ ‌identified‌ ‌by‌ ‌scRNA-Seq.‌‌ ‌  

In‌‌‌Chapter‌‌2.2.2‌,‌‌‌we‌‌describe‌‌the‌‌traditional‌‌challenges‌‌and‌‌methods‌‌for‌‌the‌‌analysis‌‌of‌‌                           
scRNA-Seq‌ ‌data.‌ ‌Specifically,‌ ‌we‌ ‌present‌ ‌unsupervised‌ ‌clustering‌‌of‌‌cells‌‌into‌‌groups‌‌                     
according‌ ‌to‌ ‌their‌ ‌transcriptional‌ ‌state‌ ‌as‌ ‌the‌ ‌fundamental‌ ‌analysis‌ ‌in‌ ‌scRNA-Seq‌‌                     
experiments‌‌and‌‌name‌‌a‌‌number‌‌of‌‌approaches‌‌to‌‌address‌‌this‌‌problem‌‌via‌‌hierarchical‌‌                         
and‌ ‌iterative‌ ‌clustering‌80,81‌,‌ ‌PCA‌ ‌based‌ ‌approaches‌82,83‌,‌ ‌ensemble‌ ‌clustering‌81,84‌,‌‌               
graph-based‌ ‌approaches‌85–89‌,‌ ‌ML-based‌90,91‌‌ ‌and‌ ‌deep‌ ‌learning-based‌92–95‌‌ ‌techniques.‌ ‌ 

Challenges‌‌remain‌‌in‌‌the‌‌field,‌‌especially‌‌when‌‌the‌‌number‌‌of‌‌cells‌‌profiled‌‌in‌‌a‌‌given‌‌                             
experiment‌ ‌is‌ ‌relatively‌ ‌small‌ ‌and‌ ‌as‌ ‌such‌ ‌rare‌ ‌cell‌ ‌subtypes‌ ‌are‌‌poorly‌‌represented‌86‌.‌‌                         
Our‌ ‌hypothesis‌ ‌is‌ ‌that‌ ‌large‌ ‌reference‌ ‌scRNA-Seq‌ ‌datasets‌ ‌are‌ ‌a‌ ‌hitherto‌ ‌untapped‌‌                       
resource‌ ‌for‌ ‌the‌ ‌clustering‌ ‌of‌ ‌other‌ ‌datasets‌‌that‌‌may‌‌be‌‌smaller‌‌in‌‌size‌‌but‌‌examine‌‌a‌‌                               
specific‌‌tissue‌‌or‌‌disease‌‌context.‌‌Here,‌‌we‌‌propose‌‌that‌‌the‌‌concept‌‌of‌‌transfer‌‌learning‌‌                           
(‌i.e.‌ ‌the‌ ‌ML‌ ‌technique‌ ‌of‌ ‌applying‌ ‌knowledge‌ ‌gained‌ ‌from‌ ‌one‌ ‌context‌ ‌to‌ ‌another‌‌                         
distinct‌ ‌but‌ ‌related‌ ‌context)‌ ‌can‌ ‌be‌ ‌effectively‌ ‌implemented‌ ‌to‌ ‌improve‌ ‌clustering‌ ‌of‌‌                       
scRNA-Seq‌‌data‌‌when‌‌a‌‌suitable‌‌reference‌‌dataset‌‌is‌‌available‌‌(‌Figure‌‌25‌‌B‌).‌‌Transfer‌‌                         
learning‌ ‌covers‌ ‌multiple‌ ‌problems‌173‌,‌ ‌‌e.g.‌ ‌multitask‌ ‌learning,‌ ‌domain‌ ‌adaptation‌ ‌and‌‌                   
covariate‌‌shift‌177‌.‌‌Specifically,‌‌it‌‌refers‌‌to‌‌a‌‌setting‌‌where‌‌the‌‌solution‌‌of‌‌one‌‌or‌‌multiple‌‌                             
source‌‌tasks‌‌is‌‌applied‌‌to‌‌a‌‌related‌‌target‌‌task.‌‌In‌‌multitask‌‌learning‌136‌,‌‌multiple‌‌related‌‌                           
tasks‌‌are‌‌learned‌‌in‌‌a‌‌parallel‌‌fashion‌‌using‌‌a‌‌shared‌‌representation‌‌instead‌‌of‌‌learning‌‌a‌‌                             
sequence‌ ‌of‌ ‌related‌ ‌tasks.‌ ‌In‌ ‌the‌ ‌analysis‌ ‌of‌ ‌scRNA-Seq‌ ‌data,‌ ‌this‌ ‌translates‌ ‌to‌ ‌a‌‌                           
situation‌ ‌where‌ ‌we‌ ‌are‌ ‌interested‌ ‌in‌ ‌simultaneously‌ ‌clustering‌ ‌a‌ ‌number‌ ‌of‌ ‌different‌‌                       
datasets‌‌stemming‌‌from‌‌different‌‌studies,‌‌laboratories‌‌or‌‌points‌‌in‌‌time.‌‌These‌‌kinds‌‌of‌‌                         
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datasets‌ ‌most‌ ‌likely‌ ‌contain‌ ‌batch‌ ‌effects,‌ ‌which‌ ‌need‌ ‌to‌ ‌be‌ ‌corrected‌ ‌for‌ ‌when‌‌                         
combining‌‌the‌‌datasets‌‌for‌‌meta-analyses.‌‌In‌‌scRNA-Seq‌‌analysis,‌‌clustering‌‌and‌‌batch‌‌                     
effect‌ ‌removal‌ ‌are‌ ‌typically‌ ‌addressed‌ ‌through‌ ‌separate‌ ‌steps,‌‌‌i.e.‌‌only‌‌after‌‌removing‌‌                       
batch‌‌effects‌‌and‌‌combining‌‌multiple‌‌datasets‌‌into‌‌one‌‌is‌‌clustering‌‌analysis‌‌performed.‌‌                       
These‌ ‌kinds‌ ‌of‌ ‌batch‌ ‌effect‌ ‌correction‌ ‌approaches‌ ‌can‌ ‌be‌ ‌graph-based‌136,292–296‌,‌                   
dimensionality-reduction‌ ‌based‌ ‌and‌ ‌variance-driven‌297–299‌ ‌or‌ ‌incorporate‌ ‌deep-learning‌‌             
procedures‌300,301‌.‌‌Different‌‌approaches‌‌to‌‌grouping‌‌cells‌‌of‌‌multiple‌‌datasets‌‌by‌‌cell‌‌type‌‌                       
rather‌‌than‌‌dataset-specific‌‌conditions‌‌put‌‌emphasis‌‌on‌‌performing‌‌batch‌‌effect‌‌removal‌‌                     
jointly‌‌with‌‌the‌‌clustering‌‌analysis‌302–304‌.‌‌More‌‌general‌‌approaches‌‌compare‌‌subtypes‌‌of‌‌                     
cells‌ ‌across‌ ‌different‌ ‌samples‌305‌ ‌and‌ ‌identify‌ ‌clusters‌ ‌with‌ ‌high‌ ‌similarity‌ ‌across‌‌                     
datasets‌306,307‌.‌ ‌All‌ ‌of‌ ‌the‌ ‌aforementioned‌ ‌methods‌ ‌presume‌ ‌that‌ ‌the‌ ‌multiple‌ ‌datasets‌‌                     
under‌ ‌investigation‌ ‌are‌ ‌related‌ ‌in‌ ‌some‌ ‌way‌ ‌and‌ ‌are‌ ‌subsequently‌ ‌clustered‌‌                     
simultaneously.‌‌In‌‌this‌‌dissertation,‌‌we‌‌focus‌‌on‌‌a‌‌more‌‌specific‌‌problem‌‌setting,‌‌where‌‌                         
the‌ ‌user‌ ‌is‌ ‌interested‌ ‌mostly‌ ‌in‌ ‌the‌ ‌clustering‌ ‌of‌ ‌a‌ ‌target‌ ‌dataset,‌ ‌making‌ ‌use‌ ‌of‌ ‌the‌‌                               
knowledge‌ ‌from‌ ‌a‌ ‌well-known‌ ‌and‌‌well-understood‌‌source‌‌dataset.‌‌A‌‌number‌‌of‌‌tools‌‌                       
are‌‌available‌‌for‌‌annotating‌‌cells‌‌of‌‌a‌‌target‌‌dataset‌‌to‌‌a‌‌predefined‌‌reference‌‌set‌‌of‌‌cell‌‌                               
types‌308–311‌,‌ ‌but‌ ‌they‌ ‌are‌ ‌limited‌ ‌to‌ ‌target‌ ‌datasets‌ ‌that‌ ‌only‌ ‌include‌ ‌cells‌ ‌of‌ ‌the‌ ‌same‌                             
types‌ ‌in‌ ‌source‌ ‌data‌ ‌and‌ ‌hence,‌ ‌cannot‌ ‌identify‌ ‌new‌ ‌cell‌ ‌types.‌‌ ‌  

To‌ ‌enable‌ ‌knowledge‌ ‌transfer‌ ‌without‌ ‌having‌ ‌to‌ ‌combine‌ ‌the‌ ‌two‌ ‌datasets‌ ‌and‌ ‌at‌ ‌the‌‌                           
same‌‌time‌‌guarantee‌‌a‌‌target‌‌clustering‌‌to‌‌be‌‌independent‌‌of‌‌the‌‌cell‌‌types‌‌of‌‌the‌‌source‌‌                               
data,‌ ‌this‌ ‌dissertation‌ ‌focuses‌ ‌on‌ ‌the‌ ‌specific‌ ‌concept‌ ‌of‌ ‌transfer‌ ‌learning‌ ‌to‌ ‌use‌‌                         
information‌ ‌from‌ ‌one‌ ‌scRNA-Seq‌ ‌dataset‌‌to‌‌annotate‌‌another‌‌without‌‌limiting‌‌the‌‌cell‌‌                       
types‌ ‌that‌ ‌may‌ ‌be‌ ‌found‌ ‌in‌ ‌either.‌ ‌The‌ ‌aim‌ ‌is‌ ‌to‌ ‌adjust‌ ‌the‌ ‌target‌ ‌dataset‌ ‌with‌‌                               
information‌ ‌from‌ ‌the‌ ‌source‌ ‌data‌ ‌and‌ ‌feed‌ ‌this‌ ‌new‌ ‌target‌ ‌dataset‌ ‌into‌ ‌a‌ ‌downstream‌‌                           
clustering‌‌algorithm.‌‌In‌‌this‌‌specific‌‌setting,‌‌the‌‌method‌‌that‌‌is‌‌the‌‌most‌‌closely‌‌related‌‌                           
to‌‌our‌‌work‌‌is‌‌SAVER-X‌312‌.‌‌SAVER-X‌‌trains‌‌a‌‌deep‌‌autoencoder‌‌on‌‌a‌‌target‌‌set‌‌with‌‌an‌‌                               
initialization‌‌of‌‌the‌‌weights‌‌obtained‌‌from‌‌training‌‌on‌‌the‌‌source‌‌target‌‌dataset‌‌coupled‌‌                         
to‌ ‌a‌ ‌Bayesian‌ ‌model‌ ‌to‌ ‌leverage‌ ‌existing‌ ‌data‌ ‌in‌ ‌the‌ ‌denoising‌ ‌of‌ ‌a‌ ‌new‌ ‌scRNA-Seq‌‌                             
dataset.‌ ‌SAVER-X‌ ‌is‌ ‌a‌‌deep‌‌learning-based‌‌approach‌‌and‌‌is‌‌thus‌‌limited‌‌to‌‌datasets‌‌of‌                           
very‌ ‌large‌ ‌sample‌ ‌size.‌ ‌This‌ ‌dissertation‌ ‌focuses‌ ‌on‌ ‌improving‌‌the‌‌clustering‌‌of‌‌small‌‌                         
datasets‌ ‌and‌ ‌does‌ ‌not‌ ‌require‌ ‌large‌ ‌sample‌ ‌sizes.‌ ‌Unlike‌ ‌deep‌ ‌learning-based‌‌                     
approaches,‌ ‌our‌ ‌method‌ ‌is‌ ‌convex‌ ‌and‌ ‌always‌ ‌returns‌ ‌the‌ ‌globally‌ ‌optimal‌ ‌solution‌‌                       
independent‌ ‌of‌ ‌its‌ ‌initialization.‌ ‌Additionally,‌ ‌instead‌ ‌of‌ ‌focusing‌ ‌on‌ ‌denoising‌ ‌target‌‌                     
datasets‌ ‌like‌ ‌SAVER-X,‌ ‌we‌ ‌are‌ ‌trying‌ ‌to‌ ‌insert‌ ‌additional‌ ‌knowledge‌ ‌(‌i.e.‌ ‌to‌ ‌induce‌‌                         
certain‌ ‌specific‌‌properties‌‌of‌‌the‌‌source‌‌dataset‌‌that‌‌the‌‌researcher‌‌wants‌‌to‌‌put‌‌special‌‌                           
emphasis‌‌on)‌‌into‌‌the‌‌target‌‌dataset.‌‌This‌‌is‌‌achieved‌‌by‌‌making‌‌use‌‌of‌‌specific‌‌source‌‌                             
datasets‌ ‌and,‌ ‌in‌ ‌particular,‌ ‌by‌ ‌including‌ ‌cell‌ ‌type‌ ‌annotations‌ ‌from‌‌the‌‌source‌‌into‌‌the‌‌                           
analysis.‌ ‌Large‌ ‌reference‌ ‌datasets‌ ‌are‌ ‌often‌ ‌very‌ ‌well‌ ‌studied‌ ‌and‌ ‌come‌ ‌with‌‌                       
high-quality‌ ‌annotation‌ ‌of‌ ‌the‌ ‌cell‌ ‌types‌ ‌present‌ ‌within‌ ‌them.‌ ‌Our‌ ‌algorithm‌ ‌is‌ ‌not‌‌                         
attempting‌ ‌to‌ ‌re-cluster‌ ‌this‌ ‌already‌ ‌well-clustered‌ ‌data,‌ ‌but‌ ‌it‌ ‌is‌ ‌making‌ ‌use‌ ‌of‌‌those‌‌                           
pre-existing‌ ‌source‌ ‌labels‌ ‌(‌Figure‌ ‌25‌ ‌B‌).‌‌ ‌  
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Another‌ ‌relevant‌ ‌work‌ ‌focussing‌ ‌on‌ ‌transformations‌ ‌of‌ ‌scRNA-seq‌ ‌data‌‌for‌‌improved‌‌                     
cell‌‌type‌‌clustering‌313‌ ‌is‌‌also‌‌deep‌‌learning-based‌‌and‌‌consists‌‌of‌‌three‌‌subsequent‌‌steps.‌‌                         
Firstly,‌ ‌a‌ ‌supervised‌ ‌NN‌ ‌is‌ ‌trained‌ ‌to‌ ‌predict‌ ‌the‌ ‌cell‌ ‌types‌ ‌of‌ ‌a‌ ‌given‌‌source‌‌dataset.‌‌                               
Secondly,‌‌the‌‌target‌‌dataset‌‌of‌‌cell‌‌types‌‌not‌‌used‌‌in‌‌training‌‌is‌‌plugged‌‌into‌‌the‌‌network‌‌                               
and‌‌the‌‌values‌‌of‌‌the‌‌hidden‌‌layer‌‌are‌‌used‌‌as‌‌a‌‌new‌‌representation‌‌of‌‌the‌‌target‌‌dataset.‌‌                                 
Lastly,‌ ‌the‌ ‌newly‌ ‌constructed‌ ‌target‌ ‌dataset‌ ‌is‌ ‌clustered‌ ‌with‌ ‌unsupervised‌ ‌‌k‌-means‌‌                     
clustering‌ ‌enabling‌ ‌cell‌ ‌types‌ ‌in‌ ‌source‌ ‌and‌‌target‌‌data‌‌not‌‌to‌‌be‌‌identical.‌‌Please‌‌note‌‌                             
that‌ ‌the‌ ‌focus‌ ‌of‌ ‌the‌ ‌present‌ ‌work‌ ‌lies‌ ‌on‌ ‌transferring‌ ‌knowledge‌‌between‌‌source‌‌and‌‌                           
target‌ ‌datasets‌ ‌that‌ ‌have‌‌a‌‌significant‌‌overlap‌‌in‌‌their‌‌cell‌‌types.‌‌The‌‌method‌‌proposed‌‌                           
by‌ ‌Lin‌ ‌‌et‌ ‌al.‌313‌‌ ‌is‌ ‌explicitly‌ ‌restricted‌ ‌to‌ ‌non-overlapping‌ ‌settings.‌ ‌ 

To‌‌summarize,‌‌the‌‌current‌‌approach‌‌is‌‌not‌‌directly‌‌comparable‌‌to‌‌the‌‌methods‌‌presented‌‌                         
here‌‌because‌‌it‌‌tackles‌‌a‌‌very‌‌specific‌‌problem‌‌that‌‌-‌‌to‌‌the‌‌best‌‌of‌‌our‌‌knowledge‌‌-‌‌no‌‌                                   
other‌ ‌method‌ ‌has‌ ‌addressed.‌ ‌Implementations‌ ‌of‌‌the‌‌method‌‌are‌‌available‌‌as‌‌a‌‌Python‌‌                         
framework‌ ‌at‌ ‌https://github.com/nicococo/scRNA.‌ ‌   
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‌ 

4.2‌ ‌Methods‌ ‌ 
We‌ ‌propose‌ ‌a‌ ‌method‌ ‌to‌ ‌apply‌ ‌transfer‌ ‌learning‌ ‌(as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌2.3.6‌)‌ ‌to‌‌                           
scRNA-Seq‌‌data‌‌that‌‌enables‌‌us‌‌to‌‌transfer‌‌knowledge‌‌from‌‌a‌‌relatively‌‌well-annotated‌‌                       
and‌ ‌large‌ ‌source‌ ‌dataset‌ ‌to‌ ‌a‌ ‌smaller‌ ‌unannotated‌ ‌target‌ ‌dataset.‌ ‌A‌ ‌graphical‌‌                       
representation‌ ‌of‌ ‌the‌ ‌method‌ ‌can‌ ‌be‌ ‌found‌ ‌in‌ ‌‌Figure‌ ‌25‌‌B‌.‌‌The‌‌method‌‌is‌‌based‌‌on‌‌a‌‌                                 
transfer‌ ‌learning‌ ‌step‌ ‌that‌ ‌modifies‌ ‌the‌ ‌target‌‌dataset‌‌to‌‌incorporate‌‌knowledge‌‌gained‌‌                       
from‌ ‌the‌ ‌well-annotated‌ ‌source‌ ‌dataset.‌ ‌The‌ ‌newly‌ ‌constructed‌‌target‌‌dataset‌‌can‌‌then‌‌                       
be‌ ‌analyzed‌ ‌with‌ ‌a‌ ‌clustering‌ ‌algorithm‌ ‌to‌‌obtain‌‌an‌‌improved‌‌clustering‌‌compared‌‌to‌‌                         
applying‌ ‌that‌ ‌same‌ ‌method‌ ‌to‌ ‌the‌ ‌target‌ ‌without‌ ‌any‌ ‌transfer‌ ‌learning‌ ‌procedure‌ ‌or‌ ‌a‌‌                           
simple‌ ‌concatenation‌ ‌of‌ ‌source‌ ‌and‌ ‌target.‌ ‌ 

The‌‌following‌‌sections‌‌describe‌‌the‌‌method‌‌in‌‌more‌‌detail‌‌and‌‌specify‌‌the‌‌experimental‌‌                         
setup‌‌of‌‌performance‌‌assessments‌‌on‌‌generated‌‌synthetic‌‌data,‌‌controlled‌‌real‌‌data‌‌and‌‌a‌‌                         
real-world‌ ‌application‌ ‌of‌ ‌two‌ ‌independent‌ ‌datasets.‌ ‌ 

4.2.1‌ ‌Problem‌ ‌setting‌ ‌ 

There‌ ‌exists‌ ‌a‌ ‌well-known‌ ‌source‌ ‌dataset‌ ‌ ‌with‌ ‌scRNA-Seq‌ ‌data‌ ‌from‌‌            Xsrc ∈ ℜg×nsrc          
‌cells‌ ‌and‌ ‌ ‌genes‌ ‌for‌ ‌which‌ ‌we‌ ‌have‌ ‌in-depth‌ ‌knowledge‌ ‌about‌ ‌the‌ ‌clustering‌‌nsrc       g                      

structure‌ ‌(‌i.e.‌ ‌ground-truth‌ ‌labels‌ ‌ )‌ ‌and‌ ‌a‌ ‌target‌ ‌dataset‌ ‌ ‌of‌‌        ysrc ∈ ℜnsrc           X trg ∈ ℜg×ntrg    
‌cells‌ ‌and‌ ‌ ‌genes,‌ ‌which‌ ‌we‌‌want‌‌to‌‌enhance‌‌given‌‌the‌‌information‌‌in‌‌ ‌and‌‌ntrg       g                       Xsrc    

 ‌before‌ ‌clustering‌ ‌into‌ ‌  ‌groups‌ ‌of‌ ‌cells,‌ ‌‌i.e.‌‌ ‌predicting‌ ‌ .‌ ‌ysrc k y︿trg  

4.2.2‌ ‌Proposed‌ ‌workflow‌ ‌ 

The‌‌basic‌‌underlying‌‌idea‌‌of‌‌the‌‌proposed‌‌method‌‌is‌‌to‌‌factorize‌‌the‌‌source‌‌dataset‌‌into‌‌                             
a‌ ‌data‌ ‌size-independent‌ ‌part‌ ‌(of‌ ‌size‌ ‌ )‌ ‌and‌ ‌a‌ ‌gene-independent‌ ‌part‌ ‌(of‌ ‌size‌‌            g × k              

)‌ ‌and‌ ‌to‌ ‌use‌ ‌the‌ ‌former‌ ‌–‌ ‌which‌ ‌is‌ ‌often‌ ‌called‌ ‌a‌ ‌‌dictionary‌ ‌‌since‌ ‌it‌ ‌does‌ ‌not‌‌k × nsrc                                  
depend‌‌on‌‌the‌‌number‌‌of‌‌cells‌‌ ‌and‌‌can‌‌thus‌‌be‌‌used‌‌to‌‌‌translate‌‌‌between‌‌datasets‌‌–‌‌            nsrc                      
to‌ ‌modify‌ ‌the‌ ‌target‌ ‌dataset‌ ‌accordingly.‌‌ ‌  

More‌‌specifically,‌‌the‌‌novel‌‌approach,‌‌based‌‌on‌‌NMF‌‌(as‌‌described‌‌in‌‌‌Chapter‌‌2.3.5‌),‌‌                         
can‌ ‌be‌ ‌described‌ ‌in‌ ‌the‌ ‌following‌ ‌steps:‌ ‌ 

1. We‌ ‌use‌ ‌NMF‌23–25‌ ‌of‌ ‌our‌ ‌source‌ ‌data‌ ‌ ‌to‌ ‌learn‌ ‌a‌ ‌dictionary‌‌              Xsrc ∈ ℜg×nsrc          
‌and‌‌a‌‌data‌‌matrix‌‌ ‌while‌‌regularizing‌‌the‌‌denseness‌‌Hsrc ∈ ℜg×k           W src ∈ ℜk×nsrc          

of‌ ‌the‌ ‌results‌ ‌with‌ ‌an‌ ‌elastic‌ ‌net‌154‌:‌ ‌ 

‌,  Hsrc W src = argminW ,H λ( 2
1 X W∣∣ src − H ∣∣

2
F ro + αNMF NMF ( vec )∣∣ (H)∣∣1 + vec∣∣ (W )∣∣1 + 2

αNMF (1 )− λNMF H(∣∣ ∣∣2F ro + W∣∣ ∣∣2F ro)) 

Here,‌ ‌ ‌is‌ ‌the‌ ‌mixing‌ ‌parameter‌ ‌controlling‌ ‌the‌ ‌L1‌ ‌and‌ ‌L2‌‌regularization‌‌  λNMF                      
and‌ ‌  ‌is‌ ‌the‌ ‌penalty‌ ‌multiplier.‌‌ ‌αNMF   
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As‌‌an‌‌initial‌‌starting‌‌point,‌‌ ‌for‌‌ ‌we‌‌provide‌‌a‌‌one-hot-encoding‌‌of‌‌the‌‌          W *src     W src              
given‌‌cluster‌‌labels‌‌ ,‌‌where‌‌a‌‌non-zero‌‌entry‌‌in‌‌the‌‌ -th‌‌row‌‌of‌‌column‌‌ ‌in‌‌      ysrc               j         i    

 ‌indicates‌ ‌that‌ ‌cell‌ ‌  ‌is‌ ‌a‌ ‌member‌ ‌of‌ ‌cluster‌ ‌ .‌‌ ‌W *src i j   

2. Given‌‌the‌‌learned‌‌dictionary‌‌ ‌from‌‌step‌‌(1)‌‌and‌‌assuming‌‌the‌‌genes‌        Hsrc ∈ ℜg×k                
in‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌correspond,‌ ‌we‌ ‌now‌ ‌transfer‌ ‌knowledge‌ ‌from‌ ‌the‌‌                       
source‌ ‌to‌ ‌the‌ ‌target‌ ‌dataset‌ ‌through‌ ‌the‌ ‌dictionary‌ ‌by‌ ‌learning‌ ‌a‌ ‌target‌ ‌data‌‌                         
matrix‌ ‌ :‌ ‌W trg ∈ ℜk×ntrg  

‌W trg =  argminW ( 2
1 X W ∣ 
∣ 
 ∣ 
∣  trg − Hsrc

 ∣ 
∣ 
 ∣ 
∣ 
2

F ro)  

3. To‌‌enable‌‌domain‌‌adaptation‌‌for‌‌different‌‌levels‌‌of‌‌cell‌‌type‌‌overlap‌‌between‌‌the‌‌                         
two‌ ‌datasets,‌ ‌we‌ ‌now‌ ‌construct‌ ‌a‌ ‌new‌ ‌target‌ ‌dataset‌ ‌ ‌based‌ ‌on‌ ‌a‌ ‌convex‌‌                  X trg

new          

combination‌ ‌of‌ ‌a‌ ‌reconstructed‌‌target‌‌dataset‌‌ ‌and‌‌its‌‌original‌‌version‌‌            WHsrc
′
trg          

‌:‌ ‌X trg  

 ‌‌with‌ ‌ ‌ ‌H WX trg
new = θ src

′
trg + (1 )− θ X trg 0 ≤ θ ≤ 1   

‌is‌ ‌a‌ ‌mixture‌ ‌parameter‌ ‌indicating‌ ‌how‌ ‌strongly‌ ‌knowledge‌ ‌from‌ ‌the‌ ‌source‌‌θ                        
dataset‌ ‌should‌ ‌be‌ ‌transferred‌ ‌into‌ ‌the‌ ‌newly‌ ‌constructed‌ ‌target‌ ‌dataset.‌ ‌High‌‌                     
values‌ ‌of‌ ‌ indicate‌ ‌a‌ ‌strong‌ ‌influence‌ ‌of‌ ‌the‌ ‌source‌ ‌dataset‌ ‌on‌ ‌the‌ ‌modified‌‌    θ                      
dataset‌ ‌and‌ ‌low‌ ‌values‌ ‌cause‌ ‌the‌ ‌new‌ ‌dataset‌‌to‌‌be‌‌more‌‌similar‌‌to‌‌its‌‌original‌‌                             
version.‌‌ ‌  

The‌‌target‌‌reconstruction‌‌or‌‌clustering‌‌matrix‌‌ ‌is‌‌a‌‌simplified‌‌            W ′
trg ∈ {0, }1 k×ntrg        

version‌‌of‌‌ ‌with‌‌ones‌‌at‌‌the‌‌positions‌‌of‌‌all‌‌column-wise‌‌maxima‌‌and‌‌zeros‌‌    W trg                        
elsewhere,‌ ‌‌i.e‌.‌ ‌ 

.‌ ‌∀i,  W( ′
trg)li

= 1
argmax W =l[( l∈{1, ..., k}( trg)li) ] l  

Using‌ ‌ ‌instead‌ ‌of‌ ‌ ‌corresponds‌ ‌to‌ ‌reducing‌ ‌the‌ ‌information‌ ‌in‌ ‌this‌‌  W ′
trg       W trg                

matrix‌‌to‌‌potential‌‌cluster‌‌memberships‌‌of‌‌the‌‌target‌‌cells,‌‌which‌‌is‌‌appropriate‌‌                       
considering‌‌the‌‌task‌‌at‌‌hand.‌‌To‌‌this‌‌end,‌‌a‌‌number‌‌of‌‌different‌‌approaches‌‌were‌‌                           
implemented‌‌(‌e.g.‌‌leaving‌‌ ‌as‌‌it‌‌is‌‌or‌‌optimizing‌‌it‌‌in‌‌an‌‌additional‌‌training‌‌      W trg                      
step),‌ ‌but‌ ‌it‌ ‌was‌ ‌found‌ ‌that‌ ‌taking‌ ‌the‌ ‌simplified‌ ‌version‌ ‌as‌ ‌described‌ ‌above‌‌                         
performed‌ ‌best‌ ‌and‌ ‌most‌ ‌consistently‌ ‌for‌ ‌all‌ ‌scenarios‌ ‌under‌ ‌investigation.‌‌ ‌  

4. The‌ ‌newly‌ ‌derived‌ ‌dataset‌ ‌ ‌can‌ ‌be‌ ‌used‌‌as‌‌input‌‌for‌‌a‌‌clustering‌‌method.‌‌        X trg
new                    

To‌‌predict‌‌ ,‌‌we‌‌use‌‌single-cell‌‌consensus‌‌clustering‌‌(SC3)‌84‌ ‌as‌‌an‌‌exemplary‌‌    y︿trg                    
clustering‌ ‌method‌ ‌that‌ ‌is‌ ‌commonly‌ ‌used‌ ‌to‌ ‌solve‌ ‌scRNA-Seq‌ ‌clustering‌‌                   
problems.‌ ‌See‌ ‌‌Chapter‌ ‌2.2.2‌ ‌‌for‌ ‌a‌ ‌detailed‌ ‌description‌ ‌of‌ ‌SC3.‌ ‌ 

‌ 

‌ 
116‌ ‌ 

https://paperpile.com/c/QS9fGm/ehpU


‌ 

Please‌ ‌note‌ ‌that‌ ‌the‌ ‌proposed‌ ‌method‌ ‌does‌ ‌not‌ ‌inherently‌ ‌depend‌ ‌on‌ ‌the‌ ‌number‌ ‌of‌‌                           
samples‌‌in‌‌each‌‌dataset‌‌and‌‌can‌‌technically‌‌(even‌‌though‌‌not‌‌studied‌‌in‌‌this‌‌dissertation)‌‌                           
be‌ ‌used‌ ‌to‌ ‌transfer‌ ‌knowledge‌ ‌from‌‌datasets‌‌of‌‌any‌‌size,‌‌not‌‌just‌‌from‌‌a‌‌source‌‌that‌‌is‌‌                                 
larger‌ ‌than‌ ‌the‌ ‌target.‌ ‌ 

The‌ ‌mixture‌ ‌parameter‌ ‌ ‌dictates‌ ‌how‌ ‌much‌ ‌the‌ ‌newly‌ ‌constructed‌ ‌target‌ ‌dataset‌‌      θ                  
should‌ ‌be‌ ‌changed‌‌by‌‌the‌‌information‌‌in‌‌the‌‌source‌‌dataset.‌‌ ‌is‌‌automatically‌‌chosen‌‌                    θ        
via‌ ‌an‌ ‌unsupervised‌ ‌assessment‌ ‌of‌ ‌the‌ ‌clustering‌ ‌quality‌ ‌through‌ ‌Kernel‌ ‌Target‌‌                     
Alignment‌‌(KTA)‌‌scores‌314‌,‌‌which‌‌measure‌‌the‌‌similarity‌‌of‌‌kernels.‌‌The‌‌whole‌‌transfer‌‌                       
learning‌‌and‌‌clustering‌‌procedure‌‌(steps‌‌1‌‌-‌‌4)‌‌is‌‌computed‌‌with‌‌a‌‌number‌‌of‌‌values‌‌for‌‌                               

‌within‌‌a‌‌prespecified‌‌range‌‌and‌‌the‌‌KTA‌‌score‌‌between‌‌the‌‌linear‌‌kernel‌‌of‌‌the‌‌mixed‌‌θ                                
dataset‌ ‌ ‌‌over‌ ‌the‌ ‌cells‌ ‌and‌ ‌the‌ ‌linear‌ ‌kernel‌ ‌of‌ ‌the‌ ‌cell‌ ‌type‌ ‌labels‌ ‌predicted‌ ‌by‌‌  X trg

new                              
subsequent‌‌SC3‌‌clustering‌‌is‌‌calculated.‌‌The‌‌parameter‌‌value‌‌yielding‌‌the‌‌optimal‌‌KTA‌‌                       
score‌ ‌is‌ ‌chosen‌ ‌for‌ ‌the‌ ‌final‌ ‌result‌ ‌and‌ ‌can‌ ‌give‌ ‌an‌ ‌indication‌ ‌of‌ ‌the‌ ‌transferability‌‌                             
between‌ ‌source‌ ‌and‌ ‌target‌ ‌data.‌ ‌An‌ ‌investigation‌ ‌of‌ ‌the‌ ‌mixture‌ ‌parameter‌ ‌of‌ ‌the‌‌                         
transfer‌ ‌learning‌ ‌approach‌ ‌and‌ ‌its‌ ‌automatic‌‌selection‌‌process‌‌based‌‌on‌‌KTA‌‌scores‌‌is‌‌                         
given‌ ‌in‌ ‌‌Figure‌ ‌32‌‌‌of‌‌Chapter‌‌4.3.1‌,‌‌‌where‌‌the‌‌relationship‌‌of‌‌the‌‌unsupervised‌‌KTA‌‌                           
scores‌ ‌and‌ ‌their‌ ‌supervised‌ ‌counterpart,‌ ‌the‌ ‌ARIs,‌ ‌are‌ ‌examined.‌ ‌ 

If‌ ‌no‌ ‌reliable‌ ‌cluster‌ ‌labels‌‌are‌‌available‌‌for‌‌the‌‌source‌‌dataset‌‌ ,‌‌one‌‌can‌‌                      Xsrc ∈ ℜg×nsrc      
choose‌‌to‌‌generate‌‌those‌‌labels‌‌via‌‌NMF‌‌clustering‌23–25‌ ‌and‌‌proceed‌‌as‌‌if‌‌they‌‌were‌‌the‌‌                             
real‌‌labels‌‌ .‌‌This‌‌basically‌‌consists‌‌of‌‌learning‌‌a‌‌dictionary‌‌ ‌and‌‌a‌‌data‌    ysrc                 Hsrc ∈ ℜg×k        
matrix‌ ‌ ‌as‌ ‌described‌ ‌above‌ ‌in‌ ‌step‌ ‌1‌ ‌and‌ ‌selecting‌ ‌the‌ ‌cluster‌‌  W src ∈ ℜk×nsrc                      
memberships‌ ‌based‌ ‌on‌ ‌the‌ ‌column-wise‌ ‌maxima‌ ‌of‌ ‌ ,‌ ‌‌i.e.‌‌              W src    

.‌ ‌(W )y︿i
src = argmaxl∈{1, ..., k} src li  

Instead‌ ‌of‌ ‌learning‌ ‌the‌ ‌source‌ ‌labels‌ ‌through‌ ‌NMF‌ ‌clustering,‌ ‌one‌ ‌could‌ ‌also‌ ‌avoid‌‌                         
providing‌ ‌any‌ ‌initial‌ ‌starting‌ ‌point‌ ‌ ‌for‌ ‌ ‌when‌ ‌learning‌ ‌the‌‌dictionary‌‌          W *src     W src           Hsrc

and‌ ‌the‌ ‌data‌ ‌matrix‌ ‌ .‌‌ ‌W src   

4.2.3‌ ‌Datasets‌ ‌and‌ ‌corresponding‌ ‌validation‌ ‌strategies‌ ‌ 

We‌ ‌analyze‌‌a‌‌number‌‌of‌‌different‌‌datasets‌‌during‌‌the‌‌current‌‌study‌‌in‌‌order‌‌to‌‌validate‌‌                             
the‌‌effectiveness‌‌of‌‌the‌‌proposed‌‌method.‌‌First,‌‌we‌‌generate‌‌synthetic‌‌scRNA-Seq‌‌data,‌‌                       
where‌ ‌the‌ ‌true‌ ‌underlying‌ ‌cluster‌ ‌structures‌ ‌are‌ ‌known‌ ‌and‌‌the‌‌method’s‌‌performance‌‌                       
can‌ ‌be‌ ‌investigated‌ ‌in‌ ‌a‌ ‌controlled‌ ‌environment.‌ ‌Afterwards,‌ ‌we‌ ‌generate‌ ‌target‌ ‌and‌‌                       
source‌ ‌datasets‌ ‌by‌ ‌subsampling‌ ‌a‌ ‌real‌ ‌scRNA-Seq‌ ‌dataset‌ ‌(Tasic‌ ‌‌et‌ ‌al.‌ ‌(2016)‌291‌)‌ ‌and‌‌                         
hence‌ ‌guarantee‌ ‌an‌ ‌overlap‌ ‌in‌ ‌clustering‌ ‌structures‌ ‌and‌ ‌ensure‌‌transferability‌‌between‌‌                     
the‌ ‌two‌ ‌datasets.‌ ‌Lastly,‌ ‌we‌ ‌investigate‌ ‌two‌ ‌independent‌ ‌datasets‌ ‌and‌ ‌cluster‌ ‌a‌ ‌real‌‌                         
target‌ ‌dataset‌ ‌(Hockley‌ ‌‌et‌ ‌al.‌ ‌(2019)‌286‌)‌ ‌by‌ ‌transferring‌ ‌prior‌ ‌knowledge‌ ‌from‌ ‌a‌‌                       
well-known‌ ‌source‌ ‌dataset‌ ‌(Usoskin‌ ‌‌et‌ ‌al.‌ ‌(2015)‌82‌).‌ ‌The‌ ‌different‌ ‌datasets‌ ‌and‌‌                     
corresponding‌ ‌validation‌ ‌strategies‌ ‌are‌ ‌presented‌ ‌in‌ ‌the‌ ‌following‌ ‌sections.‌ ‌ 
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Validation‌ ‌on‌ ‌generated‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌ ‌ 

To‌ ‌test‌ ‌the‌ ‌applicability‌ ‌of‌ ‌our‌ ‌method,‌ ‌we‌ ‌first‌ ‌use‌ ‌it‌ ‌on‌ ‌simulated‌ ‌count‌ ‌level‌‌                             
scRNA-Seq‌ ‌data‌ ‌from‌ ‌a‌ ‌defined‌ ‌hierarchical‌‌set‌‌of‌‌clusters‌‌that‌‌represent‌‌the‌‌different‌‌                         
cell‌‌types‌‌present‌‌in‌‌a‌‌tissue‌‌or‌‌biofluid.‌‌‌Figure‌‌26‌‌shows‌‌a‌‌graphical‌‌representation‌‌of‌‌                             
the‌‌hierarchical‌‌clustering‌‌structure‌‌used‌‌to‌‌generate‌‌the‌‌simulated‌‌data.‌‌Each‌‌generated‌‌                       
dataset‌‌consisted‌‌of‌‌eight‌‌clusters‌‌of‌‌cells‌‌(1-8)‌‌deriving‌‌from‌‌five‌‌top-level‌‌clusters‌‌(V‌‌-‌‌                             
Z)‌ ‌that‌ ‌share‌ ‌a‌ ‌common‌ ‌background‌ ‌distribution‌ ‌of‌ ‌gene‌ ‌expression‌ ‌levels‌ ‌and‌ ‌some‌‌                         
proportion‌ ‌of‌ ‌genes‌ ‌differentially‌ ‌expressed‌ ‌between‌ ‌them.‌ ‌ 

‌ 

Figure‌ ‌26:‌‌ ‌‌Clustering‌ ‌structure‌ ‌of‌ ‌scRNA-Seq‌ ‌simulation‌ ‌data‌.‌‌ ‌‌Count‌ ‌level‌ ‌scRNA-Seq‌ ‌data‌ ‌is‌ ‌simulated‌‌ 
according‌ ‌to‌ ‌a‌ ‌predefined‌ ‌hierarchical‌ ‌clustering‌ ‌structure‌ ‌with‌ ‌eight‌ ‌cell‌ ‌clusters‌ ‌(1-8)‌ ‌that‌ ‌are‌ ‌derived‌ ‌from‌ ‌five‌‌ 

top-level‌ ‌clusters‌ ‌(V‌ ‌-‌ ‌Z).‌ ‌Generated‌ ‌datasets‌ ‌are‌ ‌individually‌ ‌split‌ ‌up‌ ‌by‌ ‌randomly‌ ‌assigning‌ ‌the‌ ‌top‌ ‌node‌ ‌clusters‌ ‌V‌ ‌-‌‌ 
Z‌ ‌to‌ ‌source‌ ‌or‌ ‌target.‌ ‌Three‌ ‌different‌ ‌settings‌ ‌are‌ ‌considered:‌ ‌1.‌ ‌Both‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌contain‌ ‌cells‌ ‌from‌ ‌all‌ ‌top‌‌ 
node‌ ‌clusters‌ ‌V‌ ‌-‌ ‌Z‌ ‌(Complete‌ ‌overlap),‌ ‌2.‌ ‌Three‌ ‌randomly‌ ‌selected‌ ‌top‌ ‌node‌ ‌clusters‌ ‌V‌ ‌-‌ ‌Z‌ ‌are‌ ‌chosen‌ ‌as‌ ‌common‌ ‌to‌‌ 
both‌ ‌source‌ ‌and‌ ‌target,‌ ‌the‌ ‌other‌ ‌two‌ ‌are‌ ‌assigned‌ ‌to‌ ‌either‌ ‌one‌ ‌of‌ ‌source‌ ‌and‌ ‌target‌ ‌(Incomplete‌ ‌overlap)‌ ‌or‌ ‌3.‌ ‌Cells‌‌ 
from‌ ‌two‌ ‌of‌ ‌the‌ ‌top-node‌ ‌clusters‌ ‌form‌ ‌the‌ ‌target‌ ‌dataset‌ ‌and‌ ‌cells‌ ‌from‌ ‌the‌ ‌other‌ ‌three‌ ‌top-node‌ ‌clusters‌ ‌form‌ ‌the‌‌ 

source‌ ‌(No‌ ‌overlap).‌‌ ‌  

‌ 

An‌ ‌outline‌‌of‌‌the‌‌data‌‌generation‌‌procedure‌‌is‌‌given‌‌here.‌‌The‌‌full‌‌code‌‌is‌‌provided‌‌in‌‌                               
https://github.com/nicococo/scRNA/blob/master/scRNA/simulation.py.‌‌ ‌  

First,‌‌we‌‌generate‌‌the‌‌number‌‌of‌‌cells‌‌in‌‌each‌‌sub-cluster‌‌using‌‌a‌‌Dirichlet‌‌distribution‌‌                           
with‌ ‌a‌ ‌concentration‌ ‌parameter‌ ‌of‌ ‌10.‌ ‌Then‌ ‌we‌ ‌define‌ ‌a‌ ‌common‌ ‌background‌‌                       
distribution‌‌of‌‌gene‌‌expression‌‌levels‌‌sampled‌‌from‌‌a‌‌gamma‌‌distribution‌‌with‌‌shape‌‌2‌‌                         
and‌‌rate‌‌0.1.‌‌For‌‌each‌‌cluster,‌‌we‌‌randomly‌‌select‌‌10-40‌‌%‌‌of‌‌genes‌‌to‌‌be‌‌differentially‌‌                               
expressed‌ ‌relative‌ ‌to‌‌the‌‌background.‌‌The‌‌difference‌‌in‌‌expression‌‌for‌‌each‌‌such‌‌gene,‌‌                         
expressed‌‌as‌‌a‌‌log‌2‌ ‌fold‌‌change,‌‌is‌‌sampled‌‌from‌‌a‌‌normal‌‌distribution‌‌with‌‌a‌‌mean‌‌of‌‌1‌‌                                 
and‌ ‌a‌ ‌standard‌ ‌deviation‌ ‌of‌ ‌0.5.‌ ‌For‌ ‌clusters‌ ‌that‌‌are‌‌not‌‌themselves‌‌top-level‌‌clusters‌‌                           
(clusters‌ ‌4-8),‌ ‌this‌ ‌process‌ ‌continues‌ ‌recursively‌ ‌with‌ ‌further‌ ‌expression‌ ‌differences‌‌                   
generated‌‌for‌‌each‌‌sub-cluster‌‌using‌‌the‌‌parent‌‌cluster‌‌as‌‌the‌‌new‌‌background‌‌until‌‌the‌‌                           
final‌ ‌clusters‌ ‌are‌ ‌reached.‌ ‌Finally,‌ ‌we‌ ‌generate‌ ‌count‌ ‌level‌ ‌data‌ ‌by‌ ‌applying‌ ‌a‌ ‌small‌‌                           
amount‌ ‌of‌ ‌random‌ ‌normally‌ ‌distributed‌‌noise‌‌to‌‌the‌‌expression‌‌levels‌‌of‌‌each‌‌cell‌‌and‌‌                           
‌ 
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‌ 

then‌‌sampling‌‌the‌‌per‌‌gene‌‌counts‌‌from‌‌a‌‌negative‌‌binomial‌‌distribution‌‌with‌‌dispersion‌‌                         
0.1.‌‌The‌‌resulting‌‌datasets‌‌contain‌‌cells‌‌with‌‌a‌‌median‌‌count‌‌of‌‌215,500‌‌reads‌‌per‌‌cell.‌‌                             
Please‌ ‌see‌ ‌‌Chapter‌ ‌4.2.4‌‌ ‌and,‌ ‌in‌ ‌particular,‌ ‌‌Figure‌ ‌27‌‌ ‌for‌ ‌details.‌ ‌ 

Once‌ ‌count‌ ‌level‌ ‌data‌ ‌is‌ ‌generated‌ ‌for‌ ‌the‌ ‌entire‌ ‌dataset,‌ ‌we‌ ‌split‌ ‌it‌ ‌into‌ ‌target‌ ‌and‌‌                               
source‌ ‌datasets‌ ‌with‌ ‌different‌ ‌sets‌ ‌of‌ ‌cells‌ ‌according‌ ‌to‌ ‌the‌ ‌cluster‌ ‌structure‌ ‌and‌ ‌the‌‌                           
relationship‌ ‌between‌ ‌the‌ ‌target‌ ‌and‌ ‌source.‌ ‌Here,‌ ‌we‌‌consider‌‌three‌‌such‌‌relationships‌‌                       
that‌ ‌reflect‌ ‌three‌ ‌possible‌ ‌experimental‌ ‌scenarios:‌ ‌ 

● Cells‌ ‌in‌ ‌the‌ ‌target‌ ‌and‌ ‌source‌‌are‌‌randomly‌‌sampled‌‌from‌‌the‌‌same‌‌underlying‌‌                         
tissue‌ ‌or‌ ‌biofluid‌ ‌and‌ ‌hence‌ ‌contain‌ ‌cells‌ ‌from‌ ‌all‌ ‌top‌ ‌node‌ ‌clusters‌ ‌V‌ ‌-‌ ‌Z.‌ ‌ 

● Certain‌ ‌clusters‌ ‌are‌ ‌specified‌ ‌to‌ ‌be‌ ‌only‌ ‌present‌ ‌in‌ ‌the‌ ‌source‌ ‌and‌ ‌some‌ ‌to‌ ‌be‌‌                             
only‌ ‌present‌ ‌in‌ ‌the‌ ‌target;‌ ‌the‌ ‌remaining‌ ‌clusters‌‌are‌‌present‌‌in‌‌both‌‌target‌‌and‌‌                           
source.‌‌Three‌‌randomly‌‌selected‌‌top‌‌node‌‌clusters‌‌V‌‌-‌‌Z‌‌are‌‌chosen‌‌as‌‌common‌‌                           
to‌‌both‌‌source‌‌and‌‌target;‌‌the‌‌other‌‌two‌‌are‌‌assigned‌‌to‌‌either‌‌one‌‌of‌‌source‌‌and‌‌                               
target.‌ ‌ 

● The‌ ‌cells‌ ‌in‌ ‌the‌ ‌target‌ ‌and‌ ‌source‌ ‌are‌ ‌drawn‌ ‌from‌‌completely‌‌non-overlapping‌‌                       
clusters.‌‌In‌‌this‌‌scenario,‌‌transfer‌‌learning‌‌is‌‌not‌‌expected‌‌to‌‌be‌‌successful.‌‌Cells‌‌                         
from‌‌two‌‌of‌‌the‌‌top‌‌node‌‌clusters‌‌form‌‌the‌‌target‌‌dataset‌‌and‌‌cells‌‌from‌‌the‌‌other‌‌                               
three‌ ‌form‌ ‌the‌ ‌source.‌ 

The‌ ‌genes‌ ‌measured‌ ‌in‌ ‌source‌ ‌and‌ ‌target‌ ‌are‌ ‌always‌ ‌the‌ ‌same‌ ‌and‌ ‌the‌ ‌top‌ ‌nodes‌ ‌are‌‌                               
randomly‌ ‌assigned‌ ‌to‌ ‌either‌ ‌source‌ ‌or‌ ‌target‌ ‌for‌ ‌each‌‌repetition‌‌of‌‌the‌‌data‌‌generation‌‌                           
process.‌‌We‌‌generate‌‌100‌‌sets‌‌of‌‌simulated‌‌data‌‌for‌‌each‌‌of‌‌the‌‌three‌‌settings‌‌simulating‌‌                             
the‌‌expression‌‌levels‌‌of‌‌10,000‌‌genes‌‌in‌‌1,800‌‌cells.‌‌We‌‌assign‌‌1,000‌‌cells‌‌to‌‌the‌‌source‌‌                               
dataset‌ ‌and‌ ‌the‌‌set‌‌of‌‌800‌‌target‌‌cells‌‌is‌‌downsampled‌‌(‌i.e.‌‌10,‌‌50,‌‌100,‌‌200,‌‌400,‌‌600,‌‌                                 
800‌‌target‌‌cells)‌‌to‌‌investigate‌‌the‌‌performance‌‌of‌‌the‌‌transfer‌‌learning‌‌approach‌‌and‌‌its‌‌                           
corresponding‌ ‌baseline‌ ‌methods‌ ‌when‌ ‌applied‌ ‌to‌ ‌datasets‌ ‌of‌ ‌varying‌ ‌sizes.‌‌ ‌  

The‌ ‌results‌ ‌of‌‌the‌‌proposed‌‌method‌‌applied‌‌to‌‌the‌‌generated‌‌source‌‌and‌‌target‌‌datasets‌‌                           
and‌ ‌evaluated‌ ‌based‌ ‌on‌ ‌the‌ ‌known‌ ‌underlying‌ ‌clustering‌ ‌structures‌ ‌are‌ ‌presented‌ ‌in‌‌                       
Chapter‌ ‌4.3.1‌.‌‌ ‌  

Validation‌ ‌on‌ ‌subsampled‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌ ‌ 

Following‌ ‌the‌ ‌analysis‌ ‌of‌ ‌simulated‌‌data,‌‌we‌‌subsequently‌‌examine‌‌a‌‌real‌‌scRNA-Seq‌‌                       
dataset.‌ ‌By‌ ‌subsampling‌ ‌both‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌‌from‌‌the‌‌same‌‌single‌‌original‌‌                         
dataset,‌‌we‌‌create‌‌an‌‌environment‌‌where‌‌the‌‌potential‌‌benefit‌‌of‌‌transfer‌‌learning‌‌can‌‌be‌‌                           
determined‌‌on‌‌real-world‌‌gene‌‌expression‌‌data.‌‌‌For‌‌this,‌‌we‌‌utilize‌‌gene‌‌expression‌‌data‌‌                         
provided‌ ‌as‌ ‌RPKM‌ ‌derived‌ ‌from‌ ‌over‌ ‌1,600‌ ‌cells‌ ‌of‌ ‌the‌ ‌primary‌ ‌visual‌ ‌cortex‌ ‌of‌‌the‌‌                             
adult‌ ‌mouse‌ ‌brain‌291‌.‌‌ ‌  
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We‌‌run‌‌100‌‌repetitions‌‌splitting‌‌the‌‌data‌‌into‌‌a‌‌source‌‌dataset‌‌of‌‌1,000‌‌cells‌‌and‌‌a‌‌target‌‌                                 
dataset‌ ‌of‌ ‌650‌ ‌cells‌ ‌each‌ ‌time,‌ ‌which‌‌is‌‌subsampled‌‌even‌‌further‌‌(to‌‌25,‌‌50,‌‌100,‌‌200,‌‌                               
400,‌‌650‌‌target‌‌cells)‌‌to‌‌assess‌‌performance‌‌for‌‌different‌‌sample‌‌sizes.‌‌To‌‌investigate‌‌the‌‌                           
influence‌‌of‌‌complete‌‌and‌‌incomplete‌‌overlap‌‌between‌‌the‌‌clusters‌‌of‌‌source‌‌and‌‌target‌‌                         
datasets,‌ ‌transcriptomic‌ ‌cell‌ ‌types‌ ‌assigned‌ ‌to‌ ‌either‌ ‌dataset‌ ‌are‌ ‌controlled.‌ ‌Complete‌‌                     
overlap‌ ‌means‌ ‌randomly‌ ‌assigning‌ ‌cells‌ ‌into‌ ‌source‌ ‌and‌ ‌target.‌ ‌Incomplete‌ ‌overlap‌ ‌is‌‌                       
achieved‌‌by‌‌assigning‌‌the‌‌two‌‌largest‌‌clusters‌‌of‌‌the‌‌dataset‌‌(‌Glutamatergic‌‌L4‌‌cells‌‌and‌‌                           
GABAergic‌ ‌Pvalb‌ ‌cells)‌ ‌to‌ ‌be‌ ‌either‌ ‌an‌ ‌exclusive‌‌source‌‌cluster‌‌or‌‌an‌‌exclusive‌‌target‌‌                           
cluster,‌‌respectively.‌‌All‌‌other‌‌clusters‌‌are‌‌shared‌‌amongst‌‌both‌‌source‌‌and‌‌target‌‌in‌‌this‌‌                           
setting.‌ ‌ 

The‌‌transfer‌‌learning‌‌approach‌‌and‌‌its‌‌baseline‌‌methods‌‌are‌‌now‌‌investigated‌‌under‌‌two‌‌                         
different‌ ‌conditions.‌ ‌Firstly,‌ ‌we‌ ‌assume‌ ‌that‌ ‌no‌ ‌ground-truth‌ ‌labels‌ ‌are‌ ‌available‌ ‌and‌‌                       
generate‌ ‌labels‌ ‌for‌ ‌18‌ ‌cell‌ ‌clusters‌ ‌via‌ ‌NMF‌ ‌clustering‌23–25‌ ‌on‌ ‌the‌ ‌whole‌ ‌dataset.‌ ‌We‌‌                           
interpret‌ ‌this‌ ‌clustering,‌ ‌based‌ ‌as‌ ‌it‌ ‌is‌ ‌on‌ ‌the‌ ‌totality‌ ‌of‌ ‌the‌ ‌data,‌ ‌as‌ ‌a‌ ‌ground-truth‌‌                               
clustering‌‌and‌‌apply‌‌our‌‌method‌‌and‌‌the‌‌baseline‌‌algorithms‌‌to‌‌a‌‌subset‌‌of‌‌the‌‌dataset‌‌to‌‌                               
see‌ ‌how‌ ‌each‌ ‌method‌ ‌performs‌‌relative‌‌to‌‌this‌‌definition‌‌of‌‌the‌‌ground‌‌truth‌‌when‌‌not‌‌                             
all‌ ‌of‌‌the‌‌data‌‌is‌‌available.‌‌Secondly,‌‌we‌‌use‌‌the‌‌data-driven‌‌clustering‌‌labels‌‌provided‌‌                           
in‌ ‌the‌ ‌original‌ ‌paper‌ ‌and‌ ‌take‌ ‌those‌ ‌as‌ ‌the‌ ‌ground-truth‌ ‌labels.‌ ‌Specifically,‌ ‌we‌ ‌use‌ ‌a‌‌                             
cut-off‌ ‌in‌ ‌the‌ ‌provided‌ ‌clustering‌ ‌hierarchy‌ ‌that‌ ‌results‌ ‌in‌ ‌18‌ ‌clusters.‌ ‌Given‌ ‌those‌‌                         
alternative‌‌ground-truth‌‌labels,‌‌we‌‌once‌‌again‌‌run‌‌the‌‌proposed‌‌transfer‌‌learning‌‌method‌‌                       
and‌ ‌its‌ ‌competitors‌ ‌as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌4.2.5‌.‌‌ ‌  

The‌ ‌validation‌‌results‌‌using‌‌the‌‌subsampled‌‌source‌‌and‌‌target‌‌datasets‌‌are‌‌presented‌‌in‌‌                         
Chapter‌ ‌4.3.2‌.‌‌ ‌  

Validation‌ ‌on‌ ‌independent‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌ ‌ 

As‌ ‌a‌ ‌real-world‌ ‌application‌ ‌of‌ ‌the‌ ‌transfer‌‌learning‌‌approach,‌‌we‌‌analyze‌‌two‌‌entirely‌‌                         
independent‌ ‌but‌ ‌biologically‌ ‌related‌ ‌datasets.‌ ‌To‌ ‌improve‌ ‌the‌ ‌clustering‌ ‌results‌ ‌of‌ ‌a‌‌                       
relatively‌‌small‌‌target‌‌dataset‌‌from‌‌Hockley‌‌‌et‌‌al.‌‌2019‌286‌,‌‌we‌‌transfer‌‌knowledge‌‌from‌‌                         
a‌ ‌larger‌ ‌source‌ ‌dataset‌ ‌from‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌ ‌2015‌82‌,‌ ‌both‌ ‌derived‌ ‌from‌ ‌the‌ ‌rodent‌‌                           
somatosensory‌ ‌system.‌ ‌The‌ ‌somatosensory‌ ‌system‌ ‌is‌ ‌responsible‌ ‌for‌ ‌detecting‌‌                 
mechanical,‌ ‌thermal‌ ‌and‌ ‌chemical‌ ‌stimuli‌ ‌to‌ ‌which‌‌an‌‌organism‌‌can‌‌choose‌‌to‌‌elicit‌‌a‌‌                           
behavioral‌ ‌response.‌ ‌Primary‌ ‌sensory‌ ‌neurons‌ ‌innervate‌ ‌the‌ ‌vast‌ ‌majority‌ ‌of‌ ‌internal‌‌                     
hollow‌‌organs,‌‌joints,‌‌muscles‌‌and‌‌the‌‌skin‌‌evoking‌‌conscious‌‌sensation‌‌in‌‌the‌‌event‌‌of‌‌                           
these‌‌stimuli.‌‌This‌‌is‌‌most‌‌clearly‌‌exemplified‌‌by‌‌pain‌‌in‌‌the‌‌case‌‌of‌‌potentially‌‌harmful‌‌                             
or‌‌noxious‌‌stimuli,‌‌such‌‌as‌‌burning‌‌or‌‌cutting‌‌the‌‌skin.‌‌In‌‌Usoskin‌‌‌et‌‌al‌.,‌‌transcriptomic‌‌                             
analysis‌‌of‌‌622‌‌primary‌‌sensory‌‌cell‌‌bodies,‌‌which‌‌reside‌‌within‌‌the‌‌dorsal‌‌root‌‌ganglia‌‌                           
(DRG),‌ ‌reveals‌ ‌significant‌ ‌diversity‌ ‌in‌ ‌cell‌ ‌type‌‌(11‌‌types)‌‌and‌‌sensitivity‌‌to‌‌a‌‌diverse‌‌                           
range‌ ‌of‌ ‌stimuli‌ ‌modalities‌ ‌(‌e.g.‌ ‌thermosensitive,‌ ‌itch‌ ‌sensitive,‌ ‌nociceptive)‌‌to‌‌which‌‌                     
an‌ ‌organism‌ ‌is‌ ‌exposed.‌ ‌However,‌ ‌previous‌ ‌retrograde‌ ‌tracing‌ ‌experiments‌ ‌show‌ ‌that‌‌                     
only‌ ‌5-10‌ ‌%‌ ‌of‌ ‌DRG‌ ‌neurons‌ ‌project‌ ‌to‌ ‌internal‌ ‌(visceral)‌ ‌targets,‌ ‌such‌ ‌as‌ ‌the‌‌                           
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gastrointestinal‌ ‌tract,‌ ‌and‌ ‌as‌ ‌such‌ ‌are‌ ‌likely‌ ‌only‌ ‌represented‌ ‌by‌ ‌~‌ ‌30-60‌ ‌cells‌ ‌in‌ ‌the‌‌                             
Usoskin‌‌‌et‌‌al.‌‌dataset.‌‌Such‌‌small‌‌cell‌‌numbers‌‌limit‌‌subtype‌‌assignment‌‌of‌‌cells‌‌in‌‌this‌‌                             
organ.‌ ‌In‌ ‌order‌ ‌to‌ ‌overcome‌ ‌this‌ ‌limitation,‌ ‌scRNA-Seq‌ ‌has‌ ‌been‌ ‌performed‌ ‌on‌‌                       
retrograde-labeled‌ ‌DRG‌ ‌neurons‌ ‌known‌ ‌to‌ ‌selectively‌ ‌innervate‌ ‌the‌ ‌gastrointestinal‌‌                 
tract‌ ‌(colonic‌ ‌DRG‌ ‌neurons),‌ ‌providing‌ ‌transcriptomic‌ ‌analysis‌ ‌of‌ ‌314‌ ‌cells‌ ‌from‌‌this‌                       
specific‌‌organ‌‌that‌‌cluster‌‌into‌‌seven‌‌distinct‌‌subtypes‌286‌.‌‌However,‌‌it‌‌is‌‌unclear‌‌whether‌‌                         
de‌ ‌novo‌ ‌clustering‌ ‌of‌ ‌colonic‌ ‌DRG‌ ‌neurons‌ ‌identifies‌ ‌established‌ ‌clusters‌ ‌previously‌‌                     
identified‌ ‌in‌ ‌larger‌ ‌datasets‌ ‌such‌ ‌as‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌ ‌(hereafter‌‌designated‌‌‘Usoskin’)‌‌or‌‌                         
whether‌ ‌novel‌ ‌cell‌ ‌types‌ ‌exist‌ ‌within‌ ‌this‌ ‌dataset‌ ‌(hereafter‌ ‌designated‌ ‌‘Hockley’).‌ ‌ 

In‌ ‌initial‌ ‌experiments,‌ ‌the‌ ‌original‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌are‌ ‌used;‌ ‌however,‌ ‌in‌ ‌later‌‌                           
experiments,‌‌a‌‌batch‌‌effect‌‌removal‌‌approach‌‌is‌‌applied‌‌to‌‌control‌‌for‌‌the‌‌integration‌‌of‌‌                           
single-cell‌ ‌transcriptomic‌ ‌data‌ ‌across‌ ‌different‌ ‌conditions‌ ‌and‌ ‌technologies.‌ ‌Here,‌ ‌we‌‌                   
apply‌ ‌Seurat‌‌batch‌‌effect‌‌removal‌297‌ ‌to‌‌combine‌‌the‌‌Hockley‌‌and‌‌the‌‌Usoskin‌‌data‌‌and‌‌                           
separate‌ ‌the‌ ‌result‌ ‌back‌ ‌into‌ ‌the‌ ‌original‌ ‌datasets,‌ ‌which‌ ‌are‌ ‌then‌ ‌provided‌ ‌to‌ ‌the‌‌                           
proposed‌ ‌transfer‌ ‌learning‌ ‌method‌ ‌and‌ ‌its‌ ‌competitors‌ ‌as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌4.2.5‌.‌‌ ‌  

As‌ ‌an‌ ‌additional‌ ‌preprocessing‌ ‌step,‌ ‌we‌ ‌investigate‌ ‌the‌ ‌effect‌ ‌of‌ ‌imputation‌ ‌on‌ ‌the‌‌                         
clustering‌ ‌results.‌ ‌MAGIC‌315‌,‌ ‌a‌ ‌widely‌ ‌used‌ ‌method‌ ‌for‌ ‌imputing‌ ‌missing‌ ‌values‌ ‌to‌‌                       
overcome‌ ‌zero-inflation‌ ‌in‌ ‌scRNA-Seq‌ ‌data,‌ ‌is‌ ‌applied‌ ‌to‌ ‌both‌ ‌datasets‌ ‌and‌ ‌the‌‌                       
preprocessed‌ ‌datasets‌ ‌are‌ ‌then‌ ‌provided‌ ‌to‌ ‌the‌ ‌three‌ ‌methods‌ ‌under‌ ‌investigation.‌ ‌ 

Using‌‌either‌‌the‌‌original‌‌datasets‌‌or‌‌the‌‌preprocessed,‌‌batch‌‌effect‌‌removed‌‌or‌‌imputed‌‌                         
datasets,‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌proposed‌ ‌transfer‌ ‌learning‌ ‌method‌ ‌and‌ ‌its‌ ‌competitors‌ ‌as‌‌                         
described‌‌in‌‌‌Chapter‌‌4.2.5‌‌are‌‌assessed‌‌in‌‌terms‌‌of‌‌performance‌‌via‌‌comparison‌‌to‌‌the‌‌                           
clustering‌ ‌of‌ ‌the‌ ‌original‌ ‌paper‌286‌,‌ ‌evaluation‌ ‌of‌ ‌t-SNE‌ ‌plots‌79‌ ‌and‌ ‌examination‌ ‌of‌‌                       
differentially‌ ‌expressed‌ ‌genes‌ ‌to‌ ‌determine‌ ‌putative‌ ‌cellular‌ ‌functions‌ ‌of‌ ‌neuronal‌‌                   
subtypes.‌‌Since‌‌SC3‌‌is‌‌a‌‌non-convex‌‌method,‌‌it‌‌yields‌‌different‌‌results‌‌for‌‌each‌‌run.‌‌In‌‌                             
order‌ ‌to‌ ‌provide‌ ‌quantification‌ ‌of‌ ‌the‌ ‌stability‌ ‌of‌ ‌the‌ ‌three‌ ‌methods,‌ ‌we‌ ‌apply‌ ‌each‌‌                           
method‌ ‌1,000‌ ‌times‌ ‌and‌ ‌count‌ ‌the‌ ‌number‌ ‌of‌ ‌times‌ ‌three‌ ‌key‌ ‌clusters‌ ‌of‌ ‌interest‌ ‌are‌‌                             
successfully‌‌identified.‌‌These‌‌clusters‌‌are‌‌selected‌‌based‌‌on‌‌their‌‌biological‌‌relevance‌‌as‌‌                       
described‌ ‌in‌ ‌the‌ ‌original‌ ‌paper,‌ ‌further‌ ‌details‌ ‌can‌ ‌be‌ ‌found‌ ‌in‌ ‌the‌ ‌results‌ ‌section.‌ ‌ 

Once‌ ‌again,‌‌experiments‌‌are‌‌run‌‌under‌‌two‌‌conditions.‌‌Firstly,‌‌we‌‌assume‌‌that‌‌reliable‌‌                         
source‌ ‌data‌‌labels‌‌are‌‌not‌‌available‌‌and‌‌we‌‌generate‌‌cell‌‌labels‌‌for‌‌the‌‌Usoskin‌‌dataset‌‌                             
via‌ ‌NMF‌ ‌clustering.‌ ‌Secondly,‌ ‌we‌ ‌use‌ ‌labels‌ ‌from‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌ ‌(generated‌ ‌via‌ ‌an‌‌                           
iterative‌ ‌PCA‌ ‌approach).‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌ ‌provide‌ ‌labels‌ ‌at‌ ‌three‌ ‌different‌ ‌levels‌ ‌of‌ ‌the‌‌                           
hierarchy‌ ‌producing‌ ‌4,‌ ‌8‌ ‌or‌ ‌11‌ ‌clusters.‌ ‌We‌ ‌investigate‌ ‌results‌ ‌based‌ ‌on‌ ‌all‌ ‌of‌ ‌those,‌‌                             
calling‌ ‌them‌‌level‌‌1,‌‌2‌‌and‌‌3‌‌labels,‌‌respectively.‌‌We‌‌also‌‌investigate‌‌a‌‌scenario‌‌where‌‌                             
we‌ ‌generate‌ ‌the‌ ‌labels‌ ‌via‌ ‌NMF‌ ‌clustering‌ ‌instead‌ ‌of‌ ‌using‌ ‌the‌ ‌labels‌ ‌presented‌ ‌in‌‌                           
Usoskin‌‌‌et‌‌al‌.‌‌In‌‌the‌‌main‌‌text,‌‌however,‌‌we‌‌only‌‌present‌‌results‌‌based‌‌on‌‌using‌‌level‌‌3‌‌                                 
labels‌ ‌from‌ ‌the‌ ‌original‌ ‌publication.‌ ‌Please‌ ‌see‌ ‌Appendix‌ ‌Chapter‌ ‌III.‌ ‌for‌ ‌the‌‌                       
clustering‌ ‌results‌ ‌using‌ ‌NMF,‌ ‌level‌ ‌1‌ ‌and‌ ‌level‌ ‌2‌ ‌labels‌ ‌for‌ ‌the‌ ‌source‌ ‌datasets.‌ ‌ 
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To‌‌assess‌‌the‌‌performance‌‌of‌‌our‌‌method,‌‌we‌‌are‌‌unable‌‌to‌‌compute‌‌ARI‌‌scores‌‌in‌‌this‌‌                               
setting.‌ ‌In‌ ‌contrast‌ ‌to‌ ‌the‌ ‌simulations‌ ‌described‌ ‌above,‌ ‌the‌ ‌true‌ ‌underlying‌ ‌clustering‌‌                       
architecture‌ ‌of‌ ‌the‌ ‌cells‌ ‌under‌ ‌study‌ ‌is‌ ‌largely‌ ‌unknown.‌ ‌Hence,‌ ‌we‌ ‌assess‌ ‌clustering‌‌                         
performance‌ ‌based‌ ‌on‌ ‌differential‌ ‌gene‌ ‌expression‌ ‌and‌ ‌biological‌ ‌relevance‌ ‌to‌‌known‌‌                     
somatosensory‌‌pathways.‌‌The‌‌validation‌‌results‌‌using‌‌the‌‌independent‌‌source‌‌and‌‌target‌‌                     
datasets‌ ‌are‌ ‌presented‌ ‌in‌ ‌‌Chapter‌ ‌4.3.3‌.‌‌ ‌  

4.2.4‌ ‌Preprocessing‌ ‌and‌ ‌parameter‌ ‌selection‌ ‌ 

Three‌ ‌steps‌ ‌for‌ ‌preprocessing‌ ‌scRNA-Seq‌ ‌data‌ ‌are‌ ‌applied:‌ ‌ 

● Cell‌ ‌filter:‌ Remove‌ ‌all‌ ‌cells‌ ‌containing‌ ‌fewer‌ ‌than‌ ‌ ‌genes‌ ‌with‌‌                xgenes      
.‌‌ ‌xpression e > xexpression   

● Gene‌‌filter:‌‌Remove‌‌ubiquitous‌‌genes‌‌that‌‌are‌‌expressed‌‌in‌‌almost‌‌all‌‌cells‌‌(‌i.e.‌‌                         
with‌ ‌ ‌in‌‌at‌‌least‌‌ ‌of‌‌cells)‌‌and‌‌rare‌‌genes‌‌that‌‌are‌‌  xpression e > xexpression         %xcells                
not‌ ‌expressed‌ ‌in‌ ‌almost‌ ‌all‌ ‌cells‌ ‌(‌i.e.‌ ‌with‌ ‌ ‌in‌ ‌at‌ ‌least‌‌                xpression e < xexpression        

 ‌of‌ ‌cells).‌ ‌%xcells  

● Log-transformation:‌ ‌‌Log-transform‌ ‌the‌ ‌expression‌ ‌matrix‌ ‌after‌ ‌adding‌ ‌a‌‌               
pseudo-count‌ ‌of‌ ‌1.‌ ‌ 

Preprocessing‌ ‌is‌ ‌performed‌ ‌once‌ ‌for‌ ‌all‌ ‌datasets‌ ‌(source‌ ‌and‌ ‌target‌ ‌separately)‌ ‌before‌‌                       
the‌ ‌different‌ ‌clustering‌‌methods‌‌(‌i.e.‌‌‌transfer‌‌learning‌‌or‌‌baseline‌‌methods)‌‌are‌‌applied‌‌                       
and‌ ‌are‌ ‌repeated,‌ ‌for‌ ‌example,‌ ‌after‌ ‌the‌ ‌concatenation‌ ‌of‌ ‌two‌ ‌datasets.‌ ‌All‌ ‌free‌‌                         
preprocessing‌ ‌parameters‌ ‌should‌ ‌be‌ ‌selected‌‌by‌‌future‌‌users‌‌based‌‌on‌‌an‌‌inspection‌‌of‌‌                         
the‌ ‌data,‌ ‌‌i.e.‌ ‌‌expression‌ ‌histograms‌ ‌of‌ ‌both‌ ‌source‌ ‌and‌ ‌target‌ ‌dataset.‌‌ ‌  

The‌‌mixture‌‌parameter‌‌ ‌‌is‌‌automatically‌‌chosen‌‌via‌‌an‌‌unsupervised‌‌assessment‌‌of‌‌the‌‌      θ                    
clustering‌ ‌quality‌ ‌through‌ ‌KTA‌ ‌scores‌ ‌as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌4.2.2‌.‌ ‌See‌ ‌‌Chapter‌‌                       
4.3.1‌ ‌for‌ ‌an‌ ‌investigation‌ ‌of‌ ‌the‌ ‌performance‌ ‌changes‌ ‌induced‌ ‌by‌ ‌varying‌ ‌ ‌‌on‌ ‌the‌‌                      θ      
generated‌ ‌datasets.‌‌ ‌  

Other‌ ‌free‌ ‌parameters,‌ ‌‌e.g.‌ ‌the‌ ‌elastic‌ ‌net‌ ‌parameters‌ ‌ ‌and‌ ‌ ,‌ ‌are‌ ‌selected‌‌                λNMF     αNMF      
based‌‌on‌‌results‌‌from‌‌the‌‌simulated‌‌data.‌‌The‌‌generated‌‌datasets‌‌‌are‌‌used‌‌to‌‌determine‌                           
performance‌‌changes‌‌induced‌‌by‌‌varying‌‌the‌‌free‌‌parameters‌‌of‌‌the‌‌method‌‌and‌‌identify‌‌                         
optimal‌ ‌settings,‌ ‌which‌ ‌are‌ ‌assumed‌ ‌to‌ ‌be‌ ‌good‌ ‌choices‌ ‌for‌ ‌the‌ ‌application‌ ‌of‌ ‌the‌‌                           
proposed‌ ‌method‌ ‌to‌ ‌real‌ ‌datasets.‌‌ ‌  

The‌ ‌specific‌ ‌values‌ ‌of‌ ‌the‌ ‌free‌ ‌parameters‌ ‌of‌ ‌the‌ ‌preprocessing‌ ‌steps‌ ‌and‌ ‌the‌‌                         
TransferCluster‌ ‌method‌ ‌selected‌ ‌for‌ ‌the‌ ‌datasets‌ ‌in‌ ‌this‌ ‌dissertation‌ ‌and‌ ‌the‌‌                     
corresponding‌ ‌expression‌ ‌histograms‌ ‌are‌ ‌presented‌ ‌in‌ ‌the‌ ‌following‌ ‌sections.‌ ‌ 
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Preprocessing‌ ‌and‌ ‌parameter‌ ‌selection‌ ‌for‌ ‌generated‌ ‌source‌ ‌and‌‌               
target‌ ‌datasets‌ ‌ 

After‌ ‌generating‌ ‌100‌ ‌datasets‌ ‌with‌ ‌1,800‌ ‌cells‌ ‌and‌ ‌10,000‌ ‌genes,‌ ‌the‌ ‌median‌ ‌overall‌‌                         
number‌ ‌of‌‌reads‌‌for‌‌each‌‌cell‌‌is‌‌215,500‌‌reads.‌‌The‌‌corresponding‌‌histogram‌‌is‌‌shown‌‌                           
in‌‌ ‌Figure‌ ‌27‌.‌ ‌ 

 ‌ ‌ 
Figure‌ ‌27:‌ ‌Histogram‌ ‌of‌ ‌cell‌ ‌counts‌ ‌in‌ ‌generated‌ ‌scRNA-Seq‌ ‌datasets.‌‌ ‌100‌ ‌datasets‌ ‌with‌ ‌1,800‌ ‌cells‌ ‌and‌ ‌10,000‌‌ 

genes‌ ‌are‌ ‌generated‌ ‌and‌ ‌a‌ ‌histogram‌ ‌of‌ ‌the‌ ‌overall‌ ‌number‌ ‌of‌ ‌reads‌ ‌is‌ ‌shown.‌ ‌ 

The‌‌preprocessing‌‌steps‌‌are‌‌not‌‌applied‌‌to‌‌the‌‌generated‌‌datasets‌‌because‌‌the‌‌generation‌‌                         
process‌ ‌does‌ ‌not‌ ‌produce‌ ‌any‌ ‌unfavorable‌ ‌genes‌ ‌or‌ ‌cells.‌ ‌ 

For‌ ‌each‌ ‌overlap‌ ‌setting‌ ‌(described‌ ‌in‌ ‌‌Chapter‌ ‌4.2.3‌ ‌on‌ ‌generated‌ ‌datasets),‌ ‌this‌‌                       
process‌ ‌is‌ ‌repeated‌ ‌and‌ ‌the‌ ‌100‌ ‌datasets‌ ‌are‌‌separated‌‌into‌‌1,000‌‌source‌‌cells‌‌and‌‌800‌‌                             
target‌ ‌cells.‌ ‌All‌ ‌three‌ ‌competitor‌ ‌methods‌ ‌are‌‌applied‌‌to‌‌down-sampled‌‌target‌‌datasets‌‌                       
where‌ ‌for‌ ‌each‌ ‌repetition,‌ ‌10,‌ ‌25,‌ ‌50,‌ ‌100,‌ ‌200,‌ ‌400,‌ ‌600‌ ‌and‌ ‌800‌ ‌cells‌ ‌are‌‌randomly‌‌                               
selected‌ ‌from‌ ‌the‌ ‌complete‌ ‌target‌ ‌dataset.‌ ‌ 

There‌ ‌are‌ ‌a‌ ‌number‌ ‌of‌ ‌parameters‌ ‌in‌ ‌the‌ ‌NMF‌ ‌step‌‌of‌‌the‌‌proposed‌‌method‌‌that‌‌need‌‌                               
specification.‌ ‌In‌ ‌the‌ ‌controlled‌ ‌environment‌ ‌of‌ ‌the‌ ‌generated‌ ‌datasets,‌ ‌the‌ ‌elastic‌ ‌net‌‌                       
parameters‌ ‌are‌ ‌set‌ ‌to‌ ‌ ‌and‌ ‌ ‌and‌ ‌the‌ ‌maximum‌ ‌number‌ ‌of‌‌        0.0αNMF = 1     .75λNMF = 0            
iterations‌‌until‌‌convergence‌‌up‌‌to‌‌a‌‌relative‌‌error‌‌of‌‌0.001‌‌is‌‌set‌‌to‌‌4,000.‌‌The‌‌range‌‌of‌‌                                 
mixture‌‌parameters‌‌θ‌‌to‌‌be‌‌put‌‌into‌‌the‌‌KTA‌‌score‌‌selection‌‌process‌‌is‌‌[0.0,‌‌0.1,‌‌0.2,‌‌0.3,‌‌                                 
0.4,‌‌0.5,‌‌0.6,‌‌0.7,‌‌0.8,‌‌0.9,‌‌1.0].‌‌The‌‌number‌‌of‌‌clusters‌‌to‌‌find‌‌is‌‌selected‌‌in‌‌agreement‌‌                                 
with‌ ‌the‌ ‌true‌ ‌underlying‌ ‌cluster‌ ‌structure.‌ ‌ 
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Preprocessing‌ ‌and‌ ‌parameter‌ ‌selection‌ ‌for‌ ‌subsampled‌ ‌source‌ ‌and‌‌               
target‌ ‌datasets‌ ‌ 

Please‌ ‌see‌ ‌Figure‌ ‌28‌ ‌for‌ ‌the‌‌histogram‌‌of‌‌the‌‌expression‌‌levels‌‌in‌‌the‌‌Tasic‌‌dataset‌291‌,‌‌                             
which‌ ‌is‌ ‌investigated‌ ‌to‌ ‌choose‌ ‌the‌ ‌parameter‌ ‌values‌ ‌for‌ ‌preprocessing.‌ ‌Before‌‌                     
preprocessing,‌ ‌the‌ ‌original‌ ‌Tasic‌ ‌dataset‌ ‌contains‌ ‌1,679‌ ‌cells‌ ‌and‌ ‌24,057‌ ‌genes.‌ ‌The‌‌                       
parameters‌ ‌of‌ ‌the‌ ‌preprocessing‌ ‌filters‌ ‌as‌ ‌described‌ ‌above‌ ‌are‌ ‌set‌ ‌to‌‌                     

‌and‌ ‌ ‌following‌ ‌the‌‌inspection‌‌of‌‌the‌‌expression‌‌000, xxgenes = 2   expression = 2     4xcells = 9              
histogram‌‌in‌‌‌Figure‌‌28‌.‌‌After‌‌removing‌‌21‌‌cells‌‌containing‌‌fewer‌‌than‌‌2,000‌‌genes‌‌with‌‌                           
expression‌‌>‌‌2‌‌and‌‌14,510‌‌genes‌‌with‌‌expression‌‌<‌‌2‌‌or‌‌>‌‌2‌‌in‌‌at‌‌least‌‌94%‌‌of‌‌cells,‌‌the‌‌                                       
dataset‌‌contains‌‌expression‌‌levels‌‌of‌‌9,547‌‌genes‌‌in‌‌1,658‌‌cells.‌‌The‌‌expression‌‌matrix‌‌                         
is‌ ‌log-transformed‌ ‌after‌ ‌adding‌ ‌a‌ ‌pseudo-count‌ ‌of‌ ‌1.‌ ‌ 

We‌ ‌deem‌‌this‌‌dataset‌‌to‌‌be‌‌of‌‌sufficient‌‌complexity‌‌in‌‌terms‌‌of‌‌taxonomic‌‌diversity‌‌(it‌‌                             
contains‌ ‌23‌ ‌GABAergic‌ ‌neuronal,‌ ‌19‌ ‌glutamatergic‌ ‌neuronal‌ ‌and‌ ‌7‌ ‌non-neuronal‌ ‌cell‌‌                     
types)‌‌and‌‌in‌‌terms‌‌of‌‌total‌‌cell‌‌count‌‌to‌‌enable‌‌cluster-restricted‌‌subsampling‌‌and‌‌thus‌‌                           
the‌ ‌application‌ ‌of‌ ‌transfer‌ ‌learning‌ ‌approaches.‌ ‌ 

‌ 
Figure‌ ‌28:‌‌ ‌‌Histogram‌ ‌of‌ ‌expression‌ ‌values‌ ‌in‌ ‌Tasic‌ ‌dataset‌291‌.‌‌ ‌For‌ ‌24,056‌ ‌genes‌ ‌and‌ ‌1,679‌ ‌cells,‌ ‌there‌ ‌are‌ ‌a‌ ‌total‌ ‌of‌‌ 

40,390,024‌ ‌gene‌ ‌expression‌ ‌values.‌ ‌27,596,688‌ ‌of‌ ‌those‌ ‌equal‌ ‌zero.‌ ‌x-‌ ‌and‌ ‌y-axes‌ ‌are‌ ‌cropped.‌ ‌The‌ ‌location‌ ‌of‌ ‌the‌‌ 
frequency‌ ‌minimum‌ ‌after‌ ‌the‌ ‌zero-inflation‌ ‌at‌ ‌0.5‌ ‌implies‌ ‌choosing‌ ‌2‌ ‌as‌ ‌the‌ ‌cut-off‌ ‌expression‌ ‌value‌ ‌for‌‌ 

preprocessing.‌ ‌ 

The‌ ‌free‌ ‌parameters‌ ‌in‌ ‌the‌ ‌NMF‌ ‌step‌ ‌of‌ ‌the‌ ‌method‌ ‌are‌ ‌chosen‌ ‌according‌ ‌to‌‌the‌‌best‌‌                               
results‌ ‌in‌ ‌the‌ ‌controlled‌ ‌environment‌ ‌of‌ ‌the‌ ‌generated‌ ‌datasets,‌ ‌‌i.e.‌ ‌ ‌and‌‌                    0.0αNMF = 1    

‌and‌‌the‌‌maximum‌‌number‌‌of‌‌iterations‌‌until‌‌convergence‌‌up‌‌to‌‌a‌‌relative‌‌.75λNMF = 0                          
error‌ ‌of‌ ‌0.001‌‌is‌‌set‌‌to‌‌4,000.‌‌The‌‌range‌‌of‌‌mixture‌‌parameters‌‌θ‌‌to‌‌be‌‌put‌‌in‌‌the‌‌KTA‌‌                                     
score‌ ‌selection‌ ‌process‌ ‌is‌ ‌[0.0,‌ ‌0.1,‌ ‌0.2,‌ ‌0.3,‌ ‌0.4,‌ ‌0.5,‌ ‌0.6,‌ ‌0.7,‌ ‌0.8,‌ ‌0.9,‌ ‌1.0].‌ ‌ 

A‌‌number‌‌of‌‌adjustments‌‌have‌‌to‌‌be‌‌made‌‌when‌‌the‌‌data-driven‌‌clustering‌‌labels‌‌of‌‌the‌‌                             
original‌ ‌publication‌ ‌are‌ ‌used‌ ‌for‌ ‌the‌ ‌source‌ ‌data‌ ‌and‌ ‌not‌ ‌the‌ ‌generated‌ ‌NMF‌ ‌labels.‌‌                           
After‌ ‌careful‌ ‌investigation‌ ‌of‌ ‌the‌ ‌Tasic‌ ‌data‌ ‌with‌ ‌the‌ ‌labels‌ ‌from‌ ‌the‌ ‌original‌‌                         
publication,‌ ‌it‌ ‌is‌‌best‌‌to‌‌avoid‌‌having‌‌very‌‌high‌‌mixture‌‌parameters.‌‌Consequently,‌‌the‌‌                         
‌ 
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range‌‌of‌‌mixture‌‌parameters‌‌θ‌‌to‌‌be‌‌put‌‌in‌‌the‌‌KTA‌‌score‌‌selection‌‌process‌‌is‌‌[0.1,‌‌0.2,‌‌                                 
0.3,‌‌0.4,‌‌0.5,‌‌0.6,‌‌0.7].‌‌The‌‌parameters‌‌of‌‌NMF‌‌are‌‌set‌‌to‌‌ ‌and‌‌ ‌                        .0αNMF = 1     .0λNMF = 1  
in‌ ‌this‌ ‌case,‌ ‌indicating‌ ‌that‌‌a‌‌stronger‌‌L1‌‌regularization‌‌is‌‌favorable‌‌here.‌‌The‌‌number‌‌                           
of‌ ‌clusters‌ ‌to‌ ‌find‌ ‌is‌ ‌selected‌ ‌in‌ ‌agreement‌ ‌with‌ ‌the‌ ‌true‌ ‌underlying‌ ‌cluster‌ ‌structure.‌ ‌ 

Preprocessing‌ ‌and‌ ‌parameter‌ ‌selection‌ ‌for‌ ‌independent‌ ‌source‌ ‌and‌‌               
target‌ ‌datasets‌ ‌ 

Please‌ ‌see‌ ‌Figure‌ ‌29‌ ‌for‌ ‌the‌ ‌histogram‌ ‌of‌ ‌the‌ ‌expression‌‌levels‌‌in‌‌the‌‌Hockley‌286‌ ‌and‌‌                             
Usoskin‌82‌ ‌datasets,‌ ‌which‌ ‌are‌ ‌investigated‌ ‌here‌ ‌to‌ ‌choose‌ ‌the‌ ‌parameter‌ ‌values‌ ‌for‌‌                       
preprocessing.‌ ‌Before‌ ‌preprocessing,‌ ‌the‌ ‌original‌ ‌Hockley‌ ‌dataset‌ ‌contains‌ ‌314‌ ‌cells‌‌                   
and‌‌45,513‌‌genes.‌‌The‌‌parameters‌‌of‌‌the‌‌preprocessing‌‌filters‌‌described‌‌above‌‌are‌‌set‌‌to‌‌                           

‌and‌‌ ‌after‌‌inspection‌‌of‌‌the‌‌expression‌‌histogram‌‌000, xxgenes = 2   expression = 1     4xcells = 9              
in‌‌‌Figure‌‌29‌‌A‌.‌‌No‌‌cells‌‌contain‌‌fewer‌‌than‌‌2,000‌‌genes‌‌with‌‌expression‌‌>‌‌1‌‌and‌‌35,862‌‌                                 
genes‌‌with‌‌expression‌‌<‌‌1‌‌or‌‌>‌‌1‌‌in‌‌at‌‌least‌‌94%‌‌of‌‌cells‌‌are‌‌removed.‌‌The‌‌dataset‌‌now‌‌                                     
contains‌‌expression‌‌levels‌‌provided‌‌as‌‌TPM‌‌of‌‌9,651‌‌genes‌‌in‌‌314‌‌cells.‌‌The‌‌expression‌‌                           
matrix‌ ‌is‌ ‌log-transformed‌ ‌after‌ ‌adding‌ ‌a‌ ‌pseudo-count‌ ‌of‌ ‌1.‌ ‌ 

Before‌‌preprocessing,‌‌the‌‌original‌‌Usoskin‌‌dataset‌‌contains‌‌622‌‌cells‌‌and‌‌2,0191‌‌genes‌‌                       
and‌‌provides‌‌gene‌‌counts‌‌as‌‌CPM.‌‌The‌‌parameters‌‌of‌‌the‌‌preprocessing‌‌filters‌‌are‌‌set‌‌to‌‌                             

‌and‌ ‌ ‌following‌ ‌the‌‌inspection‌‌of‌‌the‌‌expression‌‌000, xxgenes = 2   expression = 1     4xcells = 9              
histogram‌‌in‌‌‌Figure‌‌29‌‌B‌.‌‌After‌‌removing‌‌121‌‌cells‌‌that‌‌contain‌‌fewer‌‌than‌‌2,000‌‌genes‌‌                             
with‌‌expression‌‌>‌‌1‌‌and‌‌10,911‌‌genes‌‌with‌‌expression‌‌<‌‌1‌‌or‌‌>‌‌1‌‌in‌‌at‌‌least‌‌94%‌‌of‌‌cells,‌‌                                       
the‌ ‌dataset‌ ‌now‌‌contains‌‌expression‌‌levels‌‌of‌‌9,280‌‌genes‌‌in‌‌501‌‌cells.‌‌The‌‌expression‌‌                           
matrix‌ ‌is‌ ‌log-transformed‌ ‌after‌ ‌adding‌ ‌a‌ ‌pseudo-count‌ ‌of‌ ‌1.‌ ‌ 

Figure‌ ‌29:‌ ‌Histogram‌ ‌of‌ ‌expression‌ ‌values‌ ‌in‌ ‌the‌ ‌Hockley‌286‌‌ ‌and‌ ‌the‌ ‌Usoskin‌82‌‌ ‌dataset:‌ ‌A‌ ‌‌Histogram‌ ‌of‌ ‌all‌‌ 
expression‌ ‌values‌ ‌in‌ ‌the‌ ‌Hockley‌ ‌dataset.‌ ‌For‌ ‌45,513‌ ‌genes‌ ‌and‌ ‌314‌ ‌cells,‌ ‌there‌ ‌are‌ ‌a‌ ‌total‌ ‌of‌ ‌14,291,082‌ ‌gene‌‌ 

expression‌ ‌values.‌ ‌10,181,090‌ ‌of‌ ‌those‌ ‌equal‌ ‌zero.‌ ‌x-‌ ‌and‌ ‌y-axes‌ ‌are‌ ‌cropped.‌ ‌The‌ ‌location‌ ‌of‌ ‌the‌ ‌frequency‌ ‌minimum‌‌ 
after‌ ‌the‌ ‌zero-inflation‌ ‌at‌ ‌0.25‌ ‌implies‌ ‌choosing‌ ‌1‌ ‌as‌ ‌the‌ ‌cut-off‌ ‌expression‌ ‌value‌ ‌for‌ ‌preprocessing.‌ ‌‌B‌ ‌‌Histogram‌ ‌of‌‌ 

all‌ ‌expression‌ ‌values‌ ‌in‌ ‌the‌ ‌Usoskin‌ ‌dataset.‌ ‌For‌ ‌20,191‌ ‌genes‌ ‌and‌ ‌622‌ ‌cells,‌ ‌there‌ ‌are‌ ‌a‌ ‌total‌ ‌of‌ ‌12,558,802‌ ‌gene‌‌ 
expression‌ ‌values.‌ ‌10,368,845‌ ‌of‌ ‌those‌ ‌equal‌ ‌zero.‌ ‌x-‌ ‌and‌ ‌y-axes‌ ‌are‌ ‌cropped.‌ ‌The‌ ‌location‌ ‌of‌ ‌the‌ ‌frequency‌ ‌minimum‌‌ 

after‌ ‌the‌ ‌zero-inflation‌ ‌at‌ ‌0.25‌ ‌implies‌ ‌choosing‌ ‌1‌ ‌as‌ ‌the‌ ‌cut-off‌ ‌expression‌ ‌value‌ ‌for‌ ‌preprocessing.‌ ‌ 
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The‌ ‌proposed‌ ‌transfer‌ ‌learning‌ ‌method,‌ ‌as‌ ‌well‌ ‌as‌ ‌its‌ ‌competitor‌ ‌method‌ ‌of‌‌                       
concatenating‌‌the‌‌source‌‌and‌‌the‌‌target‌‌dataset‌‌(as‌‌described‌‌in‌‌‌Chapter‌‌4.2.5‌),‌‌can‌‌only‌‌                           
be‌‌applied‌‌when‌‌the‌‌set‌‌of‌‌genes‌‌in‌‌the‌‌source‌‌and‌‌the‌‌target‌‌dataset‌‌are‌‌identical.‌‌Using‌‌                                 
only‌ ‌the‌ ‌subset‌ ‌of‌ ‌4,402‌ ‌genes‌ ‌that‌ ‌appear‌ ‌in‌ ‌both‌ ‌sets,‌ ‌the‌ ‌Hockley‌ ‌dataset‌ ‌now‌‌                             
contains‌ ‌4,402‌ ‌genes‌ ‌and‌ ‌314‌ ‌cells‌ ‌and‌ ‌the‌ ‌Usoskin‌ ‌dataset‌ ‌contains‌ ‌4,402‌‌genes‌‌and‌‌                           
501‌‌cells.‌‌The‌‌free‌‌parameters‌‌in‌‌the‌‌NMF‌‌step‌‌of‌‌the‌‌method‌‌are‌‌selected‌‌according‌‌to‌‌                               
the‌ ‌best‌ ‌results‌ ‌in‌ ‌the‌ ‌controlled‌ ‌environment‌ ‌of‌ ‌the‌ ‌generated‌ ‌datasets,‌ ‌‌i.e.‌‌                       

‌and‌ ‌ ‌and‌ ‌the‌ ‌maximum‌ ‌number‌ ‌of‌ ‌iterations‌ ‌until‌‌0.0αNMF = 1     .75λNMF = 0                
convergence‌ ‌up‌ ‌to‌ ‌a‌ ‌relative‌ ‌error‌ ‌of‌ ‌0.001‌ ‌is‌ ‌set‌ ‌to‌ ‌4,000.‌‌In‌‌order‌‌to‌‌assess‌‌whether‌‌                                 
rare‌ ‌cell‌ ‌types‌ ‌are‌ ‌present‌ ‌in‌ ‌the‌ ‌Hockley‌ ‌dataset,‌ ‌the‌‌number‌‌of‌‌clusters‌‌to‌‌group‌‌the‌‌                               
cells‌ ‌of‌ ‌the‌ ‌target‌ ‌dataset‌ ‌in‌ ‌is‌ ‌chosen‌ ‌to‌ ‌be‌ ‌‌k‌ ‌=‌ ‌7‌,‌ ‌which‌ ‌is‌ ‌the‌‌number‌‌of‌‌cell‌‌types‌‌                                       
identified‌ ‌in‌ ‌the‌ ‌original‌ ‌Hockley‌ ‌publication.‌ ‌The‌ ‌mixture‌ ‌parameter‌ ‌θ‌ ‌is,‌ ‌again,‌‌                       
selected‌ ‌automatically‌ ‌(see‌ ‌‌Chapter‌ ‌4.2.2‌).‌‌ ‌  

4.2.5‌ ‌Baseline‌ ‌methods‌ ‌ 

For‌ ‌assessing‌ ‌the‌ ‌quality‌ ‌of‌ ‌our‌ ‌unsupervised‌ ‌transfer‌ ‌learning‌ ‌solution,‌ ‌we‌ ‌are‌‌                       
interested‌ ‌in‌ ‌investigating‌ ‌the‌ ‌clustering‌ ‌accuracy‌ ‌of‌ ‌our‌ ‌method‌ ‌on‌ ‌a‌ ‌target‌ ‌dataset‌‌                         
compared‌‌to‌‌two‌‌competitor‌‌methods.‌‌As‌‌baseline‌‌methods,‌‌we‌‌implement‌‌the‌‌original‌‌                       
SC3‌ ‌clustering‌ ‌method‌ ‌on‌ ‌the‌ ‌target‌ ‌dataset‌ ‌alone‌ ‌(TargetCluster)‌ ‌and‌ ‌on‌ ‌the‌‌                       
concatenated‌ ‌dataset‌ ‌of‌ ‌source‌ ‌and‌ ‌target‌ ‌(ConcatenateCluster).‌ ‌For‌ ‌a‌ ‌visualization‌ ‌of‌‌                     
the‌ ‌baseline‌ ‌methods,‌ ‌see‌ ‌‌Figure‌ ‌30‌.‌ ‌ ‌   
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Figure‌ ‌30:‌ ‌Visualization‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods‌ ‌for‌ ‌analyzing‌ ‌scRNA-Seq‌ ‌data.‌‌ ‌‌A‌‌ ‌TargetCluster.‌‌ 
Clustering‌ ‌is‌ ‌applied‌ ‌to‌ ‌the‌ ‌target‌ ‌dataset‌ ‌alone.‌ ‌‌B‌‌ ‌ConcatenateCluster.‌ ‌Source‌ ‌dataset‌ ‌and‌ ‌target‌ ‌dataset‌ ‌are‌ ‌combined‌‌ 

into‌ ‌one‌ ‌large‌ ‌dataset‌ ‌via‌ ‌simple‌ ‌concatenation‌ ‌before‌ ‌clustering‌ ‌the‌ ‌new‌ ‌dataset‌ ‌as‌ ‌a‌ ‌whole.‌ ‌Performance‌ ‌measures‌‌ 
(‌i.e.‌‌ ‌accuracies)‌ ‌are‌ ‌calculated‌ ‌on‌ ‌the‌ ‌target‌ ‌dataset‌ ‌only‌ ‌since‌ ‌it‌ ‌is‌ ‌the‌ ‌main‌ ‌focus‌ ‌of‌ ‌interest‌ ‌for‌ ‌clustering.‌ ‌‌C‌‌ 

TransferCluster.‌ ‌The‌ ‌proposed‌ ‌method‌ ‌of‌ ‌knowledge‌ ‌transfer‌ ‌is‌ ‌applied‌ ‌to‌ ‌the‌ ‌target‌ ‌dataset‌ ‌learning‌ ‌from‌ ‌a‌ ‌large‌ 
labeled‌ ‌source‌ ‌dataset.‌ ‌The‌ ‌resulting,‌ ‌modified‌ ‌target‌ ‌dataset‌ ‌is‌ ‌then‌ ‌provided‌ ‌to‌ ‌the‌ ‌clustering‌ ‌procedure.‌ ‌ 

‌ 

4.2.6‌ ‌Performance‌ ‌metrics‌ ‌ 

As‌ ‌a‌ ‌supervised‌ ‌performance‌ ‌metric,‌ ‌we‌ ‌use‌ ‌the‌ ‌adjusted‌ ‌Rand‌‌index‌‌(ARI)‌316‌,‌‌which‌‌                         
measures‌ ‌the‌ ‌similarity‌ ‌between‌ ‌two‌ ‌data‌ ‌clusterings‌ ‌adjusted‌ ‌for‌ ‌the‌ ‌chance‌ ‌of‌‌                       
randomly‌‌grouping‌‌datapoints‌‌together‌‌in‌‌one‌‌cluster.‌‌In‌‌order‌‌to‌‌evaluate‌‌the‌‌clustering‌‌                         
result‌ ‌of‌ ‌an‌ ‌algorithm,‌ ‌it‌ ‌can‌ ‌be‌ ‌used‌ ‌to‌ ‌compare‌ ‌the‌ ‌given‌ ‌clustering‌ ‌to‌ ‌the‌ ‌true‌‌                               
underlying‌‌class‌‌labels.‌‌Here,‌‌we‌‌compare‌‌the‌‌transfer‌‌learning‌‌results‌‌(TransferCluster)‌                     
and‌ ‌the‌ ‌baseline‌ ‌results‌ ‌(TargetCluster‌ ‌and‌ ‌ConcatenateCluster)‌ ‌with‌ ‌the‌ ‌known‌‌                   
clustering‌ ‌labels.‌ ‌These‌ ‌are‌ ‌known‌ ‌perfectly‌ ‌in‌ ‌the‌ ‌case‌ ‌of‌ ‌the‌ ‌simulated‌ ‌data‌ ‌and‌‌                           
retrieved‌ ‌from‌ ‌the‌ ‌original‌ ‌publication‌ ‌in‌ ‌the‌ ‌case‌ ‌of‌ ‌the‌ ‌real‌ ‌data.‌ ‌ARI‌ ‌scores‌ ‌are‌‌                             
computed‌‌only‌‌on‌‌the‌‌target‌‌data,‌‌even‌‌in‌‌the‌‌case‌‌of‌‌ConcatenateCluster,‌‌where‌‌labels‌‌                           
are‌ ‌computed‌ ‌for‌ ‌both‌ ‌source‌ ‌and‌ ‌target‌ ‌cells.‌ ‌ ‌   
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4.3‌ ‌Results‌ ‌ 
In‌ ‌the‌ ‌following‌ ‌sections,‌ ‌we‌ ‌present‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌proposed‌ ‌transfer‌ ‌learning‌                         
method‌‌evaluated‌‌on‌‌generated,‌‌subsampled‌‌and‌‌independent‌‌target‌‌and‌‌source‌‌datasets.‌‌                     
When‌‌the‌‌underlying‌‌truth‌‌is‌‌known‌‌or‌‌can‌‌be‌‌estimated,‌‌performance‌‌is‌‌investigated‌‌in‌‌                           
terms‌ ‌of‌ ‌similarity‌ ‌(ARI‌ ‌scores)‌ ‌to‌ ‌the‌ ‌true‌ ‌clusterings.‌ ‌A‌ ‌functional‌ ‌analysis‌ ‌of‌ ‌the‌‌                           
corresponding‌ ‌transcripts‌ ‌and‌ ‌their‌ ‌translational‌ ‌outcomes‌ ‌is‌ ‌performed‌ ‌where‌ ‌the‌‌                   
underlying‌‌clustering‌‌structures‌‌are‌‌unknown.‌‌In‌‌both‌‌settings,‌‌performance‌‌is‌‌examined‌‌                     
in‌ ‌comparison‌ ‌to‌ ‌a‌ ‌number‌ ‌of‌ ‌baseline‌ ‌methods,‌ ‌which‌ ‌are‌ ‌presented‌ ‌in‌ ‌full‌ ‌detail‌ ‌in‌‌                             
Chapter‌ ‌4.2.5‌.‌‌ ‌  

4.3.1‌ ‌Results‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌ 

To‌ ‌assess‌ ‌the‌ ‌performance‌ ‌of‌ ‌the‌ ‌proposed‌ ‌method‌ ‌in‌ ‌comparison‌ ‌to‌‌the‌‌two‌‌baseline‌‌                           
methods‌ ‌in‌ ‌a‌ ‌controlled‌‌environment,‌‌we‌‌conduct‌‌a‌‌number‌‌of‌‌simulation‌‌experiments‌‌                       
with‌‌generated‌‌data,‌‌where‌‌the‌‌ground‌‌truth‌‌of‌‌the‌‌clustering‌‌structure‌‌is‌‌controlled‌‌and‌‌                           
known.‌‌This‌‌allows‌‌us‌‌to‌‌compute‌‌supervised‌‌performance‌‌metrics‌‌for‌‌each‌‌method‌‌and‌‌                         
make‌‌objective‌‌statements‌‌about‌‌which‌‌method‌‌performs‌‌best.‌‌‌Figures‌‌31‌‌B-D‌‌show‌‌the‌‌                         
ARI‌ ‌curves‌ ‌of‌ ‌all‌ ‌three‌ ‌methods‌ ‌on‌ ‌the‌ ‌simulated‌ ‌scRNA-Seq‌ ‌datasets‌ ‌generated‌‌                       
according‌ ‌to‌ ‌the‌ ‌clustering‌ ‌structure‌ ‌in‌ ‌‌Figure‌ ‌31‌ ‌A‌ ‌‌(from‌ ‌‌Figure‌ ‌26‌)‌ ‌for‌ ‌the‌ ‌three‌‌                             
different‌‌settings‌‌of‌‌overlap‌‌between‌‌the‌‌source‌‌and‌‌the‌‌target,‌‌as‌‌described‌‌in‌‌‌Chapter‌‌                           
4.2.3‌‌ ‌(“‌Validation‌ ‌on‌ ‌generated‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌”).‌‌ ‌  
For‌ ‌complete‌ ‌overlap‌ ‌in‌ ‌the‌ ‌clustering‌ ‌structures‌ ‌of‌ ‌the‌ ‌two‌ ‌datasets,‌ i.e.‌ ‌identically‌‌                         
sampled‌ ‌data,‌ ‌our‌ ‌method,‌ ‌TransferCluster,‌ ‌outperforms‌ ‌the‌ ‌baseline‌ ‌methods‌ ‌for‌ ‌all‌‌                     
sample‌ ‌sizes‌ ‌of‌ ‌the‌ ‌target‌ ‌dataset‌ ‌(‌Figure‌ ‌31‌‌B‌).‌‌It‌‌exceeds‌‌not‌‌only‌‌the‌‌clustering‌‌on‌‌                               
the‌‌target‌‌dataset‌‌alone‌‌(TargetCluster)‌‌but‌‌also‌‌performs‌‌better‌‌than‌‌concatenating‌‌and‌‌                       
clustering‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌simultaneously‌ ‌(ConcatenateCluster).‌ ‌The‌ ‌latter‌ ‌can‌‌                   
improve‌ ‌the‌ ‌clustering‌ ‌of‌ ‌the‌ ‌target‌ ‌dataset‌ ‌but‌ ‌fails‌ ‌to‌ ‌achieve‌ ‌the‌ ‌same‌ ‌levels‌ ‌of‌‌                             
performance‌ ‌as‌ ‌TransferCluster.‌ ‌The‌ ‌main‌ ‌reason‌ ‌for‌ ‌this‌ ‌is‌ ‌that‌ ‌instead‌ ‌of‌‌predicting‌‌                         
the‌‌labels‌‌of‌‌the‌‌source‌‌dataset‌‌-‌‌like‌‌ConcatenateCluster‌‌-‌‌TransferCluster‌‌uses‌‌the‌‌true‌‌                           
source‌ ‌labels‌ ‌and‌ ‌incorporates‌ ‌that‌ ‌knowledge‌ ‌into‌‌the‌‌clustering‌‌of‌‌the‌‌target‌‌dataset.‌‌                         
This‌‌effect‌‌is‌‌very‌‌strong‌‌here‌‌since‌‌the‌‌true‌‌source‌‌labels‌‌are‌‌completely‌‌known‌‌for‌‌the‌‌                               
generated‌ ‌datasets.‌‌ ‌  
The‌ ‌ARI‌‌curves‌‌on‌‌simulated‌‌data‌‌with‌‌both‌‌overlapping‌‌and‌‌non-overlapping‌‌clusters‌‌                       
in‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌show‌ ‌that,‌ ‌in‌ ‌this‌ ‌case,‌‌transferring‌‌knowledge‌‌can‌‌still‌‌help‌‌                             
the‌ ‌analysis‌ ‌of‌ ‌the‌ ‌target‌ ‌dataset‌ ‌and‌ ‌that‌ ‌TransferCluster‌ ‌outperforms‌ ‌both‌ ‌baseline‌‌                       
methods,‌ ‌however‌ ‌not‌ ‌by‌ ‌the‌ ‌same‌ ‌amount‌ ‌as‌ ‌when‌ ‌a‌ ‌complete‌ ‌overlap‌ ‌is‌ ‌present‌‌                           
(‌Figure‌ ‌31‌ ‌C‌).‌ ‌Concatenating‌ ‌the‌ ‌two‌ ‌datasets‌ ‌(ConcatenateCluster)‌ ‌can‌ ‌lead‌ ‌to‌‌                     
decreased‌ ‌performance‌ ‌for‌ ‌larger‌ ‌target‌ ‌sample‌ ‌sizes,‌ ‌where‌ ‌clustering‌ ‌the‌ ‌target‌ ‌data‌‌                       
alone‌ ‌(TargetCluster)‌ ‌is‌‌more‌‌successful.‌‌Only‌‌incorporating‌‌the‌‌source‌‌knowledge‌‌via‌‌                     
our‌ ‌transfer‌ ‌learning‌ ‌procedure‌ ‌(TransferCluster)‌ ‌can‌ ‌consistently‌ ‌improve‌ ‌the‌‌                 
clustering‌ ‌results‌ ‌for‌ ‌all‌ ‌sample‌ ‌sizes.‌‌ ‌  
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Figure‌ ‌31:‌ ‌Performance‌ ‌curves‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌for‌ ‌different‌ ‌levels‌ ‌of‌‌ 
overlap.‌ ‌A‌ ‌‌Count‌ ‌level‌ ‌scRNA-Seq‌ ‌data‌ ‌is‌ ‌simulated‌ ‌according‌ ‌to‌ ‌a‌ ‌predefined‌ ‌hierarchical‌ ‌clustering‌ ‌structure‌ ‌with‌‌ 
eight‌ ‌cell‌ ‌clusters‌ ‌(1-8)‌ ‌that‌ ‌are‌ ‌derived‌ ‌from‌ ‌five‌ ‌top-level‌ ‌clusters‌ ‌(V‌ ‌-‌ ‌Z).‌ ‌Generated‌ ‌datasets‌ ‌are‌ ‌individually‌ ‌split‌‌ 
up‌ ‌by‌ ‌randomly‌ ‌assigning‌ ‌the‌ ‌top‌ ‌node‌ ‌clusters‌ ‌V‌ ‌-‌ ‌Z‌ ‌to‌ ‌source‌ ‌or‌ ‌target.‌ ‌Three‌ ‌different‌ ‌settings‌ ‌are‌ ‌considered:‌ ‌1.‌‌ 

both‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌contain‌ ‌cells‌ ‌from‌ ‌all‌ ‌top‌ ‌node‌ ‌clusters‌ ‌V‌ ‌-‌ ‌Z‌ ‌(Complete‌ ‌overlap),‌ ‌2.‌ ‌three‌ ‌randomly‌‌ 
selected‌ ‌top‌ ‌node‌ ‌clusters‌ ‌V‌ ‌-‌ ‌Z‌ ‌are‌ ‌chosen‌ ‌as‌ ‌common‌ ‌to‌ ‌both‌ ‌source‌ ‌and‌ ‌target,‌ ‌the‌ ‌other‌ ‌two‌ ‌are‌ ‌assigned‌ ‌to‌ ‌either‌‌ 
one‌ ‌of‌ ‌source‌ ‌and‌ ‌target‌ ‌(Incomplete‌ ‌overlap)‌ ‌or‌ ‌3.‌ ‌cells‌ ‌from‌ ‌two‌ ‌of‌ ‌the‌ ‌top‌ ‌node‌ ‌clusters‌ ‌form‌ ‌the‌ ‌target‌ ‌dataset‌ ‌and‌‌ 

cells‌ ‌from‌ ‌the‌ ‌other‌ ‌three‌ ‌form‌ ‌the‌ ‌source‌ ‌(No‌ ‌overlap).‌ ‌‌B‌ ‌‌Clustering‌ ‌performances‌ ‌of‌ ‌the‌ ‌baseline‌ ‌methods,‌‌ 
TargetCluster‌ ‌(clustering‌ ‌on‌ ‌the‌ ‌target‌ ‌dataset‌ ‌alone)‌ ‌and‌ ‌ConcatenateCluster‌ ‌(concatenating‌ ‌and‌ ‌clustering‌ ‌source‌‌ 

and‌ ‌target‌ ‌data‌ ‌simultaneously)‌ ‌and‌ ‌the‌ ‌transfer‌ ‌learning‌ ‌approach‌ ‌(TransferCluster)‌ ‌when‌ ‌the‌ ‌clustering‌ ‌structures‌ ‌of‌‌ 
source‌ ‌and‌ ‌target‌ ‌data‌ ‌are‌ ‌identical‌ ‌(Complete‌ ‌overlap).‌ ‌‌C‌ ‌‌Clustering‌ ‌performances‌ ‌of‌ ‌the‌ ‌baseline‌ ‌methods,‌‌ 

TargetCluster‌ ‌and‌ ‌ConcatenateCluster‌ ‌and‌ ‌the‌ ‌transfer‌ ‌learning‌ ‌approach‌ ‌(TransferCluster)‌ ‌for‌ ‌an‌ ‌incomplete‌ ‌overlap‌ 
between‌ ‌the‌ ‌cell‌ ‌clusters‌ ‌in‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌(Incomplete‌ ‌overlap).‌ ‌‌D‌ ‌‌Clustering‌ ‌performances‌ ‌of‌ ‌the‌ ‌baseline‌‌ 

methods,‌ ‌TargetCluster‌ ‌and‌ ‌ConcatenateCluster‌ ‌and‌ ‌the‌ ‌transfer‌ ‌learning‌ ‌approach‌ ‌(TransferCluster)‌ ‌for‌ ‌a‌ ‌setting‌ ‌with‌‌ 
two‌ ‌exclusive‌ ‌target‌ ‌top‌ ‌nodes‌ ‌and‌ ‌three‌ ‌exclusive‌ ‌source‌ ‌top‌ ‌nodes‌ ‌and‌ ‌no‌ ‌cell‌ ‌types‌ ‌that‌ ‌appear‌ ‌in‌ ‌both‌ ‌sets‌ ‌(No‌‌ 

overlap).‌ ‌Please‌ ‌note‌ ‌that‌ ‌due‌ ‌to‌ ‌the‌ ‌sampling‌ ‌procedures‌ ‌described‌ ‌above,‌ ‌the‌ ‌number‌ ‌of‌ ‌top-level‌ ‌nodes‌ ‌in‌ ‌the‌ ‌target‌‌ 
datasets‌ ‌decreases‌ ‌from‌ ‌5‌ ‌in‌ ‌B‌ ‌to‌ ‌4‌ ‌in‌ ‌C‌ ‌and‌ ‌2‌ ‌in‌ ‌D‌ ‌and‌ ‌hence‌ ‌the‌ ‌performance‌ ‌of‌ ‌TargetCluster‌ ‌improves‌ ‌from‌ ‌B‌ ‌to‌‌ 

D.‌ ‌95%‌ ‌confidence‌ ‌intervals‌ ‌are‌ ‌shown.‌ ‌ 

Specifically,‌ ‌one‌ ‌should‌ ‌note‌ ‌that‌ ‌the‌ ‌performance,‌ ‌as‌ ‌measured‌ ‌by‌ ‌ARI,‌ ‌of‌‌                       
ConcatenateCluster‌ ‌decreases‌ ‌when‌ ‌there‌ ‌is‌ ‌a‌ ‌non-perfect‌ ‌overlap‌‌(in‌‌comparison‌‌to‌‌a‌‌                       
complete‌ ‌overlap)‌ ‌and‌ ‌is‌ ‌greatly‌ ‌impaired‌ ‌when‌ ‌there‌ ‌are‌ ‌no‌ ‌overlapping‌ ‌clusters‌ ‌in‌‌                         
source‌ ‌and‌ ‌target‌ ‌data.‌ ‌Combining‌ ‌two‌ ‌sets‌ ‌into‌ ‌one‌ ‌is‌ ‌not‌ ‌to‌ ‌be‌ ‌preferred‌ ‌in‌ ‌those‌ ‌cases.‌‌ ‌  
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The‌ ‌ARI‌ ‌curves‌ ‌on‌ ‌disparate,‌ ‌non-overlapping‌ ‌clusters‌ ‌show‌ ‌that,‌ ‌as‌ ‌expected,‌‌                     
transferring‌ ‌information‌ ‌from‌ ‌a‌ ‌source‌‌dataset‌‌that‌‌is‌‌unconnected‌‌to‌‌the‌‌target‌‌dataset‌‌                         
cannot‌ ‌improve‌ ‌clustering‌ ‌significantly‌ ‌(‌i.e.‌ ‌confidence‌ ‌intervals‌ ‌of‌ ‌TargetCluster‌ ‌and‌‌                   
TransferCluster‌‌overlap)‌‌and‌‌using‌‌SC3‌‌on‌‌the‌‌target‌‌dataset‌‌alone‌‌(TargetCluster)‌‌is‌‌to‌‌                         
be‌ ‌preferred‌ ‌(‌Figure‌ ‌31‌ ‌D‌).‌ ‌For‌ ‌‌two‌ ‌exclusive‌ ‌target‌ ‌top‌ ‌nodes‌ ‌and‌ ‌three‌ ‌exclusive‌‌                           
source‌‌top‌‌nodes‌‌and‌‌no‌‌cell‌‌types‌‌that‌‌appear‌‌in‌‌both‌‌sets‌‌(No‌‌overlap),‌‌concatenating‌‌                             
source‌ ‌and‌ ‌target‌ ‌into‌ ‌one‌ ‌dataset‌ ‌(ConcatenateCluster)‌ ‌has‌ ‌a‌ ‌negative‌ ‌effect‌ ‌on‌ ‌the‌‌                         
clustering‌ ‌of‌ ‌the‌ ‌target‌ ‌cells‌ ‌and‌ ‌should‌‌be‌‌avoided.‌‌Importantly‌‌and‌‌in‌‌contrast‌‌to‌‌the‌‌                             
ConcatenateCluster,‌ ‌the‌ ‌use‌ ‌of‌‌TransferCluster‌‌does‌‌not‌‌significantly‌‌reduce‌‌clustering‌‌                   
performance‌ ‌compared‌ ‌to‌ ‌‌de‌ ‌novo‌ ‌clustering‌‌of‌‌the‌‌target‌‌data‌‌alone‌‌and‌‌can‌‌keep‌‌the‌‌                             
levels‌ ‌of‌ ‌performance‌ ‌as‌ ‌high‌ ‌as‌ ‌not‌ ‌taking‌ ‌the‌ ‌source‌ ‌data‌ ‌into‌ ‌account‌‌at‌‌all,‌‌as‌‌the‌‌                                 
method‌‌can‌‌choose‌‌a‌‌low‌‌mixture‌‌parameter‌‌when‌‌there‌‌is‌‌no‌‌overlap.‌‌To‌‌conclude,‌‌the‌‌                             
transfer‌ ‌learning‌ ‌approach‌ ‌outperforms‌ ‌both‌ ‌baseline‌ ‌methods‌ ‌and‌ ‌works‌ ‌as‌ ‌expected‌‌                     
for‌ ‌simulated‌ ‌scRNA-Seq‌ ‌data.‌‌ ‌  

We‌‌now‌‌investigate‌‌the‌‌effect‌‌of‌‌the‌‌mixture‌‌parameter‌‌θ,‌‌which‌‌dictates‌‌how‌‌much‌‌the‌‌                             
newly‌ ‌constructed‌ ‌target‌‌dataset‌‌should‌‌be‌‌influenced‌‌by‌‌the‌‌information‌‌of‌‌the‌‌source‌‌                         
dataset.‌ ‌See‌ ‌‌Chapter‌ ‌4.2.2‌ ‌for‌ ‌a‌ ‌detailed‌ ‌description‌ ‌of‌ ‌the‌ ‌parameter‌ ‌selection‌‌                       
procedure‌ ‌of‌ ‌θ.‌ ‌It‌ ‌is‌ ‌automatically‌ ‌selected‌ ‌via‌ ‌an‌ ‌unsupervised‌ ‌assessment‌ ‌of‌ ‌the‌‌                         
clustering‌ ‌quality‌ ‌through‌‌KTA‌‌scores‌314‌,‌‌which‌‌measure‌‌the‌‌similarity‌‌of‌‌kernels.‌‌The‌‌                       
whole‌‌transfer‌‌learning‌‌and‌‌clustering‌‌procedure‌‌is‌‌applied‌‌with‌‌a‌‌number‌‌of‌‌values‌‌for‌‌                           
θ‌‌within‌‌a‌‌prespecified‌‌range‌‌and‌‌the‌‌KTA‌‌scores‌‌between‌‌the‌‌linear‌‌kernel‌‌of‌‌the‌‌mixed‌‌                               
dataset‌ ‌(not‌ ‌its‌ ‌original‌ ‌version)‌ ‌over‌ ‌the‌ ‌cells‌ ‌and‌ ‌the‌ ‌linear‌ ‌kernel‌ ‌of‌ ‌the‌ ‌predicted‌‌                             
labels‌‌are‌‌calculated.‌‌The‌‌scores‌‌give‌‌an‌‌indication‌‌of‌‌how‌‌well‌‌the‌‌predicted‌‌labels‌‌are‌‌                             
represented‌ ‌in‌ ‌the‌ ‌mixed‌ ‌dataset‌ ‌and‌ ‌thus‌ ‌show‌ ‌how‌ ‌well‌ ‌the‌ ‌clustering‌ ‌procedure‌‌                         
performs‌ ‌for‌ ‌the‌ ‌corresponding‌ ‌parameter‌ ‌value.‌ ‌The‌ ‌parameter‌ ‌value‌ ‌yielding‌ ‌the‌‌                     
optimal‌ ‌KTA‌‌score‌‌is‌‌chosen‌‌as‌‌the‌‌parameter‌‌for‌‌the‌‌final‌‌clustering‌‌computation‌‌and‌‌                           
can‌‌give‌‌an‌‌indication‌‌of‌‌the‌‌transferability‌‌between‌‌source‌‌and‌‌target‌‌data.‌‌Low‌‌values‌‌                           
mean‌‌source‌‌and‌‌target‌‌do‌‌not‌‌match‌‌very‌‌well‌‌(‌i.e.‌‌low‌‌transferability)‌‌and‌‌high‌‌values‌‌                             
hint‌ ‌at‌ ‌high‌ ‌similarities‌ ‌(‌i.e.‌‌ ‌high‌ ‌transferability).‌‌  

The‌ ‌simulation‌ ‌study‌ ‌on‌ ‌generated‌ ‌scRNA-Seq‌ ‌data‌ ‌is‌ ‌used‌ ‌to‌ ‌investigate‌ ‌the‌‌                       
performance‌ ‌of‌ ‌this‌ ‌parameter‌ ‌selection‌ ‌procedure.‌ ‌‌Figure‌ ‌32‌ ‌gives‌ ‌insight‌ ‌into‌ ‌the‌‌                       
procedure‌ ‌within‌ ‌TransferCluster‌ ‌that‌ ‌automatically‌ ‌selects‌ ‌the‌ ‌mixture‌ ‌parameter‌ ‌θ‌‌                   
based‌‌on‌‌KTA‌‌scores.‌‌The‌‌first‌‌row‌‌of‌‌performance‌‌plots‌‌shows‌‌the‌‌original‌‌results‌‌on‌‌                             
the‌‌generated‌‌datasets,‌‌which‌‌can‌‌also‌‌be‌‌found‌‌in‌‌‌Figure‌‌31‌.‌‌The‌‌second‌‌row‌‌presents‌‌                             
the‌ ‌results‌ ‌of‌ ‌TransferCluster‌ ‌for‌ ‌a‌ ‌number‌ ‌of‌ ‌fixed‌ ‌mixture‌ ‌parameter‌ ‌values‌ ‌θ.‌ ‌The‌‌                           
investigation‌ ‌of‌ ‌the‌ ‌mixture‌ ‌parameter‌ ‌θ‌ ‌of‌ ‌the‌ ‌proposed‌‌method‌‌for‌‌various‌‌levels‌‌of‌‌                           
overlapping‌ ‌cluster‌ ‌structures‌ ‌in‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌shows‌ ‌that‌‌it‌‌has‌‌to‌‌be‌‌chosen‌‌                             
carefully.‌ ‌Zero‌ ‌mixture‌ ‌corresponds‌ ‌to‌ ‌not‌ ‌modifying‌ ‌the‌ ‌target‌ ‌dataset‌ ‌at‌ ‌all,‌ ‌‌i.e.‌ ‌‌not‌‌                           
transferring‌ ‌any‌ ‌knowledge‌ ‌from‌ ‌the‌‌source‌‌dataset‌‌(equals‌‌TargetCluster).‌‌Depending‌‌                   
on‌ ‌the‌ ‌overlap‌ ‌in‌ ‌the‌ ‌clustering‌ ‌structures‌ ‌of‌ ‌source‌ ‌and‌ ‌target‌ ‌data,‌ ‌increasing‌ ‌the‌‌                           
mixture‌ ‌parameter‌ ‌might‌ ‌improve‌ ‌the‌ ‌performance‌ ‌up‌ ‌to‌ ‌a‌ ‌certain‌ ‌point‌ ‌and‌ ‌then‌‌                         
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decrease‌ ‌when‌ ‌there‌ ‌is‌ ‌an‌ ‌incomplete‌ ‌overlap.‌ ‌A‌ ‌high‌ ‌overlap‌ ‌makes‌ ‌the‌ ‌use‌ ‌of‌ ‌high‌‌                             
mixture‌‌values‌‌necessary.‌‌If‌‌there‌‌is‌‌low‌‌or‌‌no‌‌overlap,‌‌one‌‌needs‌‌to‌‌use‌‌low‌‌values‌‌or‌‌                                 
avoid‌ ‌using‌ ‌the‌ ‌method.‌‌ ‌  

Figure‌ ‌32:‌ ‌Performance‌ ‌curves‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌generated‌ ‌datasets‌ ‌and‌ ‌investigation‌ ‌of‌ ‌the‌‌ 
mixture‌ ‌parameter‌ ‌selection‌ ‌process‌ ‌of‌ ‌the‌ ‌transfer‌ ‌learning‌ ‌method‌ ‌for‌ ‌different‌ ‌levels‌ ‌of‌ ‌overlap.‌‌ ‌‌A‌ ‌‌Main‌‌ 
results‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods‌ ‌(as‌ ‌seen‌ ‌in‌ ‌‌Figure‌ ‌31‌)‌‌ ‌‌for‌ ‌three‌ ‌different‌ ‌settings‌ ‌of‌ ‌overlap‌ ‌in‌ ‌the‌ ‌cluster‌‌ 
structures‌ ‌of‌ ‌source‌ ‌and‌ ‌target‌ ‌data:‌ ‌Complete,‌ ‌incomplete‌ ‌and‌ ‌no‌ ‌overlap.‌ ‌‌B‌ ‌‌Results‌ ‌of‌ ‌the‌ ‌baseline‌ ‌methods‌ ‌and‌‌ 
TransferCluster‌ ‌for‌ ‌a‌ ‌number‌ ‌of‌ ‌fixed‌ ‌mixture‌ ‌parameter‌ ‌values‌ ‌θ.‌ ‌The‌ ‌complete‌ ‌range‌ ‌of‌ ‌θ‌ ‌values‌ ‌is‌ ‌[0.0,‌ ‌0.1,‌ ‌0.2,‌‌ 
0.3,‌ ‌0.4,‌ ‌0.5,‌ ‌0.6,‌ ‌0.7,‌ ‌0.8,‌ ‌0.9,‌ ‌1.0].‌ ‌Not‌ ‌all‌ ‌are‌ ‌shown‌ ‌for‌ ‌greater‌ ‌clarity.‌ ‌‌C‌ ‌‌Influence‌ ‌of‌ ‌the‌ ‌mixture‌ ‌parameter‌ ‌θ‌ ‌on‌‌ 
both‌ ‌the‌ ‌supervised‌ ‌performance‌ ‌measure‌ ‌ARI‌ ‌and‌ ‌its‌ ‌unsupervised‌ ‌counterpart,‌ ‌the‌ ‌KTA‌ ‌score‌ ‌for‌ ‌an‌ ‌exemplary‌‌ 

target‌ ‌sample‌ ‌size‌ ‌of‌ ‌100‌ ‌cells‌ ‌(other‌ ‌sample‌ ‌sizes‌ ‌show‌ ‌similar‌ ‌results).‌ ‌ 
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The‌ ‌third‌ ‌row‌ ‌in‌ ‌‌Figure‌ ‌32‌ ‌shows‌ ‌how‌ ‌the‌ ‌mixture‌ ‌parameter‌ ‌θ‌ ‌influences‌ ‌both‌ ‌the‌‌                             
supervised‌‌performance‌‌measure‌‌ARI‌‌and‌‌its‌‌unsupervised‌‌counterpart,‌‌the‌‌KTA‌‌score,‌‌                     
for‌ ‌an‌ ‌exemplary‌ ‌target‌ ‌sample‌ ‌size‌ ‌of‌ ‌100‌ ‌cells‌ ‌(other‌ ‌sample‌ ‌sizes‌ ‌show‌ ‌similar‌‌                           
results).‌ ‌For‌ ‌each‌ ‌overlap‌ ‌setting,‌ ‌we‌ ‌investigate‌ ‌how‌‌changing‌‌the‌‌mixture‌‌parameter‌‌                       
influences‌ ‌performance‌ ‌measured‌ ‌via‌ ‌supervised‌ ‌(ARI)‌ ‌and‌ ‌unsupervised‌ ‌accuracy‌‌                 
measures‌ ‌(linear‌ ‌KTA).‌ ‌It‌ ‌can‌ ‌be‌ ‌seen‌ ‌that‌ ‌the‌ ‌curves‌ ‌of‌ ‌the‌ ‌two‌ ‌metrics‌ ‌have‌ ‌very‌‌                               
similar‌ ‌shapes‌ ‌for‌‌all‌‌three‌‌overlap‌‌settings‌‌and,‌‌most‌‌importantly,‌‌have‌‌maxima‌‌at‌‌the‌‌                           
same‌ ‌or‌ ‌at‌ ‌least‌ ‌very‌ ‌close‌ ‌parameter‌ ‌values‌ ‌of‌ ‌θ.‌ ‌This‌ ‌supports‌ ‌the‌ ‌theory‌ ‌that‌‌KTA‌‌                               
scores‌ ‌are‌‌a‌‌good‌‌choice‌‌for‌‌selecting‌‌the‌‌mixture‌‌parameter‌‌θ‌‌based‌‌on‌‌the‌‌arguments‌‌                             
of‌ ‌the‌ ‌maxima‌ ‌of‌ ‌KTA‌ ‌scores.‌ ‌ 

4.3.2‌ ‌Results‌ ‌on‌ ‌subsampled‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌ ‌ 

Now‌ ‌we‌ ‌present‌ ‌the‌ ‌results‌ ‌of‌ ‌subsampling‌ ‌both‌ ‌source‌‌and‌‌target‌‌from‌‌the‌‌same‌‌real‌‌                             
scRNA-Seq‌ ‌dataset‌291‌ ‌and‌ ‌comparing‌ ‌the‌ ‌performance‌ ‌of‌ ‌our‌ ‌method‌ ‌to‌ ‌that‌ ‌of‌ ‌the‌‌                         
baseline‌ ‌methods.‌ ‌In‌ ‌order‌ ‌to‌ ‌validate‌ ‌our‌ ‌approach‌ ‌for‌ ‌a‌ ‌scenario‌ ‌where‌ ‌no‌ ‌reliable‌‌                           
ground-truth‌ ‌labels‌ ‌exist,‌ ‌we‌ ‌first‌ ‌generate‌ ‌synthetic‌ ‌labels‌ ‌of‌ ‌18‌ ‌clusters‌ ‌via‌ ‌NMF‌‌                         
clustering‌23–25‌ ‌on‌ ‌the‌ ‌whole‌ ‌dataset,‌ ‌which‌‌we‌‌then‌‌consider‌‌to‌‌be‌‌the‌‌ground‌‌truth‌‌for‌‌                             
this‌‌experiment.‌‌‌Figures‌‌33‌‌A‌‌and‌‌‌B‌‌show‌‌the‌‌corresponding‌‌ARI‌‌curves‌‌for‌‌complete‌‌                           
and‌ ‌incomplete‌ ‌overlap‌ ‌between‌ ‌source‌ ‌and‌ ‌target‌ ‌dataset.‌ ‌For‌ ‌both‌ ‌scenarios,‌‌                     
transferring‌‌knowledge‌‌into‌‌the‌‌target‌‌dataset‌‌improves‌‌its‌‌clustering‌‌in‌‌subsequent‌‌SC3‌‌                       
clustering‌ ‌and‌ ‌outperforms‌ ‌both‌ ‌baseline‌ ‌methods.‌ ‌When‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌‌                     
share‌ ‌the‌ ‌complete‌ ‌clustering‌ ‌structure‌ ‌(panel‌ ‌A),‌ ‌concatenating‌ ‌the‌ ‌two‌ ‌datasets‌‌                     
(ConcatenateCluster)‌ ‌improves‌ ‌the‌ ‌clustering‌ ‌results‌ ‌of‌ ‌the‌ ‌target‌ ‌data‌‌(TargetCluster)‌‌                   
but‌ ‌transferring‌ ‌knowledge‌ ‌via‌ ‌the‌ ‌proposed‌ ‌method‌ ‌(TransferCluster)‌ ‌is‌ ‌seen‌ ‌to‌‌                     
improve‌ ‌it‌ ‌even‌ ‌more.‌ ‌While‌ ‌for‌ ‌a‌‌complete‌‌overlap,‌‌ConcatenateCluster‌‌can‌‌improve‌‌                       
target‌‌clustering‌‌by‌‌a‌‌large‌‌margin,‌‌especially‌‌when‌‌the‌‌target‌‌dataset‌‌is‌‌relatively‌‌small‌‌                           
in‌‌comparison‌‌to‌‌the‌‌source‌‌dataset‌‌(for‌‌example,‌‌1/10th‌‌of‌‌source),‌‌the‌‌method‌‌fails‌‌to‌‌                             
find‌ ‌additional‌ ‌gains‌ ‌over‌ ‌‌de‌ ‌novo‌ ‌clustering‌ ‌of‌ ‌larger‌ ‌target‌ ‌datasets‌ ‌when‌ ‌the‌‌                         
clustering‌ ‌structure‌ ‌in‌ ‌source‌ ‌and‌ ‌target‌ ‌are‌ ‌similar‌ ‌but‌ ‌not‌ ‌identical‌ ‌(Incomplete‌‌                       
overlap,‌ ‌panel‌ ‌B).‌ ‌In‌ ‌this‌ ‌setting,‌ ‌which‌ ‌is‌ ‌the‌ ‌more‌ ‌realistic‌ ‌one‌ ‌in‌ ‌most‌ ‌cases,‌‌                             
ConcatenateCluster‌ ‌does‌ ‌not‌ ‌always‌‌perform‌‌well‌‌and‌‌only‌‌the‌‌knowledge‌‌transfer‌‌via‌‌                       
the‌ ‌proposed‌ ‌method‌ ‌can‌ ‌consistently‌ ‌improve‌ ‌the‌ ‌target‌ ‌clustering‌ ‌results.‌ ‌Hence,‌ ‌it‌‌                       
should‌ ‌be‌ ‌the‌ ‌preferred‌ ‌option‌ ‌to‌ ‌incorporate‌ ‌source‌ ‌information‌ ‌into‌ ‌a‌ ‌target‌ ‌clustering.‌ ‌ 

Now,‌ ‌instead‌ ‌of‌ ‌generating‌ ‌labels‌ ‌of‌ ‌the‌‌complete‌‌dataset‌‌via‌‌NMF‌‌clustering,‌‌we‌‌use‌‌                           
the‌‌data-driven‌‌clustering‌‌labels‌‌provided‌‌in‌‌the‌‌original‌‌paper‌291‌ ‌as‌‌ground-truth‌‌labels‌‌                       
and‌ ‌apply‌ ‌the‌ ‌same‌ ‌subsampling‌ ‌procedure‌ ‌as‌ ‌above.‌ ‌‌Figures‌ ‌33‌ ‌C‌ ‌‌and‌ ‌‌D‌ ‌show‌ ‌the‌‌                             
corresponding‌‌results‌‌for‌‌complete‌‌and‌‌incomplete‌‌overlap.‌‌Again,‌‌for‌‌both‌‌settings,‌‌the‌‌                       
transfer‌ ‌learning‌ ‌approach‌ ‌improves‌ ‌TargetCluster‌ ‌clustering‌ ‌on‌ ‌target‌ ‌data‌ ‌alone.‌‌                   
Knowledge‌ ‌is‌ ‌successfully‌ ‌transferred‌ ‌from‌ ‌the‌ ‌source‌ ‌to‌ ‌the‌ ‌target‌ ‌dataset‌ ‌no‌ ‌matter‌‌                         
how‌ ‌big‌ ‌the‌ ‌overlap‌ ‌in‌ ‌the‌ ‌clustering‌ ‌structure‌ ‌of‌ ‌the‌ ‌two‌ ‌sets‌ ‌is.‌ ‌ 
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Figure‌ ‌33:‌ ‌Performance‌ ‌curves‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌subsampled‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌from‌‌ 
mouse‌ ‌visual‌ ‌cortex‌ ‌cells‌291‌‌ ‌for‌ ‌different‌ ‌levels‌ ‌of‌ ‌overlap‌.‌ ‌‌A‌‌ ‌Clustering‌ ‌performances‌ ‌of‌ ‌all‌ ‌three‌ ‌methods‌ ‌using‌‌ 

NMF‌ ‌clustering‌ ‌labels‌ ‌of‌ ‌18‌ ‌clusters‌ ‌generated‌ ‌on‌ ‌the‌ ‌whole‌ ‌dataset‌ ‌as‌ ‌ground-truth‌ ‌labels.‌ ‌Source‌ ‌and‌ ‌target‌ ‌datasets‌‌ 
share‌ ‌the‌ ‌complete‌ ‌clustering‌ ‌structure,‌ ‌‌i.e.‌‌ ‌all‌ ‌cell‌ ‌types‌ ‌appear‌ ‌in‌ ‌both‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌(Complete‌ ‌overlap).‌ ‌‌B‌‌ 

Clustering‌ ‌performances‌ ‌of‌ ‌all‌ ‌three‌ ‌methods‌ ‌using‌ ‌NMF‌ ‌clustering‌ ‌labels‌ ‌of‌ ‌18‌ ‌clusters‌ ‌generated‌ ‌on‌ ‌the‌ ‌whole‌‌ 
dataset‌ ‌as‌ ‌ground-truth‌ ‌labels.‌ ‌The‌ ‌overlap‌ ‌is‌ ‌not‌ ‌complete,‌ ‌‌i.e.‌‌ ‌the‌ ‌two‌ ‌biggest‌ ‌clusters‌ ‌of‌ ‌the‌ ‌dataset‌ ‌are‌ ‌assigned‌ ‌to‌‌ 

be‌ ‌either‌ ‌exclusive‌ ‌source‌ ‌or‌ ‌target‌ ‌clusters‌ ‌(Incomplete‌ ‌overlap).‌ ‌‌C‌‌ ‌Clustering‌ ‌performances‌ ‌of‌ ‌all‌ ‌three‌ ‌methods‌‌ 
using‌ ‌the‌ ‌data-driven‌ ‌clustering‌ ‌results‌ ‌from‌ ‌the‌ ‌original‌ ‌paper‌291‌‌ ‌as‌ ‌ground-truth‌ ‌labels.‌ ‌Source‌ ‌and‌ ‌target‌ ‌datasets‌‌ 

share‌ ‌the‌ ‌complete‌ ‌clustering‌ ‌structure,‌‌ ‌i.e.‌‌ ‌all‌ ‌cell‌ ‌types‌ ‌appear‌ ‌in‌ ‌both‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌(Complete‌ ‌overlap).‌ ‌‌D‌‌ 
Clustering‌ ‌performances‌ ‌of‌ ‌all‌ ‌three‌ ‌methods‌ ‌using‌ ‌the‌ ‌data-driven‌ ‌clustering‌ ‌results‌ ‌from‌ ‌the‌ ‌original‌ ‌paper‌291‌‌ ‌as‌ 

ground-truth‌ ‌labels.‌ ‌The‌ ‌overlap‌ ‌is‌ ‌not‌ ‌complete,‌ ‌‌i.e.‌‌ ‌the‌ ‌two‌ ‌biggest‌ ‌clusters‌ ‌of‌ ‌the‌ ‌dataset‌ ‌are‌ ‌assigned‌ ‌to‌ ‌be‌ ‌either‌‌ 
exclusive‌ ‌source‌ ‌or‌ ‌target‌ ‌clusters‌ ‌(Incomplete‌ ‌overlap).‌ ‌95%‌ ‌confidence‌ ‌intervals‌ ‌are‌ ‌shown.‌ ‌ 
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The‌ ‌comparison‌ ‌to‌ ‌the‌ ‌second‌ ‌baseline‌ ‌method‌ ‌of‌ ‌concatenating‌ ‌both‌ ‌sets‌ ‌into‌ ‌one‌‌                         
shows‌ ‌for‌ ‌complete‌ ‌overlap‌ ‌of‌‌the‌‌clusters‌‌in‌‌both‌‌datasets‌‌that‌‌transfer‌‌learning‌‌helps‌‌                           
but‌‌cannot‌‌outperform‌‌ConcatenateCluster.‌‌However,‌‌in‌‌the‌‌more‌‌realistic‌‌setting‌‌of‌‌an‌‌                       
incomplete‌ ‌overlap‌ ‌in‌ ‌the‌ ‌clustering‌ ‌structures,‌ ‌concatenating‌ ‌the‌ ‌two‌ ‌datasets‌ ‌has‌ ‌a‌‌                       
negative‌ ‌effect‌ ‌on‌ ‌the‌ ‌target‌ ‌clustering,‌ ‌especially‌ ‌for‌ ‌large‌ ‌sample‌ ‌sizes.‌‌                     
ConcatenateCluster‌‌collapses‌‌and‌‌it‌‌performs‌‌even‌‌worse‌‌than‌‌not‌‌using‌‌the‌‌source‌‌data‌‌                         
at‌ ‌all‌ ‌(TargetCluster)‌ ‌for‌ ‌some‌ ‌larger‌ ‌target‌ ‌sample‌ ‌sizes.‌ ‌Transfer‌ ‌learning‌ ‌is‌ ‌able‌ ‌to‌‌                           
avoid‌ ‌this‌ ‌effect‌ ‌and‌ ‌succeeds‌ ‌in‌ ‌incorporating‌ ‌valuable‌ ‌information‌ ‌from‌ ‌the‌ ‌source‌‌                       
data‌‌into‌‌the‌‌target‌‌data‌‌improving‌‌its‌‌clustering‌‌results‌‌consistently‌‌for‌‌all‌‌target‌‌sample‌‌                           
sizes.‌ ‌Transfer‌ ‌learning‌ ‌is‌ ‌clearly‌ ‌to‌ ‌be‌ ‌preferred‌ ‌in‌ ‌this‌ ‌setting.‌ ‌ 

4.3.3‌ ‌Results‌ ‌on‌ ‌independent‌ ‌source‌ ‌and‌ ‌target‌ ‌datasets‌ ‌ 

Leaving‌‌the‌‌controlled‌‌environment‌‌where‌‌source‌‌and‌‌target‌‌data‌‌are‌‌sampled‌‌from‌‌the‌‌                         
same‌‌distribution,‌‌we‌‌lastly‌‌investigate‌‌a‌‌real-world‌‌application‌‌where‌‌source‌‌and‌‌target‌‌                       
are‌‌completely‌‌independent‌‌but‌‌biologically‌‌related‌‌datasets‌‌collected‌‌at‌‌different‌‌times‌‌                     
and‌ ‌places.‌ ‌To‌ ‌assess‌ ‌the‌ ‌performance‌ ‌of‌ ‌our‌ ‌method‌ ‌and‌ ‌the‌ ‌baseline‌ ‌methods,‌ ‌we‌‌                           
investigate‌ ‌differential‌ ‌gene‌ ‌expression‌ ‌and‌ ‌biological‌ ‌relevance‌ ‌to‌ ‌known‌‌                 
somatosensory‌ ‌pathways.‌ ‌In‌ ‌‌Figure‌ ‌34,‌ ‌‌we‌ ‌show‌ ‌t-SNE‌ ‌plots‌ ‌for‌ ‌the‌ ‌Hockley‌ ‌data‌‌                         
overlaid‌ ‌with‌ ‌cluster‌ ‌memberships‌ ‌corresponding‌ ‌to‌ ‌the‌ ‌results‌ ‌of‌ ‌methods‌ ‌following‌‌                     
the‌‌use‌‌of‌‌the‌‌Usoskin‌‌data‌‌as‌‌source.‌‌These‌‌results‌‌correspond‌‌to‌‌applying‌‌the‌‌transfer‌‌                             
learning‌ ‌approach‌ ‌with‌ ‌the‌ ‌level‌ ‌3‌ ‌labels‌ ‌from‌ ‌the‌ ‌original‌ ‌Usoskin‌82‌ ‌publication‌‌as‌‌‌a‌‌                           
priori‌ ‌knowledge‌ ‌about‌ ‌the‌ ‌source‌ ‌dataset.‌ ‌See‌ ‌‌Appendix‌ ‌Chapter‌‌III.‌‌for‌‌a‌‌detailed‌‌                         
analysis‌‌using‌‌source‌‌labels‌‌that‌‌are‌‌generated‌‌via‌‌NMF‌‌clustering‌‌and‌‌using‌‌level‌‌1‌‌and‌‌                             
2‌ ‌labels‌ ‌of‌ ‌the‌ ‌original‌ ‌publication.‌ ‌ 

As‌ ‌predicted,‌ ‌using‌ ‌TargetCluster‌ ‌(‌i.e.‌ ‌the‌ ‌method‌ ‌utilizing‌ ‌SC3‌ ‌clustering‌ ‌of‌ ‌the‌‌                       
Hockley‌ ‌data‌ ‌alone),‌ ‌we‌ ‌identify‌ ‌a‌ ‌similar‌ ‌cluster‌ ‌structure‌ ‌to‌ ‌that‌ ‌observed‌ ‌by‌ ‌the‌‌                           
authors‌‌in‌‌their‌‌original‌‌study‌286‌.‌‌Specifically,‌‌we‌‌identify‌‌six‌‌well-defined‌‌clusters‌‌(and‌‌                       
a‌‌7th‌‌poorly‌‌defined‌‌cluster)‌‌that‌‌can‌‌be‌‌separated‌‌based‌‌on‌‌gene‌‌expression‌‌and‌‌also‌‌an‌‌                               
important‌‌anatomical‌‌difference‌‌related‌‌to‌‌the‌‌spinal‌‌region‌‌from‌‌which‌‌the‌‌neuron‌‌was‌‌                         
collected‌ ‌(‌i.e.‌ ‌in‌ ‌‌Figure‌ ‌34‌ ‌A‌,‌ ‌clusters‌ ‌2‌ ‌and‌ ‌4‌ ‌are‌ ‌both‌ ‌predominantly‌ ‌populated‌ ‌by‌‌                             
lumbosacral‌ ‌sensory‌ ‌neurons‌ ‌as‌ ‌indicated‌ ‌by‌ ‌the‌ ‌use‌ ‌of‌ ‌circles,‌ ‌whilst‌ ‌the‌ ‌neurons‌‌                         
within‌ ‌the‌ ‌other‌‌clusters‌‌are‌‌mainly‌‌thoracolumbar‌‌in‌‌origin‌‌as‌‌shown‌‌by‌‌triangles).‌‌In‌‌                           
contrast‌ ‌to‌ ‌the‌ ‌original‌ ‌study,‌ ‌TargetCluster‌ ‌does,‌ ‌however,‌ ‌fail‌ ‌to‌ ‌robustly‌ ‌segregate‌‌                       
two‌ ‌biologically‌ ‌distinct‌ ‌groups‌ ‌of‌ ‌cells,‌ ‌which,‌ ‌using‌ ‌the‌ ‌author’s‌ ‌original‌‌                     
nomenclature,‌ ‌are‌ ‌named‌ ‌mNP‌‌and‌‌mNFa,‌‌respectively.‌‌In‌‌our‌‌hands,‌‌they‌‌correspond‌‌                       
to‌‌cluster‌‌1‌‌in‌‌‌Figure‌‌34‌‌A‌.‌‌The‌‌first‌‌mNP‌‌cluster‌‌comprises‌‌15‌‌neurons‌‌and‌‌expresses‌‌                               
Mas-related‌‌G-protein‌‌coupled‌‌receptor‌‌D‌‌(‌Mrgprd‌;‌‌‌Figure‌‌34‌‌B‌)‌‌and‌‌Lysophosphatidic‌‌                     
acid‌ ‌receptor‌ ‌3‌ ‌(‌Lpar3‌);‌ ‌genes‌ ‌previously‌ ‌associated‌ ‌with‌‌non-peptidergic‌‌nociceptive‌‌                   
pruriceptors‌317‌.‌ ‌The‌ ‌second‌ ‌mNFa‌ ‌group‌ ‌of‌ ‌16‌ ‌neurons‌ ‌expresses‌ ‌P2Y‌ ‌purinergic‌‌                     
receptor‌‌1‌‌(‌P2ry1‌;‌‌‌Figure‌‌34‌‌C‌)‌‌and‌‌BAI1-associated‌‌protein‌‌2-like‌‌1‌‌(‌Baiap2l1‌)‌‌and‌‌is‌‌                           
indicative‌ ‌of‌ ‌mechanosensitive‌ ‌nociceptors‌318‌.‌‌ ‌  
‌ 
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‌ 

Figure‌ ‌34:‌ ‌Clustering‌ ‌results‌ ‌of‌ ‌independent‌ ‌source‌ ‌(Usoskin‌ ‌‌et‌ ‌al.‌82‌)‌ ‌and‌ ‌target‌ ‌(Hockley‌ ‌‌et‌ ‌al.‌286‌)‌ ‌datasets.‌‌ 
t-SNE‌ ‌plots‌ ‌of‌ ‌the‌ ‌mouse‌ ‌colonic‌ ‌sensory‌ ‌neurons‌ ‌from‌ ‌the‌ ‌Hockley‌ ‌dataset‌ ‌are‌ ‌shown.‌ ‌‌A‌‌ ‌TargetCluster,‌ ‌using‌ ‌only‌‌ 
data‌ ‌from‌ ‌Hockley‌ ‌‌et‌ ‌al.‌‌ ‌to‌ ‌assign‌ ‌clusters.‌ ‌‌D‌‌ ‌ConcatenateCluster,‌ ‌using‌ ‌a‌ ‌concatenation‌ ‌of‌ ‌data‌ ‌from‌ ‌Hockley‌ ‌‌et‌ ‌al.‌‌ 
and‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌‌ ‌(mouse‌ ‌sensory‌ ‌neurons)‌ ‌to‌ ‌assign‌ ‌clusters.‌ ‌‌G‌‌ ‌TransferCluster,‌ ‌using‌ ‌the‌ ‌novel‌ ‌transfer‌ ‌learning‌‌ 

approach‌ ‌with‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌‌ ‌as‌ ‌source‌ ‌and‌ ‌Hockley‌‌ ‌et‌ ‌al.‌ ‌‌as‌ ‌target.‌ ‌Colors‌ ‌in‌ ‌‌A‌,‌ ‌‌D‌‌ ‌and‌ ‌‌G‌‌ ‌refer‌ ‌to‌ ‌the‌ ‌clusters‌ ‌derived‌‌ 
from‌ ‌the‌ ‌three‌ ‌approaches.‌ ‌In‌ ‌‌G‌,‌ ‌clusters‌ ‌1‌ ‌and‌ ‌7‌ ‌(black‌ ‌dashed‌ ‌boxes),‌ ‌cluster‌ ‌2‌ ‌(blue‌ ‌dashed‌ ‌box)‌ ‌and‌ ‌cluster‌ ‌4‌‌ 

(green‌ ‌dashed‌ ‌box)‌ ‌represent‌ ‌biologically‌ ‌distinct‌ ‌groups‌ ‌of‌ ‌cells‌ ‌with‌ ‌differing‌ ‌sensory‌ ‌functions.‌ ‌This‌ ‌is‌ ‌exemplified‌‌ 
by‌ ‌the‌ ‌cluster-specific‌ ‌expression‌ ‌of‌ ‌specific‌ ‌genes‌ ‌by‌ ‌cluster‌ ‌7‌ ‌(‌B‌,‌ ‌Mrgprd),‌ ‌1‌ ‌(‌C‌,‌ ‌P2ry1),‌ ‌2‌ ‌(‌E‌,‌ ‌Ntm)‌ ‌and‌ ‌4‌ ‌(‌F‌,‌‌ 
Spp1).‌ ‌Colors‌ ‌in‌ ‌‌B‌,‌ ‌‌C‌,‌ ‌‌E‌‌ ‌and‌ ‌‌F‌‌ ‌represent‌ ‌expression‌ ‌levels‌ ‌of‌ ‌these‌ ‌genes‌ ‌[log(TPM)].‌ ‌Shapes‌ ‌refer‌ ‌to‌ ‌the‌ ‌spinal‌‌ 

segment‌ ‌from‌ ‌which‌ ‌the‌ ‌neuron‌ ‌was‌ ‌isolated‌ ‌(triangle,‌ ‌TL‌ ‌(thoracolumbar);‌ ‌circle,‌ ‌LS‌ ‌(lumbosacral)).‌ ‌ 

‌ 

‌ 

‌ 

‌ 
135‌ 

https://paperpile.com/c/QS9fGm/BEXl
https://paperpile.com/c/QS9fGm/swBQ
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Whilst‌‌SC3‌‌was‌‌used‌‌by‌‌the‌‌authors‌‌to‌‌cluster‌‌in‌‌their‌‌original‌‌study,‌‌the‌‌corresponding‌‌                             
algorithm‌ ‌is‌ ‌not‌ ‌deterministic‌ ‌and‌ ‌produces‌ ‌different‌ ‌results‌ ‌when‌ ‌solving‌ ‌the‌ ‌same‌‌                       
clustering‌‌problem‌‌multiple‌‌times.‌‌Indeed,‌‌when‌‌we‌‌count‌‌the‌‌number‌‌of‌‌times‌‌the‌‌mNP‌                           
and‌ ‌mNFa‌ ‌clusters‌ ‌are‌ ‌separated‌ ‌when‌ ‌repeating‌ ‌the‌ ‌procedure,‌ ‌TargetCluster‌ ‌is‌ ‌only‌‌                       
correct‌ ‌224‌ ‌times‌ ‌out‌ ‌of‌ ‌1,000.‌ ‌See‌ ‌‌Table‌ ‌10‌‌ ‌for‌ ‌the‌ ‌corresponding‌ ‌stability‌ ‌analysis.‌‌ ‌  

Table‌ ‌10:‌ ‌Stability‌ ‌analysis‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌independent‌ ‌source‌ ‌(Usoskin‌ ‌‌et‌ ‌al.‌82‌)‌ ‌and‌ ‌target‌‌ 
(Hockley‌ ‌‌et‌ ‌al.‌286‌)‌ ‌datasets‌.‌ ‌For‌ ‌each‌ ‌method,‌ ‌we‌ ‌present‌ ‌the‌ ‌number‌ ‌of‌ ‌times‌ ‌a‌ ‌specific‌ ‌cell‌ ‌type‌ ‌is‌ ‌identified‌‌ 

correctly‌ ‌out‌ ‌of‌ ‌1,000‌ ‌replications.‌ ‌In‌ ‌each‌ ‌field‌ ‌of‌ ‌the‌ ‌table,‌ ‌the‌ ‌first‌ ‌number‌ ‌corresponds‌ ‌to‌ ‌applying‌ ‌the‌ ‌method‌ ‌to‌‌ 
the‌ ‌original‌ ‌datasets‌ ‌with‌ ‌no‌ ‌additional‌ ‌preprocessing,‌ ‌the‌ ‌second‌ ‌number‌ ‌is‌ ‌the‌ ‌result‌ ‌of‌ ‌applying‌ ‌Seurat‌ ‌batch‌ ‌effect‌‌ 

removal‌297‌‌ ‌‌before‌ ‌the‌ ‌analysis‌ ‌and‌ ‌the‌ ‌third‌ ‌number‌ ‌represents‌ ‌results‌ ‌on‌ ‌datasets‌ ‌that‌ ‌have‌ ‌been‌ ‌imputed‌ ‌with‌‌ 
MAGIC‌315‌.‌ ‌ 

‌ 

The‌‌use‌‌of‌‌ConcatenateCluster‌‌on‌‌both‌‌the‌‌Hockley‌‌and‌‌Usoskin‌‌datasets‌‌improves‌‌the‌‌                         
stability‌‌of‌‌clustering‌‌these‌‌two‌‌groups‌‌as‌‌separate‌‌clusters‌‌(506/1,000,‌‌‌e.g.‌‌in‌‌‌Figure‌‌34‌‌                           
D‌,‌ ‌clusters‌ ‌1‌ ‌and‌ ‌7);‌‌however,‌‌this‌‌comes‌‌at‌‌the‌‌expense‌‌of‌‌clustering‌‌accuracy‌‌within‌‌                             
the‌ ‌remaining‌ ‌neurons.‌ ‌For‌ ‌example,‌ ‌in‌ ‌‌Figure‌ ‌34‌ ‌D‌,‌ ‌ConcatenateCluster‌ ‌identifies‌ ‌a‌‌                       
more‌‌simplistic‌‌cluster‌‌structure‌‌with‌‌4‌‌clusters‌‌and‌‌no‌‌longer‌‌distinguishes‌‌separations‌‌                       
between‌ ‌spinal‌ ‌segmental‌ ‌regions‌ ‌(‌e.g.‌ ‌thoracolumbar‌ ‌and‌ ‌lumbosacral)‌ ‌from‌ ‌which‌‌                   
neuronal‌‌subtypes‌‌have‌‌been‌‌collected.‌‌As‌‌such,‌‌the‌‌concatenation‌‌of‌‌target‌‌and‌‌source,‌‌                         
in‌ ‌this‌ ‌instance‌ ‌at‌ ‌least,‌ ‌may‌ ‌miss‌‌biologically‌‌relevant‌‌clusters.‌‌Specifically,‌‌what‌‌the‌‌                         
original‌ ‌authors‌ ‌suggest‌ ‌as‌ ‌a‌ ‌putative‌ ‌novel‌ ‌peptidergic‌ ‌subtype‌ ‌(pPEP)‌ ‌unique‌ ‌to‌‌the‌‌                         
lumbosacral‌ ‌DRG‌ ‌with‌ ‌high‌ ‌expression‌ ‌of‌ ‌neurotrimin‌ ‌(‌Ntm‌;‌ ‌‌Figure‌ ‌34‌ ‌E‌),‌ ‌tyrosine‌‌                       
hydroxylase‌ ‌(‌Th‌)‌ ‌and‌ ‌calcitonin‌ ‌polypeptide‌ ‌alpha‌ ‌(‌Calca‌)‌ ‌and‌ ‌a‌ ‌second‌ ‌group‌ ‌of‌‌                       
lumbosacral‌ ‌neurons,‌ ‌the‌ ‌pNF‌ ‌subtype,‌ ‌which‌ ‌is‌ ‌thought‌ ‌to‌ ‌represent‌ ‌a‌ ‌low-threshold‌‌                       
mechanoreceptor‌ ‌group‌ ‌within‌ ‌the‌ ‌colorectum‌ ‌with‌ ‌selective‌ ‌expression‌ ‌of‌ ‌secreted‌‌                   
phosphoprotein‌ ‌1‌ ‌(‌Spp1‌;‌ ‌‌Figure‌ ‌34‌ ‌F‌)‌ ‌and‌ ‌the‌ ‌mechanotransducer‌ ‌‌Piezo2‌,‌ ‌is‌ ‌missed‌‌                       
using‌ ‌ConcatenateCluster.‌‌ ‌  

When‌ ‌knowledge‌ ‌from‌ ‌the‌ ‌larger‌ ‌Usoskin‌ ‌dataset‌ ‌is‌ ‌instead‌ ‌transferred‌ ‌using‌‌                     
TransferCluster,‌ ‌not‌ ‌only‌ ‌is‌ ‌the‌ ‌clustering‌ ‌accuracy‌ ‌of‌ ‌the‌ ‌overall‌ ‌data‌ ‌retained‌‌                       
(identifying‌ ‌seven‌ ‌well-defined‌ ‌clusters),‌ ‌but‌ ‌the‌ ‌probability‌ ‌of‌‌separating‌‌the‌‌clusters‌‌                     
mNP‌ ‌and‌ ‌mNFa‌ ‌is‌ ‌partially‌ ‌increased‌ ‌(for‌ ‌TransferCluster‌ ‌with‌ ‌level‌ ‌3‌ ‌labels,‌‌                       
352/1,000;‌ ‌‌Figure‌ ‌34‌ ‌G‌).‌ ‌Unlike‌ ‌ConcatenateCluster,‌ ‌TransferCluster‌ ‌correctly‌‌               
identifies‌ ‌not‌ ‌only‌ ‌mNP‌ ‌and‌‌mNFa‌‌clusters‌‌(as‌‌highlighted‌‌by‌‌the‌‌black‌‌dashed‌‌boxes‌‌                           
around‌‌clusters‌‌1‌‌and‌‌7‌‌in‌‌‌Figure‌‌34‌‌G‌)‌‌but‌‌also‌‌spinal‌‌region‌‌dependent‌‌clusters‌‌pPEP‌‌                               
(green‌‌dashed‌‌box,‌‌cluster‌‌4,‌‌‌Figure‌‌34‌‌G‌)‌‌and‌‌pNF‌‌(blue‌‌dashed‌‌box,‌‌cluster‌‌2,‌‌‌Figure‌‌                               
34‌ ‌G‌).‌ ‌In‌ ‌order‌ ‌to‌ ‌quantify‌ ‌these‌ ‌effects,‌ ‌we‌ ‌measure‌ ‌how‌ ‌frequently‌‌TransferCluster‌‌                         
‌ 
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‌  TargetCluster‌ ‌  ConcatenateCluster‌ ‌  TransferCluster‌ ‌ 

mNP‌ ‌/‌ ‌mNFa‌ ‌cluster‌ ‌separation‌ ‌counts‌ ‌  224‌ ‌|‌ ‌230‌ ‌|‌ ‌479‌ ‌  506‌ ‌|‌ ‌998‌ ‌|‌ ‌902‌ ‌  352‌ ‌|‌ ‌605‌ ‌|‌ ‌919‌ ‌ 

pPEP‌ ‌cluster‌ ‌separation‌ ‌counts‌ ‌  984‌ ‌|‌ ‌1,000‌ ‌|‌ ‌921‌ ‌  4‌ ‌|‌ ‌33‌ ‌|‌ ‌431‌ ‌  887‌ ‌|‌ ‌1,000‌ ‌|‌ ‌944‌ ‌ 

pNF‌ ‌cluster‌ ‌separation‌ ‌counts‌ ‌  999‌ ‌|‌ ‌1,000‌ ‌|‌ ‌801‌ ‌  481‌ ‌|‌ ‌962‌ ‌|‌ ‌579‌ ‌  1,000‌ ‌|‌ ‌1,000‌ ‌|‌ ‌831‌ ‌ 
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‌ 

separated‌ ‌cluster‌ ‌2‌ ‌(‌e.g.‌ ‌‌pNF)‌ ‌from‌ ‌cluster‌ ‌6‌ ‌(1,000/1,000)‌ ‌compared‌ ‌to‌‌                     
ConcatenateCluster‌ ‌(481/1,000)‌ ‌and‌ ‌likewise,‌ ‌how‌ ‌frequently‌ ‌cluster‌ ‌4‌ ‌is‌ ‌separated‌‌                   
from‌ ‌cluster‌ ‌3‌ ‌(887/1,000)‌ ‌compared‌ ‌to‌ ‌ConcatenateCluster‌ ‌(4/1,000).‌‌ ‌  

See‌‌‌Appendix‌‌Chapter‌‌III.‌‌for‌‌a‌‌detailed‌‌stability‌‌analysis‌‌using‌‌different‌‌source‌‌labels‌‌                         
(‌i.e.‌ ‌generated‌ ‌via‌ ‌NMF‌ ‌clustering‌ ‌or‌ ‌using‌ ‌level‌ ‌1‌ ‌and‌ ‌2‌ ‌labels‌ ‌of‌ ‌the‌ ‌original‌‌                             
publication)‌ ‌as‌ ‌‌a‌ ‌priori‌‌ ‌knowledge‌ ‌in‌ ‌TransferCluster.‌ ‌ 

In‌ ‌additional‌ ‌experiments,‌ ‌we‌ ‌apply‌‌an‌‌established‌‌batch‌‌effect‌‌removal‌‌preprocessing‌‌                     
step‌297‌ ‌to‌‌combine‌‌the‌‌Usoskin‌‌and‌‌Hockley‌‌datasets,‌‌which‌‌are‌‌then‌‌separated‌‌and‌‌our‌                           
three‌‌clustering‌‌methods‌‌applied‌‌as‌‌described‌‌above.‌‌Batch‌‌effect‌‌removal‌‌improves‌‌the‌‌                       
performances‌ ‌of‌ ‌both‌ ‌ConcatenateCluster‌ ‌and‌ ‌TransferCluster;‌ ‌however,‌ ‌transfer‌‌               
learning‌ ‌still‌ ‌outperforms‌ ‌simultaneous‌ ‌clustering‌ ‌on‌ ‌the‌ ‌combined‌ ‌dataset.‌ ‌For‌‌                   
example,‌ ‌ConcatenateCluster‌ ‌fails‌ ‌to‌ ‌reliably‌ ‌identify‌ ‌pPEP‌ ‌cells‌ ‌(33/1,000),‌ ‌whilst‌‌                   
TransferCluster‌‌following‌‌batch‌‌effect‌‌preprocessing‌‌finds‌‌all‌‌three‌‌cell‌‌types‌‌of‌‌interest‌‌                       
in‌ ‌the‌ ‌majority‌ ‌of‌ ‌cases‌ ‌(mNP/mNFa‌ ‌split:‌ ‌605,‌ ‌pPEP:‌ ‌1,000‌ ‌and‌ ‌pNF:‌ ‌1,000,‌ ‌‌Table‌‌                           
10‌).‌‌ ‌  

Table‌ ‌10‌ ‌also‌‌shows‌‌the‌‌results‌‌of‌‌applying‌‌a‌‌widely‌‌used‌‌imputation‌‌method‌315‌ ‌to‌‌the‌‌                             
original‌ ‌datasets‌ ‌before‌ ‌applying‌ ‌the‌ ‌three‌ ‌clustering‌ ‌methods.‌ ‌It‌ ‌can‌ ‌be‌ ‌seen‌ ‌that‌‌                         
imputation‌ ‌improves‌ ‌the‌ ‌performances‌ ‌of‌ ‌all‌ ‌methods‌ ‌on‌ ‌(almost)‌ ‌all‌ ‌clusters,‌ ‌but‌                       
transfer‌ ‌learning‌ ‌still‌ ‌outperforms‌ ‌clustering‌ ‌on‌ ‌the‌ ‌target‌ ‌dataset‌ ‌alone‌ ‌and‌‌                     
simultaneous‌ ‌clustering‌ ‌on‌ ‌the‌ ‌combined‌ ‌dataset‌ ‌in‌ ‌some‌ ‌areas.‌ ‌Specifically,‌ ‌for‌‌                     
identifying‌ ‌mNP‌ ‌and‌ ‌mNFa‌ ‌clusters,‌ ‌transfer‌ ‌learning‌ ‌improves‌ ‌the‌ ‌results‌‌and‌‌yields‌‌                       
almost‌ ‌twice‌ ‌as‌ ‌many‌ ‌correct‌ ‌results‌ ‌as‌ ‌TargetCluster‌ ‌(919/1,000‌ ‌vs.‌ ‌479/1,000).‌‌                     
TransferCluster‌‌is‌‌still‌‌the‌‌only‌‌method‌‌that‌‌identifies‌‌all‌‌three‌‌clusters‌‌in‌‌the‌‌majority‌‌of‌‌                             
cases‌ ‌(919/1,000,‌ ‌944/1,000‌ ‌and‌ ‌831/1,000‌ ‌for‌ ‌the‌ ‌three‌ ‌clusters‌ ‌of‌ ‌interest).‌ ‌In‌‌                       
comparison,‌ ‌TargetCluster‌ ‌does‌ ‌not‌ ‌perform‌ ‌as‌ ‌well‌ ‌when‌ ‌looking‌ ‌at‌ ‌the‌ ‌mNP/mNFa‌‌                       
clusters‌ ‌(479/1,000)‌ ‌and‌‌ConcatenateCluster‌‌does‌‌not‌‌do‌‌as‌‌well‌‌considering‌‌the‌‌pPEP‌‌                       
and‌ ‌the‌ ‌pNF‌ ‌clusters‌ ‌(431/1,000‌ ‌and‌ ‌579/1,000).‌ ‌Please‌ ‌note‌ ‌that‌ ‌imputation‌ ‌through‌‌                       
MAGIC‌315‌ ‌greatly‌ ‌increases‌ ‌the‌ ‌overlap‌ ‌in‌ ‌genes‌ ‌between‌ ‌the‌ ‌two‌ ‌datasets‌ ‌after‌ ‌gene‌‌                         
filtering‌ ‌from‌ ‌4.402‌ ‌to‌ ‌20.125‌ ‌common‌ ‌genes.‌ ‌The‌ ‌larger‌ ‌common‌ ‌feature‌ ‌space‌‌                       
provides‌ ‌an‌ ‌explanation‌ ‌for‌ ‌the‌ ‌positive‌ ‌effect‌ ‌of‌ ‌MAGIC‌ ‌on‌ ‌the‌ ‌performance‌ ‌of‌‌                         
clustering‌ ‌after‌ ‌concatenation‌ ‌or‌ ‌transfer‌ ‌learning.‌ ‌However,‌ ‌ConcatenateCluster‌ ‌-‌‌                 
which‌ ‌also‌ ‌profits‌ ‌from‌ ‌the‌‌increased‌‌number‌‌of‌‌common‌‌genes‌‌-‌‌does‌‌not‌‌perform‌‌as‌‌                             
well‌‌as‌‌TransferCluster‌‌(looking‌‌at‌‌the‌‌pPEP/pNF‌‌clusters).‌‌Hence,‌‌knowledge‌‌transfer‌                     
is‌ ‌necessary‌ ‌and‌ ‌improves‌ ‌clustering‌ ‌regardless‌ ‌of‌ ‌whether‌ ‌MAGIC‌ ‌is‌ ‌used‌ ‌or‌ ‌not.‌ ‌ 

As‌‌an‌‌additional‌‌analysis,‌‌we‌‌now‌‌present‌‌an‌‌investigation‌‌of‌‌the‌‌internal‌‌procedure‌‌for‌‌                           
choosing‌ ‌a‌ ‌mixture‌ ‌parameter‌ ‌θ‌ ‌for‌ ‌the‌ ‌knowledge‌ ‌transfer‌ ‌from‌ ‌the‌ ‌Hockley‌ ‌to‌ ‌the‌‌                           
Usoskin‌ ‌dataset.‌ ‌As‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌4.2.2‌,‌ ‌‌it‌ ‌is‌ ‌selected‌ ‌based‌ ‌on‌ ‌KTA‌ ‌scores,‌‌                           
which‌‌are‌‌calculated‌‌for‌‌assessing‌‌the‌‌similarity‌‌between‌‌the‌‌linear‌‌kernel‌‌of‌‌the‌‌mixed‌‌                           
dataset‌ ‌and‌ ‌the‌ ‌linear‌ ‌kernel‌ ‌of‌ ‌the‌ ‌cell‌ ‌type‌ ‌labels‌ ‌predicted‌ ‌by‌ ‌subsequent‌ ‌SC3‌‌                           
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clustering.‌‌Since‌‌this‌‌similarity‌‌score‌‌can‌‌be‌‌interpreted‌‌as‌‌a‌‌measure‌‌for‌‌the‌‌quality‌‌of‌‌                             
the‌ ‌clustering‌ ‌result,‌ ‌we‌ ‌select‌ ‌the‌ ‌value‌ ‌of‌‌θ‌‌that‌‌results‌‌in‌‌the‌‌highest‌‌KTA‌‌score.‌‌In‌‌                                 
Figure‌ ‌35‌,‌ ‌we‌ ‌present‌ ‌the‌ ‌KTA‌ ‌scores‌ ‌of‌ ‌the‌ ‌Hockley‌ ‌dataset‌ ‌with‌ ‌transfer‌ ‌from‌‌                           
Usoskin‌‌for‌‌a‌‌range‌‌of‌‌the‌‌mixture‌‌parameter‌‌θ‌‌between‌‌0‌‌(meaning‌‌no‌‌mixture,‌‌‌i.e.‌‌‌no‌‌                               
transfer‌‌learning)‌‌and‌‌1‌‌(meaning‌‌full‌‌mixture)‌‌and‌‌note‌‌that‌‌high‌‌values‌‌of‌‌θ‌‌are‌‌to‌‌be‌‌                                 
avoided‌‌in‌‌this‌‌case‌‌and‌‌lower‌‌values‌‌of‌‌θ‌‌should‌‌be‌‌preferred.‌‌The‌‌maximal‌‌KTA‌‌score‌‌                               
is‌‌obtained‌‌for‌‌θ‌‌=‌‌0.7,‌‌which‌‌is‌‌the‌‌value‌‌that‌‌is‌‌consequently‌‌selected‌‌by‌‌the‌‌automatic‌‌                                 
procedure.‌‌These‌‌findings‌‌indicate‌‌that‌‌the‌‌proposed‌‌transfer‌‌learning‌‌method‌‌is‌‌able‌‌to‌‌                         
identify‌‌relatedness‌‌but‌‌also‌‌differences‌‌in‌‌the‌‌two‌‌datasets‌‌by‌‌automatically‌‌choosing‌‌a‌‌                         
mixture‌‌parameter‌‌that‌‌lies‌‌in‌‌the‌‌middle‌‌of‌‌the‌‌range‌‌of‌‌possible‌‌values‌‌of‌‌θ.‌‌This‌‌is‌‌in‌‌                                   
accordance‌‌with‌‌the‌‌fact‌‌that‌‌the‌‌source‌‌and‌‌target‌‌datasets‌‌are‌‌completely‌‌independent‌‌                         
but‌ ‌biologically‌ ‌related,‌ ‌datasets‌ ‌collected‌ ‌at‌ ‌different‌ ‌times‌ ‌and‌ ‌places,‌ ‌which‌ ‌are‌‌                       
expected‌ ‌to‌ ‌share‌ ‌some‌ ‌cell‌ ‌types‌ ‌but‌ ‌not‌ ‌all.‌ ‌ 

‌ 

Figure‌ ‌35:‌ ‌Investigation‌ ‌of‌ ‌the‌ ‌mixture‌ ‌parameter‌ ‌selection‌ ‌process‌ ‌of‌ ‌the‌ ‌transfer‌ ‌learning‌ ‌method‌ ‌for‌‌ 
independent‌ ‌source‌ ‌(Usoskin‌ ‌‌et‌ ‌al.‌82‌)‌ ‌and‌ ‌target‌ ‌(Hockley‌ ‌‌et‌ ‌al.‌286‌)‌ ‌datasets.‌ ‌‌Influence‌ ‌of‌ ‌the‌ ‌mixture‌ ‌parameter‌ ‌θ‌‌ 
on‌ ‌the‌ ‌unsupervised‌ ‌performance‌ ‌measure‌ ‌-‌ ‌the‌ ‌KTA‌ ‌score‌ ‌-‌ ‌for‌ ‌the‌ ‌Hockley‌ ‌target‌ ‌dataset‌ ‌and‌ ‌the‌ ‌Usoskin‌ ‌source‌ 
dataset.‌ ‌The‌ ‌automatic‌ ‌selection‌ ‌process‌ ‌chooses‌ ‌the‌ ‌argument‌ ‌of‌ ‌the‌ ‌maximum‌ ‌of‌ ‌this‌ ‌curve,‌ ‌which‌ ‌is‌ ‌0.7,‌ ‌as‌ ‌the‌‌ 

mixture‌ ‌parameter‌ ‌to‌ ‌use‌ ‌for‌ ‌the‌ ‌final‌ ‌clustering‌ ‌analysis.‌ ‌ 

‌ 

To‌ ‌summarize,‌ ‌we‌ ‌show‌ ‌that‌ ‌TransferCluster‌ ‌is‌ ‌able‌ ‌to‌ ‌consistently‌ ‌improve‌ ‌the‌‌                       
reliability‌ ‌of‌ ‌clustering‌ ‌small‌ ‌datasets‌ ‌through‌ ‌the‌ ‌transfer‌ ‌of‌ ‌knowledge‌ ‌from‌ ‌larger,‌‌                       
biologically‌ ‌relevant,‌ ‌yet‌ ‌independent‌ ‌datasets.‌ ‌The‌ ‌proposed‌ ‌method‌ ‌automatically‌‌                 
estimates‌ ‌the‌ ‌level‌ ‌of‌‌similarity‌‌or‌‌transferability‌‌between‌‌two‌‌datasets‌‌and‌‌adjusts‌‌the‌‌                         
corresponding‌ ‌mixture‌ ‌parameter‌ ‌accordingly.‌ ‌The‌ ‌method‌ ‌is‌ ‌improved‌ ‌by‌ ‌and‌‌                   
amenable‌ ‌to‌ ‌existing‌ ‌preprocessing‌ ‌approaches.‌ ‌ ‌   
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4.4‌ ‌Summary‌ ‌and‌ ‌discussion‌ ‌ 
To‌ ‌address‌ ‌challenges‌ ‌in‌ ‌the‌ ‌field‌ ‌of‌ ‌clustering‌ ‌scRNA-Seq‌ ‌datasets,‌ ‌a‌ ‌number‌ ‌of‌‌                         
methods‌ ‌have‌ ‌been‌ ‌presented‌ ‌in‌ ‌the‌ ‌literature‌ ‌to‌ ‌make‌ ‌use‌ ‌of‌ ‌datasets‌ ‌from‌ ‌different‌‌                           
studies,‌ ‌laboratories‌ ‌or‌ ‌points‌ ‌in‌ ‌time.‌ ‌These‌ ‌approaches‌ ‌can‌ ‌be‌ ‌classified‌ ‌into‌ ‌two‌‌                         
groups:‌ ‌ 

1. Multitask‌‌learning‌‌approaches‌‌that‌‌solve‌‌clustering‌‌problems‌‌of‌‌multiple‌‌                 
datasets‌ ‌simultaneously‌ ‌while‌ ‌correcting‌ ‌for‌ ‌batch‌ ‌effects‌292,293,295–304‌‌ ‌and‌ ‌ 

2. Transfer‌‌learning‌‌approaches‌‌that‌‌use‌‌large‌‌reference‌‌datasets‌‌to‌‌improve‌‌                   
the‌ ‌clustering‌ ‌of‌ ‌target‌ ‌datasets‌ ‌that‌ ‌are‌ ‌often‌ ‌smaller‌ ‌in‌ ‌sample‌ ‌size‌308–313‌.‌ ‌ 

The‌ ‌main‌ ‌point‌ ‌of‌ ‌interest‌ ‌of‌ ‌this‌ ‌dissertation‌ ‌laid‌ ‌in‌ ‌transferring‌ ‌knowledge‌ ‌without‌‌                         
having‌‌to‌‌combine‌‌datasets‌‌and‌‌thus,‌‌our‌‌focus‌‌was‌‌on‌‌methods‌‌that‌‌fall‌‌into‌‌the‌‌second‌‌                               
category.‌‌Rather‌‌than‌‌limiting‌‌a‌‌clustering‌‌method‌‌to‌‌a‌‌reference‌‌set‌‌of‌‌cell‌‌types‌308–311‌,‌‌                           
we‌ ‌aimed‌ ‌to‌ ‌enable‌ ‌the‌ ‌annotation‌ ‌of‌ ‌new‌ ‌target‌ ‌clusters.‌ ‌This‌ ‌left‌ ‌us‌ ‌with‌ ‌only‌ ‌one‌‌                               
method,‌ ‌called‌ ‌SAVER-X‌312‌,‌ ‌that‌ ‌is‌ ‌most‌ ‌closely‌ ‌related‌ ‌to‌ ‌the‌ ‌present‌ ‌research‌ ‌in‌‌                         
aiming‌ ‌to‌ ‌adjust‌ ‌a‌ ‌target‌ ‌dataset‌‌with‌‌information‌‌from‌‌a‌‌source‌‌dataset.‌‌By‌‌training‌‌a‌‌                             
deep‌ ‌autoencoder‌ ‌on‌ ‌the‌ ‌target‌ ‌dataset‌ ‌and‌ ‌initializing‌ ‌it‌ ‌with‌ ‌weights‌ ‌obtained‌ ‌from‌‌                         
training‌ ‌on‌ ‌the‌ ‌source‌ ‌dataset‌ ‌SAVER-X‌ ‌achieves‌ ‌denoising‌ ‌of‌ ‌the‌ ‌target‌ ‌dataset.‌‌                       
Denoising,‌ ‌however,‌ ‌was‌ ‌not‌ ‌the‌ ‌only‌ ‌goal‌ ‌of‌ ‌our‌ ‌method,‌ ‌which‌ ‌can‌ ‌additionally‌ ‌be‌‌                           
used‌‌to‌‌induce‌‌certain‌‌specific‌‌properties‌‌of‌‌the‌‌source‌‌dataset‌‌into‌‌the‌‌target‌‌dataset‌‌by‌‌                             
making‌‌use‌‌of‌‌pre-existing‌‌source‌‌labels.‌‌In‌‌contrast‌‌to‌‌our‌‌method,‌‌SAVER-X‌‌depends‌‌                         
on‌ ‌large‌ ‌sample‌ ‌sizes‌ ‌and‌ ‌is‌ ‌also‌ ‌not‌ ‌convex.‌ ‌Another‌ ‌relevant‌ ‌deep‌ ‌learning-based‌‌                         
approach‌313‌ ‌focuses‌ ‌on‌ ‌improving‌ ‌the‌ ‌clustering‌ ‌of‌ ‌a‌ ‌target‌ ‌dataset‌ ‌with‌ ‌the‌ ‌help‌ ‌of‌‌a‌‌                             
source‌ ‌dataset‌‌that‌‌does‌‌not‌‌share‌‌any‌‌cell‌‌types‌‌with‌‌the‌‌target‌‌dataset.‌‌The‌‌method‌‌is‌‌                               
not‌‌comparable‌‌to‌‌our‌‌transfer‌‌learning‌‌approach‌‌because‌‌we‌‌concentrated‌‌on‌‌problems‌‌                       
where‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌share‌ ‌a‌ ‌significant‌ ‌number‌ ‌of‌ ‌cell‌ ‌types.‌ ‌ 

For‌ ‌the‌ ‌aforementioned‌ ‌reasons‌ ‌and‌ ‌to‌ ‌our‌ ‌knowledge,‌ ‌this‌ ‌work‌ ‌presented‌ ‌a‌ ‌novel‌‌                         
approach‌ ‌to‌ ‌a‌ ‌unique‌ ‌problem‌ ‌setting‌ ‌that‌ ‌had‌ ‌so‌ ‌far‌ ‌not‌ ‌been‌ ‌addressed‌ ‌in‌ ‌previous‌‌                             
literature.‌‌ ‌  

To‌ ‌summarize,‌ ‌we‌ ‌proposed‌ ‌a‌ ‌novel‌ ‌and‌ ‌powerful‌ ‌method‌‌for‌‌transferring‌‌knowledge‌‌                       
from‌ ‌a‌ ‌well-annotated‌ ‌source‌ ‌dataset‌ ‌to‌ ‌a‌ ‌target‌ ‌dataset‌ ‌of‌ ‌a‌ ‌smaller‌ ‌sample‌ ‌size‌ ‌for‌‌                             
which‌‌new‌‌cluster‌‌annotations‌‌are‌‌desired.‌‌Source‌‌clustering‌‌labels‌‌can‌‌be‌‌incorporated‌‌                       
as‌ ‌part‌ ‌of‌‌this‌‌knowledge‌‌when‌‌available‌‌but‌‌are‌‌not‌‌required.‌‌The‌‌knowledge‌‌transfer‌‌                           
procedure‌ ‌is‌ ‌based‌ ‌on‌ ‌the‌ ‌application‌ ‌of‌ ‌an‌ ‌NMF‌ ‌step‌ ‌on‌ ‌the‌ ‌source‌ ‌dataset‌ ‌before‌‌                             
transferring‌ ‌the‌ ‌learned‌ ‌knowledge‌ ‌to‌ ‌the‌ ‌target‌ ‌dataset‌ ‌by‌ ‌reconstruction‌ ‌of‌ ‌a‌ ‌new‌‌                         
target‌ ‌dataset.‌ ‌Finally,‌ ‌this‌ ‌modified‌ ‌target‌ ‌dataset‌ ‌can‌ ‌potentially‌ ‌be‌ ‌provided‌ ‌to‌ ‌any‌‌                         
clustering‌ ‌algorithm.‌ ‌We‌ ‌have‌ ‌shown‌ ‌here‌ ‌that‌ ‌it‌ ‌can‌ ‌be‌ ‌successfully‌ ‌applied‌ ‌to‌ ‌SC3‌‌                           
clustering‌‌and‌‌improved‌‌the‌‌results‌‌of‌‌SC3‌‌consistently‌‌for‌‌a‌‌range‌‌of‌‌different‌‌settings.‌‌                           
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Specifically,‌ ‌transferring‌ ‌knowledge‌ ‌from‌ ‌a‌ ‌large‌ ‌well-annotated‌ ‌source‌ ‌dataset‌ ‌to‌ ‌a‌‌                     
smaller‌ ‌target‌ ‌dataset‌ ‌was‌ ‌not‌ ‌only‌ ‌more‌ ‌successful‌ ‌than‌‌applying‌‌SC3‌‌to‌‌the‌‌original‌‌                           
target‌ ‌set‌ ‌alone‌ ‌but‌ ‌also‌ ‌to‌ ‌a‌ ‌simple‌ ‌concatenation‌ ‌of‌ ‌the‌ ‌source‌ ‌and‌ ‌target.‌ ‌This‌‌was‌‌                               
found‌‌to‌‌be‌‌true‌‌in‌‌both‌‌simulated‌‌and‌‌real-world‌‌environments‌‌where‌‌source‌‌and‌‌target‌‌                           
were‌‌either‌‌sampled‌‌from‌‌identical‌‌distributions‌‌of‌‌cells‌‌or‌‌only‌‌shared‌‌a‌‌subset‌‌of‌‌cell‌‌                             
clusters.‌ ‌In‌ ‌real-world‌ ‌applications,‌ ‌the‌ ‌method‌ ‌is‌ ‌thus‌ ‌especially‌ ‌helpful‌ ‌when‌ ‌the‌‌                       
overlap‌ ‌between‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌is‌ ‌not‌ ‌perfect‌ ‌and‌ ‌concatenation‌ ‌of‌ ‌the‌ ‌two‌‌                           
datasets‌ ‌is‌ ‌not‌ ‌a‌ ‌good‌ ‌option.‌ ‌The‌ ‌method‌ ‌was‌ ‌shown‌ ‌to‌ ‌perform‌ ‌well‌ ‌regardless‌ ‌of‌‌                             
whether‌ ‌reliable‌ ‌clustering‌ ‌labels‌ ‌of‌ ‌the‌ ‌source‌ ‌data‌ ‌are‌ ‌available‌ ‌or‌ ‌not.‌ ‌The‌‌                         
performance‌ ‌of‌ ‌the‌ ‌proposed‌ ‌method‌ ‌was‌ ‌further‌ ‌improved‌ ‌by‌ ‌applying‌ ‌appropriate‌‌                     
preprocessing‌ ‌batch‌ ‌effect‌ ‌removal‌ ‌or‌ ‌imputation‌ ‌before‌ ‌clustering.‌ ‌ 

In‌‌regards‌‌to‌‌the‌‌thesis‌‌investigated‌‌in‌‌this‌‌dissertation,‌‌the‌‌proposed‌‌method‌‌represents‌‌                         
a‌ ‌combinatorial‌ ‌approach‌ ‌of‌ ‌a‌ ‌widely‌ ‌used‌ ‌clustering‌ ‌algorithm‌ ‌-‌ ‌SC3‌ ‌-‌ ‌and‌ ‌a‌ ‌novel‌‌                             
transfer‌‌learning‌‌technique‌‌-‌‌based‌‌on‌‌NMF‌‌-‌‌for‌‌the‌‌analysis‌‌of‌‌scRNA-Seq‌‌datasets.‌‌In‌‌                             
accordance‌‌with‌‌the‌‌proposed‌‌thesis,‌‌it‌‌was‌‌successfully‌‌applied‌‌to‌‌better‌‌understand‌‌the‌‌                         
translation‌‌of‌‌genetic‌‌code‌‌into‌‌phenotypes‌‌and‌‌biological‌‌function‌‌in‌‌the‌‌context‌‌of‌‌cell‌‌                           
types‌ ‌and‌ ‌was‌ ‌shown‌ ‌to‌ ‌increase‌ ‌the‌ ‌clustering‌ ‌accuracy‌ ‌of‌ ‌existing‌ ‌techniques.‌ ‌In‌‌                         
addition,‌ ‌it‌ ‌was‌ ‌shown‌ ‌that‌ ‌only‌ ‌the‌ ‌combination‌ ‌of‌ ‌the‌‌individual‌‌components‌‌of‌‌the‌‌                           
approach‌ ‌can‌ ‌achieve‌ ‌the‌ ‌desired‌ ‌increase‌ ‌in‌ ‌clustering‌ ‌accuracy‌ ‌and‌ ‌that‌ ‌-‌ ‌in‌ ‌this‌‌                           
context‌ ‌too‌‌-‌‌“‌the‌‌whole‌‌is‌‌greater‌‌than‌‌the‌‌sum‌‌of‌‌its‌‌parts‌”‌26‌ ‌(derived‌‌from‌‌Aristotle,‌‌                               
4th‌ ‌century‌ ‌BC).‌ ‌ 

The‌ ‌proposed‌ ‌approach‌ ‌can‌ ‌be‌ ‌extended‌ ‌to‌ ‌explore‌ ‌a‌ ‌number‌ ‌of‌ ‌different‌ ‌research‌‌                         
directions‌ ‌since‌ ‌it‌ ‌is‌ ‌relatively‌ ‌easy‌ ‌to‌ ‌apply,‌ ‌modify‌ ‌and‌ ‌adjust.‌ ‌Other‌ ‌downstream‌‌                         
analysis‌‌methods‌‌instead‌‌of‌‌the‌‌SC3‌‌clustering‌‌methods‌‌or‌‌even‌‌instead‌‌of‌‌clustering,‌‌in‌‌                           
general,‌ ‌could‌ ‌be‌ ‌used.‌ ‌As‌ ‌mentioned‌ ‌before,‌ ‌it‌ ‌is‌ ‌also‌ ‌possible‌ ‌to‌ ‌use‌ ‌the‌ ‌proposed‌‌                             
method‌ ‌to‌ ‌transfer‌ ‌knowledge‌ ‌from‌ ‌small‌ ‌to‌ ‌large‌ ‌datasets.‌ ‌Additionally,‌ ‌the‌ ‌transfer‌‌                       
learning‌ ‌approach‌ ‌can‌ ‌be‌‌applied‌‌to‌‌other‌‌areas‌‌of‌‌scientific‌‌research‌‌in‌‌biological‌‌and‌‌                           
medical‌ ‌fields.‌‌ ‌  

Potential‌ ‌future‌ ‌research‌ ‌directions‌ ‌making‌ ‌adjustments‌ ‌to‌ ‌the‌ ‌method‌ ‌itself‌ ‌might‌‌                     
include‌‌the‌‌incorporation‌‌of‌‌different‌‌source‌‌and‌‌target‌‌feature‌‌spaces.‌‌If‌‌ ‌and‌‌ ‌                      Xsrc     X trg  
only‌‌share‌‌a‌‌small‌‌set‌‌of‌‌transcripts,‌‌a‌‌loss‌‌of‌‌(probably)‌‌vital‌‌information‌‌is‌‌inevitable‌‌                             
since‌ ‌only‌ ‌the‌ ‌set‌ ‌of‌‌genes‌‌present‌‌in‌‌both‌‌datasets‌‌can‌‌be‌‌used.‌‌Most‌‌of‌‌the‌‌multitask‌‌                                 
learning‌ ‌methods‌ ‌listed‌ ‌above‌ ‌only‌ ‌use‌ ‌the‌ ‌intersection‌ ‌of‌ ‌genes‌ ‌of‌ ‌all‌ ‌datasets‌ ‌when‌‌                           
combining‌ ‌the‌ ‌datasets.‌ ‌Future‌ ‌work‌ ‌should‌ ‌thus‌ ‌focus‌ ‌on‌ ‌making‌ ‌adjustments‌ ‌to‌ ‌the‌‌                         
method‌ ‌that‌ ‌allow‌ ‌the‌ ‌inclusion‌ ‌of‌ ‌different‌ ‌sets‌ ‌of‌ ‌source‌ ‌and‌ ‌target‌ ‌genes.‌ ‌One‌‌                           
important‌ ‌technical‌ ‌point‌ ‌here‌ ‌is‌ ‌that‌ ‌scRNA-Seq‌ ‌experiments‌ ‌often‌ ‌make‌ ‌a‌ ‌trade-off‌‌                       
between‌ ‌high‌ ‌cell‌ ‌numbers‌ ‌and‌ ‌high‌ ‌gene‌ ‌numbers.‌ ‌While‌ ‌technologies‌ ‌like‌ ‌10X‌ ‌‌275‌                         
enable‌ ‌high‌ ‌cell‌ ‌numbers‌ ‌but‌ ‌low‌ ‌gene‌ ‌coverage,‌‌other‌‌tools‌‌like‌‌SMARTSeq2‌‌‌319‌ ‌use‌‌                           
low‌‌cell‌‌numbers‌‌but‌‌generate‌‌high‌‌gene‌‌coverage.‌‌Ideally,‌‌one‌‌would‌‌like‌‌to‌‌use‌‌a‌‌10X‌‌                               
dataset‌ ‌(or‌ ‌similar)‌ ‌to‌ ‌aid‌ ‌the‌ ‌clustering‌ ‌of‌ ‌a‌ ‌SMARTSeq2‌ ‌dataset‌ ‌(or‌ ‌similar)‌ ‌but‌‌                           
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somehow‌ ‌retain‌ ‌the‌ ‌detailed‌ ‌gene‌‌information.‌‌In‌‌this‌‌kind‌‌of‌‌setting,‌‌where‌‌the‌‌target‌‌                           
dataset‌ ‌has‌ ‌substantially‌ ‌more‌ ‌genes‌ ‌than‌ ‌the‌ ‌source‌ ‌dataset,‌‌a‌‌simple‌‌modification‌‌of‌‌                         
our‌ ‌method‌ ‌is‌ ‌straightforward:‌ ‌While‌ ‌the‌ ‌transfer‌ ‌learning‌ ‌procedure‌ ‌can‌ ‌be‌ ‌applied‌‌                       
without‌ ‌changes‌ ‌to‌ ‌the‌ ‌genes‌ ‌in‌ ‌both‌ ‌source‌ ‌and‌ ‌target,‌ ‌all‌ ‌other‌ ‌genes‌ ‌in‌ ‌the‌ ‌target‌‌                               
dataset‌ ‌can‌ ‌be‌ ‌left‌ ‌constant.‌ ‌A‌ ‌more‌ ‌sophisticated‌ ‌way‌ ‌to‌ ‌modify‌ ‌the‌ ‌method‌‌                         
accordingly‌‌would‌‌be‌‌to‌‌make‌‌use‌‌of‌‌a‌‌learned‌‌covariance‌‌matrix‌‌over‌‌the‌‌target‌‌genes‌‌                             
to‌‌adjust‌‌those‌‌genes‌‌that‌‌are‌‌in‌‌the‌‌target‌‌but‌‌not‌‌in‌‌the‌‌source.‌‌The‌‌same‌‌procedure‌‌can‌‌                                   
be‌ ‌applied‌ ‌in‌ ‌a‌ ‌setting‌ ‌where‌ ‌there‌ ‌are‌ ‌source‌ ‌genes‌ ‌that‌ ‌are‌ ‌not‌ ‌part‌ ‌of‌ ‌the‌ ‌target‌‌                                 
dataset.‌ ‌ 

Finally,‌ ‌we‌ ‌would‌ ‌like‌‌to‌‌address‌‌the‌‌limiting‌‌factors‌‌of‌‌the‌‌proposed‌‌transfer‌‌learning‌‌                           
method.‌ ‌As‌ ‌we‌ ‌have‌ ‌discussed‌ ‌in‌ ‌‌Chapter‌‌3.4‌,‌‌ML‌‌approaches‌‌always‌‌depend‌‌on‌‌the‌‌                           
amount‌‌and‌‌quality‌‌of‌‌the‌‌available‌‌training‌‌data.‌‌Here,‌‌the‌‌performance‌‌of‌‌the‌‌proposed‌‌                           
transfer‌ ‌learning‌ ‌technique‌ ‌specifically‌ ‌relies‌ ‌on‌ ‌a‌ ‌high-quality‌ ‌source‌ ‌dataset.‌ ‌As‌ ‌we‌‌                       
have‌ ‌shown‌ ‌earlier,‌ ‌our‌ ‌approach‌ ‌can‌ ‌be‌‌combined‌‌with‌‌quality-improving‌‌techniques‌‌                     
(such‌ ‌as‌‌imputation‌‌or‌‌batch‌‌effect‌‌removal),‌‌but‌‌future‌‌adoptions‌‌of‌‌the‌‌method‌‌could‌‌                           
potentially‌ ‌focus‌ ‌on‌ ‌the‌ ‌robustness‌ ‌of‌ ‌the‌ ‌method‌ ‌and‌ ‌consider‌ ‌low-quality‌ ‌cell‌‌                       
readings.‌ ‌In‌ ‌this‌ ‌respect,‌ ‌another‌ ‌potential‌ ‌limitation‌ ‌of‌ ‌the‌‌transfer‌‌learning‌‌approach‌‌                       
lies‌‌in‌‌the‌‌fact‌‌that‌‌it‌‌depends‌‌on‌‌the‌‌existence‌‌of‌‌meaningful‌‌information‌‌in‌‌the‌‌source‌‌                               
dataset‌ ‌that‌ ‌is‌ ‌transferable‌ ‌to‌ ‌the‌ ‌target‌ ‌dataset.‌ ‌To‌ ‌minimize‌ ‌the‌ ‌effect‌ ‌of‌ ‌analyzing‌‌                           
mismatched‌ ‌datasets‌ ‌with‌ ‌our‌ ‌method,‌ ‌we‌‌introduced‌‌the‌‌procedure‌‌that‌‌automatically‌‌                     
adjusts‌ ‌the‌ ‌level‌ ‌of‌‌transfer‌‌via‌‌the‌‌mixture‌‌parameter.‌‌However,‌‌this‌‌cannot‌‌guarantee‌‌                         
that‌ ‌the‌ ‌method‌ ‌is‌ ‌misused‌ ‌in‌ ‌exceptional‌ ‌cases.‌ ‌ 

Regarding‌ ‌the‌ ‌usefulness‌ ‌of‌ ‌our‌ ‌method‌ ‌for‌ ‌future‌ ‌scRNA-Seq‌ ‌studies,‌ ‌we‌ ‌need‌ ‌to‌‌                         
mention‌ ‌the‌ ‌increasing‌‌dataset‌‌sizes‌‌caused‌‌by‌‌the‌‌fast-moving‌‌technological‌‌advances‌‌                     
in‌‌the‌‌field.‌‌As‌‌our‌‌approach‌‌addresses‌‌situations‌‌where‌‌the‌‌target‌‌dataset‌‌is‌‌small,‌‌one‌‌                             
might‌ ‌think‌ ‌it‌ ‌could‌ ‌become‌ ‌obsolete‌ ‌once‌ ‌more‌ ‌powerful‌ ‌and‌ ‌cost-effective‌‌                     
technologies‌ ‌are‌ ‌available.‌ ‌However,‌ ‌some‌ ‌rare‌ ‌tissues‌ ‌and‌ ‌cell‌ ‌types‌ ‌will‌ ‌always‌ ‌be‌‌                         
hard‌‌to‌‌collect‌‌from‌‌living‌‌organisms‌‌(especially‌‌humans)‌‌or‌‌even‌‌inaccessible.‌‌Transfer‌‌                       
learning‌ ‌approaches‌ ‌will‌ ‌be‌ ‌helpful‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌such‌ ‌datasets‌ ‌and‌ ‌can‌ ‌also‌‌                           
improve‌ ‌the‌ ‌performance‌ ‌on‌ ‌large‌ ‌datasets.‌ ‌Then‌ ‌and‌ ‌when‌ ‌applying‌ ‌the‌ ‌transfer‌‌                       
learning‌‌method‌‌in‌‌scenarios‌‌other‌‌than‌‌scRNA-Seq,‌‌scalability‌‌might‌‌become‌‌an‌‌issue,‌‌                       
but‌ ‌several‌ ‌approaches‌ ‌to‌ ‌factorizing‌ ‌large-scale‌ ‌datasets‌ ‌have‌ ‌been‌ ‌presented‌ ‌in‌ ‌the‌‌                       
literature‌320–322‌.‌‌Methods‌‌for‌‌updating‌‌NMFs‌‌online‌‌when‌‌new‌‌data‌‌is‌‌available‌‌without‌‌                       
recalculating‌‌from‌‌scratch‌‌have‌‌also‌‌been‌‌proposed‌323‌.‌‌In‌‌this‌‌dissertation,‌‌we‌‌focussed‌‌                       
on‌ ‌situations‌ ‌where‌ ‌learning‌ ‌a‌ ‌target‌ ‌task‌ ‌is‌ ‌the‌ ‌main‌ ‌point‌ ‌of‌ ‌interest,‌ ‌but‌ ‌in‌ ‌other‌‌                               
scenarios,‌ ‌the‌ ‌goal‌ ‌might‌ ‌be‌ ‌learning‌ ‌two‌ ‌or‌ ‌more‌ ‌related‌ ‌tasks‌ ‌simultaneously.‌ ‌Our‌‌                         
approach‌ ‌could‌ ‌be‌ ‌adopted‌ ‌to‌ ‌jointly‌ ‌factorizing‌ ‌multiple‌ ‌interrelated‌ ‌datasets‌ ‌‌324,325‌.‌ ‌ 

Considering‌‌the‌‌stability‌‌of‌‌our‌‌method,‌‌it‌‌is‌‌important‌‌to‌‌note‌‌that‌‌its‌‌non-deterministic‌‌                           
characteristics‌ ‌are‌ ‌caused‌ ‌by‌ ‌the‌ ‌SC3‌ ‌clustering‌ ‌algorithm‌ ‌and‌ ‌the‌ ‌algorithmic‌ ‌search‌‌                       
for‌‌global‌‌minima‌‌of‌‌the‌‌factorizations.‌‌In‌‌several‌‌stability‌‌experiments,‌‌we‌‌have‌‌shown‌‌                         
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that‌ ‌the‌ ‌findings‌ ‌of‌ ‌our‌ ‌method‌ ‌are‌ ‌consistent‌ ‌when‌ ‌reapplied‌ ‌to‌ ‌the‌ ‌datasets‌ ‌under‌‌                           
investigation.‌ ‌However,‌ ‌they‌ ‌still‌ ‌heavily‌ ‌depend‌ ‌on‌ ‌the‌ ‌hyperparameters‌ ‌and‌ ‌the‌‌                     
initializations‌‌of‌‌the‌‌learning‌‌variables.‌‌Throughout‌‌our‌‌studies‌‌we‌‌have‌‌noticed‌‌a‌‌high‌‌                         
sensitivity‌ ‌to‌ ‌these‌ ‌factors,‌ ‌which‌ ‌is‌ ‌another‌ ‌reason‌ ‌why‌‌an‌‌automatic‌‌selection‌‌of‌‌the‌‌                           
mixture‌ ‌parameter‌ ‌was‌ ‌developed.‌ ‌ 

Finally,‌ ‌considering‌ ‌the‌‌explainability‌‌of‌‌our‌‌transfer‌‌learning‌‌approach,‌‌it‌‌is‌‌crucial‌‌to‌‌                         
note‌‌that‌‌the‌‌NMF‌‌acts‌‌as‌‌a‌‌black‌‌box.‌‌So‌‌far,‌‌it‌‌is‌‌not‌‌intuitively‌‌possible‌‌to‌‌understand‌‌                                   
what‌ ‌information‌ ‌was‌ ‌transferred‌ ‌from‌ ‌the‌ ‌source‌ ‌to‌ ‌the‌ ‌target‌ ‌dataset‌ ‌and‌ ‌why.‌ ‌The‌‌                           
concepts‌ ‌of‌ ‌XAI,‌ ‌as‌ ‌described‌ ‌in‌ ‌‌Chapter‌ ‌2‌,‌ ‌should‌ ‌be‌ ‌utilized‌ ‌to‌ ‌increase‌‌                         
interpretability‌‌and‌‌build‌‌trust‌‌by‌‌showing‌‌that‌‌the‌‌knowledge‌‌transfer‌‌of‌‌our‌‌method‌‌is‌                           
actually‌ ‌meaningful.‌ ‌ ‌   
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5‌ ‌Conclusion‌ ‌ 
‌ 

‌ 
The‌ ‌aim‌ ‌of‌ ‌this‌ ‌dissertation‌ ‌was‌ ‌to‌ ‌validate‌ ‌the‌ ‌proposed‌ ‌thesis‌ ‌that‌ ‌combinatorial‌‌                         
approaches‌ ‌of‌ ‌traditional‌ ‌methods‌ ‌and‌ ‌novel‌ ‌ML‌ ‌ideas‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌large-scale‌‌                         
biological‌ ‌datasets‌ ‌can‌ ‌be‌ ‌developed‌ ‌and‌ ‌successfully‌ ‌put‌ ‌into‌ ‌practice‌ ‌to‌ ‌better‌‌                       
understand‌ ‌the‌ ‌translation‌ ‌of‌ ‌genetic‌ ‌code‌ ‌into‌ ‌phenotypes‌ ‌and‌ ‌biological‌ ‌function‌‌                     
increasing‌ ‌the‌ ‌statistical‌ ‌power‌ ‌and‌ ‌accuracy‌ ‌of‌ ‌existing‌ ‌techniques.‌‌ ‌  
In‌‌this‌‌context,‌‌the‌‌first‌‌contribution‌‌consisted‌‌in‌‌proposing‌‌to‌‌employ‌‌the‌‌full‌‌potential‌‌                           
of‌ ‌AI‌ ‌methods‌ ‌to‌ ‌improve‌ ‌and‌ ‌expand‌ ‌on‌ ‌the‌ ‌traditional‌ ‌analysis‌ ‌of‌‌GWAS,‌‌which‌‌is‌‌                             
commonly‌ ‌based‌ ‌on‌ ‌multiple‌ ‌testing‌ ‌methods‌ ‌and‌ ‌fails‌ ‌to‌ ‌explain‌ ‌large‌ ‌fractions‌ ‌of‌‌                         
heredity‌ ‌for‌ ‌complex‌ ‌phenotypes.‌ ‌To‌ ‌overcome‌ ‌the‌ ‌major‌ ‌drawbacks‌ ‌of‌ ‌these‌‌                     
conventional‌‌testing‌‌procedures,‌‌the‌‌idea‌‌was‌‌to‌‌combine‌‌them‌‌with‌‌ML‌‌algorithms‌‌that‌‌                         
-‌ ‌in‌ ‌contrast‌ ‌to‌ ‌RPVT‌ ‌-‌ ‌base‌ ‌their‌ ‌prediction‌‌not‌‌only‌‌on‌‌the‌‌information‌‌at‌‌a‌‌specific‌‌                                 
SNP‌ ‌but‌ ‌take‌ ‌the‌ ‌entire‌ ‌dataset‌ ‌of‌ ‌all‌ ‌SNPs,‌ ‌including‌ ‌correlation‌ ‌structures,‌ ‌into‌‌                         
account.‌ ‌The‌ ‌positions‌ ‌in‌ ‌the‌ ‌genome‌ ‌that‌ ‌had‌ ‌the‌ ‌largest‌ ‌effect‌ ‌on‌ ‌the‌ ‌classifier‌’‌s‌‌                           
decision‌‌were‌‌then‌‌assumed‌‌to‌‌be‌‌good‌‌candidates‌‌for‌‌RPVT.‌‌‌Hence,‌‌the‌‌first‌‌proposed‌‌                           
method‌ ‌-‌ ‌called‌ ‌COMBI‌ ‌-‌ ‌trains‌ ‌an‌ ‌SVM‌11–13‌ ‌for‌ ‌phenotype‌ ‌prediction‌ ‌and‌ ‌selects‌ ‌-‌‌                           
based‌ ‌on‌ ‌the‌ ‌learned‌ ‌weights‌ ‌of‌ ‌the‌ ‌SVM‌ ‌-‌ ‌a‌ ‌set‌ ‌of‌ ‌candidate‌ ‌SNPs‌ ‌for‌ ‌multiple‌‌                               
hypothesis‌ ‌testing.‌ ‌It‌ ‌was‌ ‌shown‌ ‌that‌ ‌COMBI‌ ‌outperforms‌ ‌the‌ ‌traditional‌ ‌RPVT‌‌                     
statistical‌ ‌testing‌ ‌approach‌ ‌on‌ ‌generated‌ ‌data‌ ‌as‌ ‌well‌ ‌as‌ ‌on‌ ‌seven‌ ‌real-world‌ ‌GWAS‌‌                         
datasets‌ ‌for‌ ‌which‌ ‌validation‌ ‌was‌ ‌achieved‌ ‌via‌ ‌replicability‌ ‌in‌‌external‌‌studies.‌‌It‌‌was‌‌                         
also‌ ‌found‌ ‌that‌ ‌the‌ ‌individual‌ ‌components‌ ‌of‌ ‌the‌ ‌proposed‌ ‌combinatorial‌ ‌approach‌‌                     
cannot‌ ‌achieve‌ ‌comparable‌ ‌performance‌ ‌when‌ ‌applied‌ ‌separately.‌ ‌Neither‌ ‌the‌ ‌SVM‌‌                   
weights‌ ‌nor‌ ‌the‌ ‌raw‌ p‌-values‌ ‌as‌ ‌direct‌ ‌test‌‌statistics‌‌can‌‌achieve‌‌the‌‌same‌‌accuracy‌‌as‌‌                             
the‌ ‌COMBI‌ ‌‌p‌-values,‌ ‌not‌ ‌even‌ ‌when‌ ‌they‌ ‌are‌ ‌processed‌ ‌through‌ ‌the‌ ‌moving‌ ‌average‌‌                         
filter‌‌that‌‌is‌‌a‌‌crucial‌‌part‌‌of‌‌the‌‌COMBI‌‌method.‌‌In‌‌agreement‌‌with‌‌the‌‌proposed‌‌thesis‌‌                               
of‌ ‌this‌ ‌dissertation,‌ ‌this‌ ‌proved‌ ‌that‌ ‌only‌ ‌the‌ ‌combination‌ ‌of‌ ‌these‌ ‌components‌‌of‌‌the‌‌                           
algorithm‌‌could‌‌successfully‌‌improve‌‌the‌‌identification‌‌of‌‌SNPs‌‌that‌‌are‌‌associated‌‌with‌‌                       
the‌ ‌phenotype‌ ‌under‌ ‌investigation.‌ ‌Several‌ ‌additional‌ ‌competitor‌ ‌methods‌ ‌were‌‌                 
investigated‌‌and‌‌COMBI‌‌was‌‌shown‌‌to‌‌outperform‌‌the‌‌statistical‌‌power‌‌and‌‌accuracy‌‌of‌‌                         
existing‌‌techniques.‌‌Traditional‌‌approaches‌‌for‌‌the‌‌analysis‌‌of‌‌GWAS‌‌either‌‌concentrate‌‌                     
on‌ ‌phenotype‌ ‌prediction‌57–59‌ ‌or‌ ‌aim‌ ‌at‌ ‌the‌ ‌identification‌ ‌of‌ ‌genotype-phenotype‌‌                   
associations‌64–66‌.‌ ‌Typically,‌ ‌these‌ ‌methods‌ ‌are‌ ‌of‌ ‌purely‌ ‌statistical‌ ‌nature‌42,43‌,‌ ‌but‌‌                   
recently‌‌ML‌‌has‌‌also‌‌emerged‌‌as‌‌an‌‌important‌‌tool‌‌for‌‌investigating‌‌genomic‌‌data.‌‌The‌‌                           
most‌ ‌important‌ ‌ML‌ ‌publications‌ ‌in‌ ‌the‌‌context‌‌of‌‌the‌‌proposed‌‌COMBI‌‌method‌‌focus‌‌                         
on‌ ‌the‌ ‌ML-based‌ ‌identification‌ ‌of‌ ‌phenotype-associated‌ ‌SNPs‌62,63,66,213,243–246‌.‌ ‌The‌‌               
COMBI‌ ‌method‌ ‌was‌ ‌shown‌ ‌to‌ ‌outperform‌ ‌a‌ ‌set‌ ‌of‌ ‌representative‌ ‌competitor‌‌                     
approaches,‌ ‌including‌ ‌other‌ ‌combinatorial‌ ‌ML‌ ‌approaches‌ ‌(Roshan‌ ‌‌et‌ ‌al.‌62‌,‌‌                 
Meinshausen‌‌‌et‌‌al.‌213‌ ‌‌and‌‌Wasserman‌‌and‌‌Roeder‌210‌)‌‌and‌‌two‌‌purely‌‌statistical‌‌analysis‌‌                       
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tools‌ ‌(Lippert‌ ‌‌et‌ ‌al.‌188,192‌).‌ ‌While‌ ‌Wasserman‌ ‌and‌ ‌Roeder‌210‌ ‌lose‌ ‌a‌ ‌great‌ ‌amount‌ ‌of‌‌                         
statistical‌ ‌power‌ ‌by‌ ‌splitting‌ ‌the‌ ‌datasets‌ ‌into‌ ‌two‌ ‌parts‌ ‌for‌‌separate‌‌SNP‌‌preselection‌‌                         
and‌ ‌statistical‌ ‌testing,‌ ‌the‌ ‌LMMs‌ ‌proposed‌ ‌by‌ ‌Lippert‌ ‌‌et‌ ‌al.‌188,192‌ ‌still‌ ‌test‌ ‌genetic‌‌                         
locations‌ ‌and‌ ‌pairs‌ ‌thereof‌ ‌individually‌ ‌instead‌ ‌of‌ ‌simultaneously.‌‌ ‌  

To‌ ‌further‌ ‌elaborate‌ ‌on‌ ‌the‌ ‌proposed‌ ‌thesis‌ ‌of‌ ‌this‌ ‌dissertation‌ ‌and‌ ‌reacting‌ ‌to‌ ‌the‌‌                           
development‌ ‌of‌ ‌high-performing‌ ‌DNNs‌ ‌in‌ ‌many‌‌fields‌‌of‌‌data‌‌science,‌‌we‌‌proposed‌‌a‌‌                         
deep‌‌learning-based‌‌extension‌‌of‌‌COMBI,‌‌called‌‌DeepCOMBI.‌‌Deep‌‌learning‌‌and‌‌XAI‌‌                     
for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌large-scale‌ ‌biological‌ ‌datasets‌ ‌can‌ ‌improve‌ ‌our‌ ‌understanding‌ ‌of‌‌                       
genetic‌ ‌code‌ ‌and‌ ‌biological‌ ‌function‌ ‌by‌ ‌exploring‌ ‌the‌ ‌genetic‌ ‌architectures‌ ‌of‌‌                     
phenotypes‌‌in‌‌GWAS.‌‌The‌‌novel‌‌algorithm‌‌replaces‌‌the‌‌rather‌‌simple‌‌prediction‌‌tool‌‌of‌‌                         
the‌ ‌COMBI‌ ‌method‌ ‌(‌i.e.‌ ‌the‌ ‌linear‌ ‌SVM)‌ ‌with‌ ‌a‌ ‌more‌ ‌sophisticated‌ ‌deep‌ ‌learning‌‌                         
method‌ ‌by‌ ‌training‌ ‌a‌ ‌DNN‌ ‌to‌ ‌classify‌ ‌subjects‌ ‌into‌ ‌their‌ ‌respective‌ ‌phenotypes.‌‌                       
Subsequently,‌ ‌it‌ ‌makes‌ ‌use‌ ‌of‌ ‌the‌ ‌concept‌ ‌of‌ ‌explainability‌ ‌to‌ ‌uncover‌ ‌the‌‌                       
decision-making‌ ‌process‌ ‌of‌ ‌DNNs.‌ ‌It‌ ‌explains‌ ‌the‌ ‌classifier‌’‌s‌ ‌decisions‌ ‌by‌ ‌applying‌‌                     
LRP‌16–18‌.‌ ‌The‌ ‌method‌ ‌eventually‌ ‌utilizes‌ ‌the‌ ‌LRP‌ ‌relevance‌ ‌scores‌ ‌to‌ ‌determine‌ ‌the‌‌                       
subset‌ ‌of‌ ‌most‌ ‌relevant‌ ‌features‌ ‌identifying‌ ‌the‌ ‌positions‌ ‌in‌ ‌the‌ ‌genome‌ ‌that‌ ‌are‌‌                         
statistically‌ ‌associated‌ ‌with‌ ‌the‌ ‌trait‌ ‌under‌ ‌investigation.‌ ‌The‌ ‌statistical‌ ‌testing‌ ‌step‌ ‌is‌‌                       
adopted‌‌unchanged‌‌from‌‌the‌‌original‌‌COMBI‌‌method.‌‌We‌‌found‌‌that‌‌the‌‌proposed‌‌deep‌‌                         
learning‌ ‌techniques‌ ‌and‌ ‌explanation‌ ‌methods‌ ‌improved‌ ‌the‌ ‌performance‌ ‌of‌ ‌the‌‌                   
combinatorial‌ ‌approach‌ ‌even‌ ‌further.‌ ‌DeepCOMBI‌ ‌was‌ ‌shown‌ ‌to‌ ‌perform‌ ‌better‌ ‌than‌‌                     
the‌ ‌original‌ ‌COMBI‌ ‌method‌ ‌on‌ ‌both‌ ‌generated‌ ‌controlled‌ ‌datasets‌ ‌as‌ ‌well‌ ‌as‌ ‌on‌ ‌real‌‌                           
GWAS‌‌datasets.‌‌The‌‌new‌‌method‌‌was‌‌also‌‌compared‌‌favorably‌‌to‌‌the‌‌baseline‌‌methods‌‌                         
of‌ ‌RPVT‌ ‌and‌ ‌raw‌ ‌LRP‌‌relevance‌‌scores.‌‌In‌‌agreement‌‌with‌‌the‌‌proposed‌‌thesis‌‌of‌‌the‌‌                             
dissertation,‌ ‌it‌ ‌was‌ ‌once‌ ‌again‌ ‌shown‌ ‌that‌ ‌the‌ ‌combination,‌ ‌not‌ ‌the‌ ‌individual‌‌                       
components‌‌of‌‌the‌‌method,‌‌showed‌‌the‌‌highest‌‌performance‌‌increase.‌‌As‌‌a‌‌similar‌‌deep‌‌                         
learning-based‌ ‌approach,‌ ‌we‌ ‌discussed‌ ‌the‌ ‌method‌ ‌proposed‌ ‌by‌ ‌Romagnoni‌et‌ ‌al.‌193‌,‌‌                     
who‌‌were‌‌the‌‌first‌‌to‌‌use‌‌XAI‌‌in‌‌the‌‌context‌‌of‌‌GWAS‌‌and‌‌apply‌‌PFI‌‌as‌‌an‌‌explanation‌‌                                   
method‌ ‌on‌ ‌a‌ ‌GWAS‌ ‌dataset.‌ ‌However,‌ ‌the‌ ‌corresponding‌ ‌NN‌ ‌could‌ ‌not‌ ‌outperform‌‌                       
traditional‌ ‌ML-based‌ ‌tools‌ ‌in‌ ‌terms‌ ‌of‌ ‌prediction‌ ‌accuracy.‌ ‌The‌ ‌model-agnostic‌‌                   
approach‌ ‌of‌ ‌PFI‌ ‌that‌ ‌left‌ ‌space‌ ‌for‌ ‌improved‌ ‌performances‌ ‌of‌ ‌more‌ ‌sophisticated‌‌                       
explanation‌ ‌methods‌ ‌-‌ ‌like‌ ‌LRP‌ ‌-‌ ‌specifically‌ ‌tailored‌ ‌to‌ ‌NNs.‌ ‌ 

After‌‌having‌‌validated‌‌the‌‌proposed‌‌thesis‌‌of‌‌this‌‌dissertation‌‌in‌‌the‌‌field‌‌of‌‌GWAS‌‌and‌‌                             
making‌‌two‌‌methodological‌‌contributions‌‌to‌‌the‌‌identification‌‌of‌‌important‌‌positions‌‌in‌‌                     
the‌ ‌genome,‌ ‌the‌ ‌goal‌ ‌was‌ ‌now‌ ‌to‌ ‌elaborate‌‌on‌‌the‌‌thesis‌‌in‌‌another‌‌field‌‌of‌‌biological‌‌                               
research.‌ ‌Beyond‌‌the‌‌identification‌‌of‌‌associations‌‌between‌‌phenotypes‌‌and‌‌genotypes,‌‌                   
we‌ ‌aimed‌ ‌to‌ ‌contribute‌ ‌to‌ ‌a‌ ‌better‌ ‌understanding‌ ‌of‌ ‌how‌ ‌genetic‌ ‌information‌ ‌is‌‌                         
translated‌ ‌into‌ ‌physical‌ ‌structures‌ ‌and‌ ‌cell‌ ‌function.‌ ‌When‌ ‌investigating‌ ‌the‌‌                   
transformation‌ ‌of‌ ‌genetic‌ ‌information‌ ‌from‌‌DNA‌‌to‌‌mRNA‌‌to‌‌proteins,‌‌the‌‌genome‌‌is‌‌                         
often‌ ‌interpreted‌ ‌in‌ ‌the‌ ‌context‌ ‌of‌ ‌cell‌ ‌types‌ ‌by‌ ‌examining‌ ‌which‌ ‌genes‌ ‌are‌ ‌active‌ ‌in‌‌                             
certain‌ ‌cells.‌ ‌To‌ ‌this‌ ‌end,‌ ‌the‌ ‌technique‌ ‌of‌ ‌quantifying‌ ‌all‌ ‌mRNA‌ ‌molecules‌‌in‌‌single‌‌                           
cells,‌ ‌called‌ ‌scRNA-Seq,‌ ‌has‌ ‌given‌ ‌rise‌ ‌to‌‌many‌‌important‌‌insights‌‌by‌‌clustering‌‌cells‌‌                         
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according‌ ‌to‌ ‌their‌ ‌transcriptome.‌ ‌Challenges‌ ‌remain‌ ‌when‌ ‌high‌ ‌experimental‌ ‌efforts‌‌                   
lead‌‌to‌‌small‌‌but‌‌high-dimensional‌‌datasets‌‌and‌‌both‌‌multitask‌‌learning‌‌approaches‌292–304‌ ‌                     
and‌‌transfer‌‌learning‌‌approaches‌308–313‌ ‌‌have‌‌been‌‌proposed‌‌in‌‌this‌‌context.‌‌To‌‌overcome‌‌                       
the‌ ‌issues‌ ‌of‌ ‌small‌ ‌datasets‌ ‌and‌ ‌in‌ ‌accordance‌ ‌with‌ ‌the‌ ‌thesis‌ ‌of‌ ‌this‌ ‌dissertation,‌ ‌we‌‌                             
proposed‌‌to‌‌combine‌‌the‌‌ML‌‌concept‌‌of‌‌transfer‌‌learning‌‌with‌‌a‌‌widely‌‌used‌‌algorithm‌‌                           
for‌‌clustering‌‌scRNA-Seq‌‌data.‌‌The‌‌novel‌‌method‌‌allows‌‌to‌‌utilize‌‌‌a‌‌priori‌‌knowledge‌‌                         
from‌ ‌large,‌ ‌well-annotated‌ ‌reference‌ ‌datasets,‌ ‌including‌ ‌the‌ ‌corresponding‌ ‌clustering‌‌                 
labels‌‌when‌‌available.‌‌Through‌‌the‌‌use‌‌of‌‌NMF‌23–25‌ ‌of‌‌the‌‌source‌‌dataset‌‌to‌‌reconstruct‌‌                           
a‌‌modified‌‌version‌‌of‌‌the‌‌target‌‌dataset,‌‌the‌‌clustering‌‌result‌‌of‌‌a‌‌traditional‌‌downstream‌‌                           
clustering‌‌algorithm‌‌was‌‌improved.‌‌We‌‌showed‌‌that‌‌we‌‌can‌‌achieve‌‌higher‌‌performance‌‌                       
rates‌ ‌when‌ ‌clustering‌ ‌the‌ ‌modified‌ ‌dataset‌ ‌instead‌ ‌of‌ ‌the‌ ‌original‌ ‌target‌‌dataset‌‌or‌‌the‌‌                           
concatenation‌ ‌of‌ ‌source‌ ‌and‌ ‌target‌ ‌dataset.‌ ‌This‌ ‌was‌ ‌investigated‌ ‌in‌ ‌a‌ ‌number‌ ‌of‌‌                         
different‌‌settings,‌‌including‌‌simulated‌‌and‌‌real-world‌‌environments.‌‌Once‌‌again,‌‌it‌‌was‌‌                     
shown‌‌that‌‌a‌‌combinatorial‌‌approach‌‌of‌‌existing‌‌tools‌‌and‌‌novel‌‌ML‌‌ideas‌‌improved‌‌the‌‌                           
analysis‌ ‌of‌ ‌large-scale‌ ‌biological‌ ‌datasets.‌ ‌Most‌ ‌competitor‌ ‌transfer‌ ‌learning‌ ‌methods‌‌                   
limit‌‌a‌‌clustering‌‌method‌‌to‌‌a‌‌reference‌‌set‌‌of‌‌cell‌‌types‌308–311‌ ‌and‌‌only‌‌a‌‌few‌‌allow‌‌the‌‌                                 
annotation‌ ‌of‌ ‌new‌ ‌target‌ ‌clusters.‌ ‌While‌ ‌one‌ ‌deep‌ ‌learning-based‌ ‌method,‌ ‌called‌‌                     
SAVER-X‌312‌,‌ ‌focuses‌ ‌on‌ ‌denoising‌ ‌the‌ ‌target‌ ‌dataset,‌ ‌another‌ ‌approach‌313‌ ‌aims‌ ‌to‌‌                     
improve‌‌the‌‌clustering‌‌of‌‌a‌‌target‌‌dataset‌‌with‌‌the‌‌help‌‌of‌‌a‌‌source‌‌dataset‌‌that‌‌does‌‌not‌‌                                 
share‌ ‌any‌ ‌cell‌ ‌types‌ ‌with‌ ‌the‌ ‌target‌ ‌dataset.‌ ‌These‌ ‌methodological‌ ‌goals‌ ‌might‌ ‌be‌‌                         
closely‌‌related‌‌but‌‌are‌‌not‌‌equal‌‌to‌‌the‌‌goal‌‌of‌‌the‌‌method‌‌proposed‌‌here,‌‌which‌‌aims‌‌to‌‌                                 
induce‌ ‌specific‌ ‌properties‌ ‌of‌ ‌the‌ ‌source‌ ‌dataset‌ ‌into‌ ‌the‌ ‌target‌ ‌dataset,‌ ‌which‌ ‌share‌ ‌a‌‌                           
significant‌ ‌number‌ ‌of‌ ‌cell‌ ‌types.‌ ‌ 

To‌ ‌summarize‌ ‌and‌ ‌conclude,‌ ‌this‌ ‌dissertation‌‌contributes‌‌to‌‌one‌‌of‌‌the‌‌most‌‌important‌‌                         
challenges‌ ‌in‌ ‌biology‌ ‌-‌ ‌understanding‌ ‌the‌ ‌genome‌ ‌and‌ ‌the‌ ‌processes‌ ‌around‌ ‌its‌‌                       
translation‌ ‌into‌ ‌biological‌ ‌structures‌ ‌and‌ ‌functions.‌ ‌By‌ ‌proposing‌ ‌three‌ ‌combinatorial‌‌                   
approaches‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌large-scale‌ ‌biological‌ ‌datasets,‌ ‌each‌ ‌consisting‌ ‌of‌‌                     
traditional‌‌methods‌‌on‌‌the‌‌one‌‌hand‌‌and‌‌state-of-the-art‌‌ML‌‌algorithms‌‌on‌‌the‌‌other,‌‌we‌‌                           
showed‌ ‌that,‌ ‌in‌ ‌this‌ ‌context‌ ‌too,‌ ‌“‌the‌ ‌whole‌ ‌is‌ ‌greater‌ ‌than‌ ‌the‌ ‌sum‌ ‌of‌ ‌its‌ ‌parts‌”‌26‌ ‌                               
(derived‌ ‌from‌ ‌Aristotle,‌ ‌4th‌ ‌century‌ ‌BC).‌ ‌The‌ ‌two‌ ‌GWAS-related‌ ‌methods‌ ‌can‌‌                     
determine‌ ‌locations‌ ‌on‌ ‌a‌ ‌genetic‌ ‌sequence‌ ‌which‌ ‌affect‌ ‌the‌ ‌probability‌ ‌of‌ ‌having‌ ‌a‌‌                         
specific‌‌disease‌‌or‌‌trait‌‌and‌‌the‌‌scRN-Seq-related‌‌method‌‌enhances‌‌the‌‌grouping‌‌of‌‌cells‌‌                         
into‌ ‌specific‌ ‌classes‌ ‌based‌ ‌on‌ ‌their‌ ‌transcriptomes.‌ ‌Hence,‌ ‌in‌ ‌the‌ ‌course‌ ‌of‌ ‌this‌‌                         
dissertation‌ ‌and‌‌in‌‌full‌‌support‌‌of‌‌the‌‌proposed‌‌thesis,‌‌it‌‌was‌‌shown‌‌that‌‌combinatorial‌‌                           
approaches‌ ‌of‌ ‌traditional‌ ‌methods‌ ‌and‌ ‌novel‌ ‌ML‌ ‌ideas‌ ‌for‌ ‌the‌ ‌analysis‌ ‌of‌ ‌large-scale‌‌                         
biological‌ ‌datasets‌ ‌can‌ ‌be‌ ‌developed‌ ‌and‌ ‌successfully‌ ‌put‌ ‌into‌ ‌practice‌ ‌to‌ ‌better‌‌                       
understand‌ ‌the‌ ‌translation‌ ‌of‌ ‌genetic‌ ‌code‌ ‌into‌ ‌phenotypes‌ ‌and‌ ‌biological‌ ‌function‌‌                     
increasing‌ ‌the‌ ‌statistical‌ ‌power‌ ‌and‌ ‌accuracy‌ ‌of‌ ‌existing‌ ‌techniques.‌ ‌In‌ ‌future‌‌                     
applications,‌ ‌the‌ ‌three‌ ‌proposed‌ ‌methods‌ ‌could‌ ‌be‌ ‌used‌ ‌consecutively‌ ‌to‌ ‌first‌‌identify‌‌                       
SNPs‌‌that‌‌are‌‌associated‌‌with‌‌a‌‌phenotype‌‌and‌‌then‌‌to‌‌determine‌‌in‌‌what‌‌cells‌‌types‌‌the‌‌                               
corresponding‌ ‌gene‌‌is‌‌activated‌‌to‌‌cause‌‌the‌‌phenotype‌‌to‌‌develop.‌‌Great‌‌potential‌‌lies‌‌                         

‌ 

‌ 
147‌ 

https://paperpile.com/c/QS9fGm/yKGG+vjs4+ZHjT+aUhX+7Jq8+04MX+eNtW+o12D+W9iI+YQ2r+OkyA+ZxHf+HZIH
https://paperpile.com/c/QS9fGm/e7kr+JVKV+miqW+OLfn+0elJ+4Pfr
https://paperpile.com/c/QS9fGm/P3V2+i8c5+D99H
https://paperpile.com/c/QS9fGm/e7kr+JVKV+miqW+OLfn
https://paperpile.com/c/QS9fGm/0elJ
https://paperpile.com/c/QS9fGm/4Pfr
https://paperpile.com/c/QS9fGm/ilw1
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in‌ ‌the‌ ‌possibility‌ ‌of‌ ‌utilizing‌ ‌the‌ ‌findings‌ ‌of‌ ‌the‌ ‌proposed‌ ‌methods‌ ‌in‌ ‌practical‌‌                         
applications,‌‌‌e.g.‌‌for‌‌predictive‌‌personal‌‌prognosis,‌‌data-driven‌‌diagnosis,‌‌the‌‌design‌‌of‌‌                     
optimal‌ ‌treatment‌ ‌plans‌ ‌or‌ ‌the‌ ‌identification‌ ‌of‌ ‌potential‌ ‌drug‌ ‌targets.‌‌ ‌  

To‌ ‌round‌ ‌off‌ ‌this‌ ‌dissertation,‌ ‌we‌ ‌want‌ ‌to‌ ‌mention‌ ‌the‌ ‌many‌ ‌possible‌ ‌future‌ ‌research‌‌                           
options.‌ ‌The‌ ‌proposed‌ ‌approaches‌ ‌can‌ ‌be‌ ‌extended‌ ‌to‌ ‌explore‌ ‌numerous‌ ‌different‌‌                     
directions‌ ‌by‌ ‌substituting‌ ‌one‌ ‌of‌ ‌the‌ ‌general‌ ‌alogrithm’s‌ ‌substeps‌ ‌with‌ ‌other‌ ‌suitable‌‌                       
procedures.‌ ‌Specific‌ ‌suggestions‌ ‌for‌ ‌future‌ ‌work‌ ‌regarding‌ ‌the‌ ‌proposed‌ ‌methods‌ ‌are‌‌                     
described‌ ‌in‌‌the‌‌discussion‌‌sections‌‌of‌‌the‌‌corresponding‌‌chapters.‌‌Most‌‌of‌‌these‌‌ideas‌‌                         
consider‌ ‌applying‌ ‌either‌ ‌other‌ ‌ML‌ ‌methods‌ ‌or‌ ‌different‌ ‌traditional‌ ‌data‌ ‌analysis‌‌                     
methods‌ ‌that‌ ‌need‌ ‌performance‌ ‌boosting.‌ ‌Since‌ ‌deep‌ ‌learning‌ ‌and‌ ‌XAI‌ ‌have‌ ‌gained‌‌                       
huge‌‌attention‌‌from‌‌the‌‌scientific‌‌community,‌‌the‌‌proposed‌‌methods‌‌could‌‌benefit‌‌from‌‌                       
recently‌‌published‌‌approaches‌‌in‌‌this‌‌field.‌‌Besides‌‌classification,‌‌which‌‌forms‌‌the‌‌core‌‌                       
of‌ ‌ML,‌ ‌and‌ ‌clustering,‌ ‌which‌ ‌is‌ ‌the‌ ‌traditional‌ ‌analysis‌ ‌in‌ ‌scRNA-Seq,‌ ‌it‌ ‌would‌ ‌be‌‌                           
interesting‌‌to‌‌adjust‌‌and‌‌study‌‌the‌‌proposed‌‌methodologies‌‌for‌‌other‌‌learning‌‌tasks‌‌such‌‌                         
as‌‌regression‌‌or‌‌detection.‌‌Future‌‌research‌‌could‌‌also‌‌focus‌‌on‌‌exploring‌‌combinatorial‌‌                       
approaches‌ ‌in‌ ‌semi-supervised‌ ‌learning‌ ‌or‌ ‌online‌ ‌learning.‌ ‌Furthermore,‌ ‌the‌ ‌proposed‌‌                   
combinatorial‌ ‌approaches‌ ‌can‌ ‌be‌ ‌applied‌ ‌to‌ ‌other‌ ‌areas‌ ‌of‌ ‌scientific‌ ‌research‌ ‌in‌‌                       
biological‌‌and‌‌medical‌‌fields,‌‌‌e.g.‌‌clinical‌‌decision‌‌support‌‌in‌‌cancer‌‌diagnosis.‌‌Finally,‌‌                       
future‌ ‌work‌ ‌could‌‌also‌‌aim‌‌at‌‌exploring‌‌applications‌‌in‌‌other‌‌fields‌‌where‌‌widely‌‌used‌‌                           
traditional‌ ‌methods‌ ‌need‌ ‌improvement‌ ‌through‌ ‌the‌ ‌introduction‌ ‌of‌ ‌novel‌ ‌ML-based‌                   
approaches.‌ ‌ 
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Appendix‌ ‌ 
‌ 

‌ 
I.‌ Parameter‌ ‌investigation‌ ‌on‌ ‌the‌ ‌conservativeness‌ ‌of‌ ‌the‌‌             
COMBI‌ ‌method‌ ‌on‌ ‌generated‌ ‌datasets‌ 

In‌‌this‌‌chapter,‌‌we‌‌discuss‌‌reasons‌‌for‌‌the‌‌conservativeness‌‌of‌‌the‌‌COMBI‌‌method‌‌when‌‌                           
the‌‌permutation-based‌‌thresholding‌‌procedure‌‌(see‌‌‌Algorithm‌‌2‌‌in‌‌‌Chapter‌‌3.2.2‌‌‌in‌‌the‌‌                       
main‌ ‌text)‌ ‌is‌ ‌applied.‌ ‌We‌ ‌investigate‌ ‌this‌ ‌phenomenon‌ ‌on‌‌the‌‌generated‌‌datasets‌‌from‌‌                         
Mieth‌ ‌‌et‌ ‌al.‌ ‌‌2016‌10‌.‌ ‌Please‌ ‌note‌ ‌that‌ ‌during‌ ‌this‌ ‌initial‌ ‌phase‌ ‌of‌ ‌the‌ ‌dissertation,‌ ‌a‌‌                             
slightly‌ ‌different‌ ‌experimental‌ ‌setup‌ ‌for‌ ‌the‌ ‌generated‌ ‌datasets‌ ‌was‌ ‌employed‌ ‌and‌‌                     
DeepCOMBI‌‌was‌‌not‌‌introduced‌‌yet.‌‌For‌‌example,‌‌10,000‌‌datasets‌‌were‌‌generated‌‌here‌‌                       
instead‌ ‌of‌ ‌1,000‌‌in‌‌the‌‌DeepCOMBI‌‌publication‌15‌,‌‌which‌‌-‌‌without‌‌loss‌‌of‌‌generality‌‌-‌‌                           
causes‌‌the‌‌performance‌‌curves‌‌here‌‌and‌‌in‌‌the‌‌main‌‌text‌‌not‌‌to‌‌be‌‌identical.‌‌As‌‌a‌‌starting‌‌                                 
point,‌ ‌we‌ ‌present‌ ‌the‌ ‌ROC‌ ‌performance‌ ‌curves‌ ‌and‌ ‌the‌ ‌corresponding‌‌                   
permutation-based‌‌thresholding‌‌result‌‌of‌‌the‌‌COMBI‌‌method‌‌and‌‌its‌‌competitor,‌‌RPVT,‌‌                     
on‌ ‌the‌ ‌10,000‌ ‌datasets‌ ‌from‌ ‌2016‌ ‌in‌‌ ‌Figure‌ ‌A.1‌.‌ ‌ 

‌ 

Figure‌ ‌A.1:‌‌ ‌Main‌ ‌results‌ ‌of‌ ‌both‌ ‌COMBI‌ ‌and‌ ‌RPVT‌ ‌methods‌ ‌applied‌ ‌to‌ ‌the‌ ‌semi-real‌ ‌generated‌ ‌datasets‌ ‌with‌‌ 
controlled‌ ‌phenotypes:‌ ‌‌TPR‌‌ ‌averaged‌ ‌over‌ ‌10,000‌ ‌generated‌ ‌datasets‌ ‌as‌ ‌a‌ ‌function‌ ‌of‌ ‌the‌ ‌‌FWER‌.‌ ‌The‌ ‌dots‌ ‌mark‌‌ 

measurements‌ ‌of‌ ‌the‌ ‌permutation-based‌ ‌calibration,‌ ‌where‌ ‌the‌ ‌corresponding‌ ‌thresholds‌ ‌are‌ ‌calibrated‌ ‌to‌ ‌guarantee‌ ‌a‌‌ 
FWER‌ ‌‌of‌ ‌ .‌‌ ‌.05α ≤ 0   

It‌ ‌can‌ ‌be‌ ‌seen‌ ‌that‌ ‌in‌ ‌the‌ ‌controlled‌ ‌environment‌ ‌of‌ ‌generated‌ ‌datasets,‌ ‌the‌‌                         
permutation-based‌ ‌threshold‌ ‌calibration‌ ‌yields‌ ‌a‌ ‌rather‌ ‌conservative‌ ‌error‌ ‌rate.‌ ‌The‌‌                   
COMBI‌‌method‌‌does‌‌not‌‌exploit‌‌the‌‌full‌‌significance‌‌level‌‌but‌‌makes‌‌fewer‌‌errors‌‌than‌‌                           
anticipated.‌‌Instead‌‌of‌‌the‌‌desired‌‌error‌‌rate‌‌of‌‌ ,‌‌a‌‌‌FWER‌‌of‌‌only‌‌around‌‌1%‌‌is‌‌                .05α ≤ 0                
achieved.‌‌Even‌‌though‌‌it‌‌is‌‌desirable‌‌to‌‌increase‌‌power‌‌by‌‌simultaneously‌‌making‌‌more‌‌                         
mistakes,‌‌‌i.e.‌‌as‌‌many‌‌as‌‌anticipated,‌‌it‌‌is‌‌important‌‌to‌‌note‌‌that‌‌the‌‌COMBI‌‌method‌‌has‌‌                               
lower‌ ‌error‌ ‌rates‌ ‌and‌ ‌higher‌ ‌power‌ ‌than‌ ‌the‌ ‌RPVT‌ ‌method‌ ‌in‌ ‌combination‌ ‌with‌ ‌the‌‌                           
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same‌ ‌permutation-based‌ ‌calibration‌ ‌principle.‌ ‌Reasons‌ ‌for‌ ‌the‌ ‌conservativeness‌‌of‌‌the‌‌                   
COMBI‌ ‌method‌ ‌are‌ ‌now‌ ‌to‌ ‌be‌ ‌investigated‌ ‌further.‌ ‌ 

An‌ ‌effect‌ ‌that‌ ‌makes‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌conservative‌ ‌is‌ ‌the‌ ‌different‌ ‌number‌ ‌of‌‌                         
uninformative‌ ‌(or‌ ‌noise)‌ ‌SNPs‌ ‌the‌ ‌threshold‌ ‌calibration‌ ‌is‌ ‌based‌ ‌on‌ ‌and‌ ‌eventually‌‌                       
applied‌ ‌to.‌ ‌To‌ ‌illustrate‌ ‌this,‌‌assume‌‌that‌‌ ,‌‌indicating‌‌that‌‌the‌‌30‌‌SNPs‌‌with‌‌the‌‌              0k = 3                
highest‌ ‌SVM‌ ‌weights‌ ‌are‌ ‌selected‌ ‌for‌ ‌each‌ ‌replication‌ ‌in‌ ‌the‌ ‌permutation‌ ‌test‌ ‌and‌‌                         
p‌-values‌ ‌are‌ ‌computed.‌ ‌The‌ ‌significance‌ ‌threshold‌ ‌is‌ ‌then‌ ‌determined‌ ‌based‌ ‌on‌ ‌these‌‌                       
p‌-values‌ ‌only.‌ ‌As‌ ‌the‌ ‌threshold‌ ‌is‌ ‌calibrated‌ ‌on‌ ‌random‌ ‌labels,‌ ‌it‌ ‌is‌ ‌based‌ ‌on‌ ‌the‌‌                             
p‌-values‌ ‌of‌ ‌30‌ ‌uninformative‌ ‌SNPs.‌ ‌However,‌ ‌when‌ ‌we‌ ‌train‌ ‌on‌ ‌real‌ ‌labels‌ ‌when‌‌                         
applying‌‌the‌‌threshold,‌‌it‌‌is‌‌very‌‌likely‌‌that‌‌20‌‌informative‌‌SNPs‌‌are‌‌selected‌‌as‌‌part‌‌of‌‌                               
the‌‌30‌‌highest‌‌ranked‌‌SNPs.‌‌There‌‌are‌‌thus‌‌only‌‌10‌‌spots‌‌left‌‌for‌‌the‌‌noise‌‌SNPs,‌‌which‌‌                                 
are‌ ‌rejected‌ ‌only‌ ‌if‌ ‌they‌ ‌exceed‌ ‌the‌ ‌threshold.‌ ‌Having‌ ‌10‌ ‌instead‌ ‌of‌ ‌30‌ ‌noise‌ ‌SNPs‌‌                             
makes‌ ‌an‌ ‌erroneous‌ ‌rejection‌ ‌much‌ ‌more‌ ‌unlikely.‌ ‌Thus,‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌makes‌‌                       
fewer‌ ‌mistakes‌ ‌than‌‌anticipated‌‌and‌‌is‌‌rather‌‌conservative.‌‌To‌‌validate‌‌this‌‌hypothesis,‌‌                       
we‌ ‌perform‌ ‌a‌ ‌number‌ ‌of‌ ‌experiments‌ ‌where‌ ‌different‌ ‌parameter‌ ‌values‌ ‌are‌ ‌altered‌ ‌to‌‌                         
achieve‌‌the‌‌correct‌‌‌FWER‌‌of‌‌5%.‌‌In‌‌the‌‌first‌‌experiment,‌‌‌k‌‌‌is‌‌increased‌‌in‌‌a‌‌way‌‌that‌‌the‌‌                                   
number‌ ‌of‌ ‌noise‌ ‌SNPs‌ ‌remains‌ ‌constant.‌ ‌Instead‌ ‌of‌ ‌only‌ ‌selecting‌ ‌‌k‌ ‌SNPs‌ ‌(noise‌ ‌or‌‌                           
informative),‌‌we‌‌select‌‌the‌‌informative‌‌SNPs‌‌that‌‌are‌‌amongst‌‌the‌‌‌k‌‌best‌‌SVM‌‌weights;‌‌                           
in‌‌addition‌‌to‌‌that,‌‌the‌‌best‌‌‌k‌‌noise‌‌SNPs,‌‌‌i.e.‌‌ ,‌‌where‌‌ ‌is‌‌the‌‌number‌‌                    ki

* = k + nT P ,i     nT P ,i        
of‌ ‌true‌ ‌positives‌ ‌among‌ ‌the‌ ‌‌k‌‌best‌‌SNPs‌‌in‌‌the‌‌‌i‌-th‌‌replication‌‌of‌‌the‌‌experiment.‌‌This‌‌                               
should‌‌eliminate‌‌the‌‌described‌‌effect‌‌and‌‌hence‌‌yield‌‌a‌FWER‌‌closer‌‌to‌‌that‌‌set‌‌prior‌‌to‌‌                               
the‌ ‌permutation‌ ‌test.‌ ‌Applying‌ ‌this‌ ‌slightly‌ ‌modified‌ ‌COMBI‌ ‌method‌ ‌to‌ ‌the‌ ‌10,000‌‌                       
generated‌ ‌semi-real‌ ‌datasets‌ ‌leads‌ ‌to‌ ‌a‌ ‌‌FWER‌ ‌of‌ ‌around‌ ‌5%‌ ‌and‌ ‌thus‌ ‌supports‌ ‌this‌‌                           
hypothesis.‌ ‌Note‌ ‌that‌ ‌these‌ ‌modifications‌ ‌can‌ ‌only‌ ‌be‌ ‌applied‌ ‌to‌ ‌datasets‌ ‌where‌ ‌the‌‌                         
ground‌‌truth‌‌and‌‌thus‌‌ ,‌‌is‌‌known.‌‌To‌‌investigate‌‌this‌‌effect‌‌in‌‌more‌‌detail,‌‌we‌‌now‌‌        nT P ,i                        
perform‌ ‌an‌ ‌experiment‌ ‌where‌ ‌we‌ ‌increase‌ ‌the‌ ‌number‌ ‌of‌ ‌selected‌ ‌SNPs‌ ‌in‌ ‌order‌ ‌to‌‌                           
check‌ ‌whether‌ ‌this‌ ‌also‌ ‌yields‌ ‌a‌ ‌less‌ ‌conservative‌ ‌error‌ ‌rate.‌ ‌‌Figure‌ ‌A.2‌ ‌‌shows‌ ‌that‌‌                           
increasing‌ ‌‌k‌ ‌to‌ ‌a‌ ‌maximum‌ ‌of‌ ‌1,000‌ ‌yields‌ ‌a‌ ‌‌FWER‌ ‌of‌ ‌5%.‌ ‌This‌ ‌is‌ ‌reasonable,‌ ‌as‌‌                               
increasing‌ ‌‌k‌ ‌means‌ ‌increasing‌ ‌the‌ ‌fraction‌ ‌of‌ ‌noise‌ ‌SNPs‌ ‌in‌ ‌the‌ ‌set‌ ‌of‌ ‌SNPs‌ ‌that‌ ‌are‌‌                               
picked‌ ‌via‌ ‌the‌ ‌permutation-based‌ ‌calibration‌ ‌procedure.‌ ‌For‌ ‌ ,‌ ‌enough‌ ‌SNPs‌‌              000k = 1      
are‌‌selected‌‌and‌‌we‌‌yield‌‌a‌‌non-conservative‌‌‌FWER‌‌of‌‌5%.‌‌The‌‌fewer‌‌SNPs‌‌we‌‌select,‌‌                             
the‌ ‌better‌ ‌the‌ ‌curve‌ ‌we‌ ‌achieve‌ ‌and‌ ‌the‌ ‌more‌ ‌conservative‌ ‌the‌ ‌permutation-based‌‌                       
calibration.‌ ‌The‌ ‌optimal‌ ‌curve‌ ‌but‌ ‌also‌ ‌the‌ ‌most‌ ‌conservative‌ ‌threshold‌ ‌calibration‌ ‌is‌‌                       
reached‌ ‌for‌ ‌‌k‌ ‌=‌ ‌30,‌ ‌which‌ ‌is‌ ‌the‌ ‌parameter‌ ‌chosen‌ ‌for‌ ‌all‌ ‌other‌ ‌applications‌ ‌of‌ ‌the‌‌                               
COMBI‌ ‌method.‌ ‌Even‌ ‌though‌ ‌it‌ ‌does‌ ‌not‌ ‌exploit‌ ‌the‌ ‌full‌ ‌level‌ ‌of‌ ‌error,‌ ‌it‌ ‌yields‌ ‌the‌‌                               
highest‌ ‌power‌ ‌using‌ ‌the‌ ‌permutation-based‌ ‌calibration.‌ ‌The‌ ‌higher‌ ‌‌k‌,‌ ‌the‌ ‌less‌‌optimal‌‌                       
are‌‌the‌‌resulting‌‌performance‌‌curves,‌‌but‌‌also‌‌the‌‌closer‌‌is‌‌the‌‌corresponding‌‌ENFR‌‌to‌‌                           
the‌‌anticipated‌‌5%.‌‌‌For‌‌ ‌,‌‌the‌‌‌ROC‌‌curve‌‌of‌‌the‌‌COMBI‌‌method‌‌suffers‌‌a‌‌severe‌‌        0k < 3                      
loss‌ ‌in‌ ‌power.‌ ‌ 
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Figure‌ ‌A.2:‌ ‌Performance‌ ‌curves‌ ‌and‌ ‌ENFR‌ ‌of‌ ‌COMBI‌ ‌for‌ ‌different‌ ‌values‌ ‌of‌ ‌‌k‌ ‌‌on‌ ‌generated‌ ‌datasets‌ ‌from‌‌ 
Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌.‌ ‌A‌ ‌‌ROC‌ ‌curves‌ ‌and‌‌ ‌B‌‌ ‌‌ENFR‌‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌averaged‌ ‌over‌ ‌the‌ ‌10,000‌ ‌generated‌‌ 

datasets‌ ‌are‌ ‌shown,‌ ‌both‌ ‌for‌ ‌increasing‌ ‌‌k‌,‌ ‌‌i.e.‌‌ ‌the‌ ‌number‌ ‌of‌ ‌SNPs‌ ‌to‌ ‌select‌ ‌in‌ ‌the‌ ‌screening‌ ‌step,‌ ‌from‌ ‌10‌ ‌to‌ ‌500.‌ ‌The‌‌ 
points‌ ‌in‌ ‌‌A‌‌ ‌represent‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌after‌ ‌applying‌ ‌the‌ ‌permutation-based‌ ‌significance‌ ‌threshold,‌‌ 

which‌ ‌is‌ ‌calibrated‌ ‌to‌ ‌guarantee‌ ‌a‌ ‌‌FWER‌ ‌‌of‌ ‌ .‌ ‌Mean‌ ‌and‌ ‌standard‌ ‌deviation‌ ‌of‌ ‌‌ENFR‌‌ ‌are‌ ‌shown‌ ‌in‌‌ ‌B‌‌ ‌for‌‌.05α ≤ 0  
different‌ ‌values‌ ‌of‌ ‌‌k‌.‌‌ ‌  
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The‌‌next‌‌parameter‌‌to‌‌be‌‌investigated‌‌is‌‌the‌‌effect‌‌size‌‌parameter‌‌ ,‌‌which‌‌is‌‌involved‌‌                      γ        
in‌‌the‌‌data‌‌generation‌‌process.‌‌We‌‌expect‌‌that‌‌for‌‌high‌‌levels‌‌of‌‌noise,‌‌‌i.e‌.‌‌when‌‌there‌‌is‌‌                                 
a‌ ‌small‌ ‌effect‌ ‌size‌ ‌and‌ ‌basically‌ ‌a‌ ‌complete‌ ‌lack‌ ‌of‌‌real‌‌association,‌‌the‌‌‌FWER‌‌of‌‌the‌‌                               
COMBI‌‌method‌‌approaches‌‌the‌‌expected‌‌5%‌‌because‌‌the‌‌30‌‌selected‌‌SNPs‌‌selected‌‌are‌‌                         
all‌ ‌noise‌ ‌SNPs.‌ ‌Thus,‌ ‌the‌ ‌threshold‌ ‌is‌ ‌not‌ ‌only‌ ‌based‌ ‌on‌ ‌noise‌ ‌SNPs‌ ‌but‌ ‌also‌ ‌only‌‌                               
applied‌ ‌to‌ ‌noise‌ ‌SNPs.‌ ‌Observe‌ ‌from‌ ‌‌Figure‌ ‌A.3‌ ‌that‌ ‌for‌ ‌a‌ ‌predefined‌ ‌ ,‌ ‌the‌‌                        .05α ≤ 0    
correct‌ ‌‌FWER‌ ‌‌is‌ ‌actually‌ ‌achieved‌ ‌for‌ ‌a‌ ‌minimal‌ ‌effect‌ ‌size‌ ‌of‌ ‌ ,‌ ‌which‌ ‌is‌‌                      .25γ = 0      
almost‌ ‌equivalent‌ ‌to‌ ‌having‌ ‌a‌ ‌maximum‌ ‌level‌ ‌of‌ ‌noise‌ ‌and‌ ‌therefore‌ ‌no‌ ‌informative‌‌                         
SNPs‌‌associated‌‌with‌‌the‌‌disease.‌‌The‌‌curve‌‌is‌‌optimal‌‌for‌‌minimum‌‌noise‌‌/‌‌high‌‌effect‌‌                             
size,‌ ‌where‌ ‌the‌ ‌identification‌ ‌of‌ ‌true‌ ‌associations‌ ‌is‌ ‌much‌ ‌easier,‌ ‌which‌ ‌supports‌ ‌the‌‌                         
hypothesis‌ ‌from‌ ‌above.‌ ‌ 

Figure‌ ‌A.3:‌‌ ‌‌Performance‌ ‌curves‌ ‌and‌ ‌ENFR‌ ‌of‌ ‌COMBI‌ ‌for‌ ‌different‌ ‌values‌ ‌of‌ ‌the‌ ‌effect‌ ‌size‌ ‌parameter‌ ‌ ‌ ‌‌on‌‌γ  
generated‌ ‌datasets‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌.‌ ‌A‌ ‌‌ROC‌ ‌curves‌ ‌and‌‌ ‌B‌‌ ‌‌ENFR‌‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌averaged‌ ‌over‌‌ 
the‌ ‌10,000‌ ‌generated‌ ‌datasets‌ ‌are‌ ‌shown,‌ ‌both‌ ‌for‌ ‌increasing‌ ‌ ,‌ ‌‌i.e.‌‌ ‌the‌ ‌effect‌ ‌size‌ ‌parameter,‌ ‌from‌ ‌0.25‌ ‌to‌ ‌1,000,‌‌γ  

where‌ ‌high‌ ‌values‌ ‌correspond‌ ‌to‌ ‌low‌ ‌noise‌ ‌and‌ ‌low‌ ‌values‌ ‌to‌ ‌high‌ ‌noise‌ ‌in‌ ‌the‌ ‌process‌ ‌of‌ ‌simulating‌ ‌the‌ ‌datasets.‌ ‌The‌‌ 
points‌ ‌in‌ ‌‌A‌‌ ‌represent‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌after‌ ‌applying‌ ‌the‌ ‌permutation-based‌ ‌significance‌ ‌threshold,‌‌ 

which‌ ‌is‌ ‌calibrated‌ ‌to‌ ‌guarantee‌ ‌a‌ ‌‌FWER‌ ‌‌of‌ ‌ .‌ ‌Mean‌ ‌and‌ ‌standard‌ ‌deviation‌ ‌of‌ ‌‌ENFR‌‌ ‌are‌ ‌shown‌ ‌in‌‌ ‌B‌‌ ‌for‌‌.05α ≤ 0  
different‌ ‌values‌ ‌of‌ ‌ .‌ ‌γ  

‌ ‌   
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Observe‌‌from‌‌Figure‌‌A.4‌‌‌that‌‌we‌‌achieve‌‌the‌‌error‌‌rate‌‌expected‌‌after‌‌setting‌‌ ‌                          .05α ≤ 0  
in‌‌the‌‌permutation‌‌test‌‌only‌‌for‌‌a‌‌filter‌‌length‌‌ ‌of‌‌1,‌‌which‌‌corresponds‌‌to‌‌applying‌‌                  lf ilter              
no‌ ‌filter.‌ ‌The‌ ‌error‌‌rate‌‌decreases‌‌and‌‌power‌‌increases‌‌with‌‌increasing‌‌the‌‌filter‌‌length‌‌                           
up‌ ‌to‌ ‌35,‌ ‌where‌ ‌the‌ ‌curve‌ ‌is‌ ‌optimal.‌ ‌The‌ ‌method‌ ‌yields‌ ‌higher‌ ‌error‌ ‌rates‌ ‌and‌ ‌less‌‌                               
power‌ ‌for‌ ‌greater‌ ‌filter‌‌lengths.‌‌This‌‌finding‌‌is‌‌in‌‌agreement‌‌with‌‌what‌‌Alexander‌‌and‌‌                           
Lange‌231‌ ‌found.‌‌We,‌‌therefore,‌‌decide‌‌to‌‌use‌‌a‌‌filter‌‌length‌‌of‌‌35,‌‌which‌‌yields‌‌optimal‌‌                             
but‌ ‌conservative‌ ‌results.‌‌ ‌  

We‌ ‌learn‌ ‌from‌ ‌these‌ ‌experiments‌ ‌that‌ ‌the‌ ‌proposed‌ ‌method‌ ‌may‌ ‌achieve‌ ‌lower‌ ‌error‌‌                         
rates‌ ‌and‌ ‌higher‌ ‌‌TPR‌‌ ‌than‌ ‌anticipated.‌ ‌ 

Figure‌ ‌A.4‌:‌ ‌‌Performance‌ ‌curves‌ ‌and‌ ‌ENFR‌ ‌of‌ ‌COMBI‌ ‌for‌ ‌different‌ ‌values‌ ‌of‌ ‌the‌ ‌filter‌ ‌window‌ ‌size‌ ‌ ‌ ‌‌on‌‌lf ilter  
generated‌ ‌datasets‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌.‌ ‌A‌ ‌‌ROC‌ ‌curves‌ ‌and‌‌ ‌B‌‌ ‌‌ENFR‌‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌averaged‌ ‌over‌‌ 
the‌ ‌10,000‌ ‌generated‌ ‌datasets‌ ‌are‌ ‌shown,‌ ‌both‌ ‌for‌ ‌increasing‌ ‌ ,‌ ‌‌i.e.‌‌ ‌the‌ ‌filter‌ ‌window‌ ‌size,‌ ‌from‌ ‌1‌ ‌to‌ ‌501,‌ ‌where‌‌lf ilter  
the‌ ‌former‌ ‌corresponds‌ ‌to‌ ‌applying‌ ‌no‌ ‌filter‌ ‌at‌ ‌all‌ ‌and‌ ‌the‌ ‌latter‌ ‌to‌ ‌an‌ ‌extremely‌ ‌strong‌ ‌flattening‌ ‌filter.‌ ‌The‌ ‌points‌ ‌in‌‌ 
A‌‌ ‌represent‌ ‌the‌ ‌results‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌after‌ ‌applying‌ ‌the‌ ‌permutation-based‌ ‌significance‌ ‌threshold,‌ ‌which‌ ‌is‌‌ 

calibrated‌ ‌to‌ ‌guarantee‌ ‌a‌ ‌‌FWER‌ ‌‌of‌ ‌ .‌ ‌Mean‌ ‌and‌ ‌standard‌ ‌deviation‌ ‌of‌ ‌‌ENFR‌‌ ‌are‌ ‌shown‌ ‌in‌‌ ‌B‌‌ ‌for‌ ‌different‌‌.05α ≤ 0  
values‌ ‌of‌ ‌ .‌ ‌lf ilter  

‌ ‌   
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II.‌ Stability‌ ‌analysis‌ ‌of‌ ‌the‌ ‌COMBI‌ ‌method‌ ‌on‌ ‌WTCCC‌ ‌data‌ ‌ 

In‌‌order‌‌to‌‌establish‌‌an‌‌internal‌‌validation‌‌criterion‌‌of‌‌the‌‌COMBI‌‌method‌‌on‌‌WTCCC‌‌                           
data,‌‌we‌‌analyze‌‌the‌‌stability‌‌‌of‌‌the‌‌reported‌‌associations,‌‌which‌‌indicates‌‌how‌‌well‌‌the‌‌                           
results‌ ‌can‌ ‌be‌ ‌reproduced‌ ‌on‌ ‌another‌ ‌independent‌ ‌sample.‌ ‌Stability‌ ‌is‌ ‌a‌ ‌desirable‌‌                       
property‌‌of‌‌any‌‌SNP-selection‌‌method:‌‌if‌‌a‌‌method‌‌is‌‌not‌‌stable,‌‌it‌‌could‌‌either‌‌indicate‌‌                             
that‌‌too‌‌many‌‌locations‌‌are‌‌selected,‌‌meaning‌‌that‌‌the‌‌result‌‌contains‌‌a‌‌random‌‌subset‌‌of‌‌                             
non-significant‌ ‌SNPs,‌ ‌or‌ ‌that‌ ‌not‌ ‌enough‌ ‌locations‌ ‌are‌ ‌selected‌ ‌so‌ ‌that‌ ‌the‌ ‌result‌‌                         
contains‌ ‌only‌ ‌a‌ ‌random‌ ‌subset‌ ‌of‌ ‌the‌ ‌significant‌ ‌SNPs.‌ ‌To‌ ‌investigate‌ ‌stability,‌ ‌we‌‌                         
proceed‌‌as‌‌follows:‌‌the‌‌original‌‌data‌‌is‌‌randomly‌‌split‌‌into‌‌two‌‌equally‌‌sized‌‌subsets‌‌(of‌                             
individuals),‌ ‌‌A‌ ‌and‌ ‌‌B,‌ ‌ten‌ ‌times.‌ ‌The‌ ‌method‌ ‌under‌ ‌scrutiny,‌ ‌‌i.e.‌ ‌either‌ ‌the‌ ‌COMBI‌‌                           
method‌‌or‌‌standard‌‌RPVT,‌‌is‌‌applied‌‌separately‌‌to‌‌the‌‌data‌‌from‌‌sets‌‌‌A‌‌and‌‌‌B,‌‌‌leading‌‌to‌‌                                 
sets‌ ‌‌S(A)‌ ‌and‌ ‌‌S(B)‌ ‌of‌ ‌reported‌ ‌SNPs,‌ ‌respectively.‌ ‌Using‌ ‌the‌ ‌Tanimoto‌ ‌Index‌326‌ ‌                       

,‌ ‌the‌ ‌similarity‌ ‌of‌ ‌these‌ ‌two‌ ‌sets‌ ‌and‌ ‌thus‌ ‌the‌ ‌stability‌ ‌of‌‌T (S S )(A) ,   (B) = S(A)⋃S(B)∣ ∣
S(A)⋂S(B)∣ ∣                        

the‌ ‌used‌ ‌method‌ ‌is‌ ‌measured.‌ ‌Here‌ ‌ ‌denotes‌ ‌the‌ ‌cardinality‌ ‌of‌ ‌the‌ ‌set‌ ‌S.‌ ‌In‌ ‌this‌‌            S∣ ∣                    
manner,‌‌the‌‌stability‌‌of‌‌the‌‌COMBI‌‌method‌‌can‌‌be‌‌compared‌‌to‌‌the‌‌stability‌‌of‌‌standard‌‌                             
RPVT.‌ ‌Simulation‌ ‌results‌ ‌considering‌ ‌the‌ ‌internal‌ ‌stability‌ ‌of‌ ‌the‌ ‌two‌ ‌methods‌ ‌when‌‌                       
applied‌ ‌to‌ ‌the‌ ‌WTCCC‌ ‌Crohn’s‌ ‌Disease‌ ‌dataset‌ ‌are‌ ‌shown‌ ‌in‌ ‌‌Figure‌ ‌A.5‌.‌‌ ‌  

‌ 
Figure‌ ‌A.5:‌ ‌Stability‌ ‌analysis‌ ‌of‌ ‌RPVT‌ ‌and‌ ‌COMBI‌ ‌on‌ ‌Crohn’s‌ ‌Disease‌ ‌WTCCC‌ ‌dataset‌ ‌from‌ ‌Mieth‌ ‌‌et‌ ‌al.‌‌ 

(2016)‌10‌.‌‌ ‌The‌ ‌averaged‌ ‌Tanimoto‌ ‌stability‌ ‌indices‌ ‌between‌ ‌the‌ ‌reported‌ ‌associations‌ ‌in‌ ‌two‌ ‌randomly‌ ‌selected‌ ‌subsets‌‌ 
of‌ ‌the‌ ‌Crohn’s‌ ‌disease‌ ‌dataset‌ ‌are‌ ‌shown‌ ‌for‌ ‌varying‌ ‌numbers‌ ‌of‌ ‌reported‌ ‌associations.‌ ‌Higher‌ ‌Tanimoto‌ ‌indices‌‌ 

indicate‌ ‌higher‌ ‌stability‌ ‌of‌ ‌the‌ ‌method.‌ ‌ 

‌ 
COMBI‌ ‌produces‌ ‌more‌ ‌stable‌ ‌results‌ ‌than‌ ‌RPVT.‌ ‌The‌ ‌Tanimoto‌ ‌stability‌ ‌index‌ ‌is‌‌                       
plotted‌ ‌against‌ ‌the‌ ‌mean‌ ‌number‌ ‌of‌ ‌reported‌ ‌associations,‌ ‌‌i.e‌.‌ ‌ .‌ ‌When‌ ‌we‌‌                  2

S(A)+S(B)∣ ∣      
repeatedly‌‌split‌‌the‌‌data‌‌into‌‌two‌‌parts‌‌and‌‌investigate‌‌how‌‌similar‌‌the‌‌results‌‌of‌‌the‌‌two‌‌                               
methods‌‌are‌‌in‌‌the‌‌two‌‌subsets,‌‌we‌‌find‌‌that‌‌the‌‌results‌‌of‌‌the‌‌COMBI‌‌method‌‌are‌‌more‌‌                                 
similar‌‌and‌‌thus‌‌more‌‌stable‌‌than‌‌RPVT‌‌independently‌‌of‌‌the‌‌mean‌‌number‌‌of‌‌reported‌‌                           
associations‌ ‌(varied‌ ‌via‌ ‌the‌ ‌significance‌ ‌threshold)‌ ‌for‌ ‌all‌ ‌levels‌ ‌of‌‌‌ENFR‌.‌‌This‌‌result‌‌                         
holds‌‌true‌‌for‌‌all‌‌seven‌‌diseases‌‌and‌‌is‌‌robust‌‌with‌‌respect‌‌to‌‌the‌‌parameter‌‌‌k‌‌(number‌‌of‌‌                                 
SNPs‌ ‌selected‌ ‌in‌ ‌the‌ ‌screening‌ ‌step)‌ ‌(see‌ ‌‌Figure‌ ‌A.6‌).‌ ‌ 
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‌ 

Figure‌ ‌A.6:‌ ‌Stability‌ ‌analysis‌ ‌of‌ ‌RPVT‌ ‌and‌ ‌COMBI‌ ‌for‌ ‌different‌ ‌values‌ ‌of‌ ‌‌k‌ ‌‌on‌ ‌six‌ ‌WTCCC‌ ‌datasets‌‌ ‌‌from‌‌ 
Mieth‌ ‌‌et‌ ‌al.‌ ‌‌(2016)‌10‌.‌‌ ‌The‌ ‌averaged‌ ‌Tanimoto‌ ‌stability‌ ‌indices‌ ‌between‌ ‌the‌ ‌reported‌ ‌associations‌ ‌in‌ ‌two‌ ‌randomly‌‌ 

selected‌ ‌subsets‌ ‌of‌ ‌the‌ ‌Crohn’s‌ ‌disease‌ ‌dataset‌ ‌are‌ ‌shown‌ ‌for‌ ‌varying‌ ‌numbers‌ ‌of‌ ‌reported‌ ‌associations.‌ ‌Higher‌‌ 
Tanimoto‌ ‌indices‌ ‌indicate‌ ‌higher‌ ‌stability‌ ‌of‌ ‌the‌ ‌method.‌ ‌ ‌   
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III.‌ Extended‌ ‌clustering‌ ‌analysis‌ ‌on‌ ‌independent‌ ‌source‌ ‌and‌‌             
target‌ ‌datasets‌ ‌using‌ ‌various‌ ‌source‌ ‌data‌ ‌labels‌ ‌as‌ ‌‌a‌ ‌priori‌‌                   
knowledge‌ ‌ 

In‌‌‌Chapter‌‌4.3.3‌‌of‌‌the‌‌main‌‌text‌‌of‌‌this‌‌dissertation‌‌we‌‌investigate‌‌the‌‌performance‌‌of‌‌                             
the‌‌proposed‌‌transfer‌‌learning‌‌method‌‌using‌‌level‌‌3‌‌labels‌‌from‌‌the‌‌original‌‌Usoskin‌‌‌et‌‌                           
al.‌ ‌publication‌82‌ ‌as‌ ‌‌a‌ ‌priori‌ ‌knowledge‌ ‌about‌ ‌the‌ ‌source‌ ‌dataset.‌ ‌Here,‌ ‌we‌ ‌present‌‌                         
additional‌‌analyses‌‌using‌‌different‌‌source‌‌cluster‌‌labels.‌‌As‌‌with‌‌the‌‌Tasic‌‌dataset‌291‌,‌‌we‌‌                         
first‌‌analyze‌‌the‌‌Hockley‌‌dataset‌286‌ ‌pretending‌‌no‌‌reliable‌‌source‌‌labels‌‌for‌‌the‌‌Usoskin‌‌                         
dataset‌ ‌are‌ ‌available‌ ‌and‌ ‌generate‌ ‌them‌ ‌via‌ ‌NMF‌ ‌clustering.‌ ‌We‌ ‌assume‌ ‌a‌ ‌complete‌‌                         
overlap‌ ‌between‌ ‌the‌ ‌cell‌ ‌types‌ ‌in‌ ‌source‌ ‌and‌ ‌target‌ ‌data‌ ‌and‌ ‌choose‌ ‌the‌ ‌number‌ ‌of‌‌                             
clusters‌‌to‌‌be‌‌‌k‌‌=‌‌7‌‌‌for‌‌the‌‌source‌‌label‌‌generation.‌‌Afterwards,‌‌we‌‌use‌‌the‌‌source‌‌labels‌‌                                 
from‌ ‌the‌ ‌data-driven‌ ‌clustering‌ ‌of‌ ‌the‌ ‌original‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌ ‌publication‌82‌.‌ ‌They‌‌                       
provided‌ ‌labels‌ ‌in‌ ‌the‌ ‌form‌ ‌of‌ ‌a‌ ‌hierarchical‌ ‌clustering,‌ ‌which‌ ‌was‌ ‌cut‌ ‌off‌ ‌at‌ ‌three‌‌                             
different‌ ‌levels‌ ‌resulting‌ ‌in‌ ‌three‌‌different‌‌sets‌‌of‌‌source‌‌labels‌‌with‌‌different‌‌numbers‌‌                         
of‌ ‌clusters‌ ‌(4,8‌ ‌and‌ ‌11‌ ‌cell‌ ‌types).‌ ‌Here,‌ ‌in‌ ‌addition‌ ‌to‌ ‌the‌‌results‌‌in‌‌the‌‌main‌‌text‌‌on‌‌                                   
level‌ ‌3‌ ‌labels,‌ ‌we‌ ‌present‌ ‌the‌ ‌results‌ ‌for‌ ‌NMF‌ ‌labels,‌ ‌level‌ ‌1‌ ‌and‌ ‌level‌ ‌2‌ ‌labels.‌‌ ‌  

Figure‌ ‌A.7‌ ‌shows‌ ‌the‌ ‌clustering‌ ‌results‌ ‌of‌ ‌all‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌the‌ ‌Hockley‌‌                         
dataset.‌ ‌TargetCluster‌ ‌uses‌ ‌only‌ ‌data‌ ‌from‌ ‌Hockley‌ ‌to‌ ‌assign‌ ‌clusters‌ ‌and‌‌                     
ConcatenateCluster‌ ‌uses‌ ‌a‌ ‌concatenation‌ ‌of‌ ‌data‌ ‌from‌ ‌Hockley‌ ‌and‌ ‌Usoskin‌‌to‌‌assign‌‌                       
clusters.‌ ‌TransferCluster‌ ‌uses‌ ‌the‌ ‌novel‌ ‌transfer‌ ‌learning‌ ‌approach‌ ‌with‌ ‌Hockley‌ ‌‌as‌‌                     
target‌ ‌and‌ ‌Usoskin‌ ‌as‌ ‌source‌ ‌with‌ ‌four‌ ‌different‌ ‌sets‌ ‌of‌ ‌corresponding‌ ‌labels.‌‌ ‌  
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‌ 

Figure‌ ‌A.7:‌ ‌Clustering‌ ‌results‌ ‌of‌ ‌independent‌ ‌source‌ ‌(Usoskin‌ ‌‌et‌ ‌al.‌82‌)‌ ‌and‌ ‌target‌ ‌(Hockley‌ ‌‌et‌ ‌al.‌286‌)‌ ‌datasets‌‌ 
using‌ ‌different‌ ‌clustering‌ ‌memberships‌ ‌of‌ ‌the‌ ‌source‌ ‌dataset.‌ ‌‌t-SNE‌ ‌plots‌ ‌of‌ ‌the‌ ‌mouse‌ ‌colonic‌ ‌sensory‌ ‌neurons‌‌ 

from‌ ‌the‌ ‌Hockley‌ ‌dataset‌ ‌are‌ ‌shown.‌ ‌‌A‌‌ ‌TargetCluster,‌ ‌using‌ ‌only‌ ‌data‌ ‌from‌ ‌Hockley‌ ‌‌et‌ ‌al.‌‌ ‌to‌ ‌assign‌ ‌clusters.‌ ‌‌B‌‌ 
ConcatenateCluster,‌ ‌using‌ ‌a‌ ‌concatenation‌ ‌of‌ ‌data‌ ‌from‌ ‌Hockley‌ ‌‌et‌ ‌al.‌‌ ‌and‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌‌ ‌(mouse‌ ‌sensory‌ ‌neurons)‌ ‌to‌‌ 

assign‌ ‌clusters.‌ ‌‌C‌‌ ‌TransferCluster,‌ ‌using‌ ‌the‌ ‌novel‌ ‌transfer‌ ‌learning‌ ‌approach‌ ‌with‌ ‌Usoskin‌ ‌‌et‌ ‌al.‌‌ ‌as‌ ‌source‌ ‌and‌‌ 
Hockley‌‌ ‌et‌ ‌al.‌ ‌‌as‌ ‌target‌ ‌with‌ ‌NMF‌ ‌labels‌ ‌for‌ ‌the‌ ‌source‌ ‌dataset.‌ ‌‌D‌‌ ‌TransferCluster‌ ‌with‌ ‌level‌ ‌1‌ ‌labels‌ ‌for‌ ‌the‌ ‌source‌‌ 

dataset,‌ ‌‌E‌‌ ‌TransferCluster‌ ‌with‌ ‌level‌ ‌2‌ ‌labels‌ ‌for‌ ‌the‌ ‌source‌ ‌dataset.‌ ‌‌F‌‌ ‌TransferCluster‌ ‌with‌ ‌level‌ ‌3‌ ‌labels‌ ‌for‌ ‌the‌ 
source‌ ‌dataset.‌ ‌Colors‌ ‌refer‌ ‌to‌ ‌the‌ ‌clusters‌ ‌derived‌ ‌from‌ ‌the‌ ‌different‌ ‌approaches.‌ ‌Shapes‌ ‌refer‌ ‌to‌ ‌the‌ ‌spinal‌ ‌segment‌‌ 

from‌ ‌which‌ ‌the‌ ‌neuron‌ ‌was‌ ‌isolated‌ ‌(triangle,‌ ‌TL‌ ‌(thoracolumbar);‌ ‌circle,‌ ‌LS‌ ‌(lumbosacral)).‌ ‌ 

‌ 

Since‌ ‌SC3‌ ‌-‌ ‌the‌ ‌clustering‌ ‌method‌ ‌used‌ ‌for‌ ‌all‌ ‌approaches‌ ‌investigated‌ ‌in‌ ‌this‌‌                         
dissertation‌ ‌(TargetCluster,‌ ‌ConcatenateCluster‌ ‌and‌ ‌TransferCluster)‌ ‌-‌ ‌is‌ ‌not‌‌               
deterministic‌ ‌and‌ ‌produces‌ ‌different‌ ‌results‌ ‌when‌‌solving‌‌the‌‌same‌‌clustering‌‌problem‌‌                     
multiple‌ ‌times.‌ ‌We‌ ‌count‌ ‌the‌ ‌number‌ ‌of‌ ‌times‌ ‌some‌ ‌specific‌ ‌clusters‌ ‌of‌ ‌interest‌ ‌are‌‌                           
separated‌‌correctly‌‌from‌‌each‌‌other‌‌by‌‌the‌‌three‌‌methods‌‌when‌‌repeating‌‌the‌‌procedure‌‌                         
1,000‌‌times.‌‌Three‌‌pairs‌‌of‌‌clusters‌‌are‌‌identified‌‌to‌‌be‌‌of‌‌interest‌‌and‌‌‌Table‌‌A.1‌‌shows‌‌                               
the‌ ‌number‌ ‌of‌ ‌times‌ ‌each‌ ‌of‌ ‌these‌ ‌pairs‌ ‌of‌ ‌cell‌ ‌types‌ ‌is‌ ‌separated‌ ‌correctly.‌ ‌Two‌‌                             
biologically‌ ‌distinct‌ ‌groups‌ ‌of‌ ‌cells,‌‌named‌‌mNP‌‌and‌‌mNFa‌‌cells‌‌(‌Main‌‌Figure‌‌32‌‌G‌‌                           
Cluster‌‌1‌‌and‌‌7),‌‌are‌‌only‌‌separated‌‌224‌‌times‌‌when‌‌applying‌‌SC3‌‌on‌‌the‌‌target‌‌dataset‌‌                               
alone.‌ ‌Taking‌ ‌source‌ ‌information‌ ‌via‌ ‌the‌ ‌proposed‌ ‌transfer‌ ‌learning‌ ‌method‌‌                   
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TransferCluster‌‌with‌‌NMF‌‌or‌‌level‌‌1,‌‌2‌‌and‌‌3‌‌labels‌‌into‌‌account‌‌consistently‌‌increases‌‌                           
this‌ ‌number‌ ‌(to‌ ‌469,‌ ‌300,‌ ‌313‌‌and‌‌352,‌‌respectively).‌‌Concatenating‌‌source‌‌and‌‌target‌‌                         
datasets‌ ‌and‌ ‌applying‌ ‌SC3‌ ‌to‌ ‌the‌ ‌complete‌ ‌dataset‌ ‌(ConcatenateCluster)‌ ‌increases‌ ‌the‌‌                     
number‌ ‌of‌ ‌times‌ ‌mNP‌ ‌and‌ ‌mNFa‌ ‌cells‌ ‌are‌ ‌correctly‌ ‌separated‌ ‌even‌ ‌further‌ ‌to‌ ‌506.‌‌                           
However,‌‌this‌‌comes‌‌with‌‌a‌‌loss‌‌of‌‌performance‌‌when‌‌looking‌‌at‌‌the‌‌other‌‌two‌‌pairs‌‌of‌‌                               
cell‌ ‌types‌ ‌that‌ ‌are‌ ‌only‌ ‌poorly‌ ‌separated‌ ‌with‌ ‌ConcatenateCluster.‌ ‌pNF‌ ‌cells‌ ‌(‌Main‌‌                       
Figure‌ ‌32‌ ‌G‌ ‌Cluster‌ ‌2‌ ‌vs.‌ ‌6)‌ ‌are‌ ‌only‌ ‌separated‌ ‌481‌ ‌times‌‌and‌‌the‌‌pPEP‌‌cells‌‌(‌Main‌‌                                 
Figure‌‌32‌‌G‌‌Cluster‌‌4‌‌vs.‌‌3)‌‌only‌‌4‌‌times.‌‌In‌‌contrast,‌‌TransferCluster‌‌is‌‌able‌‌to‌‌almost‌‌                                 
perfectly‌ ‌separate‌ ‌pNF‌ ‌clusters‌ ‌independent‌ ‌of‌ ‌what‌ ‌labels‌ ‌are‌ ‌used‌ ‌for‌ ‌the‌ ‌source‌‌                         
dataset‌‌(999;‌‌1,000;‌‌1,000;‌‌1,000‌‌for‌‌NMF,‌‌level‌‌1,‌‌2‌‌and‌‌3‌‌labels,‌‌respectively)‌‌and‌‌also‌‌                               
has‌‌very‌‌high‌‌separation‌‌rates‌‌for‌‌the‌‌pPEP‌‌cell‌‌types‌‌(984,‌‌703,‌‌706‌‌and‌‌887‌‌for‌‌NMF,‌‌                                 
level‌ ‌1,‌ ‌2‌ ‌and‌ ‌3‌ ‌labels,‌ ‌respectively).‌ ‌ 

Table‌ ‌A1:‌ ‌Stability‌ ‌analysis‌ ‌of‌ ‌the‌ ‌three‌ ‌competitor‌ ‌methods‌ ‌on‌ ‌independent‌ ‌source‌ ‌(Usoskin‌ ‌‌et‌ ‌al.‌82‌)‌ ‌and‌ ‌target‌ 
(Hockley‌ ‌‌et‌ ‌al.‌286‌)‌ ‌datasets‌ ‌using‌ ‌different‌ ‌clustering‌ ‌memberships‌ ‌of‌ ‌the‌ ‌source‌ ‌dataset‌.‌ ‌For‌ ‌each‌ ‌method,‌ ‌we‌‌ 
present‌ ‌the‌ ‌number‌ ‌of‌ ‌times‌ ‌a‌ ‌specific‌ ‌cell‌ ‌type‌ ‌is‌ ‌identified‌ ‌correctly‌ ‌out‌ ‌of‌ ‌1,000‌ ‌replications.‌ ‌In‌ ‌addition‌ ‌to‌ ‌the‌‌ 

numbers‌ ‌of‌ ‌TargetCluster‌ ‌and‌ ‌ConcatenateCluster,‌ ‌the‌ ‌numbers‌ ‌for‌ ‌TransferCluster‌ ‌with‌ ‌NMF‌ ‌labels‌ ‌for‌ ‌the‌ ‌source‌‌ 
dataset,‌ ‌with‌ ‌level‌ ‌1‌ ‌labels‌ ‌for‌ ‌the‌ ‌source‌ ‌dataset,‌ ‌with‌ ‌level‌ ‌2‌ ‌labels‌ ‌for‌ ‌the‌ ‌source‌ ‌dataset‌ ‌and‌ ‌with‌ ‌level‌ ‌3‌ ‌labels‌ ‌for‌‌ 

the‌ ‌source‌ ‌dataset‌ ‌are‌ ‌shown.‌‌ ‌  

‌ ‌   

‌ 

‌ 
160‌ 

‌ ‌   mNP/mNFa‌‌ 
cluster‌ ‌separation‌‌ 

counts‌ ‌ 

pNF‌ ‌cluster‌‌ 
separation‌‌ 

counts‌ ‌ 

pPEP‌ ‌cluster‌‌ 
separation‌‌ 

counts‌ ‌ 

TargetCluster‌ ‌  224‌ ‌  999‌ ‌  984‌ ‌ 

ConcatenateCluster‌ ‌  506‌ ‌  481‌ ‌  4‌ ‌ 

TransferCluster‌ ‌with‌ ‌NMF‌ ‌labels‌ ‌  469‌ ‌  999‌ ‌  984‌ ‌ 

TransferCluster‌ ‌with‌ ‌level‌ ‌1‌ ‌labels‌ ‌  300‌ ‌  1,000‌ ‌  703‌ ‌ 

TransferCluster‌ ‌with‌ ‌level‌ ‌2‌ ‌labels‌ ‌  313‌ ‌  1,000‌ ‌  706‌ ‌ 

TransferCluster‌ ‌with‌ ‌level‌ ‌3‌ ‌labels‌ ‌  352‌ ‌  1,000‌ ‌  887‌ ‌ 
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