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ABSTRACT

Efficient Optimization Algorithms for Computational Biology
Oguz Can Binath
Doctor of Philosophy in Industrial Engineering and Operations
Management
2024

The development of efficient optimization algorithms is crucial for computational
biology due to the unique challenges and requirements of biological data. These
algorithms may enable researchers to extract meaningful insights from vast and
complex data sets, driving forward our understanding of biological systems and
improving therapeutic interventions. In this thesis, we have developed algorithms for
computational biology in cancer subtyping and drug-target interaction prediction.
Identifying cancer subtypes is important for providing personalized treatment
effectively, developing new drugs, characterizing risk factors, and understanding the
underlying mechanisms of diseases. In the first part of this thesis, we present a clus-
tering algorithm, named GSPS, that uses multiple kernels defined on pathways/gene
sets for identifying cancer subtypes. GSPS employs an efficient decomposition al-
gorithm for solving large scale optimization problems within the localized multiple
kernel k-means clustering and provides a standalone framework for obtaining patient
subtypes on cancer cohorts. We perform clustering experiments on gene expression
profiles of primary tumors for 33 cancer types of the Cancer Genome Atlas using
three different pathway/gene set collections. We compare our proposed method
against three standard algorithms that can integrate pathway and gene expression
profiles. Our approach shows statistically significantly better or comparable per-
formance on survival analyses. Our method is also able to produce interpretable
information between obtained cancer subtypes and pathway/gene set collections.
In the second part of this thesis, we also propose a novel framework, manifold
optimization based kernel preserving embedding (MOKPE), to efficiently solve the
problem of modeling heterogeneous data. In many applications of bioinformatics,

data stem from distinct heterogeneous sources. One of the well-known examples is
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the identification of drug-target interactions (DTIs), which is of significant impor-
tance in drug discovery and repurposing. Our model projects heterogeneous drug
and target data into a unified embedding space by preserving drug-target interac-
tions and drug—drug, target—target similarities simultaneously. We performed ten
replications of ten-fold cross validation on four different drug—target interaction net-
work data sets for predicting DTIs for previously unseen drugs. The classification
evaluation metrics showed better or comparable performance compared to previous
similarity-based state-of-the-art methods. We also evaluated MOKPE on predicting
unknown DTIs of a given network.

In this thesis, we also extended MOKPE, and developed MOKPE+, to use multi-
ple drug—drug and target-target similarities with the aim of increasing the accuracy
and interpretability of DTT predictions. For this purpose, using a localized approach,
we followed a similarity selection and fusion method that has features such as es-
timating the similarity weights of previously unseen new drugs and cleaning noisy
input. We performed ten-fold cross-validation with five replications to predict DTTs
for new drugs on four different drug-target interaction network data sets. We used
this similarity selection and integration method both with MOKPE+ and in the
baseline models we have previously compared. We also used methods specifically
developed to exploit multiple similarities. Classification evaluation metrics showed
that MOKPE+ showed better or similar performance compared to both other base-

line models and machine learning models that can use multiple similarities directly.



OZETCE

Hesaplamali Biyolojide Etkin Eniyileme Algoritmalar:
Oguz Can Binath
Endiistri Miihendisligi ve i§letme Yonetimi, Doktora
2024

Etkin eniyileme algoritmalarinin gelistirilmesi, biyolojik verilerin tasidigi benzersiz
zorluklar ve gereksinimler nedeniyle hesaplamali biyoloji i¢in hayati 6neme sahip-
tir. Bu algoritmalar, arastirmacilarin genis ve karmasik veri kiimelerinden anlamh
icgoriiler elde etmesine olanak tanmiyarak, biyolojik sistemlere iligkin anlayigimiz
ileriye tasiyabilir ve yeni tedavi yontemleri gelistirmemize yardimci olabilir. Bu
tezde, kanser alt tiplendirmesi ve ilac—hedef etkilegimlerinin tahmini i¢in hesapla-
mal1 biyoloji algoritmalar gelistirdik. Ug yeni hesaplamali yontem énermekte ve bu
yontemlerin kanser veri kiimeleri ile ilag-hedef veri kiimeleri tizerinde gerceklestirilmis
deneylerini sunmaktayiz.

Bu tezin ilk kisminda, yolak/gen kiimeleri iizerinde tanimlanmig ¢oklu ¢ekirdekleri
kullanarak kanser alt tiplerini belirlemek igin bir kiimeleme algoritmasi olan GSPS’yi
sunuyoruz. Kanser alt tiplerini belirlemek; kigisellegtirilmis tedaviyi etkili bir sekilde
saglamak, yeni ilaglar geligtirmek, risk faktorlerini karakterize etmek, ve hastaliklarin
temel mekanizmalarini anlamak igin 6nemlidir. GSPS, kanser kohortlarindaki hasta
alt tiplerini elde etmek i¢in bagimsiz bir aracgtir, yerellestirilmig c¢oklu c¢ekirdekli
k-ortalama kiimelemede biiyiik oOlcekli eniyileme problemlerini ¢ozen verimli bir
ayrigtirma algoritmasi kullanmaktadir. Kanser Genom Atlasi'nda yer alan 33 kanser
tiiriintin primer tiiméorlerinin gen ifade profilleri tizerinde ti¢ farkh yolak/gen kiimesi
koleksiyonu kullanarak kiimeleme deneyleri gerceklestiriyoruz. One siirdiigiimiiz
yontemi, yolak/gen kiimeleri ve gen ifade profillerini entegre edebilen ii¢ standart al-
goritma ile kargilagtiriyoruz. Yaklagimimiz, sagkalim analizlerinde istatistiksel olarak
anlamli olarak daha iyi veya benzer performans gostermektedir. Yontemimiz ayrica
elde edilen kanser alt tipleri ve yolak/gen kiimesi koleksiyonlari arasindaki iligkiler
ile ilgili yorumlanabilir bilgi iiretebilmektedir.

Bu tezin ikinci kisminda, heterojen verilerin modellemesi sorununu etkin bir

vi



sekilde ¢6zmek igin manifold eniyileme tabanlh ¢ekirdek korumali ggmme (MOKPE)
adli yeni bir ¢ergeve oneriyoruz. Biyoinformatik uygulamalarinin bir¢ogunda, veriler
farkli heterojen kaynaklardan gelmektedir. En bilinen ve yaygin 6rneklerden biri,
ila¢ kesfinde ve yeniden amaclandirmasinda oénemli bir yere sahip olan ilag-hedef
etkilegsimlerinin (IHE) belirlenmesidir. Modelimiz, ilac-hedef etkilegimlerini ve ila¢—
ilag, hedef-hedef benzerliklerini ayni anda koruyarak heterojen ilag ve hedef verilerini
birlesik bir gomme alanina yansitmaktadir. Dort farkli ilag-hedef etkilegim ag1 veri
setinde, daha énce bilinmeyen yeni ilaclar icin IHE leri kestirim amaciyla on tekrarh
on katli capraz dogrulama gerceklestirdik. Simiflandirma degerlendirme metrikleri,
literatiirdeki benzerlik tabanli en iyi bagarim gosteren yontemlere kiyasla daha iyi
veya benzer performans gosterdi. MOKPE’yi ayrica, ilag ve hedeflerin bilindigi bir
agdaki muhtemel yeni IHE leri tahmin etme gorevinde de degerlendirdik ve olumlu
sonuclar aldik.

Bu tezde ayrica, MOKPE’yi ¢oklu ilag-ilac ve hedef-hedef benzerliklerini kullan-
abilecek sekilde, IHE kestirimlerinin dogrulugunu ve yorumlanabilirligini arttirma
amaciyla geniglettik, vee MOKPE+y1 gelistirdik. Bu amacgla, yerellestirilmig bir
yaklagim kullanarak, daha once bilinmeyen yeni ilaglarin benzerlik agirliklarini ke-
stirebilme, giirtiltiili girdiyi temizleyebilme gibi 6zelliklere sahip bir benzerlik se¢gme
ve birlestirme yontemini takip ettik. Dort farklh ilag—hedef etkilesim ag1 veri setinde,
daha 6nce bilinmeyen yeni ilaclar icin IHE leri kestirim amaciyla beg tekrarh on kath
capraz dogrulama gerceklestirdik. Bu benzerlik se¢im ve entegrasyon yontemini hem
MOKPE+ ile hem de daha 6nce kargilagtirma yaptigimiz temel referans modellerinde
kullandik. Ayrica, coklu sayida benzerlikleri kullanmak icin 6zel olarak gelistirilmis
yontemleri de ayni veriler ile kullandik. Simiflandirma degerlendirme metrikleri,
MOKPE+"nin, hem bu yontemi kullanan diger temel modeller, hem de ¢oklu ben-
zerlikleri dogrudan kullanabilen yapay 6grenme modelleri ile kiyaslandiginda daha

iyi veya benzer performans sergiledigini gostermistir.
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Chapter 1

INTRODUCTION

Computational biology and bioinformatics are recently developed and interdisci-
plinary fields that use and develop mathematical methods, software tools for record-
ing, arranging, analyzing, and understanding biological data [Abu-Jamous et al.,
2015]. Computational biology and bioinformatics combine statistics, mathematics,
biology, biochemistry, genetics, computer science and engineering for analyzing and
generating biological knowledge. In this thesis, we attempt to develop and improve
efficient optimization algorithms and employ machine learning methods for some
problems in computational biology. Developing efficient optimization algorithms
for computational biology is of paramount importance, these algorithms may en-
able researchers to extract meaningful insights from vast and complex data sets,
driving forward our understanding of biological systems and improving therapeutic
interventions.

Machine learning is an area of artificial intelligence that uses statistical meth-
ods and algorithms that can learn with empirical data [Alpaydin, 2020]. Machine
learning tasks typically divided into two main categories: supervised learning and
unsupervised learning.

In supervised learning, a set of known, labelled data is given with example inputs
and their desired targets/outputs. The main purpose of supervised learning algo-
rithms is to learn a master rule for mapping inputs to outputs, predicting unknown
output by generalization.

In unsupervised learning, the aim is to learn hidden patterns, discover underlying
structures in a given set of unlabelled data [Kevin, 2012]. Clustering is a broad class

of unsupervised learning. It is a method of partitioning groups of objects (i.e.,
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clusters), in a way that the objects in the same clusters are similar to each other
while the objects in different clusters are quite dissimilar |Gan et al. 2007]. Since
there is no need for a priori/predefined classes for clustering, it becomes a useful
method in many areas of bioinformatics.

The development of efficient optimization algorithms for both unsupervised and
supervised learning is essential in computational biology. It allows handling the
complexity and scale of biological data. These algorithms enable the extraction
of meaningful insights from data, paving the way for advancements in areas like
genomics, drug discovery, and personalized medicine. This ultimately enhances our
ability to understand complex biological systems. In this thesis, we use unsupervised
and supervised learning approaches for cancer subtyping and drug—target interaction
prediction problems.

In Chapter [2, we present a clustering algorithm, named Gene Set-based Patient
Subtyping (GSPS), that uses multiple kernels defined on pathways/gene sets for
identifying cancer subtypes. Cancer subtyping is a critical aspect of oncology re-
search and clinical practice. Different subtypes of cancer can respond differently to
the same treatment. Cancer subtyping through the use of pathways or gene sets
provides a more detailed understanding of the molecular complexities of tumors, go-
ing beyond traditional classifications based on histology or anatomy. This approach
focused on molecular biology reveals the biological processes that are disrupted in
different cancer subtypes, leading to more accurate diagnoses and prognoses. Cru-
cially, it allows for the customization of therapeutic strategies to specific molecular
subtypes, embodying the principles of precision medicine |[Zhao et al., [2019].

In Chapter [3| we present a manifold optimization based kernel preserving algo-
rithm that uses multiple kernels for prediction of drug—target interactions for unseen
drugs. Predicting drug-target interactions (DTIs) is a critical process in the field
of drug discovery and development. Gaining an understanding of these interactions
can shed light on how drugs work, which is crucial for determining its therapeutic
effects and potential side effects. Traditional methods of drug discovery, which in-

volve screening a large number of compounds, are not only time-consuming but also
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expensive, computational prediction of DTIs can significantly reduce the number
of compounds that require experimental testing, resulting in substantial time and
resource savings. Additionally, DTT prediction assists in drug repurposing, enabling
drugs that have already been approved and have known safety profiles to be used for
new therapeutic purposes. It also plays a key role in predicting adverse drug reac-
tions by identifying off-target effects, enables personalized medicine by customizing
treatments based on individual genetic or molecular profiles, and aids in under-
standing drug resistance patterns. From a systems biology standpoint, DTIs offer a
comprehensive view of a drug’s effect on cellular networks and pathways, and they
are vital in the development of multi-target drugs for complex diseases. Therefore,
DTI prediction improves the efficiency of drug discovery, ensures drug safety, and
lays the groundwork for more personalized and effective therapeutic strategies [Chen
et al., 2016). This chapter contains work from the publication [Binath and Gonen,
2023].

In Chapter 4] we extend MOKPE to utilize multiple drug-drug and target—target
similarities for the prediction of drug-target interactions for unseen drugs. The
extended model, MOKPE+, uses extracted crucial information across different types
of similarity views. Using multiple types of similarities can improve the accuracy
of the models and can enhance the interpretability and explainability to underlying
mechanisms of drug—target interactions. This may ultimately enhance our ability to
understand complex biological systems and result with the development of effective
therapeutic interventions.

The experimental results for the algorithms we presented in Chapter are
reported in Chapter [5, and the conclusion of this thesis is provided in Chapter [0}
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Chapter 2

GSPS: GENE SET-BASED PATIENT SUBTYPING

Cancer is one of the leading causes of the premature deaths worldwide, comes
first in 57 countries, including Turkey [Bray et al., [2021]. Cancer is a collection of
genetic diseases, involving abnormal cell growth that has the potential to spread to
other parts of the body, with vast phenotypic differences and genetic heterogeneity
even within the same cancer type [Zhao et al. 2019]. Typically, many genetic and
epigenetic changes are needed before the development of cancer |Stewart et al.,
2017). Therefore, molecular approaches to cancer subtyping are essential due to the
inherent heterogeneity of tumors, which traditional histopathological methods may
not fully capture. By understanding a tumor’s molecular characteristics, clinicians
can make more informed treatment decisions, leading to improved patient outcomes.
Furthermore, molecular techniques can identify novel therapeutic targets, paving the
way for the development of more effective treatments [Hoadley et al., 201§].

In the next section, we would like to give a brief summary on the related biological

concepts and technologies we used and reviewed throughout the chapter.

2.1 Biological Background

The complete set of genetic material of an organism is called genome, and the analy-
sis and interpretation of the whole genome is called genomics. The “-ome”, “-omic”,
and “omics” suffixes are not only used for the genes, but are also used for analyzing
the entire set of some type of molecules, or materials. The proteome is the whole
set of expressed proteins in a given type of cell or organism. Proteomics is the large-
scale study and analysis of the proteome. Similarly, the transcriptome, metabolome,
microbiome are the complete sets of transcripts, metabolites, and microorganisms

in a given environment. The analysis of these whole sets are known as transcrip-
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tomics, metabolomics, and microbiomics, respectively. All of these “omic” fields
have high-throughput data that need to be organized and analyzed. A higher level
and integrative analysis of many omic data sets is called multiomics which is the
subject to computational biology, and lies at the core of bioinformatics [Schneider
and Orchard, 2011]. The multiomics analysis involves gene and protein expression,
sequence analyses of DNA, RNA and proteins, genetics of diseases such as cancers,
networks of genetic, drug, protein and other molecular level interactions, analysis of
gene regulations, and many others.

The human genome consists more than three billion DNA base-pairs, and hu-
mans have around 64,000 genes [Nurk et al.| [2022]. Hence, the number of measured
variables from these data is immense, range from tens of thousands for gene expres-
sion levels, to tens of millions for the single nucleotide variants. However, only a
small proportion of human genes are well-understood. Genes are interrelated in their
functions and regulations, thus, sequencing a gene and profiling its gene expression
is not sufficient to describe its functions.

Gene expression data consist the measurement of the activity (i.e., the expres-
sion) of thousands of genes. Gene expression and other molecular profiling data
types (i.e., mutation, miRNA expression, DNA copy number, DNA methylation -
which is a chemical process that occurs around the genome, that can silence gene
expression, hence, knowing whether as a promoter of a gene is methylated or not
could be very informative-, etc.) are crucial in classifying tumor samples into dis-
tinct groups [Zhao et al.,[2019]. There are few transcriptomics technologies that are
used to generate the gene expression data. DNA and RNA microarrays measure
the DNA and RNA molecules of pre-identified target genes. Microarrays are chips
on which a large number of probes are implemented. Microarrays give profiling
expression for abundant genes with the higher light intensity at the correspond-
ing probe. Next-generation sequencing (NGS) techniques, such as RNA-Sequencing
(RNA-Seq), do not only measure expression level of a sample, but also provide infor-
mation on the sequences of genes. RNA-Seq is the newer and more accurate method

for gene expression |Zhao et al. 2019]. Microarray and RNA-Seq both generate
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high-throughput data that need to be analyzed. The gene expression data contains
noise, missing values and systematic technical variations (batch effects). Therefore,
preprocessing (e.g., normalization) is necessary before analyses, such as clustering,
are performed.

Gene expression data can be analyzed and clustered in many different ways
[D’haeseleer], 2005]. Genes with similar expression structures can be grouped. Sam-
ples can be grouped according to their corresponding expression profiles. Or, bi-
clustering, simultaneous clustering of both genes and samples, can be conducted. A
different method of interpreting genomic data to cluster samples, which we also use
in our method GSPS, is to use a collection of curated gene sets/genetic pathways

with specific biological meanings [Subramanian et al., [2005].

2.2 Problem Definition

Clustering algorithms, the unsupervised partitioning of the samples at hand into
similar groups is an important area of research. k-means clustering algorithm and
its variants are widely used unsupervised machine learning algorithms that employ a
minimization of sum-of-squares criterion that uses k prototype vectors (i.e., centroids
of k clusters) to find these prototypes [Jain and Dubes, [1988]. The main aim of the
k-means algorithm is to minimize the variance within each cluster and maximize the
variance between clusters. The procedure to initialize the means are not specified
and the final cluster structure depend on the initialization, and especially, when the
boundaries that separate the clusters are nonlinear, the k-means clustering fails.
Figure [2.1| shows a pattern which is not linearly separable, thus, k-means algorithm
fails as Figure[2.2]shows. However, the k-means clustering algorithm can be extended
via a nonlinear data transformation into higher dimensional feature space with the
kernel functions. This extension is called kernel k-means clustering [Girolami, 2002].
Kernels are the types of decision boundaries, similarity measures that arise from the
specific representation of patterns [Scholkopf and Smola;, [2001].

In many applications, as we will perform in our study on the cancer biology,

the samples have multiple feature representations (i.e., views) rooted from many
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Figure 2.1: A binary classification example where linear boundaries fail to separate

blue and red points

different data sources. We want to employ all the information we have and let the
algorithm decide how to learn from these different data sources in an unsupervised
manner, which are widely used in subtyping of cancer patients [Gligorijevi¢ et al.,
2016; Kristensen et al., 2014], and discover the hidden patterns in the data. This
approach is known as multiview learning. Besides k-means; hierarchical clustering,
consensus clustering, multiple kernel learning, Bayesian methods, canonical correla-
tion analysis, matrix factorization and its variants are the unsupervised clustering
methods which are applied to multiomics data for cancer subtyping. For several

comprehensive surveys on the subject, we refer the reader to [Huang et al., 2017}
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Figure 2.2: k-means algorithm gives a solution that runs counter to intuition

Zhao et al., 2019} [Serra et al., 2018} Bersanelli et all, [2016; Kristensen et al., 2014}

Gligorijevic et al., 2016]. Integrating large-scale, heterogeneous, discrete and contin-

uous, qualitative and quantitative, diverse data types is a big challenge in precision

medicine |Gligorijevi¢ and Przulj, 2015]. The need for standardized methods to

integrate data for cancer subtyping is emphasized heavily [Zhao et al. [2019].

When there are multiple feature representations (i.e., views or modalities) for
clustering, multiview learning approaches are needed on deciding how to combine
these different views. Multiple kernel learning (MKL) is a commonly used method

for this aim, where each data source is associated with a kernel, and the correspond-
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ing algorithm learns an optimal combination of these kernels |[Gonen and Alpaydin,
2011). Many existing MKL algorithms give equal kernel weights to different data
samples [Speicher and Pfeifer, 2017]. This may cause some flaws due to the sample-
specific characteristics of the data or if there exist measurement noise in some of
the views. Data noise exists in patient samples for many reasons, for instance, the
current dissection techniques do not perfectly separate cancer cells from non-cancer
cells. A significant research effort have spent on multiview clustering algorithms in
cancer biology. We will work on localized kernel k-means clustering with the mul-
tiview setting which was proposed to extend MKL algorithm by combining kernels
with sample-specific weights [Gonen and Margolin, |2014]. A pathway/gene set-based
analysis is very crucial for the biological interpretation and evaluation of the clus-
tering results instead of interpreting in terms of molecular characterizations. On
the other hand, clustering patients using both gene expression profiles and a path-
way/gene set database makes the underlying optimization problem more complex.
When we have created a kernel matrix for each pathway/gene set, our vanilla im-
plementation would be very time consuming since the number of decision variables
becomes n x p, where n is the number of the patients, which is usually in the order
of hundreds, and p is the number of kernels (i.e., the number of pathways/gene sets),
which is also usually in the order of hundreds. Hence, we developed a computation-
ally efficient decomposition algorithm for solving localized multiple kernel k-means
clustering, which will give us a chance to solve problems that could not be solved

efficiently with the current implementation.

2.3 Related Work

An ability to characterize key genetic alterations in cancer and predict the cancer
subtypes are important for effectively providing therapeutic responses, developing
new drugs, identifying risk factors, discovering causal pathways, and for understand-
ing the underlying mechanisms of diseases |[Gatza et al., 2010; |Saria and Goldenberg),
2015|. Traditionally, cancer identification has been done by pathologists with the

histological data. However, cancer is heterogeneous at the molecular level. Thus,
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classifying tumor samples based on histopathological data may give wrong results
into the same type. Development and progression of a cancer involve many or-
gan systems, genetic alterations, epigenetic changes, patient-specific characteristics,
and environmental factors [Kristensen et al., |2014]. Hence, the emergence of ge-
nomic, metabolomic, epidemiological, and clinical databases on many cancer types
make the development of statistical methods that analyze the information possible.
Comparison and evaluation of these different methods are crucial since there is no
reference point and consensus in the literature on the number and characteristics of
subtypes of a specific cancer type. Many different studies we cover in this section
report different numbers of subtypes for a particular cancer type depending on the
methods they use.

Subtyping of cancer patients using data integration methods have been studied
since the emerging of DNA microarray technology which allows to measure the ex-
pression levels of large numbers of genes at once. For the last two decades [Alizadeh:
et al., 2000; Golub et al., [1999], these subtyping methods have attracted a great deal
of interest [Kerr et al., 2008 Pirooznia et al., 2008]. Supervised classification, semi-
supervised methods [Koestler et al., 2010], and clustering methods were proposed
[Serra et al} 2018]. The work of Golub et al.|[1999], which is on leukemia, is the first
work on gene expression based cancer subtyping and many others followed [Garber:
et al., 2001 [Perou et al., [2000; Se¢rlie et al., 2001]. de Souto et al. [2008] compares
seven different clustering methods (hierarchical clustering with single, complete and
average linkage, k-means, mixture of multivariate Gaussians, spectral clustering,
and shared nearest neighbor-based clustering) with gene expression data. However,
as we explained before, gene expression data alone is not enough to understand the
mechanisms of human cancers [Ray et al., 2014].

The Cancer Genome Atlas Project (TCGA) [Network et al. [2012alb] provided
the whole genome and whole-exome sequencing and integrative analysis of genomic
data, DNA copy number (some sections of the genome are repeated and these re-
peats, its frequencies and places in the genome vary among the humans, and the

characterization of these is important for both the understanding of cancer and its
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diagnosis [Pollack et al.,[1999]), promoter methylation profiling, mRNA and miRNA
expression profiling for large number of tumors. It should also be noted that these
different type of measurements are interdependent [Huang et al.l 2017 Saria and
Goldenberg, 2015]. Other than TCGA, several consortia, such as Catalogue of So-
matic Mutations in Cancer [Tate et al., [2019], Cancer Genome Project, and the
International Cancer Genome Consortium [Zhang et al., [2019] compile these types
of databases. The objective is to find patient groups sharing similar patterns which
may result with the discovery of new cancer subtypes, and most of the methods
which are developed for this purpose are also used to reveal features of genes and
gene sets/pathways [Kristensen et al., [2014].

Gevaert et al.| [2006] provides one of the first studies that integrated both clinical
and patient-specific data for classifying cancer subtypes. They employed Bayesian
networks with mRNA expressions and clinical variables (e.g., age, diameter, grade,
etc.) data from breast cancer patients. They proposed a strategy based on Bayesian
networks since the probabilistic model intrinsically model the uncertainty in the
data. The Bayesian networks perform feature selection by analyzing the dependency
relationships in an unsupervised manner. [Shen et al.| [2009] developed the method-
ology iCluster, an unsupervised learning framework that simultaneously conducts
data integration and dimension reduction, performs clustering and feature selection
from multiple data types. It uses a probabilistic matrix factorization approach to
simultaneously decompose data matrices, representing different data types into a
shared subspace represented by low-dimensional matrices. They applied iCluster
on DNA copy number and gene expression data to cluster breast and lung cancer
patients. They identified novel subtypes for both the breast and lung cancer data
sets. Using iCluster, [Shen et al.| [2012] investigated TCGA glioblastoma multiforme
data set employing simultaneous clustering of DNA methylation, DNA copy num-
ber and gene expression data and they reveal three tumor subtypes of glioblastoma
multiforme. This shows the significance of multiview approach as opposed to the
analysis with only single data types. Van Vliet et al. [2012] also showed that com-

bining clinical and patient-specific data yield better results for predicting breast
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cancer outcome via comparing three different integration strategies as well as no
integration, using five different classifiers.

Yuan et al.| [2011] provided a patient-specific data fusion method based on a
non-parametric Bayesian model which uses a Markov chain Monte Carlo (MCMC)
technique for learning conditional probabilities. They emphasized the three main
challenges in the data integration for cancer subtype discovery: separating concor-
dant signals from contradictory signals, informative feature selection, and estimating
the number of subtypes. Furthermore, these three challenges are dependent of each
other, signal separation problems cause wrong feature selections that has an influ-
ence on the estimate of the number of clusters. For both breast cancer and prostate
cancer data, they discovered new subtypes with poor survival outcomes. Although
they integrated only two views (gene expression and copy number variation) from
the data set of prostate and breast cancer patients, the method was computation-
ally challenging due to the expensive MCMC step. |Curtis et al|[2012] also used
iCluster with the integrative and k-means clustering methods for the breast cancer
patients from METABRIC (Molecular Taxonomy of Breast Cancer International
Consortium) cohort, and they revealed two new subgroups, totally identified ten
subgroups, and provided a novel molecular stratification of the breast cancer. They
reported that there is a high degree of correlation between gene expression data and
copy number variations in breast cancer, as previously noted [Yuan et al., 2011].

Mo et al. [2013] stressed that then-existing methods were not capable of includ-
ing both discrete and continuous variables. Therefore, further developing iCluster,
they integrated both discrete (e.g., somatic mutation) and continuous (e.g., methy-
lation) data and discovered two new subtypes of colon cancer and suggested different
pathways in colon cancer progression using TCGA colorectal tumor data set. Wang
et al. [2014] proposed a network-based method that integrates data from patient-
patient similarity matrices. This Similarity Network Fusion (SNF) method combines
mRNA expression, DNA methylation, and miRNA expression data and constructs a
sample-similarity network for each data type, then, normalizes weights of each net-

work, and fuses all the networks into a single network using a nonlinear combination
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method. Then, they perform clustering on this final patient network. They used this
method for five different cancer types and reported that their method outperforms
the single data type analysis. Xu et al.| [2017] proposed an extension of SNF and an
extension that combines SNF and consensus clustering, and compared them against
iCluster. |Liu et al. [2014] proposes a network-based method that incorporates the
molecular interaction network and simultaneously cluster samples and genes into
distinct groups. They emphasize that network-level interaction among genes, un-
derstanding the molecular interactions networks are key to explaining the molecular
perturbations in cancer. They use a modified PageRank algorithm to assign weights
to genes (higher weights are assigned to the genes with the higher impact in the
networks), and apply a new weighted co-clustering based on semi-nonnegative ma-
trix tri-factorization. Although they only use gene expression data, their results on
simulated data sets, TCGA breast cancer and glioblastoma multiforme data sets
show good separation and achieve higher accuracy to tolerate noise, compared to
consensus hierarchical clustering.

Ray et al.| [2014] further developed the iCluster model by adding a non-parametric
Bayesian joint factor. They factorized the feature space into a common component
and a data-specific component, instead of having a single cluster indicator matrix
for all data types. Therefore, with this data-specific approach, they reported bet-
ter performance, because the new model has the flexibility to choose from different
samples across data types selectively while clustering. They demonstrated their ap-
proach on ovarian cancer data set from TCGA project, and analyzed gene expression,
DNA copy number variations, and methylation data. [Lock et al. [2013] developed
a method which conducts low-rank approximations for each data type. This JIVE
(Joint and Individual Variation Explained) method is an extension of Principal Com-
ponent Analysis (PCA). PCA is a dimensionality reduction technique that performs
a linear projection on the input data. PCA can be applied by performing singular
value decomposition over a centered and normalized input data, or computing the
eigenvalue decomposition of the data covariance matrix. PCA results with a list of

orthogonally independent principal components that are combinations of the origi-
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nal features. The principal components are listed in a descending order according
to contribution to the explained variance of the input data, with a corresponding
weighting value, which is known as the eigenvalue. Thus, PCA aims to maximize the
explained variance of the input data on the projected space [Scholkopf and Smola;,
2001]. The analysis of |[Lock et al.| [2013] on the gene expression and miRNA data
of glioblastoma multiforme data set from TCGA revealed gene-miRNA associations
and performed better characterizations of tumor types. Wu et al.| [2015] proposes
a network based clustering approach with gene signatures algorithm, which cluster
the samples based on gene signatures and molecular markers based on their signif-
icantly expressed network profiles. With integrating gene expression profiles and
protein-protein interaction network structure, they obtain better clustering perfor-
mance compared to other clustering methods on different independent breast cancer
data sets.

Zhang et al|[2012] apply a joint matrix factorization method to combine DNA
methylation, gene expression and miRNA expression data of 385 ovarian cancer
samples from the TCGA on pathway level. Le Van et al. also uses a matrix fac-
torization method [Le Van et al., 2016]. They combine DNA copy number and
mutation data while considering mutational consistency at a pathway level. Serra
et al. [2015] proposed a multiview approach with a late integration methodology on
six cancer data sets. Their approach consists four steps; first, prototype extraction,
they filter the features by variance and cluster the features to reduce the input di-
mension. Second, prototype ranking, they rank the prototypes based on their ability
to separate classes. Third step is single view clustering on each view. Final step is
the integration of single view clustering results with a matrix factorization.

Speicher and Pfeifer| [2015] used a regularized multiple kernel learning algorithm
for dimensionality reduction to identify subtypes for five different cancer types. (Cail
and Li [2017] also used a kernel-based multiview clustering algorithm to combine
mRNA expression, DNA methylation, and miRNA expression profiles for five cancer

data sets.
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2.4 Kernel k-Means Clustering

The k-means algorithm is one of the most used clustering algorithms. Data objects
are assigned to distinct, non-overlapping subgroups (or clusters) based on their
similarities, where each cluster has a center called the mean [Hennig et al., 2015].
The number of clusters, k, are given. The idea is to obtain a partition that minimizes
the squared distance within £ number of clusters, and maximize the distance between
clusters. The squared distance is also known as the within-cluster variation. Let
D be a data set with n instances, and Ci, Cy,...,C} are the k clusters of D. The
centroid, ¢;, of the ith cluster of C; is the mean vector of the members in C;, which

can be written as follows:

ci:% an

v mneoi
Then, the distance of the ith cluster is the sum of the distances between all members

in C; and the centroid ¢;, is written as below:

E;, = Z d(xz,,c;)

©,€C;
where d(x,, ¢;) denotes the distance between @, and ¢;. There are many differ-
ent distance measures in the literature. Different distance metrics are used vary-
ing according to data, i.e., categorical/mumerical, continuous/discrete, quantita-
tive/qualitative, etc. Euclidean distance is often used in many bioinformatics appli-
cations [D’haeseleer, 2005]. Therefore, we can rewrite the squared distance of the
kth cluster as the sum of squared Euclidean distances between all members in C;
and the centroid c¢; as follows:

E; = Z (x, — ;)" (x, — )

xn€C;

The total squared distance for all partitions is the sum of within-cluster variations

of k clusters is below:
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Hence, the main goal is to find the optimal partition that minimizes the total
squared distance, F/. The k-means algorithm is a heuristic algorithm that converges
quickly and computationally efficient. The pseudocode of the k-means algorithm is

given in Algorithm

Algorithm 1 The k-means clustering algorithm
Require: data set D, number of clusters k

initialize ¢y, ..., ¢ centroids randomly

repeat
assign each observation @, to its nearest centroid ¢;
for each cluster i, compute the mean of all observations assigned to that cluster
and set centroid ¢; to the mean

until there is no change in cluster memberships

The kernel k-means clustering algorithm is an extension of the k-means cluster-
ing algorithm |Girolami, 2002]. With the kernel functions, it gains the ability to
identify clusters which are not linearly separable in the sample space. Let D be a
finite set of observations, and let {x; € X}, be the data vectors. Then, there is a
function ®(-) which maps from sample space to feature space, where we minimize a
sum-of-squares cost function over the assignment variables, {zic}f\;fczl, that indi-
cates the membership of sample x; to cluster c. Where N, is the number of samples
that are assigned to cluster ¢, and p, is the centroid of cluster ¢, the following opti-
mization problem (OPT1) formulates kernel k-means clustering as a binary integer
programming problem:

N K
minimize Z ZzicH@(:ci) Y AIE
i=1 =1
with respect to z;,. € {0,1} V(i,c)

K (OPT1)
subject to Z Zie=1 Vi

c=1

N N
1
where N, = E Zie Ve, p,= A E 2ie®(z;) Ve
i=1 ¢ =1
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This binary integer programming problem can be converted to an equivalent

matrix-vector form problem as follows:

minimize tr((® — M) (® — M))
with respect to Z € {0, 1}V*F
subject to Zlxg =1y
where ® = [®(z,) ®(x) ... ®O(ay)], M=®ZLZ",
L = diag(N; ', Ny ' oo Ngh).
(OPT2)
Employing that ®'® = K, tr(AB) = tr(BA), and Z'Z = L™}, the objective
function of the problem (OPT2) can be reformulated as follows:
tr((® — M) (& —M)) =tr((® - PZLZ")"(® — PZLZ"))
tr(®'® — 20" PZLZ" + ZLZ ' ®TPZLZ")
tr(K — 2KZLZ'" + KZLZ'ZLZ")
tr(K — L3 ZTKZL?),

where K is the symmetric kernel matrix that shows the similarity values between
the samples, and L2 is defined as the square root of diagonal elements. Therefore,

we obtain a trace maximization problem (OPT3) as follows:
maximize tr(L2ZTKZL? — K)
with respect to Z € {0, 1}V*% (OPT3)
subject to Zlx = 1y

This problem is still hard to solve due to the binary variables. On the other hand,
we can relax this problem by renaming 7L as H, and letting H take arbitrary values

subject to orthogonality constraints:
maximize tr(H'KH — K)
with respect to H € RV*X (OPT4)

subject to H'H = I
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Kernel principal component analysis (KPCA) is an extension of PCA obtained
by introducing a nonlinear form using kernel functions. This problem (OPT4) can
be solved by performing KPCA on the kernel matrix K, and setting H to the k eigen-
vectors that correspond to k largest eigenvalues [Scholkopf et al., [1998]. Therefore,
after normalizing all rows of H to be on the unit sphere, and conducting k-means

clustering on this normalized matrix, we can obtain a clustering solution.

2.5 Multiple Kernel k-Means Clustering

In multiview learning, we have multiple views, and each view has its own mapping

P

function, i.e., {®,,(:)},_;. Then, we can obtain a weighted mapping function of the

views by using a convex sum (i.e., nonnegative weights summing up to 1).

Thus, we replace ®(x;) with

0,1 (x;)

92@2 xTr;
Bol:) = '( )

_qu)p(wi)_

where 6 € RY is the vector of kernel weights that we want to optimize. The kernel

function which is redefined as the weighted mapping function becomes as follows:

ko (i, ;) = (Po(x:), Po(;))

M~

(0@ (), 0 D1 ())

3
Il

NE

ankm(a:“ CCJ‘),

3
I

where we concatenate kernel functions using a conic sum (i.e., nonnegative weights),
that results with a positive semidefinite kernel function all the time. The following

optimization problem (OPT5) gives the trace maximization problem we want to



Chapter 2: GSPS: Gene Set-Based Patient Subtyping 19

solve:

maximize tr(HTKgH —Kp)

with respect to H € RV*K 9 ¢ Ri

subject to HTH=1x, 0'1p=1 (OPT5)

P
where Ky = Z 02 K,
m=1

Solving this problem via using a convex combination of kernels may not be a good
option since there would be a trivial solution to the trace maximization problem with
only a single active kernel while others having zero weights [Yu et al., [2011]. This

problem is solvable with using an alternating two-step optimization strategy:

1. Optimize H given 0: If we know the kernel weights (or randomly initialize
in the first iteration), solving (OPT5) reduces to solving (OPT4) with the

combined kernel matrix Ky, that requires a performing of KPCA on K.

2. Optimize 6 given H: If we know the eigenvectors from the first step, solv-
ing (OPT5) reduces to solving the following problem (OPT6), that is a convex
quadratic programming (QP) problem with p decision variables and one equal-
ity constraint, which is solvable with any standard commercial or open-source

QP solver up to a moderate number of kernels.

P
minimize Z 02 tr(K,, — H'K,,H)
m=1

. p (OPT6)
with respect to 8 € R,

subject to 0'1p =1
2.6 Localized Multiple Kernel k-Means Clustering

As mentioned before, assigning equal kernel weights for different samples may not
give good results [Gonen and Alpaydin, 2013]. Therefore, we employ a localized
data fusion approach with assigning sample-specific weights to kernels, which gives

us a chance to see the sample-specific characteristics of the data and to get rid of
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sample-specific measurement noise that may exist in some of the views [Gonen and

Margolin, 2014]. In this approach, the mapping function is formulated as

0i1P1 ()

®@(m1> - ’ 2($ ) )

0;p®p(x;)

where ©® € Rf *P is the matrix of sample-specific kernel weights that are nonnegative
and summing up to 1 for each sample [Gonen and Alpaydin) 2013].

Therefore, the locally combined kernel function can be written as follows:

ko(x;, x;) = (Po(x;), Po(x;))

S i@ (@), 03D rn(;))

I
NE

ezmejmkm(w’u wj)?

3
I

where we are guaranteed to have a positive semidefinite kernel function. The follow-
ing optimization problem (OPTT) gives the trace maximization problem with the

locally combined kernel matrix:
maximize tr(H KeH — Kg)

with respect to H € RV*¥ @ € RY*P

subject to H' H =1, Olp =1y (OPTT)
P
where Kg = Z(emejn) oK,
m=1

where 0,,, € Rf is the vector of kernel weights assigned to kernel m, and o denotes
the Hadamard product.

This problem is solvable with using a two-step alternating optimization strategy:

1. Optimize H given O: If we know the sample-specific kernel weights (or
randomly initialize in the first iteration), solving (OPT7) reduces to solving
(OPT4) with the newly combined kernel matrix Kg, that requires a perform-
ing of KPCA on Kg.
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2. Optimize © given H: If we know the eigenvectors from the first step, em-
ploying that tr(AT((cc™)oB)A) = ¢ ((AA ") 0 B)e, solving (OPT7) reduces
to solving the following problem (OPTS), that is a convex QP problem with

N x P decision variables and N equality constraints.

P
minimize Z 0! (Iy —HH")0K,,)0,,
m=1

OPTS8
with respect to © € RY*” ( )

subject to Olp =1y

Training the localized combination approach requires much more computational
time and memory than training the global approach we covered in Section due
to the increased size of QP problem in the second step. It should be noted that if
we have 200 samples with 50 views, which is a moderate size for the applications
we do, the Hessian matrix becomes a 10,000 x 10,000 matrix, which cannot
be solved in a reasonable time by any standard QP solver. But the block-diagonal
structure of the Hessian matrix in (OPT8) can be exploited to efficiently solve this

problem. The objective function of (OPT8) can be rewritten as follows:

— - T rF — — -
0, |Iy—HH")oK, Onxn . OnxN 0,
92 0N><N (IN—HHT)OKQ ON><N 92
. . _ (2.1)
_ep_ | 0N><N ON><N (IN—HHT)OKP_ _ep_

where we have an n X n matrix for each kernel on the diagonal of the Hessian matrix.

2.7 A Gene Set-Based Multiple Kernel Method: GSPS

Instead of the three genomic characterizations used in [Gonen and Margolin|, 2014]
(i.e., DNA copy number, mRNA gene expression, and DNA methylation data), we
want to look into biological pathways that may lead to hundreds of views, which is
hard to solve by the current state-of-the-art QP solvers without a novel approach

as we study in this thesis.
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In order to solve relatively large optimization problem (OPT7), we want to de-

compose it into smaller subproblems. Let Q;,Qq,...,Q, denote the submatrices
of the Hessian matrix such as (Iy — HH' ) o K; = Q;, (Iy—HH')oK, =
Qo, cees (IN_HHT)OKP:QP)'

Then, the objective function of (OPTS8) can be rewritten as follows:

_ N - - -
01 Q1 Onxn ... ... Onxn 61

02 ONxN Q2 .. “ .. PR “ .. .. ONxN 02

. : Qe

h (S & ) (22)
0., : L Q| e
_ap_ _ON><N Onxn ... Qp_ _ep_

Without loss of generality, we pick two submatrices which are indexed by m; and
mo. For the first iteration, we initialize the sample-specific kernel weights randomly,
we then pick m; and my at each iteration as follows: (i) We calculate the absolute
mean of Karush-Kuhn-Tucker (KKT) violations for each group. (ii) We pick the
group with the most violated KKT value as m;, we then pick the group with the
least violated KKT value as ms.

If we fix the decision variables for other groups, and solve the problem (OPTS)
only for 8,,, and 8,,,, the problem can be reformulated as follows:

T
minimize Ormn Qi O | Oy + Z
0, Onsn  Qmy | |Oma|  mg{myms}

0,.(Q.)0,,

with respect to 6,,, € RY, 0,,, € RY

1
subject to [Oml 0m2] =1y — [0m¢{mhm2}} 1p_o,
1

(OPT9)
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where Q,, = (Iy—HH")oK,,. The newly combined kernel matrix K§ also includes
the fixed kernel matrices’ values from the previous iteration (Kg = (Qmn,Q,),,) ©
Ko, 4 (Qms Q) Ko, 4 constant matrix), therefore, the Hessian matrix is reduced
from size (N x P)-by-(N x P) to (N x 2)-by-(N x 2). The KKT violations are
calculated at each step and the optimization problem (OPT9) is solved as the number
of replications. With this approach, the KKT violations are reduced more and more

at each step.
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Chapter 3

DRUG-TARGET INTERACTION PREDICTION

Many applications and problems in bioinformatics require data originated from
heterogeneous sources. One of the well-studied examples is the in silico identification
of interactions between drugs and target proteins, which is a key area in genomic
drug discovery and drug repurposing |Leskl 2019], [Selzer et al., [2008].

In this chapter, we present the details of our novel algorithm, namely, MOKPE,

for the identification of interactions between drugs and target proteins.

3.1 Background

High financial costs of conducting wet lab experiments to discover new interactions
leads to a strong incentive to develop computational methods capable of detecting
potential drug—target interactions (DTIs) efficiently. In DTI prediction problem, we
have heterogeneous data from two domains, drugs and targets. The cross-domain
interactions correspond to the given data of experimentally validated drug-target
interactions. The within-domain similarity scores correspond to the chemical simi-
larities for drug—drug networks, and genomic similarities for target—target networks.
We want to approximate drug-target interactions, drug-drug and target—target sim-
ilarities with Gaussian kernels to transfer local neighborhood information of the
heterogeneous data to the projected subspace. Figure[3.1|shows the problem of pre-
dicting unknown DTTs using known DTIs and drug—drug, target—target similarities,
as a conceptual illustration.

Recently, many machine learning based methods, which transform knowledge
about drugs, targets and known interactions into features that are pipelined to train
predictive models, have been developed. These machine learning models have been

used to predict DTTs for drug repurposing or drug discovery, therefore, developing
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Figure 3.1: The conceptual schema of predicting DTT problem

explainable and accurate novel models has gained attraction in the past decades
with the advance of computational power and data analysis techniques. Recent
global research effort on emerging infectious diseases (e.g., COVID-19) also shows the

importance of the predictive models when the need of developing effective treatments

is urgent [Abdel-Basset et al., |2020; |Zhang et al.| |2022]. For recent comprehensive

surveys on DTT prediction models, we refer the reader to [Bagherian et al., 2021;

Ezzat et al., 2019; Hao et al., 2019; Rifaioglu et al., 2019; Wang and Kurgan, 2019).

Section [3.2| introduces the proposed embedding method, called manifold opti-
mization based kernel preserving embedding (MOKPE), Section details the
data sets, and the experimental setup. Section explains comparison procedure
against the state-of-the-art similarity-based algorithms and evaluates MOKPE over
four different data sets on the task of (i) predicting DTIs for unseen drugs and (ii)

predicting unknown DTIs of a given network.

3.2 Problem Definition and Methods

In this work, we follow the general framework of multiple kernel preserving embed-

ding (MKPE) method, developed by Gonen 2014], and propose preserving

cross-domain interactions and within-domain similarities of heterogeneous data si-

multaneously by approximating them with kernels. Projecting the heterogeneous
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data into a unified embedding space is the central idea of our model formulation.
To model both drug—target interactions and drug-drug, target—target similarities,
we assume that these are given as scoring functions and we want to approximate
these values in the projected space with kernel function values calculated in low-
dimensional representations. We employ the limited-memory Riemannian BFGS
method-based algorithm (LRBFGS) of [Huang et al., 2015 to solve the correspond-
ing optimization sub-problems, which are non-convex quadratic problems with or-
thogonality constraints. Our framework can also be used with other cross-domain
information retrieval tasks after defining scoring functions for cross-domain inter-
actions and within-domain similarities. Figure [3.2] illustrates the overview of our
proposed optimization framework. It should be noted that our algorithmic frame-
work can be extended for problems with more than two domains (e.g., modeling

drug—target—disease interactions).
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Figure 3.2: The workflow of predicting drug target interactions from the drug chem-

ical structures and the target (protein) sequences

Our data come from two different domains, namely, D and 7T, and we are given
two sets of objects D = {d; € D}, and T = {t; € T}*,, corresponding to drugs
and targets, respectively. Usually, these objects have vectorial representations (i.e.,
D and T are Euclidean spaces) in practical applications, however, the domains in our
work contain non-vectorial structures, such as protein sequence strings for targets.

Aiming for having a general notation for both vectorial and non-vectorial data, we
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assume that the drug—target interactions and drug—drug, target—target similarities

are provided with three different scoring functions:

i. si’j: D x T — R gives the drug-target interaction score between d; and ¢;,

ii. sfi’j: D x D — R gives the drug—drug similarity score between drugs d; and

d.

J

iii. Si,f T x T — R gives the target—target similarity score between targets t;

and t;.

Hence, we can use the within-domain similarity functions to represent the objects

in a vectorial form, which is known as empirical kernel map [Scholkopf et al.l 2004,

Chapter 2[:
. . . T .
di = |:S§1,1 5372 . S;Li,Nd:| Vi (31)
. . . T .
ti = [5171 8172 . Si:,Nt] VZ. (32)

This technique allows us to introduce nonlinearity into the embedding part
[Scholkopf et al., 2002, Chapter 2| even for the models where the objects have cor-
responding vectorial representations.

We also introduce three index sets, namely, Z. = {(i,7): s ; is known}, 7y =
{(i,7): sy, is known}, and Zy = {(4,j): s} ; is known}, to represent known informa-
tion coming from these scoring functions.

We map objects from two different domains into a unified embedding space. The
objects in D and T are converted into R-dimensional vectors of an Euclidean space,
namely, Eq = {eq; € R} and E, = {e.; € R®} . However, to be able to do
out-of-sample embedding, we can assume linear projections from the input domains

to the embedding domain and optimize the model with respect to the projection

matrices. The embedding coordinates are formulated as

e =Vid;, Vi (3.3)

€ = V:tl VZ, (34)
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where we assume that both of the objects have vectorial representations (i.e., D €
RPe and T € RP+, where Dy and D, are subsets of Ng and Ny, respectively).

We want to approximate the scoring functions s and 5; ; by three kernel

¢ 54 N
functions, k:éj: RE x R — R, k:fl’j: RE x RF — R, and k:f:’j: RE x RE — R. These
three kernel functions in the embedding space have to be differentiable with respect
to the projected coordinates for calculating the gradients required for the optimiza-
tion step. We use the Gaussian kernel (also called the radial basis function kernel)
in the linear projections from the input domains to the embedding space to capture

the local neighborhood information coming from the cross-domain interactions and

within-domain similarities. The kernel functions in the embedding space can be

written as
Eio— leai — e ll3 _ i 4
cj=exp| =T J =exp(Ve,) V(i) (3.5)
i eqi — €q;l3 3 .
kd7j —= eXp (_ H d, 02 d,JHQ) E— eXp(Vd,j> V(Z,]) (36)
7 €t — €t 2 i ..
K = eXp(_II = t,JHz) —exp(Vi,) V(i j), (3.7)
where o, € R, is the kernel width, and the auxiliary variables, namely, Vz o 3, i
and V! j» are used for simplicity.

We propose to preserve the interaction and similarity scores together using a

compound loss function:
)2 4 i s+
|I | < hej = 5es) |Id| a3 = %aj) |It|

where |-| gives the cardinality of the input set. We have separate mean squared error

terms, and separate regularization hyperparameters, namely, A\, € R, , A\q € R, and
A: € R, to adjust the weights.

The corresponding optimization problem is

minimize £
with respect to V4 € RP*E vV, ¢ RP>*E 5 e R, (OPT)

subject to 'V, Vq =1, V]V, =15,
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where we assume orthonormality of the embedding dimensions in each domain sepa-
rately. With this assumption, we prevent the scaling ambiguity caused by heteroge-
neous objects, and we are able to extract extrapolated information in each dimension
of the embedding space. The objective function of the optimization problem is non-
convex and global optimization is not possible with known methods. Therefore, we
employ a Quasi-Newton method based framework to find a locally optimal solution.
In our method, we need to satisfy the orthonormality constraints on the embedding
space and the non-negativity constraint on the kernel width.

We can write the gradients of £ with respect to the projection matrices as:

ac oV ovi
= K st 22 3 g i)ty
8’Ud’p |I ’ Z 7])a'vd y |:Z:d Zd )8’vd,p p

oL . . . ) A B OV
= 9_ 48 (kP — gt c,J 2_t ECo(kP . — gt £ Ve
avt’p |Icl Zc C,j( c,) Sc,])avtp + |It| Izt t,j( t,) St,g)avtp pa

where the gradients of the auxiliary variables are found as

an’j 2dl('U;1rpdl — ’U;rptj>

N I vp Y
e e )
g:f ; _ _2tj(’U;|:—,pt; g— Vaydhi) Wp (3.10)
g:ﬁ; _ 2t - tj)(vié)ti —vi,t) p. (3.11)

Because of the orthonormality constraints, the embedding coordinates of each
domain are defined on a Stiefel manifold (i.e., S(R, N) = {E € R EE" = Iy}),
which is a Riemannian manifold [Chakraborty and Vemuri, 2019]. To satisfy these
orthonormality constraints, we need to use a method proved efficient for optimization
on Stiefel manifolds to update the embedding coordinates [Boumal, |2023].

When learning the kernel width, we apply the change of variable technique to
work on the logarithmic scale to satisfy the non-negativity constraint. We define

a new variable for the logarithm of the kernel width (n. = logo,) and use an
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optimization method on this variable. The gradient of £ with respect to 7, are

9V,
K st ) —=4 3.12
377e \I | < Z cs) e (3.12)
Vi .
n 2_ ki . 3.13
7 2 ek = 50) (3.13)
)\t 7 7 7 avzy
+ 2m > ki (kL — sk)) 877:, (3.14)

where the gradients of the auxiliary variables are found as

Vi, 2es — esyll

3.15
e o (3.15)
WVag _ 2lleas — ea,ll3 (3.16)
Me o2 '
Ny, 2lewi —ew;ll3
e i R 3.17
e o2 (3.17)

Our complete algorithm is an alternating optimization scheme consisting of three

main steps:

i. update V4 given V; and o,

—e

i. update V; given V4 and o., and
iii. update o, given V4 and V..

The optimization procedure sequentially updates the decision variables until the
stopping criteria are satisfied. Algorithm [2| summarizes the training procedure of

our proposed framework.
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Algorithm 2 Manifold Optimization based Kernel Preserving Embedding

. . . . . . 'l /L 74
Input: Drug-target interaction matrix Y, The scoring functions s ;, sg ;, and s ;,

the index sets, Z., Z4, and Z;, subspace dimensionality R, regularization parameters

Ay Ag, A, relative tolerance parameters €4, €;

1: Initialize V4 € St(Dy, R), V¢ € St(Dy, R) randomly with QR factorization, set

oo = VR

2: Calculate the gradients of £ with respect to the projection matrices and loga-

oL oL oL

rithm of the kernel width: ——

va, Ovy, ONe

3: repeat
4:  repeat

5: update V4 by using LRBFGS solver

6: compute kernel functions k¢ ; and kg ;

7. until stopping criterion is met

8: repeat

9: update V; by using LRBFGS solver
10: compute kernel functions kf:] and k?c]

11:  until stopping criterion is met

12: repeat

13: update o, by using 3
e

14: compute kernel functions k7 ;, k% ; and ki

CM]’

15:  until stopping criterion is met
16: until stopping criterion is met

17: return Vg4, Vi, o,




Chapter 4: Manifold Optimization Based Kernel Preserving Embedding with Multiple
Similarities 32

Chapter 4

MANIFOLD OPTIMIZATION BASED KERNEL
PRESERVING EMBEDDING WITH MULTIPLE
SIMILARITIES

Employing multiple types of drug—drug and target—target similarities for DTI
prediction has become an increasingly popular approach [Bagherian et al., 2021].
Combining multiple sources of information can capture a broader spectrum of inter-
action determinants, enhancing the prediction’s robustness and accuracy.

In this chapter, we develop MOKPE+, to use multiple drug-drug and tar-
get—target similarities with the aim of increasing the accuracy and interpretability

of DTT predictions.

4.1 Background

Different sources capture different facets of the drugs and the targets, providing a
multi-dimensional view that aids in the accurate prediction of interactions. More-
over, this approach can enhance explainability and interpretability with domain
knowledge; each similarity measure essentially emphasizes certain features or char-
acteristics of the data. By comparing the outcomes based on different similarity
measures, or considering the sample-specific weights, it is possible to determine
which features are more influential in predictions, lending insight into the underly-
ing biological or chemical phenomena. Some DTIs might be challenging to predict
using a single similarity measure. For instance, two drugs might be chemically sim-
ilar but have different interaction profiles due to different mechanisms of action.
By also considering other types of drug similarities (e.g., based on side effects), the

model can better disambiguate such cases, making its reasoning clearer. Therefore,
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the utilization of these multi-view data is a critical task. Depending on the stage at
which the data is integrated, the integration process can be categorized into early,
intermediate, or late integration |[Noble et al., 2004]. In early (or feature-level) in-
tegration (or fusion), raw data from different sources are concatenated into a single
combined feature set before any analysis is performed. It combines all available data,
potentially capturing complex interactions between features from different sources,
and it allows for the application of standard single-view machine learning algorithms
on the combined data. In intermediate integration, each data source is first trans-
formed into an intermediate representation, such as a kernel matrix or a set of
model parameters. These intermediate representations are then linearly or nonlin-
early combined for the final analysis [Li et al.| [201§]. In late integration, each data
source is processed independently, often leading to separate outcomes, or decisions
from each source. These separate outcomes are then combined in the final stage of
the process. All of the approaches can be employed in DTI prediction with using
multiple types of similarities. These approaches have advantages and disadvantages;
for instance, kernel-based methods are flexible and can handle heterogeneity issues
better than early integration, but the methods for combining different intermediate
representations can be complex and computationally burdensome. Heterogeneity
is an important challenge for early integration in the DTI prediction context; dif-
ferent data sources may have different scales, distributions, and noise levels, which
can affect the performance of subsequent analyses. We extend our DTT prediction
model, MOKPE (see Chapter , by utilizing multiple types of similarities while
solving the scaling ambiguity and cleaning the noise in a supervised and locally
manner (see Appendix @ for a detailed comparison of MOKPE and MOKPE+).
Our newer framework, MOKPE+, is a two step pipeline. Multiple types of similar-
ities are locally selected and integrated in the first step (as shown in Figure )
with our framework adopting Fine-Grained Selective (FGS) [Liu et al., [2023] simi-
larity selection and integration approach to fuse different types of drug and target
similarities, and then, combined drug and target kernels are pipelined into the man-

ifold optimization based kernel preserving embedding step, as shown in Figure [4.1/C.
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Figure 4.1: The workflow of MOKPE+, predicting drug target interactions from

multiple types of similarities.

Figure [4.1] illustrates the complete overview of our framework.
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4.2 Problem Definition and Methods

Let {d; € D}, be the set of drugs, and {t; € T}.*, be the set of targets, where
Ny denotes the number of drugs, and N, denotes the number of targets. Let
323: D x D — R be the drug-drug similarity score between drugs d; and d; for
the similarity kernel h, and 31}; T x T — R be the target—target similarity score
between targets ¢; and t; for the similarity kernel h. The interaction matrix is rep-
resented as Y € {0, 1}Yo*M where Y;; = 1 if drug d; and t; are interacting, and
Y;; = 0, if their interaction is non-existing or unknown. Let {S%}}" be the set of
drug-drug similarity matrices, where S? € RN and mgy denotes the number of
similarity kernels for drugs. Similarly, {SF}7", is the set of target-target similarity
matrices, where S? € R¥*N and m; denotes the number of similarity kernels for
targets. Our proposed DTI prediction model seeks to determine the interaction val-
ues for pairs of unknown drugs and known targets, using both the similarity data
of the known drugs and targets, and the confirmed interactions between them. The
aim of selecting and integrating similarities is to combine multiple matrices of drug
(or target) similarities into a single matrix. This new matrix captures important
proximity information from various perspectives and provides a more concise and
informative input for models that predict drug—target interactions. Employing a
fused matrix approach makes the problem computationally more efficient and re-
duces the noise. The fused matrices are denoted as Sq € RY¥*Na and S, € RVe*Ne,
for drugs and targets, respectively. Fine-grained selective similarity integration dis-
tinguishes the utility of similarities for each drug and target by employing a local
interaction consistency-based weight matrix. This matrix captures the importance
of each similarity type at a finer level, both in the selection and combination steps.
The method involves several key steps, including the (i) initialization of fine-grained
weights with local interaction consistencies of known DTI pairs, (ii) completion of
zero weights for known drugs, (iii) inference of weights for unseen drugs, and (iv)
fine-grained similarity selection with a pre-specified threshold ratio. The approach

is designed to be computationally efficient while providing a comprehensive and nu-
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anced integration of various similarity measures, thereby enhancing the accuracy
and effectiveness of DTI prediction. A detailed explanation of the key steps is as
follows:

To account for the different properties of each drug (or target), a fine-grained
weight matrix Wy with dimensions Nz xXmy is defined. Each element W;’h represents
the weight of similarities for drug d; in the similarity kernel h, or Sgh. The fused
drug similarity matrix Sy is created by using Wy, linearly combines each drug (or

target) similarity vector:
. md . .
Sy => Wi'sy", Vi (4.1)
h=1

To provide a localized interpretation, the weights are initialized with a warm
start via Local Interaction Consistency (LIC) matrices |[Liu and Tsoumakas|, 2021].
LIC highlights the perspective that drugs (or targets) that are closely related tend
to have similar interactions, and provides a metric of its proportion. Without loss of
generality, the local interaction consistency is defined for the drugs as follows: Let
Pé’h denote the set of k-nearest neighbors of the drug d;. If two drugs are “similar”
(i.e., in the set of Pj’h), and one of them is known to interact with a certain protein
target, the other drug might also interact with the same or a similar target, and
the local interaction consistency for drug d; and target t; interacting pair in the
similarity kernel S% is defined as follows:

> san[Ya =Yy

dpepih

LICH" = : : 4.2
d,; Z S;}]LC ( )

dker’h

where H denotes the indicator function that returns 1 if input is true, and 0,
otherwise. For each drug d; and similarity view h, the local interaction consistencies

are aggregated to obtain an initial weight matrix:
Wit => LICYYY:;,  V(ih). (4.3)
j=1

Due to the sparsity or inconsistencies, some drugs may have all-zero weights for

each similarity view (i.e., W) = 0 or Wé’h = 0, Vh), which causes an integration
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problem. To overcome this problem, zero-valued weight vectors for these drugs are
Ny

imputed with the aggregation of the weights of other drugs: >  WJ. Thus, the
i=1

usefulness of each similarity kernel for all drugs is used, instead (;f zero weights:
Nq
Wi=>) W, ifW;=0 Vi (4.4)
i=1

Unseen drugs do not have any known interacting targets, thus, without interac-
tion information, they have all-zero LIC and all-zero initialized weights. However,
imputing these weights based on a global weight vector, as done in the previous step,
may not be appropriate for unseen drugs since they can have unique interactions,
and giving them a global weight vector does not capture their unique characteristics.
FGS uses the assumption that an unseen drug’s similarity weights should also closely
align with those of its neighboring drugs. For an unseen drug d,, its weights are
estimated by combining the weights of its k-nearest drugs in each similarity kernel:

Wit = >~ Wit vh (4.5)
d;cP"h

When the local interaction consistency is low, it means that drugs that are
similar usually interact with different targets. This suggests that the corresponding
similarity view may contain noisy information. To reduce the impact of these noises,

for each drug, the pmgy smallest weights are set to 0, where p is the filter ratio:
Wit =0, heF, Vi (4.6)

where Fj is a set of indices of the pmgy smallest values in WY. Thus, the similarity
views with smallest weights are filtered out for each drug.

The fine-grained similarity weight matrix now undergoes normalization for each
drug to avoid the scaling ambiguity:

Wik

d
mq h ’
> Wy
h=1

After the normalization step, the fine-grained weights are put into the Eq.(4.1)),

Wit = Vi (4.7)

and the fused drug similarity matrix S4 is obtained. More details and examples

about the FGS approach can be found in |Liu et al.| [2023].
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The fused drug and target similarity matrices are then employed as inputs (i.e.,
scoring functions, sfm, and siJ) in the optimization process along with the drug—
target interaction matrix, as illustrated in Figure [£.IIC. Algorithm [3] provides the
pseudocode of the training procedure of our proposed framework. Steps through
to shows the alternating optimization scheme, as shown in Figure as the

process of Optimization Engine.

Algorithm 3 MOKPE+

Input: Drug-target interaction matrix Y, drug-drug similarity matrices {Sk}",,
target-target similarity matrices {SI};™, | filter ratio p, number of neighbors k,
subspace dimensionality R, regularization parameters \., Ay, A;, relative tolerance

parameters eq, €;

1: Calculate fused drug-drug and target-target similarity matrices in Eq.(4.1]) via

following the steps from Eq.(4.2)) to Eq.(4.7)

2: Initialize V4 € St(Dy, R), Vi € St(Dy, R) randomly with QR factorization, set
oL oL oL

0. = VR, and compute the gradients of £: Wd,p’ m, 3_77e

3: repeat

4: repeat

5: update V4 given V; and o,
6:  until stopping criterion is met
7. repeat

8: update V; given V4 and o,
9:  until stopping criterion is met
10: repeat

11: update o, given V4 and V
12 until stopping criterion is met

13: until stopping criterion is met

14: return V4, V., o,
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Chapter 5

EXPERIMENTAL RESULTS AND DISCUSSION

In this chapter, we present the data sets, experimental setups, and the exper-
imental results and the discussions of our three proposed algorithms (i.e., GSPS,

MOKPE, MOKPE+).

5.1 Experiments for GSPS

5.1.1 Materials

We downloaded gene expression profiles of 9,911 primary tumors of 9,830 patients
from 33 different cancer types from the Genomics Data Commons (GDC) data
portal at https://portal.gdc.cancer.gov provided by the Cancer Genome Atlas
(TCGA) consortium (see Figure and Table [5.1]). These gene expression profiles
were preprocessed by the unified RNA-Seq pipeline of TCGA consortium. For each
cancer type, we downloaded HTSeq-FPKM files of all primary tumors from the recent
data freeze (i.e., Data Release v15.0). We chose to exclude metastatic tumors
from our study because their underlying biology is significantly different from that
of primary tumors.

Table 5.1: Summary of 33 cancer data sets we used in our experiments. For each data set, we report

TCGA cohort code, disease name, and total number of patients with available mRNA profiles. We

included 9,830 patients in total for our experiments.

# of patients

with available

Cohort Disease name mRNA profiles
ACC Adrenocortical carcinoma 79
BLCA Bladder urothelial carcinoma 408

BRCA Breast invasive carcinoma 1,091


https://portal.gdc.cancer.gov
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CESC Cervical squamous cell carcinoma 304

and endocervical adenocarcinoma

CHOL Cholangiocarcinoma 36
COAD  Colon adenocarcinoma 456
DLBC Lymphoid neoplasm diffuse large B-cell lymphoma 48
ESCA Esophageal carcinoma 161
GBM Glioblastoma multiforme 154
HNSC Head and neck squamous cell carcinoma 500
KICH Kidney chromophobe 65
KIRC Kidney renal clear cell carcinoma 530
KIRP Kidney renal papillary cell carcinoma 288
LAML Acute myeloid leukemia 151
LGG Brain lower grade glioma 511
LIHC Liver hepatocellular carcinoma 371
LUAD Lung adenocarcinoma 513
LUSC Lung squamous cell carcinoma 501
MESO Mesothelioma 86
ov Ovarian serous cystadenocarcinoma 374
PAAD Pancreatic adenocarcinoma 177
PCPG Pheochromocytoma and paraganglioma 178
PRAD Prostate adenocarcinoma 495
READ Rectum adenocarcinoma 166
SARC Sarcoma 259
SKCM Skin cutaneous melanoma 103
STAD Stomach adenocarcinoma 375
TGCT Testicular germ cell tumors 150
THCA  Thyroid carcinoma 502
THYM  Thymoma 119
UCEC Uterine corpus endometrial carcinoma 543
UCs Uterine carcinosarcoma 56
UVM Uveal melanoma 80

Total 9,830

We used three different pathway / gene set databases (i.e., KEGG, PID, and
Hallmark) from the Molecular Signatures Database (MSigDB) at http://soft

ware.broadinstitute.org/gsea/msigdb [Liberzon et al., 2015]. The Hallmark


http://software.broadinstitute.org/gsea/msigdb
http://software.broadinstitute.org/gsea/msigdb
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gene sets are a collection of refined and concise gene sets that summarize and rep-
resent specific well-defined biological states or processes. The Pathway Interaction
Database, PID, is a curated collection of information about known biomolecular in-
teractions and key cellular processes assembled into focused pathway representations
[Schaefer et al., [2009]. KEGG is a comprehensive database that integrates genomic,
chemical, and systemic functional information. It consists of a collection of manu-
ally drawn pathway maps representing molecular interaction and reaction networks
[Kanehisa et al., [2023].

We used the available survival information of the patients from TCGA clinical

data.

Baseline Algorithms

We use three well-known methods for integrative subtyping, Consensus clustering
(CC) [Monti et al., 2003, iCluster [Shen et al., 2009], and SNF [Wang et al., [2014],
as the baseline algorithms.

CC subsamples a set of items and a set of features from a data matrix. Each sub-
sample is then partitioned into up to specified k groups by a user-specified clustering
algorithm (default is agglomerative hierarchical clustering). Then, pairwise consen-
sus values, the proportion of clustering results in which two items are together out
of the number of times they are in the same sub-sample, are calculated and stored in
a consensus matrix for each k. Then, for each k, a final consensus partition, which
is closest to all the given partitions, is calculated by an agglomerative hierarchical
clustering.

iCluster uses a probabilistic matrix factorization approach to simultaneously de-
compose data matrices from different data types into a shared subspace represented
by low-dimensional matrices.

SNF starts by constructing a sample-similarity network for each data type, nor-
malizes edge weights of each network, and fuses all the networks into a single network
using a nonlinear combination method. SNF then performs clustering on this final

patient connectivity network.
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5.1.2  FExperimental Setup and Results

To illustrate the effectiveness of our proposed method GSPS, we report the results
on 33 TCGA cohorts, and compare our method to three existing methods for inte-
grative subtyping, CC, iCluster, and SNF. Figure [5.1] shows the overall framework
we developed in this study.

Ezperimental Settings

We perform clustering experiments on 33 TCGA cohorts for eight different numbers
of clusters (i.e., k = 3,4,...,10) using three pathway/gene set databases (i.e., KEGG,
PID or Hallmark), for four different methods, leading to 3168 experiments in total
(i.e., 33 x 8 x 3 x 4).

We solve the underlying QP problems using MOSEK Optimization Suite in R
programming language with Rmosek package. We use CancerSubtypes package [Xu
et al., |2017] to employ the baseline algorithms, CC, iCluster, and SNF.

On all 33 TCGA cohorts, we calculate kernel matrices by integrating the gene
expression profiles featured in each pathway/gene set, and pass them into the clus-
tering algorithms.

Since both GSPS and SNF are similarity-based methods, sample-sample sim-
ilarity matrices are given as inputs to the methods. In order to calculate these
sample-sample similarity measures between gene expression profiles, we used the
Gaussian (radial basis function) kernel as

(@ — ;) " (i — fﬁj))

202

kg(x;, x;) = exp < —

where we selected kernel width parameter o as the mean of pairwise Euclidean
distances between samples. iCluster and CC take input gene sets/pathways from
gene expression profiles as data matrices.

For our method, we decompose the original problem and solve QP problems for
1,000 times. At the final part, we extract a clustering solution by first normalizing

all rows of H, then perform k-means clustering on this normalized matrix for 1,000
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iterations with 10 random starts and use the solution with the lowest within-cluster
variation to decide cluster memberships.

For the CC method, the maximum cluster number to evaluate is set equal to
the number of returned cluster number. Default parameters are used for all other
arguments.

The maximum iteration for the expectation-maximization (EM) algorithm for
the iCluster method is set to 50. Default parameters are used for all other arguments.

We use the default parameters for SNF.

Performance Comparison on TCGA Data Sets

For all 33 TCGA cohorts, we use Kaplan-Meier survival estimates to analyze the
survival difference of the subtypes discovered by the methods. The Kaplan-Meier
estimator is a non-parametric statistical method which is widely used in medical
research and epidemiology for analyzing time-to-event data. It is used in survival
analysis to estimate the probability of survival over time. It calculates the survival
probabilities based on the observed survival times of individuals in a cohort. By
plotting the estimated survival probabilities over time, the Kaplan-Meier curve pro-
vides insights into the survival experience of the cohort [Collett, |2023]. We use the
best p-value in all cohort-gene set /pathway pairs obtained by Kaplan-Meier survival
analyses as the reference for comparison. Table[5.2/shows the smallest p-values of the
subtypes discovered by the four methods for eight different number of clusters. All
p-values in Table [5.2] are adjusted using the Benjamini-Hochberg method as imple-
mented in p.adjust function of stats package in R. There are 29 TCGA cohort-gene
set/pathway pairs for which no method is able to discover subtypes with statisti-
cal significance. Among the remaining cohort-gene set pairs, GSPS has significant
p-values in 58 cases whereas CC, iCluster, and SNF have significant p-values in 53,
59, and 54 cases, respectively. GSPS has the most significant p-values in 21 cases,
CC, iCluster, and SNF have the most significant p-values in 17, 29, and 7 cases,
respectively. It should be noted that iCluster method has failed in 9 experiments,

and has the longest running times. Running time of iCluster has been followed by
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GSPS, SNF, and CC, in a decreasing order.

Table 5.2: p-values of subtypes obtained by GSPS, CC, iCluster, and SNF for 33

TCGA cancer cohorts. All p-values are adjusted with Benjamini-Hochberg method.

Cells highlighted in yellow have significant values at the threshold of 0.05. Cells

highlighted in green show the most significant p-value.

TCGA Pathway GSPS CC iCluster SNF

ACC Hallmark - 1.88E-05  6.94E-06 1.86E-04
ACC KEGG 1.99E-05 1.79E-04 1.78E-05
ACC PID 1.66E-06  1.48E-08 2.28E-05
BLCA  Hallmark 1.62E-03 2.68E-03 1.11E-03

BLCA KEGG 2.28E-03  1.47E-03 3.46E-03
BLCA  PID 2.49E-04  2.28E-03 7.31E-04
BRCA  Hallmark 2.27E-01 2.73E-01 4.17E-02
BRCA KEGG 5.01E-02 1.26E-01 1.27E-01 1.30E-01
BRCA PID 1.07E-01  1.70E-01  1.70E-01 1.43E-01
CESC  Hallmark 5.44E-02  1.99E-02 2.51E-02
CESC  KEGG 6.73E-03 5.98E-02  2.68E-03
CESC  PID 2.61E-02  3.17E-02 2.40E-02
CHOL  Hallmark - 5.40E-01  3.71E-02 4.28E-01
CHOL KEGG 6.98E-01  7.81E-01 5.76E-02 5.53E-01
CHOL PID 3.72E-01  5.40E-01 - 2.57E-02
COAD Hallmark 4.45E-01 4.79E-01 3.91E-01 5.52E-01
COAD KEGG 2.57E-01  9.30E-02  6.82E-01 5.54E-01
COAD PID 2.28E-01 286E-01 3.32E-01 2.31E-01
DLBC  Hallmark 4.78E-01 5.34E-01 4.11E-01 2.58E-01
DLBC KEGG 1.84E-01  5.33E-01  3.69E-01 4.37E-01
DLBC PID 1.55E-01  6.00E-01  2.39E-01 1.69E-01
ESCA  Hallmark - 1.35E-01  1.30E-01 4.73E-01
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TCGA Pathway GSPS CC iCluster SNF
ESCA  KEGG 1.78E-02 2.87E-01 3.74E-01
ESCA  PID 1.34E-02  4.68E-01 2.57E-01
GBM Hallmark  9.10E-02  6.90E-02 1.66E-01 3.15E-01
GBM KEGG 2.28E-01 - 2.23E-01 1.81E-01
GBM PID 8.53E-02  7.56E-02  9.76E-02 6.55E-02
HNSC  Hallmark  5.86E-03 1.04E-01 1.80E-03
HNSC  KEGG 2.45E-03  7.21E-02 2.76E-03
HNSC  PID 4.38E-03  8.34E-02  1.76E-02

KICH  Hallmark 5.59E-04 1.83E-11 1.32E-12
KICH KEGG 5.59E-04  1.63E-03 4.16E-12
KICH  PID 4.68E-08  1.98E-04 1.30E-02
KIRC  Hallmark 5.60E-10  8.69E-14 4.31E-10
KIRC  KEGG 4.99E-11 4.30E-09 4.67E-08
KIRC  PID 3.61E-09  3.91E-07 1.83E-09
KIRP Hallmark 3.14E-05
KIRP KEGG 1.02E-11  8.91E-13 2.84E-05
KIRP PID 7.33E-15  2.72E-09 3.39E-05
LAML Hallmark 7.74E-04 1.56E-02 7.84E-03
LAML KEGG 2.68E-03  5.05E-04 4.44E-03
LAML PID 9.35E-03 9.99E-04 4.18E-03
LGG Hallmark 1.06E-10
LGG KEGG 1.45E-13  1.25E-10
LGG PID 3.17E-13  4.85E-10 1.15E-11
LIHC Hallmark  1.22E-04 1.05E-03 3.15E-04
LIHC KEGG 3.39E-03  5.52E-03 3.56E-04
LIHC PID 7.74E-04  1.04E-03 2.02E-03
LUAD Hallmark 2.51E-07 2.03E-02 3.48E-03
LUAD KEGG - 247E-03  9.13E-06 5.80E-02
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TCGA Pathway GSPS CC iCluster SNF

LUAD PID - 1.25E-04  2.46E-04 3.56E-02
LUSC  Hallmark 2.24E-01 6.59E-01 1.63E-01 2.43E-01
LUSC  KEGG 6.78E-02  3.74E-01  2.43E-01 1.46E-01
LUSC  PID 6.73E-02  4.29E-01 4.03E-01 2.39E-01
MESO  Hallmark - 3.08E-08 1.21E-07 2.03E-05

MESO KEGG 4.24FE-08  5.42E-04 - 2.87TE-04

MESO  PID - 1.46E-04
oV Hallmark  2.82E-02 4.62E-01
ov KEGG 3.05E-01
oV PID 3.08E-02

PAAD  Hallmark  2.65E-03  6.55E-04

PAAD KEGG 2.91E-03  5.15E-03

PAAD PID 3.21E-03 -
PCPG  Hallmark 6.27E-01  2.10E-01
PCPG KEGG 5.22E-01  1.14E-01
PCPG PID 3.58E-01  1.84E-01
PRAD Hallmark 4.57E-01  1.06E-01
PRAD KEGG 3.76E-01  4.14E-01
PRAD PID 5.22E-01
READ Hallmark 1.96E-01  5.26E-02
READ KEGG 2.32E-01  1.07E-01
READ PID 1.79E-01  8.93E-02
SARC  Hallmark 4.86E-03
SARC  KEGG 3.39E-03
SARC  PID 4.41E-02
SKCM  Hallmark 7.52E-02  5.40E-01
SKCM  KEGG 7.40E-02  4.02E-01
SKCM  PID 2.77E-01  5.77E-01

9.48E-08
5.34E-03
5.18E-02
2.11E-02
2.56E-03
1.50E-03
1.18E-03
3.32E-01
3.53E-01
3.29E-01
2.03E-01

5.42E-02
5.55E-02

5.55E-03
3.26E-03
3.67E-03

3.68E-01
2.23E-01

9.58E-05

3.64E-02
3.29E-02

2.90E-03
2.58E-01
4.60E-01
5.76E-01
3.27E-01
3.08E-01
1.35E-01

6.18E-02
5.28E-02
6.64E-02
3.90E-02
8.48E-02
5.73E-01
5.76E-01
5.77E-01
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TCGA Pathway GSPS  CC  iCluster SNF
STAD  Hallmark  2.53E-01 [NOSEMUON 3.32E-01 1S6E-0L
STAD KEGG  188E-01 895E-02 7.62E-02 2.17E-01
STAD  PID 284E-01 2.87TE-01 5.05E-01 2.75E-01
TGCT Hallmark 143E-01 6.32E-01 6.36E-01 5.52E-01
TGOT KEGG — [NOREBMOBN 6.32E-01 547E-0L 5.52E-01
TGCT PID L86E-01 6.32E-01 4.99E-01 5.85E-01
THCA Hallmark 251E-01 480E-01 1.00E-01 2.88E-01
THCA KEGG — 137E-01  6.77E-01 2.35E-01 2.60E-01
THCA PID 132601 528E-01 3.04E-01 243E-01
THYM Hallmark 282E-02 1.97E-04 1.96E-02
THYM KEGG  5.36E-02 4.10E-03  1.93E-02
THYM PID 2 82F-02 1.76E-03  1.69E-02
UCEC  Hallmark  1.09E-03 L11E-03  2.21E-04
UCEC KEGG — 207E-04 LOTE-05 6.43E-04 |OIGLEROON
UCEC  PID 8.46E-04 [JOGOBMOBN G.06E-04 1.82E-03
UCS  Hallmark 826E-01 820E-01 181E-01 3.72E-01
UCS  KEGG  239E-01 1.65E-01 3.53E-01 2.94E-01
Ucs  PID 481E-01 254E-01 5.14E-01 5.11E-01
UVM  Hallmark 3.01E-04 9.06E-04 1.06E-04
UVM  KEGG  1.32E-04 3.10E-05 1.22F-04
UVM  PID 2. 76E-04 ATAE-04 3.15B-04

Running times of all experiments are given in Table [All, and p-values for all

experiments are given in Table [APR.

For GSPS, CC, and SNF, we provide the sample-sample distance matrices as

heatmaps which can be used for similarity analysis among the patients based on the

corresponding clustering results.

Our implementation in R, for both GSPS and baseline algorithms, together with

sample scripts is publicly available at https://github.com/ocbinatli/gsps.
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The results we obtain on TCGA cohorts can be explored on our public web site at
https://ocbinatli.shinyapps.io/gsps/. We report clustering results for GSPS
as interactive heatmaps. The users may download these clustering results as .pdf
files or download pathway/gene set weights assigned by GSPS as .csv files. The
users may also see the sample-sample distance matrices and Kaplan-Meier survival
curves, all the images and accompanying data may be downloaded as .pdf and .csv

files.

5.2 Experiments for MOKPE

5.2.1 Data Sets and Fxperimental Setup

To evaluate the performance of our algorithm, we tested it on the task of modeling
four different biological interaction networks and we compare it against the state-
of-the-art algorithms based on different type of techniques. We used gold standard
drug-target interaction data sets provided by Yamanishi et al./[2008]. We implement
our algorithm in R programming language (version 4.0.2 [R Core Team) 2021]), and
the source codes are publicly available at https://github.com/ocbinatli/mokpe/.
The source codes for the other algorithms that we compared our method to are from
Ezzat et al|[2019]; |Ding et al.| [2020]; |Zhang et al.| [2020].

All of the four data sets we used, Nuclear receptors (NR), G-protein-coupled
receptors (GPCR), Ion channel (IC), and Enzyme (E), are important target families
and publicly available at http://web.kuicr.kyoto-u.ac.jp/supp/yoshi/drugta
rget/ |[Yamanishi et al.| 2008]. The drug-drug and target—target similarity matri-
ces are composed of KEGG LIGAND and KEGG GENES databases, respectively
[Kanehisa et al., [2006]. The adjacency matrices are composed of the interaction
information provided by KEGG BRITE [Kanchisa et al., 2006/, BRENDA [Schom-
burg et al.l 2004], SuperTarget [Giinther et al., [2007], and DrugBank [Wishart et al.,
2008| databases [Yamanishi et al., [2008]. Table [5.3| provides important information
for the data sets in terms of numbers of drugs, targets, and experimentally validated

interactions. Sparsity levels show the imbalance between known and unknown or


https://ocbinatli.shinyapps.io/gsps/
https://github.com/ocbinatli/mokpe/
http://web.kuicr.kyoto-u.ac.jp/supp/yoshi/drugtarget/
http://web.kuicr.kyoto-u.ac.jp/supp/yoshi/drugtarget/
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Table 5.3: The drug-target interaction data sets provided by [Yamanishi et al.| [2008§]

Number of Number of Number of
Data Set Drugs Targets  Known Interactions Sparsity
NR o4 26 90 93.59%
GPCR 223 95 635 97.00%
IC 210 204 1476 96.55%
Enzyme 445 664 2926 99.01%

non-existing DTIs, which reveal the importance of extracting intrinsic information
from the drug and target spaces.

We formulate the problem of modeling drug—target interaction networks as fol-
lows: D and 7T correspond to sets of drugs and targets, respectively. The cross-
domain interactions, namely, the set of experimentally validated drug—target in-
teractions, are usually represented in the form of a binary matrix (i.e., 1 for the
interacting pairs and 0 for the non-interacting (unknown) pairs). We construct our

cross-domain interaction score from this binary interaction matrix as follows:

0.9 if d; and t; are interacting,

c?j -
NA otherwise.

We set the interaction score to 0.9 for the interacting pairs. We leave the inter-
action score empty for the non-interacting pairs.

We use the most standard drug-drug and target-target similarities, chemical
structure similarity, and genomic sequence similarity, SIMCOMP, and SW kernels: The
chemical similarity score between two drug compounds is found by representing them
as graphs and the Jaccard similarity coefficient is calculated over the substructures
of these two graphs [Hattori et al. [2003]. Given two drugs d; and d;, chemical
similarity score between them can be found as follows:

i ldind,
Sh =
&J |dZUd]|
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The sequence similarity score between targets is found using a normalized version
of Smith-Waterman score [Smith et al.,|1981]. Given two targets ¢; and t;, genomic
similarity score between them can be found as follows:

SW(t;, t;)
S .= s
S /St t)SH(E, )

i

where SW(-, ) gives the canonical Smith-Waterman score between two proteins. We
use Gaussian kernels to approximate both similarity scores.

Our algorithm requires solving many non-convex quadratic optimization sub-
problems with orthogonality constraints. Broyden—Fletcher—Goldfarb—Shanno algo-
rithm (BFGS) is a commonly used iterative method for solving non-convex uncon-
strained optimization problems. It is a quasi-newton method that require only the
gradient of the objective function to be supplied at each iteration, and measures
the gradient vector differences to approximate the inverse of the Hessian [Nocedal
and Wright, 2006]. Limited-memory BFGS (L-BFGS) is a computationally more
efficient variant of BFGS, which stores and uses only the most recent solutions and
gradient vectors to approximate the inverse Hessian |[Kroese et al., 2019, Chapter 9].
L-BFGS is widely used in non-convex unconstrained optimization and is known to
perform well against the competitors (e.g., stochastic gradient descent, conjugate
gradient), especially for low dimensional problems [Le et al.; 2011; Nocedal and
Wright| 2006]. Both BFGS and L-BFGS have extensions to Riemannian manifolds
[Godaz et al., 2021; [Huang et al., 2015; Ring and Wirth, 2012] which are suitable
for our problem on optimization over the Stiefel manifold. We use limited-memory
Riemannian BFGS (LRBFGS) of |[Huang et al.|[2015] which performed best in our
preliminary experiments whereas Riemannian BFGS (RBFGS) of Huang et al.|[2015]
follows closely. Other benchmarks demonstrate similar results [Huang et al., 2015
2018; [Zhu et al) 2019]. In the preliminary experiments, we also employed conju-
gate gradient, or stochastic gradient based manifold optimization algorithms |Absil
et al.; 2009; |Liu et al. |2019], and they yielded only slightly better or similar results
compared to our baseline algorithm, MKPE, steepest descent with Armijo-type line
search (see Appendix [B|for a detailed comparison of MOKPE and MKPE).
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5.2.2  FExperiments and Results

Main computational bottleneck in solving our proposed model is the complexity of
optimization on the Stiefel manifold. In (Gonen| [2014], a steepest descent method
with Armijo’s rule based line search procedure was used. However, the batch steep-
est descent method may have slow rate of convergence [Nocedal and Wright, 2006,
Chapter 3|. Therefore, we propose to use the algorithms specifically tailored to solve
the optimization problems on Stiefel manifold. Throughout the last decade, many
manifold optimization libraries have been released for use in different programming
languages and machine learning frameworks (e.g., C++ [Huang et al.| 2018], Julia
[Axen et al} 2021; Bergmann), 2022], Matlab [Boumal et al.,; 2014], Python [Koep and
Weichwald|, 2016} Miolane et al., 2020, PyTorch |[Kochurov et al., [2020; [Meghwan-
shi et al., 2018, R [Adragni et al., [2012; Martin et al., 2020], Tensorflow [Smirnov,
2021]). Since the manifold optimization libraries and accompanying Riemannian op-
timization algorithms are still-evolving, promising lines of research [Mantonl, 2020],
[Satol, 2021, Chapter 6], using a manifold optimization library for our problem will
provide a flexible framework which is easy to modify for novel algorithms, and will
result with possible future improvements in terms of both evaluation metrics and
computation times.

We show the performance of our out-of-sample embedding in predicting interac-
tions for unseen drugs. For all four data sets, we conduct ten replications of ten-fold
cross-validation to test our model over previously unseen drugs. Drugs of training set
are not included in the testing set. In this work, we employ ManifoldOptim (version
1.0.1 |Martin et al., |2020]), which is an R wrapper to C++ manifold optimization
library ROPTLIB [Huang et al., [2018], for employing the algorithm LRBFGS in R.
We use the default stopping criterion with default values to solve the sub-problems
for NR, GPCR, and IC data sets. Due to the large size of the Enzyme data set,
high computational time is needed, and we set the value of the stopping criteria
tolerance to 10~* when solving the sub-problems over the manifolds of drugs and
targets. We use the default values for all other input parameters. We perform 25

iterations for all data sets since the training process usually converges between 15-25
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iterations before the model starts overfitting in terms of AUROC values. For rela-
tively smaller data sets NR and GPCR, the subspace dimensionality parameter, R,
is set to 25, which is taken from {5, 10, 15,20, 25}. For IC and Enzyme data sets, R
is set to be 10, and 15, respectively, which is taken from {5,10,15}. In general, we
see an increasing trend in performance measures for predicting DTIs with increasing
subspace dimensionality, which is theoretically expected. It is possible to improve
the results for all data sets (except NR, due to its small size) by adding more di-
mensions to the common subspace. MOKPE starts from randomly chosen points
on both Stiefel manifolds and we use QR decomposition when randomly projecting
matrices onto these manifolds during the initialization step [Manton, [2002].

We compare our method with some baseline and state-of-the-art algorithms,
that utilize different types of techniques (e.g., neighborhood methods, matrix fac-
torization, graph-based, bipartite local models) and that are among the highest
performing methods in their respective categories. In nearest profile method (NP),
the interaction profile of an unseen drug is calculated via its chemically most similar
nearest neighbor’s interaction profile [Yamanishi et al., 2008]. The weighted profile
method (WP) is a generalized version of NP, instead of the nearest compound, a
weighted average of the unseen drug’s similarities and their interaction profiles are
used |[Yamanishi et all 2008]. Laplacian Regularized Least Squares (LapRLS) is a
semi-supervised learning framework that uses both labeled and unlabeled DT1Is, and
obtains predictions from both drug and target sides and combines them [Xia et al.|
2010]. Its objective function contains the minimization of prediction error and also
includes a manifold regularization term that extends regularized least squares (RLS)
with a Laplacian operator. While LapRLS estimates the drug and target spaces sep-
arately, Dual Laplacian Regularized Least Squares (DLapRLS) [Ding et al., [2020]
approximates the interaction matrix of DTIs with interdependence of two spaces, by
employing alternating least squares algorithm to solve the model, and the dual Lapla-
cian regularization is used to smooth the weights. RLS-WNN is another RLS-based
method that incorporates products of Gaussian kernels (GIP) constructed from DTI

profiles [Van Laarhoven and Marchiori, 2013|. A pre-processing algorithm is used to
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approximate the drug interaction score profile for unseen drugs using the weighted
nearest neighbors (WNN), and it is combined with GIP. Kernelized Bayesian ma-
trix factorization with twin kernels (KBMF2K)|Gonen| 2012], collaborative matrix
factorization (CMF) [Zheng et al.l |2013], weighted graph regularized matrix factor-
ization (WGRMF) |Ezzat et al., |2016], and graph regularized generalized matrix
factorization (GRGMF) [Zhang et al., 2020] are the methods that approximate the
DTI matrix by matrix decomposition. KBMF2K employs a Bayesian formulation
and uses variational approximation to project drugs and proteins into a unified sub-
space. CMF uses collaborative filtering, jointly approximating DTI matrix via two
low-rank matrices that share the same subspace and approximate drug—drug and
target—target similarity matrices. WGRMF is similar to CMF, but it preprocesses
the interaction matrix to transform the binary values into interaction values with
weighted nearest neighbor algorithm, and uses graph regularization for manifold
learning to approximate the similarity matrices. GRGMF presents a model for pre-
dicting links in bipartite networks. The model is based on the assumption that the
latent factor of each node, which is learned adaptively by its neighborhood informa-
tion, of drugs and targets are correlated with each other and that the correlation can
be represented by a bipartite graph. Heterogeneous graph based inference (HGBI)
[Wang et al., 2013] is an extended version of network-based inference method [Cheng
et al 2012| that uses drug—target bipartite graph network similarity. Instead of a
bipartite network, HGBI uses a network diffusion with incorporating drug-drug and
target—target similarities on a heterogeneous network. For both MOKPE and com-
pared methods, same testing and training drug sets are used in the experiments.
Drugs in the test set are not present in the training set. In MOKPE, they are
excluded both from the interaction matrix and the similarity matrices. Reported
best hyperparameters taken from Ezzat et al.| [2019]; |[Ding et al.| [2020]; [Zhang et al.
[2020] are used when running the compared methods (see Appendix |C|for a detailed

description of parameters for all methods).
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Figure 5.2: Boxplots to illustrate the prediction performance of MOKPE and com-

pared algorithms on the NR, GPCR, IC and E data sets. Each point shows the

evaluation of a test set in terms of AUROC value.

Table[5.4]and Table[5.5give the average AUROC (area under the receiver operat-

ing characteristic curve) and AUPRC (area under the precision-recall curve) values
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Figure 5.3: Boxplots to illustrate the prediction performance of MOKPE and com-

pared algorithms on the NR, GPCR, IC and E data sets. Each point shows the

evaluation of a test set in terms of AUPRC value.

for MOKPE and compared algorithms. Best and the second best results in each col-

umn are bolded and underlined, respectively. In Figure [5.2] and Figure [5.3] we see
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Figure 5.4: The classification performance of MOKPE with increasing number of

iterations in terms of average AUROC values.

the AUROC and AUPRC values for MOKPE and compared algorithms for each test
set in the boxplots. Figure[5.4/and Figure|5.5|give the average AUROC and AUPRC
values for MOKPE with changing number of iterations. For MOKPE, we want to
emphasize that there is an increasing trend for results with increasing subspace di-
mensionality for all data sets. It is anticipated that the prediction performances in
terms of AUPRC values might be improved on IC and Enzyme data sets by increas-
ing the number of iterations, increasing the subspace dimensionality and by fully
exploiting the hyperparameter space, especially for the stopping criteria of the sub-
problems. Our experiments show that the results on the NR data set are unstable
likely due to its small size, as aligned with previous research [Ezzat et al., 2016, 2019;
Pahikkala et al., |2015]. For the IC data set, all methods perform poorly compared
to other data sets. Although the IC data set has more targets and more known in-
teractions compared to the GPCR data set, the lesser ratio of the number of drugs

to the number of targets may explain the phenomena [Hao et al., [2019]. Moreover,
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Figure 5.5: The classification performance of MOKPE with increasing number of

iterations in terms of average AUPRC values.

since the information for drugs is more valuable for the IC data set, this may give
a disadvantage for methods (e.g., MOKPE) that have empty profiles for drug-drug
similarities for unseen drugs, and may explain the better results for methods that
use the drug—drug similarity information for tested drugs (e.g., RLS-WNN with its
preprocessing for constructing temporary interaction profiles for unseen drugs). We
note that many methods (e.g., DLapRLS, WGRMF, GRGMF) utilize preprocessed
known interactions via WKNKN (weighted k-nearest known neighbors) algorithm
to estimate the associations for the unseen drugs using drug-drug similarity matrix
and improve their performance. We also want to emphasize the higher standard de-
viation values in AUPRC results, compared to AUROC results. Although AUPRC
is considered as a good evaluation metric especially for imbalanced data sets, it is
also very sensitive to data imbalances and hard to use to compare different methods,
as previously noted [Hinnerichs and Hoehndorf, [2021].

We note that RLS-WNN is a faster algorithm among the best performing algo-
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rithms. Matrix factorization methods are slower, although they are relatively better
in predicting DTIs. MOKPE is slower against its competitors, however, the imple-
mentation of the objective and gradient functions in C++ would yield with a faster
performance as the ManifoldOptim developers noted |Martin et al.) 2020]. The
possible effects of newer algorithm developments, performance and quality improve-

ments in manifold optimization algorithms will also be seen easily in our framework.

Validation of Newly Predicted Drug—Target Interactions

To show the effectiveness of our method, we also look for the prediction of new DTIs
that are unknown in the original data sets. The data sets we used |Yamanishi et al.,
2008|] were developed over a decade ago, and many novel DTTs were discovered after
the compilation of original data sets. In these second set of experiments, we use
the entire data set as a training set, and project drugs and proteins into a two-
dimensional embedding space (i.e. subspace dimensionality R is equal to 2) for the
data sets NR and GPCR, ten-dimensional and fifty-dimensional embedding spaces
for the data sets IC and Enzyme, respectively. The algorithm is terminated when
the improvement over the objective function value of the training loss is smaller
than 107% for two consecutive outer iterations. For the inner iterations, the default
parameter values are used for all data sets when calling the manifold optimization
library. We rank the novel predictions according to their Fuclidean distances in the
embedding space and list the top twenty-five ranked interactions for the above men-
tioned data sets. We check the novel interactions using updated curated databases
KEGG [Kanehisa and Goto, [2000; Kanehisa et al., [2006; Kanehisa, 2019], DrugBank
[Wishart et al. 2018], Comparative Toxicogenomics Database (CTD) |Davis et al.,
2023|, Guide to Pharmacology (GtP) [Harding et al., 2022], the Drug-Gene Interac-
tion Database (DGIdb) [Freshour et al., [2021], and Drug Target Commons (DTC)
[Tang et al.| 2018] to validate our results. Table lists the top twenty-five inter-
actions for NR, GPCR, IC, and Enzyme data sets, and it can be seen that 27 out of
100 novel DTTs are validated by the sources. It should be noted that the invalidations

for DTIs are rarely reported |[Chen et al., 2016], and the absence of a validation does
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not necessarily mean a false positive. We also illustrate and publish two-dimensional
embeddings for all four data sets (e.g., Figure , along with the corresponding em-
bedding coordinates and the top twenty-five ranked predictions, which can be seen

and downloaded at https://ocbinatli.shinyapps.io/embedding_networks.


https://ocbinatli.shinyapps.io/embedding_networks
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Figure 5.6: The two-dimensional embeddings on the GPCR data set. Orange and

purple points denote drugs and targets, respectively.

5.3 Experiments for MOKPE+

5.3.1 Materials

As in Section[5.2.1] we used gold standard drug—target interaction data sets provided

by Yamanishi et al.| [2008]. We implement our algorithm in R programming language

(version 4.0.2 |[R Core Team)| [2021]), and the source codes are publicly available

at https://github.com/ocbinatli/mokpeplus/. The source codes for the other

algorithms that we compared our method / or used, are from [Ezzat et al. [2019];

Nascimento et al. [2016]; [Ding et al.|[2020, 2022]; [Liu et al.| [2023].

For all of the four data sets we used, Nuclear receptors (NR), G-protein-coupled

receptors (GPCR), Ion channel (IC), and Enzyme (E), we followed the work of

Nascimento et al.| [2016], and we used nine different drug-drug similarity kernels,



https://github.com/ocbinatli/mokpeplus/
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and nine different target—target similarity kernels, as shown in Figure [L.TA. It is
assumed that if a drug binds to a certain target, other drugs that are structurally
similar are also likely to bind to the same target. Therefore, the chemical structure
similarity by comparing the structural features of drug molecules plays a key role
in DTT prediction. Hence, we employ six chemical structures-based drug-drug sim-
ilarity kernels to gain insights into their possible interactions with protein targets.
SIMCOMP algorithm [Hattori et al. 2003] calculates the ratio of common subgraphs
between two drug compounds. SIMCOMP kernel |[Yamanishi et al., 2008] is widely
used in DTI prediction. We employ five more chemical structure similarity kernels,
as illustrated in Figure as Drug Chemical Structures: The Lambda-k kernel
(LAMBDA) [Klambauer et all [2015] computes the similarity between sequences based
on their k-mers (subsequences of length k), while also taking into account the con-
tributions of subsequences of varying lengths. The Spectrum kernel (SPEC) |Klam-
bauer et al., 2015] counts the number of shared k-mers between two sequences. The
marginalized kernel (MARG) [Kashima et al., 2003] is defined based on a process of
generating random walks on graphs. The similarity between two compounds is then
related to the expected number of common sequences they share. The Tanimoto
kernel (TAN) [Ralaivola et al., 2005] measures the proportion of shared substructures
between two drug compounds relative to all unique substructures they possess. The
MINMAX kernel (MINMAX) [Ralaivola et al., 2005] looks at each substructure and
measures how similarly prevalent it is in both compounds.

We also use the side effects information of drugs as illustrated in Figure
as Drug Side Effects. Drugs with similar side effects might interact with similar
or related targets [Kim et al| 2013]. The FDA’s Adverse Event Reporting System
(AERS) provide side effect keyword for drugs. The AERS-freq and AERS-bit kernels
[Takarabe et al., 2012] provide adverse effect keyword based similarities for drugs,
according to the adverse effects’ frequencies and presences, respectively. SIDER simi-
larity uses the information of the existence of an adverse effect using SIDER database
[Kuhn et al.;|2016]. Profile similarities from both AERS and SIDER were determined

using the weighted cosine correlation coefficient for every drug profile pair.
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The target proteins with similar amino acid sequences might share similar func-
tions or be involved in similar biological pathways. Hence, if a drug is known to
interact with a target, and a similar target might interact with this drug. There-
fore, we employ seven different target similarities based on amino acid sequences, as
illustrated in Figure as Protein Sequences. The normalized Smith-Waterman
score, SW, is commonly used to compare two sequences in their entirety [Yamanishi
et al., 2008]. The Mismatch kernels (MIS—kBml , MIS-k3m2, MIS-k4ml, MIS-k4m2)
measure the similarity between two sequences by considering k-mers of a fixed length
k that match exactly or with a certain number of mismatches. The idea is to cap-
ture both exact and approximate common patterns between sequences [Leslie et al.)
2003]. The spectrum kernels (SPEC-k3, SPEC-k4) counts the occurrences of all
possible k-mers in two sequences and uses these counts to measure the sequences’
similarity [Leslie et al., [2001].

The Gene Ontology (GO) project provides standardized terms to describe gene
product attributes. By comparing the GO terms associated with two targets, one
can infer their functional similarity. Proteins with similar annotations in databases
like Gene Ontology might be functionally related. GO similarities were retrieved from
the BioMART database [Smedley et al., 2015], using the Resnik algorithm [Resnik,
1999|. This kernel is illustrated in Figure 4.1]A as Functional Annotation.

The proximity or connectivity patterns of targets in protein-protein interaction
(PPI) networks can hint at functional similarity or relatedness. PPI similarity is
obtained from the BioGRID database [Stark et al., [2006]. This kernel is illustrated
in Figure as Protein-Protein Interaction.

Not all similarity measures are equally informative. Determining how to weight
or combine different sources of similarity can highly influence prediction perfor-
mance. Different kernels might model different data characteristics, thus, capturing
and exploiting with a localized approach in both similarity selection and combina-
tion steps is of significant importance. Therefore, assigning different weights for
different regions (i.e., for every drug or target) for each similarity kernel (or view)

is crucial as it allows for capturing local data characteristics more effectively.



Chapter 5: Experimental Results and Discussion 70

5.3.2  FExperimental Setup and Results

We compare MOKPE+ against the state-of-the-art algorithms based on different
type of techniques. For all four data sets, we conduct five replications of ten-fold
cross-validation to test our model over previously unseen drugs. Drugs of training
set are not included in the testing set. We use the package ManifoldOptim (version
1.0.1 [Martin et al., [2020]), which is an R wrapper to C++ manifold optimization
library ROPTLIB [Huang et al., [2018], for employing the optimization algorithm
of the embedding step in R programming language (version 4.0.2) |R Core Team,
2021]. We use the default stopping criterion with default values to solve the sub-
problems for NR, GPCR, and IC data sets. Due to the large size of the Enzyme data
set, high computational time is needed, and we set the value of the stopping criteria
tolerance to 2 x 10~% when solving the sub-problems over the manifolds of drugs and
targets. We use the default values for all other input parameters. We perform 25
iterations for NR, 50 iterations for GPCR, and 60 iterations for IC. For NR, GPCR,
and IC data sets, the subspace dimensionality parameter, R, is set to 25, 20, and
25, respectively, which is taken from {5,10,15,20,25}. For Enzyme data set, R is
set to be 15, which is taken from {5, 10, 15}, and the number of iterations is 20. The
search space for the subspace dimensionality parameter is chosen based on model
performance and computational constraints. In general, we see an increasing trend in
performance measures for predicting DTIs with increasing subspace dimensionality,
which is theoretically expected. It is possible to further improve the results for all
data sets (except NR, due to its small size) by adding more dimensions to the shared
subspace.

We compare our method with both baseline, and the algorithms that are tai-
lored to process multiple similarities. Six methods (i.e., NP, WP, LapRLS, CMF,
WGRMF, and HGBI) (see Chapter serve as the baseline models, utilizing the
combined drug and target similarity matrices generated by the similarity selection
and integration method as input, like MOKPE. In addition to these methods, we
also utilised three state-of-the-art methods that can directly utilize multiple types
of similarities: DLapRLS (see Chapter , multiple kernel-based triple collab-
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orative matrix factorization (MK-TCMF) [Ding et al. 2022], and Kronecker reg-
ularized least squares with multiple kernel learning (KronRLS-MKL) [Nascimento
et all 2016]. MK-TCMF predicts DTIs with combining multiple kernel learning
and triple collaborative matrix factorization into a single optimization framework.
KronRLS-MKL is a method that models the DTI prediction problem as a link pre-
diction task on bipartite networks. It is a kernel-based model that combines linear
multiple kernel fusion and Kronecker kernel-based regularized least-squares classifier
training into a single optimization objective. These three methods, KronRLS-MKL,
DLapRLS, and MK-TCMF, that can utilize different types of similarities, serve as
the compared methods. For all methods, same testing and training drug sets are
used in the experiments. Reported best hyperparameters, or the search space for the
grid search in hyperparameter tuning which are taken from |Xia et al.| [2010]; Ezzat
et al. [2019]; Ding et al. [2020]; Nascimento et al.| [2016]; Ding et al.| [2022], are used
when running the compared methods (see Appendix [Ef for a detailed description of
parameters for all methods).

Table [5.10] and Table give the average AUROC and AUPRC values for
both MOKPE+ and compared algorithms. Best and the second best results in each
column are bolded and underlined, respectively. In Figure and Figure
we see the AUROC and AUPRC values for MOKPE+ and compared algorithms
for each test set in the boxplots. We conducted the Mann-Whitney U test (also
known as the Wilcoxon rank-sum test), which is a non-parametric statistical test
that is used to determine if there are differences between two independent groups
on a continuous or ordinal dependent variable [McKnight and Najabl [2010]. The
statistical test results show that MOKPE+4 outperform every compared method in

at least one evaluation metric-data set pair.
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Figure 5.7: Boxplots to illustrate the prediction performance of MOKPE~+ and
compared algorithms on the NR, GPCR, IC and E data sets. Each point shows the

evaluation of a test set in terms of AUROC value.
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Chapter 6

CONCLUSIONS

With the rapid progress in next-generation sequencing techniques, tumor sam-
ple profiling have been a standard procedure. These gene expression profiles pro-
vide valuable information on the formation and progression of cancer. Integrating
gene set/pathway information with gene expression profiles is important for better
understanding the underlying mechanisms, developing preventive and therapeutic
techniques against cancer, and differentiating cancer subtypes. However, cluster-
ing cancer subtypes with this integrated data becomes a computationally-intensive
and complex problem. As the first main contribution of this thesis, we integrate
gene set/pathway and gene expression profiles to identify cancer subtypes in an ef-
ficient way with a decomposition approach. Our proposed approach, GSPS, solves
this complex problem via decomposing it into smaller subproblems with a localized
multiple kernel k-means clustering method.

We developed a computational framework and conducted clustering experiments
on 33 TCGA cohorts for eight different numbers of clusters using three pathway/gene
set databases. We compared three well-known baseline algorithms, CC, iCluster,
and SNF, against our proposed method GSPS. In order to demonstrate the perfor-
mance of our proposed method, we conducted survival analyses with TCGA clinical
data. The experiments showed that GSPS have comparable or better statistically
significant results against three different state-of-the-art methods on TCGA cohorts.

Using our approach will be very helpful to identify cancer subtypes together
with knowledge extraction ability in terms of pathways/gene sets. An interesting
extension topic for future research can be developing an efficient algorithm which can
integrate multi-omic data (e.g., DNA methylation, copy number variations) within

our approach.



Chapter 6: Conclusions 7

Identifying drug—target interactions is crucial for drug development and repur-
posing, due to their financial and temporal advantages. Therefore, predicting drug—
target interactions with in silico applications have received extensive interest due to
its importance in human biology. These new applications offer a way to use current
medications for emerging new diseases, and the possibility for personalized medicine.
These methods can also notably decrease the expenses and duration associated with
traditional drug development processes, which typically demands 10-15 years and
an investment of 0.8-2 billion USD [He et al., 2021]. As the second main contribu-
tion of this thesis, we have introduced a drug-target interaction prediction frame-
work, called MOKPE, -manifold optimization based kernel preserving embedding-,
which can also be used for modeling other types of biological interaction networks or
cross-domain information retrieval tasks. Our method maps objects from different
domains (i.e., drugs and targets) into a unified embedding space by preserving both
cross-domain interactions and within-domain similarities, which are approximated
with Gaussian kernels. Our framework is able to transfer local neighborhood infor-
mation from the provided interactions and similarities, and to conduct out-of-sample
embedding via using the nonlinear kernels in the embedding space. Experimental
results against state-of-the-art methods using AUROC and AUPRC evaluation met-
rics, and predicting novel DTIs that are validated with newer databases, show the
success of our method.

Employing a manifold optimization library for the optimization steps provides a
flexible, easy-to-update framework. Another advantage of MOKPE is, it does not
require complex hyperparameter selection; therefore it is simple to use and valu-
able in many real-life applications. Although our method demonstrates a significant
performance for the gold standard data sets, further investigations of drug—target
networks with larger sizes, or other large-size heterogeneous networks that are tan-
gential to the DTI prediction evaluation (i.e., drug—disease networks) will be possible
with further improvements in terms of computational cost. The future direction of
DTT prediction is expected to focus on improving the accuracy of predictions by

incorporating more data sources (e.g., side-effects, biological functions, etc.) and
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developing more combined machine learning methods |[Ru et al., 2021].

Therefore, as the third main contribution of this thesis, we introduced a novel
computational method for predicting DTTs that leverages multiple similarity mea-
sures. By integrating various types of similarities, addressing the complex and mul-
tifaceted nature of biological interactions, including drug chemical structures, drug
side effects, genomic data, functional annotation, and protein-protein interaction
networks, our method offers a more comprehensive and accurate prediction of DTIs
than traditional single-similarity approaches. Experiments conducted on four data
sets reveal that the MOKPE+ delivers performance that is similar to, or better
than, base models using the same similarity selection and integration process, as
well as state-of-the-art DTI prediction methods capable of handling multiple types
of similarities directly.

Given the considerable effectiveness of MOKPE+4 on benchmark data sets, future
work may focus on improving the scalability of our method, as well as expanding its
applicability to a wider range of diseases and drug types, e.g., it may be beneficial
to further explore larger drug-target networks, or other large-scale heterogeneous
networks related to DT prediction evaluation. This includes networks such as drug—
disease or virus—host networks. Although most targets are proteins, recent studies
show that it is also important to consider the interactions between drugs and small
molecules (e.g., microRNAs, non-coding RNAs), and exploring the potential asso-
ciations between these small molecules and diseases is crucial in the drug develop-
ment process to improve the treatment of complex diseases |Chen et al.| |2020]. Our
method can also be used in this line of research (e.g., |[Chen et al., 2021; Peng et al.,
2022|) for the predictions within this new class of drug-targets. Such exploration
could improve reliability, enhance interpretability, and aid in the identification of
relevant features or anomalies, e.g., if a prediction aligns with one similarity view
but not others, it might flag a potential area of interest or concern [Kuhn et al.

2008).
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SUPPLEMENTARY TABLES FOR GSPS

Supplementary Table A1 - Running Times of Experiments with TCGA data (in
seconds) : https://docs.google.com/spreadsheets/d/1cuhc2jS6-YrdGecuDMQIi
_myOeBupkNv(Q

Supplementary Table A2 - p-values of Subtypes : https://docs.google.com/
spreadsheets/d/14b3PiKIpU0QsZn89Hy5Ct 1N8wy3P52jn/
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Appendix B

COMPARISON OF MOKPE AGAINST THE STEEPEST
DESCENT METHOD

We compare our algorithm against MKPE |Gonen, 2014], a steepest descent
based method with Armijo-type line search. We demonstrate the performance
of out-of-sample embedding in predicting interactions for unseen drugs. For NR,
GPCR, and IC data sets, we apply ten replications of ten-fold cross-validation
over drugs to obtain robust results. Since Enzyme data set is much bigger com-
pared to others, achieving convergence within a reasonable time frame may not be
possible for both methods, especially when the subspace dimensionality is larger
(i.e., 20 and 25), therefore, it is not included in the comparison. We convert
the Matlab implementation of MKPE provided by |Gonen| [2014] to R implemen-
tation and use it with its default parameters. The code is publicly available at
https://github.com/ocbinatli/mkpe. We obtain the results of both meth-
ods by training them with changing subspace dimensionality parameters taken from
{5,10, 15,20,25}. We use the manifold optimization library ManifoldOptim (version
1.0.1) [Martin et al., 2020] for employing the algorithm LRBFGS in R program-
ming language (version 4.0.2) [R Core Team| [2021]. We set the regularization
parameters (¢, Ay, Az) to (1,0.1,0.1). For MOKPE, we set relative improvement
tolerance parameters (e, €,) to (1072,1072) as stopping criteria. We use the default
values for all other input parameters. We train both of the methods for equal time
amount linearly increasing with respect to the subspace dimensionality. Table
shows the maximum allowed training time per fold in seconds. All the experiments
are run in the same computer cluster family.

Figure gives the average AUROC (area under the receiver operating charac-
teristic curve) values for MKPE and MOKPE. When the subspace dimensionality is


https://github.com/ocbinatli/mkpe
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Table B.1: Training Time per fold (in seconds) for MKPE and MOKPE

‘ R (subspace dimensionality)

Data set ‘ 5 10 15 20 25

NR 1020 30 40 50
GPCR 300 600 900 1200 1500
IC 400 800 1200 1600 2000

smaller than twenty five, we see that MOKPE achieves significantly higher average
AUROC values on all the data sets.

Figure shows the objective function value over time for both methods in
training data sets. Each smooth curve is a LOESS (locally estimated scatterplot
smoothing) fitted curve. MKPE starts better but more likely to “get stuck in a
local optima” later on. Especially for larger data sets, like Enzyme, this phenomena
occurs with worse results. Also, the iterations are less costly time-wise for MKPE,

which provides an advantage over MOKPE at the starting phase.
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Figure B.1: The prediction performances of MKPE and MOKPE with changing
subspace dimensionality on the NR, GPCR and IC data sets in terms of average
AUROC values.
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Appendix C

PARAMETER SETTINGS FOR COMPETING
METHODS OF MOKPE

When running the compared methods, we used the reported best hyperparame-
ters from the sources [Xia et all 2010; Ezzat et al 2019; Ding et al., 2020; |Zhang

et al., |2020]. The hyperparameters are as follows:
e LapRLS: 8, =10.3,8, = 0.3,7a1 = 1, %1 = 1,742 = 0.01, 7,2 = 0.01

e DLapRLS: NR data set: regularization terms A; = 0.9, Ay = 0.9, number of
iterations = 10. GPCR data set: Ay = 0.95, Ay = 0.9, number of iterations =
10. IC data set: A1 = 0.9, Ay = 1, number of iterations = 5. Enzyme data set:
A1 = 0.9, Ay = 0.9, number of iterations = 5.

e RLS-WNN: NR data set: regularization term o = 0.5, weight a = 0.5, kernel
bandwidth n = 0.6. GPCR data set: ¢ = 0.5, = 1,7 = 0.7. IC data set:
0=0.25,a=1,7=0.7. Enzyme data set: ¢ =0.5,aa =1, n=0.7.

e KBMF2K: NR data set: subspace dimensionality R = 50. GPCR data set:
R =100. IC data set: R = 100. Enzyme data set: R = 200.

e CMF': number of iterations = 2, dimensionality of the feature space k = 100.
NR data set: weight parameters \; = 1,A\; = 4,\; = 32. GPCR data set:
AN =2, =8 X\ = 0.125. IC data set: A\; = 4, \y = 32, \; = 0.25. Enzyme
data set: \; =2, \;g =64, \;, = 0.125.

e WGRMEF': number of iterations = 2, £ = 100. NR data set: regularization
terms \; = 0.0625, \; = 0.05, \; = 0.1, number of neighbors p = 2. GPCR
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data set: A\, = 0.0625, Ay = 0.05, \; = 0.01,p = 7. 1IC data set: A\, = 0.25,
Ag = 0.15, \; = 0.01, p = 6. Enzyme data set: \; = 0.25, \j = 0.2, \; = 0.2,
p=4.

e GRGMF: number of iterations = 100, the dimension of the subspace expanded
by self-representing vectors K = 150, number of neighbors & = 5, decay
term n = 0.5, matrix regularization parameters A\ = 0.0333,3 = 4, graph
regularization parameters r; = 0.5, ro = 1, the weight assigned to known link

c=05.

e HGBI: the decay factor a = 0.5.



Appendiz D: Comparison of MOKPE+ Against MOKPE 103

Appendix D

COMPARISON OF MOKPE+ AGAINST MOKPE

We compare MOKPE+ against MOKPE to demonstrate the importance of the
utilization of multiple types of similarities, by showing the better performance of
MOKPE+ compared to single-view approach. For this purpose, we employ all
possible combinations of single kernel types for MOKPE, and compare it against
MOKPE+, which uses multiple types of similarities, with the same parameters. We
compare the performances of out-of-sample embedding in predicting interactions for
unseen drugs. For all pairs of kernels for the NR, GPCR, IC, and Enzyme data sets,
we apply ten-fold cross-validation over drugs with MOKPE. The codes and the used
data sets are publicly available at https://github.com/ocbinatli/mokpeplus.
We use the manifold optimization library ManifoldOptim (version 1.0.1) [Martin
et al., [2020] for the optimization steps of the embedding process in R programming
language (version 4.0.2) [R Core Team, 2021]. We set the regularization parame-
ters (Ae, Ax, Az) to (1,0.1,0.1). Both for MOKPE and MOKPE+, we set relative
improvement tolerance parameters (e, €,) to (5x 1073, 5x 1073) as stopping crite-
ria for NR and GPCR data sets, (e, €.) to (5 x 1072, 5x 1072) for IC data set, and
(€4, €2) to (5 x 107!, 5 x 107!) for Enzyme data set. The subspace dimensionality,
R, is set to 15 for NR, GPCR, and IC data sets, and 5 for Enzyme data set. We
train all of the experiments for 20 iterations. We use the default values for all other

input parameters.


https://github.com/ocbinatli/mokpeplus
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Table D.5: AUROC results on MOKPE+ for varying filter ratio

‘ p (filter ratio)

Data set ‘ 0.2 0.5 0.7

NR 0.762 0.765 0.781
GPCR  0.876 0.878 0.883
IC 0.767 0.774 0.780
E 0.677 0.710 0.748

Tables show the AUROC results for all kernel pairs in all data sets.
Table shows the AUROC results for MOKPE+ under different filter ratios in
all data sets. Best performances for MOKPE are, 0.755, 0.757, 0.739, and 0.742
for NR, GPCR, IC, and Enzyme data sets, respectively. MOKPE+ shows better
performance compared to best MOKPE results under all varying filter ratios for NR,
GPCR, and IC data sets. For Enzyme data set, although MOKPE+ demonstrates a
better result compared to all kernel pairs only with the filter ratio p = 0.7, MOKPE—+

with p = 0.5 still gives better result against MOKPE, except four kernel pairs.
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Appendix E

PARAMETER SETTINGS FOR COMPETING
METHODS OF MOKPE+

When running the compared methods, we either used the reported suggested
hyperparameters from the sources, or tuned the parameters by grid search [Xia
et al. [2010; Ezzat et al., [2019; Nascimento et al., [2016; Ding et al., 2020, 2022].
For MOKPE+, we set the regularization parameters (A, Az, A;) to (1,0.1,0.1).
For MOKPE+ and all baseline models (i.e., NP, WP, LapRLS, CMF, WGRMF,
HGBI), the filter ratio o is set to 0.5, and number of neighbors, k, is set to 5. The

hyperparameters are as follows:

e LapRLS: 8, =10.3,8, =0.3,7a1 = 1,vp1 = 1,742 = 0.01, 7,2 = 0.01

e CMF': number of iterations = 2, dimensionality of the feature space k = 100,

weight parameters \; € {273,272, ..., 21 22 } A\ € {274 273, ) 22}

e WGRMF: number of iterations = 2, k = 100, regularization terms \; € {275,
274 0,271 Mg, Ay € {0.005, 0.01, 0.05, 0.10, 0.15, 0.20, 0.25, 0.30}, number
of neighbors p € {2, 3, ..., 7}.

e HGBI: the decay factor « € {0, 0.1, 0.2, ..., 1}.

e KronRLS-MKI: A parameter in {2715 2710 225 230} "5 regularization
coefficient parameter in {0, 0.25, 0.50, 0.75, 1}.

e DLapRLS: NR data set: regularization terms A; = 0.9, Ay = 0.9, number of
iterations = 10. GPCR data set: A\; = 0.95, Ay = 0.9, number of iterations =
10. IC data set: A\ = 0.9, Ay = 1, number of iterations = 5. Enzyme data set:

A1 = 0.9, Ay = 0.9, number of iterations = 5.
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e MK-TCMF: NR data set: Ao = 0.5, \; = 0.5, \y = 0.5, \y = 0.5, \g = 0.5,
rq = 53, r, = 21, number of iterations = 5. GPCR data set: \g =1, \; =1,
=1, =1 g =1, rg =200, r, = 80, number of iterations = 2. IC data
set: e =1, =1, =1, N =1, g =1, rg =200, 7, = 200, number of
iterations = 2. Enzyme data set: \¢ =1, =1, \g =1, s =1, \g =1,

rq = 300, r; = 300, number of iterations = 5.
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