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ABSTRACT

EXPLORING MICRORNA INTERACTION NETWORKS TO EXPLAIN THE
RELATIONSHIP BETWEEN CALORIC RESTRICTION AND BREAST CANCER
IN MICE

Caloric restriction (CR) —Ilimiting average calorie intake without regressing in physical and
mental activities— is known to enhance longevity and overall health and reduce aging-
related disorders. The epigenetic fluctuation caused by CR in conjunction with microRNA
(miRNA) expression has only been studied in the context of basic differentially expressed
miRNAs and has not been used to characterize miRNA regulatory networks in a tissue- and
diet-specific way. It is known that miRNAs act synergistically. However, little is known
about the remodeling of miRNA interactions under different dietary restrictions and different
tissues. Here we provide a novel approach to analyze miRNA-miRNA interactions and
reveal different effects of dietary restriction in both blood and mammary fat pad (MFP). We
analyzed miRNA expression from female C57BL/6 mice fed with three different diets: ad
libitum (AL), chronic caloric restriction (CCR) with 15% CR, and intermittent caloric
restriction (ICR) with three weeks of AL followed by one week 60% CR in a cyclic manner.
We infer co-expression networks for each dietary group using a joint graphical model, then
map the targets of the connected components of co-expression networks. To evaluate the
influence on the pathways we used a network-based centrality approach to prioritize
miRNAs and KEGG pathways. The miRNA miR-1a-3p is common to all conditions with
high centrality, while miR-129-5p is specific to the MFP, and miR-505-5p is specific to only
blood in the CCR group. In our analysis using the ranking according to the eigenvector
centrality in the co-expression networks for the influence on pathways, we revealed that the
KEGG pathways such as “Breast cancer” and “mTOR signaling pathway” increased their
importance by CCR diet in blood. In addition to that, we revealed the KEGG pathways “p53
signaling pathway” and “Fatty acid degradation” increased their importance by CCR in
MFP. These pathways are well-known regulators of both aging and cancer. mTOR and
MAPK signaling pathway has crosstalk with many other cancer-related pathways, and these

pathways may be the key to the anti-cancer mechanism of the CCR diet.
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OZET

FARELERDE KALORIK KISITLAMA iLE MEME KANSERi ARASINDAKI
ILISKiYi ACIKLAMAK iCiN MiKRORNA ETKILESiM AGLARININ
ARASTIRILMASI

Kalori kisitlamasi1 (KK), fiziksel ve zihinsel aktivitelerde gerileme olmaksizin ortalama
kalori alimin1 sinirlamaya denir ve dmrii uzattig1 ve yaslanmayla ilgili bozukluklar1 azalttig
bilinmektedir. CR’nin mikroRNA (miRNA) ekspresyonu ile baglantili olarak neden oldugu
epigenetik degisim, yalnizca temel diferansiyel olarak eksprese edilen miRNA’lar
baglaminda incelenmistir ve miRNA etkilesim aglari, doku ve diyete 6zgii bir sekilde
karakterize etmek i¢in kullanilmamigtir. MiRNA’larin sinerjistik olarak hareket ettigi
bilinmektedir. Bununla birlikte, farkli diyet kisitlamalar1 ve farkli dokular altinda miRNA
etkilesimlerinin yeniden sekillenmesi hakkinda cok az sey bilinmektedir. Bu ¢alismada,
MIRNA-miRNA etkilesimlerini analiz etmek ve hem kan hemde meme yag bezinde (MYB)
diyet kisitlamalarinin farkl etkilerini ortaya ¢ikarmak icin yeni bir yaklasim sunuyoruz. Ug
farkli diyetle beslenen disi C57BL/6 farelerinden miRNA ekspresyonunu analiz ettik: ad
libitum (AL), yiizde 15 CR ile kronik kalori kisitlamas1 (KKK) ve aylik dongiiler halinde {i¢
haftalik AL ve ardindan bir hafta ylizde 40 KK 1ile aralikli kalori kisitlamas1 (AKK). Birlesik
grafik LASSO (JGL) metodunu kullanarak her diyet grubu igin koekspresyon aglarini
cikarsadik ve yolaklar iizerindeki etkiyi degerlendirmek i¢in yani dnemli miRNA’lara ve
KEGG yollarina 6ncelik vermek i¢in ag tabanl bir merkezilik yaklagimi kullandik. MiRNA
miR-1a-3p yiiksek merkezilige sahiptir ve tim diyet gruplarinda ortaktir, miR-129-5p
MFP’ye 6zeldir ve miR-505-5p sadece CCR grubundaki kana 6zgiidiir. Yolaklar tizerindeki
etki icin koekspresyon aglarindaki merkeziligine goére siralamay1 kullanan analizimizde,
“Meme kanseri” ve “mTOR sinyal yolu” gibi KEGG yollarinin kandaki CCR diyeti ile
Oonemini artirdigini ortaya koyduk. Buna ek olarak, MFP’de CCR ile KEGG yollarinin “p53
sinyal yolu” ve “Yag asidi bozulmasinin” 6nemini artirdigini ortaya koyduk. Bu yollar, hem
yaslanmanin hem de kanserin 1yi bilinen diizenleyicileridir. mTOR ve MAPK sinyal yolu,
kanserle ilgili diger bir¢ok yolla ¢apraz etkilesime sahiptir ve bu yollar CCR diyetinin kanser

karsiti mekanizmasinin anahtari olabilir.
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1. INTRODUCTION

This thesis deals with the relationship between CR and miRNA expression. In particular, we
look for the molecular mechanisms that connect caloric restriction with lower incidence of

breast cancer, using Mus musculus as a model organism.

As the human population gets older due to the advancements in the quality of life after the
second millennia, diseases such as heart and cancer accumulate and become leading causes
of death [1]. Inevitably, cellular and molecular mechanisms of aging are tried to be revealed.
Healthy aging is defined as delaying the onset of molecular and cellular degeneration for the
longest period of time possible [2]. There are genetic, pharmacological, and nutritional
interventions that have proven to prevent age-related deterioration and increase life
expectancy [3]. At this point, defining actions that promote healthy aging in humans remains

an active area of research.

One of these interventions is CR, whose effectiveness has been known for a long time, which
is defined as slowing the development by limiting the average caloric intake without
regressing in physical and mental activities [4,5]. The restriction can be applied at various
percentages, at various time intervals, or with various macronutrient ratios. Caloric
restriction has been shown to enhance longevity by up to 50% while enhancing overall health
and reducing aging-related disorders [6]. It slows the progression of a variety of diseases.
Still, the exact molecular mechanisms that can explain how caloric restriction works are not
completely understood. One line of investigation is to explore the role played by some RNA

molecules.

Noncoding RNA (ncRNA) molecules are a relatively new RNA subclass and play a gene
regulatory role by synthesizing from intra- and intergenic regions of the large genome [7].
MicroRNA (miRNA) molecules are short ncRNAs that regulate the post-transcriptional
activity of the genes by recognizing base pairs in the 3’-untranslated region (UTR) of the
target gene [8]. In the past several years, thousands of miRNAs have been discovered in a
wide range of organisms, and it is now known that they engage in a wide range of biological

functions by regulating genes involved in several cellular processes [9,10].



Both experimental and computational methods have been developed to reveal miRNA
functions. The majority of the research has focused on miRNAs and their targets [11].
Understanding the regulation mechanism of miRNAs in the gene regulatory network, on the
other hand, is critical to finding the roles of miRNA in complex biological systems [12]. The
interaction between miRNAs and their target genes is complex in general. A single target
gene may be regulated by many miRNAs, and vice versa, a single miRNA may have multiple

target genes [13].

The measurement of epigenetic fluctuation caused by CR in conjunction with miRNA
expression has only been studied in the context of basic differentially expressed miRNAs
and their hypothetical targets and has not been used to characterize miRNA regulatory
networks in a manner that is specific to tissue and diet. Through the comparison of dietary
groups, we develop a strategy to investigate the diet—, age— and tissue—specific miRNA
regulatory modules that connect between microRNAs and CR. These modules may help

explain how dietary interventions affect the aging process and the development of cancer.

1.1. CALORIC RESTRICTION EXPANDS LIFE

CR is defined as the reduction of calorie intake, up to 60% of ad libitum, that does not result
in malnutrition. Currently, CR is the only non-genetic intervention that has been
demonstrated to reliably increase both mean and maximal lifespan across a wide range of
animals [14]. Through a variety of methods, including enhanced glucose homeostasis and
mitochondrial health, as well as through suppressing all of the molecular hallmarks of aging,
CR increases healthspan and lifespan. Furthermore, it has been demonstrated to protect
against age-related disorders, including atherosclerosis [15], cancer [16], diabetes [17], and

neurological diseases [18].

Regarding limitation of food intake, the most common CR strategies are chronic calorie
restriction (CCR) and intermittent calorie restriction (ICR) [19]. CCR is the constant
regulation of food and energy intake, whereas ICR is the regulation of food and energy

consumption in a specific period followed by ad libitum food intake.

Interest in the potential of CR to extend life first arose in the late 1970s and early 1980s, and

has continued since then. However, despite the fact that the effect of CR on people is a



complex process to study, research has shown that a reduced energy expenditure has
beneficial impacts on human aging and age-related disorders in general [14]. People who
consumed less calories than they would have had on a normal diet had decreased incidences
of cancer and other chronic diseases when compared to people who ate a typical diet. Long-
term CR has been shown to reverse gene expression changes linked with aging-related
inflammation and altered stress responses [20], as well as DNA replication/cell cycle

abnormalities [21], oxidative stress [22] and macromolecular damage [23].

1.1.1. Pathways That Change with Caloric Restriction

The expression of genes belonging to some of the major pathways is altered by the caloric
restriction [24]. A major feature of aging is metabolic dysfunction, and current transcriptome
evidence indicates that all restricted dietary interventions have an impact on pathways
involved in glucose homeostasis and insulin signaling [25]. Many studies have found that
these therapies are beneficial in terms of health because they decrease the activity of
important insulin-related signaling pathways and their gene expression. In particular, [26]
have shown that the activity of insulin signaling pathway and mTOR pathway decreases,
while sirtuins and FOXO pathways increase with short- or long-term dietary interventions.
All of these genes in metabolic pathways play important roles in energy sensing, growth,
and metabolism [26].

Inflammation is a key component of aging, and it can affect the development and function
of tissues and organisms. It is believed that dietary interventions can help decrease
inflammatory activation. Interleukin-6, TNF-a, and interleukin-1p are three of the most

important inflammatory mediators implicated in these pathways [27].

Long-term CR or intermittent fasting may harm immune system pathways, although brief
periods of fasting are being studied as promising immune system repair and maintenance
therapies [28]. There is evidence that the majority of healthy aging therapies have some
effect on immunological responses, primarily by modifying NF-K, a transcription factor
involved in immune response and cytokine production [27]. Some evidence suggests that
CR decreases the expression of additional immune-related transcripts, such as CXCR4 in T
cells [29].



The majority of evidence suggests that caloric restriction inhibits oxidative phosphorylation
gene expression, hence reducing the generation of reactive oxygen species (ROS) which is
a huge contributor of age-related diseases [30]. Increased expression of mitochondrial
biogenesis and turnover pathways as a result of good dietary treatments may also contribute
to improved mitochondrial efficiency [22]. The sirtuins [31], AMPK [32], and PPARSs [33]

are key genes linked with these pathways.

1.1.2. Caloric Restriction Prevents Diseases

Dysregulation in metabolic parameters and cancer progression have been known to be tightly
bound [34]. Cancer cells whose metabolism differs from normal cells are sensitive to the
balance of food intake. One of the first observations which relates nutrition and cancer
metabolism is the Warburg effect [35]. In the 1950s it was observed that unlike normal cells,
cancer cells can do glycolysis. Systemic alterations of metabolism can also lead to cancer.
Excessive accumulation of fatty lipids in the body increases the risk of cancer [36]. In a way
that supports previous claims, the risk of developing cancerous diseases decreases with low

fat and low sugar consumption [37].

Several studies show that CR that limits food intake can also reduce the risk of cancer [38].
CR proves protective effects as follows: it is able to delay onset of cancer, reduce incidence
of tumors and increase overall survival. There are several targets of CR which also overlap
with the molecular mechanism of cancer. According to multiple studies IGF1 expression
decreases with the application of CR. In many tissues as well as cancer tissue IGF1 controls
growth signaling pathways such as PI3K/Akt/mTOR pathway [39]. Thus, it can be suggested

that application of CR retard the growth of the tumor via regulating IGF1 levels.

Cancer progression is also largely affected by chronic inflammation. Chronic inflammation
is described as immune markers, such as circulating fatty acids, cytokines, and chemokines,
that attract immune cells that stay in the tissue for a long period of time [40]. In most tumors
an inflammatory response is triggered, and NF-KB is a crucial transcription factor
responsible for inducing gene expression related to apoptosis, inflammation and metastasis.
CR lowers the number of macrophages that enclose tumor, circulating and tissue cytokine
levels, and NF-Kp signaling [27]. Prostaglandin-endoperoxide synthase 2 (PTGS2, also

known as COX2) is an enzyme that produces prostaglandins, chemicals that promote



inflammation [41]. Increased expression of PTGS2 in tumors is associated with poor
prognosis in various cancer types. In a number of studies, caloric restriction reduces PTSG2
expression, and also reduces inflammation in colon, gastric, esophageal, and breast cancer.
[27].

1.2. CALORIC RESTRICTION ALTERS THE EPIGENETIC LANDSCAPE

CR is considered to slow the aging process by causing epigenetic alterations. Cancer rates
rise with age; yet CR both delays the consequences of aging and prevents the development
of cancer [42]. Therefore, we assume that CR shows its beneficial effect by affecting the
epigenetic factors that play a role in the development of cancer. The three main categories
of epigenetic marks, DNA methylation [42], post-translational histone modifications [43]
and small non-coding RNAs [44] are considered as central regulators of the aging process

and diseases such as cancer.

There are numerous instances of how CR modifies epigenetic mechanisms. DNA
methylation is a complex epigenetic process that is intimately linked to gene expression
regulation. DNA methylation has been connected to the regulation of gene expression
throughout development. The methylation pattern of some genes important in biological
processes such as metabolism, oxidative stress, senescence, and aging has been reported to
be altered by CR [45]. By modifying the epigenome during early developmental stages, CR
procedures that compensate for malnutrition can help prevent the development of chronic
diseases [46]. In one study, CR-induced weight loss resulted in a significant decrease in
DNA methylation of the inflammatory cytokine tumor necrosis factor (TNF), as well as a
difference in markers for weight loss prediction [47]. Additionally, identical TNF and leptin
methylation patterns were identified in obese women on a short-term low-calorie diet,

reducing the inflammatory load of obese patients [48].

The chromatin structure controls how the chromosome is packaged, hence determining the
genome’s availability. Chromatin alterations are primarily a result of covalent modifications
to histone proteins, which alter the capacity of genes for expression. Histone acetylation is
one such alteration that occurs posttranscriptionally and is assisted by histone
acetyltransferases and eliminated by histone deacetylases (HDACs). Changes in the

nutrients and its sensors will have an effect on nuclear gene transcription, which is mediated



by protein, specifically histone modifiers that are vulnerable to CR [49]. It is well established
that CR has an effect on sirtuins, a family of nutrient sensing HDACSs. The PI3K/Akt/mTOR
axis is a critical aging mechanism that is regulated by sirtuins, highlighting the tremendous

therapeutic potential of CR and sirtuins [50].

MiRNAs are short noncoding RNA molecules that regulate gene post transcriptional
stability. When miRNAs attach to a target gene, the multiprotein complex RNA-induced
silencing complex (RISC) is recruited, which cleaves the target gene. This complex process
iIs in charge of mMRNA post transcriptional stability in the cytoplasm. As a result,
environmental factors that affect a certain group of miRNAs will influence the gene
expression pattern. Given their flexibility to many changes in the environment, miRNAs
could be employed as a prognostic biomarker. The processes through which CR promotes
health advantages are hypothesized to be mediated by changes in miRNA patterns in various

tissues.

1.2.1. Non-coding RNAs are one of the Epigenetic Mechanisms

Protein-coding genes make up only a small percentage of the human genome. The proteins
encoded by these genes regulate vital activities by undertaking various functions. However,
the transcripts most abundant in the cell do not code for proteins. When addressing
epigenetic control of genes, it is important to review the complex nature of noncoding RNAs
and their regulatory properties [51]. Non-coding RNAs (ncRNAs) have recently been shown
to have regulatory functions in a variety of biological processes other than coding for

proteins.
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Figure 1.1. An overview of the biogenesis of mMiIRNAs

Generally, ncRNAs are classified into two types, depending on whether the transcript is
greater than 200 nucleotides (nt) in length: short ncRNAs and long ncRNAs. miRNAs are
basically small non-coding RNA molecules that have a complementary sequence to the 3’
UTR region of the mRNA and partially inhibit protein synthesis by binding to this region.

Expression and maturation processes of miRNA molecule is summarized in Figure 1.1.

They are typically 22 nucleotides in length. MiRNAs are integrated into the effector complex
in eukaryotic cells, where they bind to an Argonaute (AGO) protein and guide it to cleave
complementary mRNA or delay translation [52]. This complex mechanism is required for
the posttranscriptional operation of MRNAs [53].

The mature miRNA associates with an AGO protein, which is a single polypeptide chain
consisting of four distinct domains: the amino-terminal (N) domain, the Piwi-Argonaute-

Zwille (PAZ) domain, the middle (MID) domain, and the P element induced wimpy testes



(PIWI) domain [54]. Four AGO proteins are encoded by the mammalian genome. While
certain human miRNAs preferentially connect with particular AGO proteins, the majority

associate with all AGO proteins.

Target sites of miRNAs are often found in the 3’ UTR of mRNAs; they exhibit a high degree
of complementarity with the seed region, which is the primary criteria for target-site
prediction. Canonical (seed-matching) target sites with the highest affinity are those that
complement miRNA nucleotides 2-8 [55]. Complementarity with miRNA nucleotides 2—7
or 3-8 is much weaker, but still considered canonical.

DICER1 collaborates with an Argonaute protein to produce the miRNA-associated
multiprotein RNA-induced silencing complex (miRISC). When miRISC binds to the 3’
UTR, it silences genes via translation repression and mRNA degradation [56]. The first
regulatory activity is that it prevents translation from initiating by interfering with the
function of the eukaryotic initiation factor. Although different mechanisms have been
proposed, it appears that miRISC promotes elF4F cleavage from target mMRNAs and inhibits
ribosome scanning and elF4F translation initiation complex assembly [57]. AGO recruits a
member of the GW182 protein family during mRNA degradation. By engaging the poly(A)
nuclease, GW182 interacts with polyadenylate-binding protein, causing MRNA
deadenylation [58]. Deadenylation stimulates decapping, allowing the mRNA to be rapidly

degraded by 5’3’ exoribonuclease.

Because of the nature of miRNAs, research in this field can give significant information in
the study of the causes of human diseases. Given their flexibility to many environmental
conditions, miRNAs might be used as a prognostic biomarker for various tissues.
Researchers think that changing miRNA patterns in various tissues will influence the
processes via which CR promotes health advantages [59].

1.2.2. Epigenetic Basis of Small Non-coding RNA and Relation to CR

CR is one of the few non-genetic interventions that has been shown to increase lifespan. The
processes through which CR promotes beneficial properties are considered to be mediated
by changes in miRNA profiles in various tissues and organisms. Some CR studies conducted

in vertebrate and invertebrate organisms reveal the principles of epigenetic mechanisms [59].



The flexible functioning of the miRNAs implies its importance in the explanation of diseases
[53,60].

It has been shown in some studies with C. elegans that the CR changed the miRNA profile.
Twelve hours of starvation in the model organism in which the first functional miRNA was
discovered, results in significant alterations in miRNAs whose target genes are involved in
metabolism, development, and oogenesis processes. Additionally, two-day food restriction
resulted in whole body miRNA alterations associated with lifespan, and these changes were
dependent on the drsh-1 [61]. Furthermore, 12 hours of food deprivation results in
modifications similar to more developed organisms, such as decreased fat storage, decreased
and extended life. There is limited evidence that CR regulates miRNAs in D. melanogaster,
implying metabolic benefits and increased lifespan. When high- and low-nutrient diets were
compared, CR-applied flies showed changed expression of miR-184, let-7, miR-125, and
miR-100 [62]. Taken together, CR in non-vertebrates demonstrates the critical role of

nutrient-sensing mechanisms in determining longevity and health span.

Various tissue types and restriction methods in rodents have revealed the efficacy of CR in
regulating miRNA synthesis. In one study, with the CR applied for 27 months, a group of
miRNAs in the blood of long-lived mice is shown to be related to the aging process and age-
related diseases [63]. In long-lived Ames dwarf mice, several miRNAs appear to be
genotype- and age-specific. Additionally, these miRNAs influence pathways involved in
tumor suppression and inflammation [64]. Similarly, miRNAs frequently found in serum
were increased in the liver of mice following a two-year increase in CR from 10% to 30%,
and miR-125a-5p was identified as a direct contributor to age-related CR effects [65].

CR is effective in breast tissue to generate miRNA patterns related to lifespan and aging.
One study indicated that numerous miRNAs were altered following CR therapy, with the
most significant increases occurring in miR-29¢, miR-203, miR-150, and miR-30 [66]. Co-
transfection test indicated that miR-203 can inhibit CAV1 translation. CAV1 is a scaffolding
protein that regulates signaling molecules that are active in tumor progression such as PKA,
PKC, HRAS, and EGFR. Similarly, other miRNAs such as miR-10a, miR-10b, miR-21,
miR-124, miR-125b, miR-126, miR-145, and miR-200a are related to mammary cancer [67].
Specifically, miR-200a expression levels increase during cancer progression in ad libitum

rats and dramatically decrease in mammary tumors of CR rats. In light of miR-200a’s role,
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CR may help lower breast tumor burden by reducing miR-200a expression, which suppresses

cellular proliferation.

1.3. THE INTERACTIONS ARE ORGANIZED AS BIOLOGICAL NETWORKS

Every subject analyzed in nature is somehow interconnected by various layers. Biology, in
particular, effectively uses networks to describe organisms and their relationship to each
other. On a large scale, the interactions of organisms that populate an ecosystem, such as the
hunter - prey relationship or biodiversity, are difficult to model without networking. When
we go down in size, the use of biological networks is inevitable in order to understand the
relationship of the tissues that make up the organism, how the cells that make up the organs
and the numerous biomolecules that make up the cells function together [68].

When it comes to gene expression control, a regulatory network is a complicated web of
molecular components that interact with one another and with genes in order to regulate gene
expression [69]. Transcriptional factors bind to regulatory regions in the gene regulatory
network, and their interaction leads to the activation or repression of the gene. But, according
to recent discoveries in molecular biology, not only proteins but also non-coding RNAs play
a significant role in the regulation of gene expression [70]. An increasing number of studies
have reported on the involvement of ncRNAs in various physiological processes over the
last decade, and next generation sequencing technologies, combined with bioinformatics
analyses, have revealed the widespread transcription of an unexpected variety of RNA
molecules. MiRNAs are a type of noncoding RNA that has been proven to be involved in

transcriptional control [71].

Many systems can naturally be depicted by networks and briefly describing them helps
explain the theory. Protein—protein interaction (PPI) networks represent intermolecular
interactions between proteins [72]. They are often shown using simple graphs. Gene
expression regulation is modeled by transcriptional regulation networks [73]. Specific genes
encode proteins that control the expression of other genes; this type of protein is known as a
transcription factor. A transcriptional regulation network is a simplified description of this
phenomena, in which gene 1 is linked to gene 2 if the protein product of gene 1 regulates
gene 2 expression. This is an asymmetric relationship since gene 1 influences the expression

of gene 2, whereas gene 2 has no influence on the expression of gene 1. Gene co-expression
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networks refer to correlations in transcript levels [74]. if there is a significant correlation
between two genes they are linked with an undirected edge. Several approaches for creating

gene co-expression networks have been proposed, and they all consist of two fundamental
steps:

1. calculating a co-expression measure, and
2. determining a significance threshold.

To understand biological networks, it is convenient to be familiar with the ideas and
definitions of graph theory. A graph, or network, is a representation of a group of nodes and
a group of edges corresponding to pairs of vertices and indicating vertices’ interactions.
Classifications can be made according to the relationship of each element in a network to

each other. In other words, according to the attributes of the edges we can term different

graphs.
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Figure 1.2. An undirected graph with six nodes and eight edges. Adjacency matrix

representation of undirected graph

An undirected graph is one in which the edges are an unordered pair of nodes with links
between them. A simple graph is one that does not have a self-loop structure. A directed

graph or digraph is a graph having an ordered pair of nodes and edges that are associated
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with directions. A directed graph is a collection of nodes and edges in which each edge has
a direction indicated by an arrow. Unlike an undirected graph, a directed edge has a tail that

extends from the source node and a head that extends to the target node.

The degree of a node is equal to the number of edges that connect it. The neighborhood of a
node is the collection of all edges that are adjacent to it. Consider the graph in Figure 1.2.:
Node B has a degree of three. If the edges are directed, each node has an indegree (number
of edges directed from neighbors to the node) and an outdegree (number edges directed from
neighbors away from the node).

The adjacency matrix is the most often used data structure for representing graphs. A two-
dimensional array or matrix termed an adjacency matrix is used to describe a graph
sequentially using an array data structure. Given a graph such as the one shown in
Figure 1.2., an adjacency matrix is a square matrix with a size equal to the square of the
number of nodes. Each cell in the adjacency matrix represents a connection between two

nodes.

1.3.1. Networks in Aging and Caloric Restriction

The great majority of aging studies have concentrated on individual genes/proteins, with
little regard to the potential importance of interactions between them [2]. Given that aging
related genes cooperate, it appears implausible to test the effect of unique gene combinations
on aging experimentally [75]. As a result, a more efficient strategy is required to focus
research on the effects of environmental factors and CR on aging and to determine the
molecular links between aging and several diseases. One of the guiding concepts of such a
strategy may be the concept of an interactome, or more precisely, a network. Collecting a
significant amount of data and establishing comprehensive databases are the initial stages
towards building interaction networks and adopting a global, integrative, strategy to research

the molecular mechanisms of CR and aging [76].

Researchers have discovered new associations between aging and CR in yeast using network
reconstruction. To infer gene regulatory networks in S. cerevisiae, they employed an
integrated reverse-engineering technique called network identification by regression [77].

They used their method on a network made up of ten genes from the glucose responsive Snfl
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pathway. They predicted and experimentally confirmed the role of Snfl, which is required

for glucose-repressed gene expression during CR.

1.3.2. Networks in Cancer Research

Cancer is characterized by a high degree of heterogeneity; in contrast to the normal pattern,
improperly expressed genes acquire complex activities. Depending on the stage of
development of the cancer and the tissue from which it originates, different gene sets in the
signaling pathways may inhibit or promote cancer development [78]. A network-based
analysis, on the other hand, will clarify this perplexing outcome and point to the disease’s
causation. When a list of altered genes is projected onto biological pathways, a statistically
unlikely group of normally unrelated genes is found to be in highly connective modules [79].
As a result, network-based research can reveal vital insights into the biology underpinning

disease etiology.

Several studies have applied direct genetic variation data from primary tumors in biomarker
research. In one study, researchers constructed a gene network using interactions that occur
together or separately between gene mutations using just cancer gene mutation data [80].
The resulting network of cancer genes with co-occurring and anti-co-occurring mutations

contained two complementary modules with unique activities and roles in carcinogenesis.

1.3.3. Non-coding RNA Networks

Due to the expanding significance of noncoding RNAs, the networks incorporating
noncoding RNAs have also contributed massively to uncovering the unknown mechanisms
of cancer [79]. The regulation patterns between microRNAs, genes transcription factors are
represented by miRNA regulatory networks as shown in Figure 1.3. Using miRNA-mRNA
regulation networks, researchers discovered that hsa-let-7i and its target genes play key roles
in colorectal cancer metastasis [81]. Another study revealed miRNAs that regulate functional
pathways in several types of cancer. They investigated data on gene expression levels in
patient malignancies in order to identify functional mMiIRNA-mRNA regulation networks that
may have an effect on cell proliferation and/or patient survival [82]. The combinatorial
regulatory network was built to identify essential regulators that contribute to hepatocellular
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carcinoma metastasis. It includes interactions between miRNAs, genes and transcription

factors.
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Figure 1.3. An example of a miRNA regulatory network (a) Interactions between
transcription factors, miRNAs, and genes are depicted in the regulation network model (b)

Example of negative regulation of MYC by genes CHEK2 and HUR and miR-17

1.4. BUILDING A BRIDGE OF NON-CODING RNAS BETWEEN CALORIC
RESTRICTION AND CANCER

Coordinated variations in transcript abundance have been used to examine gene expression
datasets by creating biological networks based on the expression profile among genes. Co-
expression studies have been utilized to elucidate meaningful variation between
experimental conditions, and tissue types [83]. Co-expression is the description of the
change in the correlation relationships between genes. The argument underlying the idea is
that functional links tend to be represented in co-expression relationships. Differential
network methods are increasingly being utilized to highlight interdependence between genes
by finding coordinated expressions that vary across conditions. More recently, differential

network methods have been used to identify miRNA biomarkers in numerous diseases,
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including cancer. The ideas mentioned inspired us to explore these ideas for miRNA

interactions.

Recent breakthroughs in molecular biology have revealed that non-coding RNAs, as well as
proteins, play a significant role in regulating gene expression. MiRNAs have been
demonstrated to be involved in transcription regulation, chromatin remodeling, and post-
transcriptional RNA modifications, hence it is obvious that miRNAs play an important part

in gene regulatory networks.

In this thesis, the miRNA profiles of blood and MFP tissue samples were examined in mice
subjected to various forms of CR. The primary goal of this study is to understand the impacts
of different forms of CR on miRNA profiles in mice, as well as to assess the effects of CR
by evaluating and comparing unique regulatory networks. Furthermore, comparing the
miRNA profile in healthy tissues of mice with and without tumor development in order to
assess the impact of tumor growth on specific tissues in mice will offer insight on how caloric

restriction modifies the cancer epigenome.

The joint graphical lasso method was used to build a gene co-expression network. This
model controls the sparsity across all condition-specific arrays and their differences. Because
we are interested in network differences, combined estimates of various graphical models
provide useful information into network similarities and differences. Graphical models
consider co-expression information from additional genes, in contrast to Pearson correlation.

In this way network inference was closer to real biological networks.

Once we inferred the miRNA co-expression networks, we evaluated in them two node
centrality indices (degree and eigenvector centrality) to find miRNAs with higher
topological significance. These miRNAs with high degree, relative to their neighbors, were

called hubs, and were used for further analysis.
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2. METHODS

2.1. STUDY DESIGN AND ANIMALS

When the mice were 10 weeks old, they were randomly assigned to one of three different
CR diets. There are three types of CR: ad libitum (AL), chronic, and intermittent (CCR and
ICR respectively). Water was freely available to all groups. Mean food consumption per
mouse determined from AL mice food consumption in an age-dependent manner. However,
in a monthly cycle, the CCR and ICR groups are subject to a 15% limit compared to AL.
Mice in the AL group had free access to food. Compared to the AL group, 15% daily CR
applied to mice in the CCR group, and these mice received 85% of the food consumed by
the AL counterpart daily. Furthermore, in the ICR group, 60% CR was applied for one week,
followed by three weeks of AL. This feeding regimen was used on mice until they were
sacrificed at specific ages.

We separate the ICR group into two groups based on feeding schedule. ICR-refeeding mice
were ICR group mice sacrificed after three weeks of AL interval (ICR-RF). ICR-restriction
refers to mice sacrificed after one week of 60% CR in the ICR group (ICR-R). Animals were
sacrificed after an overnight fast at the following ages: 10 (baseline), 49, 50, 81, and 82
weeks. Animal food consumption was tracked on a daily basis. The AL and ICR R groups
were fed on the first day of each week, while the CCR and ICR-RF groups were fed on a

daily basis.

2.2. SAMPLE COLLECTION AND RNA EXTRACTION

We used two different tissues (blood and MFP) to analyze miRNA expression using the
microarray method. We isolated RNA from all samples with Direct-zol RNA Miniprep
(Zymo Research), according to the manufacturer’s recommendation. Storing and
homogenization of tissues vary only since mammary fat pad tissue has to be digested to
extract RNA.
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2.3. MICROARRAY DATA PROCESSING

The fragmented cDNA was hybridized using a GeneChip miRNA Array (Affymetrix) at
45°C for 16 h and a Hybridization Oven 640 (Affymetrix), and then was washed, stained in
a GeneChip Fluidics Station 450 (Affymetrix), and scanned using an Affymetrix GeneChip
Scanner. We analyzed the scanned chip images with Affymetrix GeneChip Command

Console version 2.0 (AGCC) and processed using default settings.

2.3.1. Storage of Raw Data and Output Files

First, we prepared a master table with the information of all arrays (Table 2.1.) This table
contains the following information: the identification number of each mouse, the scientific
name of the organism, the diet administered, the sample collection period in weeks, the
disease of the mouse, the type of sample collected, the microarray design applied, the
microarray result file, and the folder containing the files during the analysis. A consistent
analysis was made possible by this table. All analyzes were performed on the R platform if
not stated otherwise. Inside the master folder, the Data folder contains all array results in
.CEL format, and R data files in .RData format. The .CEL format stores intensity
measurements from hybridized microarray pictures. The Data/Blood folder contains the
microarray results from blood tissue. In the same way, the /Data/MFP folder contains
microarray results from mammary fat pad tissue. We have three replicates for each condition
(n=3).
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Table 2.1. Example of table with sample information

individual organism diet age disease organism part
T095 Mus musculus AL 49/50 | FALSE Blood
T096 Mus musculus AL 49/50 | FALSE Blood
T207 Mus musculus AL 49/50 | FALSE Blood
T106 Mus musculus CCR 49/50 | FALSE Blood
T184 Mus musculus CCR 49/50 | FALSE Blood
T185 Mus musculus CCR 49/50 | FALSE Blood
T130 Mus musculus ICRR | 49/50 | FALSE Blood
T134 Mus musculus ICRR | 49/50 | FALSE Blood
T196 Mus musculus ICRR | 49/50 | FALSE Blood

2.3.2. Normalization and Filtering the Data

We imported the Affymetrix microarray outputs (CEL files) using the oligo [84] package
(read.celfiles) to be able to analyze in the R interface for the presentation of the expression
profiles. Before normalization of the arrays, we made some necessary filtering. Namely, we
first filtered mice that developed tumors to only see differences in diet between tissues.
Because the data contained probes from various species, including humans and rats, we
preprocessed it to only include mouse probes. This will help us increase the power of the

statistical test.

Affymetrix probe sets are composed of probes that measure either a perfect match (PM) or
a paired mismatch (MM) signal independently. PM probes quantify effective gene
expression, whereas MM probes quantify cross-hybridization and consequently background
noise. The MASS5.0 algorithm developed by affymetrix calculates “Ideal Mismatch” value
using MM values and corrects PM values with these “Ideal Mismatch” values. MASS5.0 then
summarizes the data using a one-step Tukey Biweight procedure. The Robust Multi-array
Average (RMA) [85] technique does not use MM values; instead, it estimates the
background by convoluting the signal and noise distributions from the PM values. After
background correction, RMA quantile normalizes the data and then utilizes the median
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polish as a summarization procedure. Quantile normalization tries to homogenize the
distribution of probe intensities across many arrays. Median polish algorithm iteratively
subtracts the row medians and then the column medians. Following convergence, the row
and column medians are set to zero, and the remainder of the matrix is subtracted from the
original data matrix. We normalized microarrays using the RMA algorithm implemented in
the rma package. Although there are alternative ways for correcting and normalizing the

background, RMA is usually an acceptable default choice.

2.3.3. Principal Component Analysis

To get a “big picture” of the data, principal component analysis (PCA) is commonly
performed initially. It captures variance in a dataset using main components. By lowering
the dimensionality of the data, PCA can help identify sample outliers and analyze the source
of variance. Because microarray data has more miRNAs (rows) than samples (columns), the
expression matrix is transposed before being input into the function implemented in the R

function prcomp.

2.3.4. Differential Expression Analysis

Next, we identified differentially expressed genes between dietary groups, and tissue types
of blood and MFP. We merge two intermittent restrictions ICR-R and ICR-RF into the one
factor ICR. This will allow us a less complicated hypothesis to compare diets. Limma [86]
is a R package for analyzing gene expression microarray data, focusing particularly on the
use of linear models for analyzing designed experiments and determining differential
expression. Limma allows us to compare several RNA targets at the same time in arbitrarily
complex constructed experiments. Output of limma is comparable to that of a t-test, but it
has been stabilized against the effects of small sample sizes (n<6). Empirical Bayesian
methods [87] are implemented to get reliable results even with a few arrays. To identify
differentially expressed miRNAs, we compared the baseline of each group with CR-treated

mouse tissues using a linear model, followed by a Benjamini-Hochberg correction.

To model the consequences of prolonged life under various dietary settings on mice, we used

three well-established feeding patterns in conjunction with natural aging. Since we want to
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find the differential expression between healthy-fed (CCR, ICR) or unhealthy (AL) old mice
and mice with no effects, in principle it is these two variables, young controls and old mice,
that we should consider. So we construct a design matrix with formula(~ 0 + diet:age:tissue)
according to considered contrasts as seen in Table 2.2. The underlying principle for the
design formula is that we assume constant noise variance across all experiments. If we
evaluate each condition separately, we will not detect any DE miRNAs due to the low
number of replicas. Using the homoscedasticity hypothesis, we can estimate the standard
error using all of our replicates. We gain additional degrees of freedom. We set the cutoff
criteria as adjusted p-value < 0.05 when analyzing differential expression. We constructed
Upset plots to show commonly expressed miRNAs [88].

Table 2.2. First six contrasts we used in analysis

Contrast Condition Reference

d.AL.49.Blood AL.49.Blood BASELINE.10.Blood
d.CCR.49.Blood CCR.49.Blood BASELINE.10.Blood
d.ICR.49.Blood ICR.49.Blood BASELINE.10.Blood
d.AL.81.Blood AL.81.Blood BASELINE.10.Blood
d.CCR.81.Blood CCR.81.Blood BASELINE.10.Blood
d.ICR.81.Blood ICR.81.Blood BASELINE.10.Blood

2.4. PATHWAY FUNCTIONAL ENRICHMENT

The annotated DE miRNAs were then investigated for their related biological meaning using
GO annotations and mapped to KEGG database biological pathway information. We used
hypergeometric distribution statistical theory to calculate p-values for each route and GO
term in the GO and KEGG pathway enrichment study. The simplest method for miRNA
functional annotation is to do a functional enrichment analysis on enrichment of miRNA
target genes. This method proposes that miRNAs perform similarly to their target genes,
given the wealth of knowledge collected about genes over the last few decades. As a result,
it is feasible to assign miRNAs functions that are strongly enriched for the targeted genes.

This method involves three stages: determining which genes are targeted by selected
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miRNAs, identifying target genes for their involvement in pathways and processes, and
conducting statistical analysis to determine whether a biological process is overrepresented
in the collection of targeted genes. However [89] demonstrated that most often used in
technique for inferring miRNA-regulated pathways is not specific and results in the
systematic discovery of strongly linked biological processes, such as cell cycle and cancer
biology. The targets of miRNAs are compared to the pathways of protein-coding genes in
this indirect approach. For the aforementioned reasons, we implemented the strategy

suggested by [89]. They suggested the following steps:

1. convert pathways of protein-coding genes into miRNA lists targeting at least one of

these genes,

2. directly compare the list of related miRNAs with lists of miRNAs previously
associated with various pathways.

This technique assures that a miRNA is only represented once in a pathway, regardless of
how many target genes it has in that pathway. A two-sided hypergeometric test to calculate

the importance of each term was selected and Bonferroni were used for p-value correction.

(n,K) K\ (N —K
L= o

O

GO terms were retrieved from Mouse Genome Informatics Database

(http://www.informatics.jax.org/downloads/reports/index.html#qgo).

2.5. INFERRING MIRNA REGULATORY NETWORK USING GRAPHICAL
LASSO

Microarrays give genome-wide expression of miRNAs hence constructing a network from
genome-wide expression provides extensive information about regulatory patterns. Instead
of massive correlation matrices, networks are an effective technique to visualize the
interactions between miRNAs. Probabilistic estimation of these interactions can be useful to
depict the characteristics of the links between miRNAs. These interaction measurements can
be simple covariances, correlations, or regression coefficients. Another feature seen in

biological networks is that almost every variable is interconnected. In other words, inferring


http://www.informatics.jax.org/downloads/reports/index.html#go
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networks using simple pairwise correlation coefficients produce spurious connections.
Finding a sparse matrix can be useful because zeros in the inverse of the covariance matrix

imply that two variables are independent.

If two genes correlate (there are lots of ways to measure association - correlation, weighted
rank, distance covariance), it means they change together under a condition, so they are
regulated together. It is critical to choose the gene connection method for co-expression
network construction, since the approaches that can identify genes with accurate
concordance frequently influence the types and quantity of knowledge we may gain from
the analysis. Among many gene regulatory network analysis approaches, Gaussian
Graphical Model (GGM) are favorable because of their straightforward interpretations and
computing advantages [90]. Gene expression data is represented as a n*p matrix, with each
row corresponding to a sample and each column to a gene. A GGM is based on the
assumption that samples are drawn independently from a Gaussian distribution with mean u
and covariance matrix X, where the precision matrix ©="! represents a weighted undirected
graph. Maximum likelihood is a natural method for estimating the precision matrix. If S
represents the sample covariance matrix, the objective is to minimize the penalized log-

likelihood function:

6(A,) = argmin9>0{tr(59)—logdet(6)+/112 16/} (2.2)

i#j
Penalized estimation has been created to regularize estimation and generate interpretable
networks. Sample covariance matrix S is the measurement of individual relations between

each pair of miRNAs, which describes the dependency between two random expressions.

Differential network analysis can uncover biologically significant differential co-expression
modules that would be missed by conventional co-expression or differential expression
analyses. Much interest has been directed toward estimating differential networks in
biological studies, where recent findings suggest that the interactions between components
of biological systems can change over time, particularly when the system responds to a
perturbation or when the system is diseased. Joint estimate of various graphical models is a
recent graphical modeling approach that attempts to account for shared edges in networks in
order to better highlight their differences.
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The purpose of joint estimation of various graphical models is to borrow knowledge from
other conditions in order to improve network estimation in each condition. More precisely,
let 8* and 62 be precision matrices with the same number of observations. Then, using joint

estimation procedures, the estimations of 4 and #? are encouraged to be similar:

minga @Y gMg (tr(S(g)O(g)) - logdet(Q(g))) +

M Cief 0D + Xisj 10@i]) + 2,210,710 Vij — 6@ ij|

In the first component of the formula, the sparse lasso penalty incentivizes the use of sparse

(2.3)

precision matrices. The fused lasso penalty in the second component incentivizes the two
condition-specific precision matrices to have similar edge values, allowing for the
integration of information across conditions and the generation of a sparse estimate of the
precision matrix difference. In this case, A* and A% are two non-negative tuning parameters.
The first tuning parameter specifies the sparsity level of condition-specific precision
matrices. The second tuning parameter determines the degree of similarity between

condition-specific networks and the degree of sparsity between the networks.

Because the lambda parameter is responsible for network sparsity, finding the ideal lambda
parameter to estimate the true network is very relevant. For microarray data, there is no
conventional parameter method. The major difficulty here is to establish a balance between
network sparsity and estimation accuracy in order to get closer to the genuine network. There
are numerous methods for selecting models. One of the most common is cross-validation,
which is based on the performance of the projected network on a test dataset. However, cross
validation does not account for the complexity of the chosen network. We decided to
minimize the Akaike information criterion (AIC) in order to locate sparse networks, hence

the tuning parameters 1 and 2 in the JGL model were chosen using the AIC:

AIC (A4, 23) = B g{ngtr(S,0%142)) —nglogdet®*+42) + 2E9 (2.4)

, where E9 is the number of non-zero elements in *142), To build a miRNA - miRNA co-
expression network we first filter most DE miRNAs among 1908 miRNAs as the number of
observations (MiIRNAS) This step is important because when the number of observations
passes the number of samples, the computational power spent to calculate the inverse of the
covariance increases. At the end we have a matrix consisting of 98 most DE miRNAs and
54 arrays. We used the FGL package to implement joint graphical lasso to infer DCE miRNA

networks among tissues [91]. To visualize the networks, we used the igraph package.
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2.5.1. Topological Measurements

For a graph G, where V represents the nodes and E represents the edges defined as G = (V,
E). The degree reflected the interactions of these nodes with other nodes by measuring how
many edges were connected to these nodes. For example, if a node, v, had n edges connected
to it, the degree of node v was defined as:

degree(V) =n (2.5)

An approach that measures the distributive effect of nodes is called eigenvector centrality.
Score of a node is increased more by connections coming from high-scoring nodes than by
connections coming from nodes with low scores. A node that has a high eigenvector score
is linked to numerous other nodes that also have high scores. Let A= (aus) is the matrix

representation of graph G. Eigenvector centrality can be calculated as:

2.6
Xy = iZtegav,txt (26)

In general, a non-zero eigenvector solution will exist for a wide range of various eigenvalues
A. The relative centrality score of node v in the network is therefore provided by the v'"

component of the corresponding eigenvector.
2.6. CONSTRUCTING MIRNA INTERACTION NETWORKS

Edges give information about the direction and intensity of the node-to-node connection.
Edges reflect positive or negative correlation/covariance between variables based on the
strength between two nodes. The spectrum of positive and negative value connections may
be depicted visually by using various colored lines to show the edges. However, we used
only one color and one edge width for the visualization since these properties did not add

more info in networks.
2.6.1. miRNA - Target Gene Interaction Network

MiRNAs generally bind to the 3° UTR region of the gene transcript partially complementary

base pairings. Several computational methods have been developed to find target genes of
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the miRNAs based on binding sites. Common characteristics of prediction algorithms are
seed match between nucleotides, free energy of mMiRNA-mRNA duplex, conservation of the

sequence across species and site accessibility of the mRNA.

Table 2.3. All target prediction databases/algorithms used

Algorithm Source of data Reference
miRanda http://www.microrna.org [92]
PicTar http://pictar.mdc-berlin.de/ [93]
TargetScan http://www.targetscan.org/ [94]
DIANA-microT http://diana.cslab.ece.ntua.gr/microT/ [95]
miRDB http://mirdb.org/miRDB/ [96]

We combined validated miRNA targets from miRTarBase [97] with predicted targets. To
predict the upstream genes of key differentially expressed miRNAs, we used miRNAtap
package. Aggregation of commonly used prediction algorithms outputs in a way that
improves on the performance of every single one of them on their own when compared
against experimentally derived targets. Targets are aggregated from five most commonly
cited prediction algorithms: DIANA, Miranda, PicTar, TargetScan, and miRDB (Table 2.3.).
If the target gene was found in at least two of these databases, it was considered among the
predicted genes. To test the significance of the targets, we applied the randomized decision
rule. We selected 1000 random target genes from the target list of each miRNA and
calculated the probability scores of the genes. We considered those scores with a p-value
higher than 0.05 significant. Most targeted genes were visualized with the circlize package
[98].

2.6.2. mMiRNA Influence on KEGG Pathways

Enrichment-based methods consider the relationship between miRNA and pathway by
looking at the enrichment of targeted genes in a pathway rather than the topological
significance of those genes. Enrichment-based methods also do not aim to evaluate changes

in differential or rewired connections.




26

We implement the ideas from the study [99] that proposes a new network-based method for
analyzing the degradation caused by rewired miRNA-target gene interactions at the pathway
network level. This method contributes to a better understanding of miRNA regulation by
describing how formation of a new connection affects genes in a pathway. For example, in
some cases, a miRNA can regulate multiple genes in the same pathway, and one gene can
be regulated by multiple miRNAs in a diet but not others. The importance of miRNA will
change depending on the rewiring between different diets. If a miRNA in a network has
connections with genes of high topological importance, miRNA itself has also high
topological importance. By focusing solely on miRNA-mediated changes, we can define the
relationship between a set of miRNAs and a set of pathways.

Since genes in the pathways are directed, we created new directed networks, which we
achieved by making miRNA-miRNA connections mutually directed. Then, for each KEGG
pathway, we integrated the miRNA network according to the target genes in a given network.
We measure the importance of miRNAs with eigenvector centrality. As suggested in [99]
we sum all scores of miRNAs in a rewiring network which gives total influence on a given
pathway. We construct and analyze all networks with the igraph package
(https://igraph.org/) and KEGG pathways acquired from the graphite package [100].



https://igraph.org/
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3. RESULTS

We analyzed miRNA expression profiles of calorie-restricted mice, then we integrated
miRNA expression data to create tissue-specific networks and observed their response to the
different dietary regimens, summarizing tissue-specific relationships between pathways.

We will present our findings in two separate sections. In the first part, we will explain how
we process our data, namely the quality control of samples, sample selection, and
normalization. As a result of this analysis, we will show the effect of diet on different tissues
and compare between tissues. In the second part, we will show how we create networks and

compare these networks. Figure 3.1. summarizes the data collection time points.

Ad libitum (AL) 2
(100% for each week)

Q Chronic Calorie Restriction (CCR) 3

‘ (85% of AL each week)

Intermittent Calorie Restriction (ICR) 4
(40% of AL for one week, 100% for three weeks)

10 weeks 50 weeks 81 weeks
(Baseline) (Middle-aged) (Old-aged)

Figure 3.1. Schematic diagram of CR application with sacrifice intervals

3.1. DESCRIPTIVE ANALYSIS OF MIRNA MICROARRAYS IN MICE

This section shows how to use the method to find which miRNAs in mice respond to caloric
restriction. Therefore, the goal is to find groups of miRNAs closely linked to the diet whose

expression changes how tissues respond to systemic effects of CR.
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There are no = 1908 miRNA expression profiles of mammary, and blood tissues, with n =3
biological replicates for each of them. As discussed in the previous chapters, there are three
diets: ad libitum (AL), chronic caloric restriction (CCR), intermittent caloric restriction
(ICR). Moreover, the condition before the dietary intervention is labeled BASELINE. We
will use these abbreviations in the following figures and tables. The specific details of each

diet are explained in Method section.

3.2. DATA PREPROCESSING

Following the initial data import, the next step is to perform quality control on the data. Here,
we look for outliers and determine if the expression values are coherent with the

experimental conditions.

We visualize the data using principal component analysis (PCA) over logarithmic-
transformed raw data. Each point in the Figure 3.2. corresponds to a single sample, with the
color denoting the type of tissue and the shape reflecting the diet. The figure shows that the
samples naturally cluster according to the experimental conditions, even before
normalization. This figure also shows that tissue type has a significant role in miRNA

expression variation.

Each cluster shows how well the data is separated. For example, the distance between
miRNA expression in blood and miRNA expression in the MFP is explained by the

multitude of data variations between the conditions.

Although there are alternative ways to correct and normalize the background signal, RMA
is usually an acceptable choice. RMA distributes data across arrays and uses the flexible

quantile normalization approach to align the array intensity distributions.

Figure 3.3. shows the PCA of normalized data. Compared to the first PCA analysis before
normalization, we see that now the first principal component separates between the tissue
types. Indeed, all blood samples have PC1 over 30 and PC2 below zero, and all MFP samples
have PC1 between -28 and 30, and PC2 above zero. Most samples from different tissues are

separated, except for some cases of blood and MFP.
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Figure 3.2. PCA plot of raw samples before normalization for each CR group
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Figure 3.3. PCA of the normalized samples for each dietary group

3.3. CORRELATION OF EXPRESSIONS BETWEEN TISSUES

Correlation between miRNA expression in different tissues for the same animal is significant
but not very high. Figure 3.4. shows the correlation between miRNA expression in blood
and MFP for animal T95. Each of these variables has a distribution that can be described as

a combination of normal distribution of low values and a long tail with high values.

To get a broad characterization of mouse miRNA expression, we performed a sample
correlation of blood and MFP samples to determine which of the primary known causes of

variation is responsible for the sample division.

Pearson correlation coefficients were calculated based only on mature miRNA probes. There

are a few animals where we measured gene expression in different tissues. Animal T95 was
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chosen to demonstrate variance across samples since it has samples from both tissues, as
shown in Figure 3.4. Blood samples vary greatly among different animals and diets. In
contrast, MFP samples preset lower variability among different animals. As shown in
Figure 3.5. we select different animals but the same tissue to be consistent for comparing
diets. For MFP tissue, the average pairwise correlation between animals T95, T106, and
T116 is 0.97. For blood tissue, the average pairwise correlation between the same animals is
0.84. Based on both clustering and correlation of normalized miRNA expression values, we
conclude that the main source of variation is the tissue. For this reason, the following

analyses are performed on each tissue separately.
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Figure 3.4. Scatter plot showing the correlation between miRNA expression in blood and
in MFP samples taken from the same animal
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Figure 3.5. Scatter plot showing the correlation between miRNA expression of animals fed
with different diets (AL vs CCR)

3.4. BASELINE-CORRECTED MIRNA EXPRESSION

To identify which miRNAs had the most significant expression, we measured miRNA
expression in mice of different age groups and different diets and compared them against the
baseline for the corresponding tissue. This change in expression with respect to the baseline
corresponds to the miRNA expression. Significant expression corresponds to significant

differential expression with respect to the baseline.

Across all conditions there are 98 significantly expressed miRNAs, with an adjusted p-value
under 0.05. Their normalized expression is shown in Figure 3.6. Expression values of tissues

were divided into two distinct clusters according to hierarchical clustering.
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Figure 3.6. Heatmap of miRNAs significantly expressed for each dietary restriction group
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3.5, MICRORNA EXPRESSION IN THE BLOOD

Each tissue has its own unique expression pattern. None of the miRNAs are significantly
expressed in both tissues (see Appendix 5). Figure 3.7. shows the number of significantly
expressed miRNAs under every separate diet and age, as well as in their combinations. There
are 63 significantly expressed miRNAs, 51 of them upregulated, and the remaining 12 ones
downregulated. The most significantly upregulated miRNA is miR-494-3p, and the most

significantly downregulated one is miR-365-1-5p.
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Figure 3.7. Upset plot of miRNAs significantly expressed in blood samples for each
dietary group. Horizontal bars show the number of miRNAs for each condition. Vertical
bars show the number of miRNAs of each intersection as described by the bullet points in

the lower part

In the blood of middle-aged mice, seven miRNAs are significantly expressed in AL, two
miRNAs are significantly expressed in CCR, and only one miRNA (miR-3073a-3p) is
significantly expressed in both diets (Table 3.1.). Under ICR, the expression of 11 miRNAs
is significant. None of the miRNAs significantly expressed in ICR are significantly
expressed in the other diets. In other words, in the blood of middle-aged mice, ICR has an

expression, unlike any other diet.
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In the blood of old-aged mice, there are 30 miRNAs significantly expressed in mice fed with
an ad libitum diet, and 32 miRNAs significantly expressed in mice fed with CCR diet. Ten
of these miRNAs are significantly expressed in both diets. Only one miRNA (miR-742-5p)
has a significant expression in mice fed with ICR, and it is also significantly expressed in
the other diets.

Table 3.1. Numbers of miRNAs significantly up- and down-regulated in blood samples for

each dietary group

Downregulated Upregulated

Age | Diet | Downregulated | Upregulated | with logFC < -1 with logFC > 1
50 |AL |2 5 0 4

50 |[CCR |1 1 0 1

50 |ICR |5 6 1 6

81 |AL |6 24 1 23

81 |CCR |3 29 1 29

81 |ICR |1 0 0 0

3.6. TARGETS OF SIGNIFICANTLY EXPRESSED MIRNAS IN THE BLOOD

Each miRNA can target several genes due to their ubiquitous nature. Moreover, target
prediction algorithms can produce many false positives. To control the number of false

positives, we used the permutation test described in method section.

There are 2175 genes predicted as targets of at least one significantly expressed miRNA.
The gene targeted by the largest number of miRNAs is Tnrc6b, as seen in Figure 3.8. This
gene is targeted by eight miRNAs. Two of these interactions are experimentally validated
and the remainder interactions are predicted. The gene Lin28b is targeted by six miRNAs
and Celf1 is targeted by five miRNAs.
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Figure 3.8. Chord diagram of frequently targeted genes of miRNAs significantly expressed

in blood samples

3.7. TOPOLOGICAL PROPERTIES OF CO-EXPRESSION NETWORKS IN THE
BLOOD

Since small graphs are easier to visualize and understand, we focus on the set of 98 miRNA
that has significant expression in any of the examined conditions. The networks were
generated jointly for each tissue and diet, as described in the methods section. A key
condition we require is that the networks be sparse. That is, only a few of all pairs of nodes
are connected. Looking at the topological properties of the constructed co-expression
networks, we consider only connected nodes for each network. Table 3.2. shows the global
network characteristics, such as the number of nodes, number of edges, density (ratio of

existing versus possible edges), and average clustering coefficient.
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Table 3.2. Global network properties of co-expression networks of miRNAs in blood
samples for each dietary group. Columns nodes and edges show the number of nodes and

edges in each network

Tissue Diet Edges Nodes Clustering Density
Blood AL 291 75 0.23 0.10
Blood CCR 253 71 0.22 0.10
Blood ICR 206 64 0.24 0.10

The relevant topological properties of each node are its degree, the average degree of its
neighbors, and its eigenvector centrality. To illustrate this, Figure 3.9. depicts the
distributions of all centrality measures in the networks based on blood data. The degree
distributions of all networks follow a power law, indicating that these networks are indeed
scale-free, as expected in biological networks. All co-expression networks have a density of
around ten percent, which means that only a small proportion of all pairs of nodes are

connected. In other words, the networks are sparse.
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Figure 3.9. Boxplot of centrality indices of co-expression networks of miRNAs in blood
samples for each dietary group. Degree, average nearest neighbor degree (ANND), and
eigenvector centrality are visualized as boxplots
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For blood, the co-expression network for AL has 75 nodes and 291 edges, for CCR it has 71
nodes and 253 edges, and for ICR, 64 nodes and 206 edges. That makes the AL co-
expression network the largest size and ICR the smallest one. On the other hand, although
the number of nodes and edges changes between co-expression networks, the average

clustering and density do not show any significant difference.

3.7.1. Hub miRNAs in the Blood for the AL Group

AL

miR-7b-3p

miR-1950
miR-541-5p miR-7024-3p
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Figure 3.10. Co-expression network of miRNAs in blood samples for the AL group. The
node size is proportional to its eigenvector centrality. Darker nodes have higher

eigenvector centrality

Figure 3.10. shows the co-expression network of miRNAs in blood for mice fed with AL

diet. The centrality measurements of each node of this network can be seen in Table 3.3.
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We defined hub nodes as the ones having degree larger than the average degree of their
neighbors. In other words, these are nodes that connect to more nodes than the nodes they
connect. There are 14 miRNAs identified as hubs in this network. The highest degree and
eigenvector centrality correspond to miR-494-3p. The miRNA miR-3104-5p is a hub
specific to the AL co-expression in blood.

Table 3.3. Centrality indices of hubs of co-expression network of miRNAs in blood

samples for the AL group. miRNAs highlighted with bold represent a hub only in the AL

group
ranking MiRNA degree eigenvector centrality ANND
1 miR-494-3p 27 1.00 7.70
1 miR-6991-5p 24 1.00 9.17
3 miR-31-5p 26 0.95 8.23
4 miR-6239 19 0.90 10.6
5 miR-5100 21 0.89 9.86
6 miR-181a-5p 19 0.87 10.4
7 let-7e-5p 17 0.83 114
8 miR-484 14 0.74 13.1
9 miR-532-3p 16 0.76 114
10 miR-3104-5p 17 0.75 10.9
11 miR-23a-3p 23 0.70 6.70
12 miR-210-3p 15 0.59 10.4
13 miR-505-5p 13 0.56 10.3
14 miR-423-5p 17 0.50 7.24




3.7.2. Hub miRNAs in the Blood for the CCR Group
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Figure 3.11. Co-expression network of miRNAs in blood samples for the CCR group. The

node size is proportional to its eigenvector centrality. Darker nodes have higher

eigenvector centrality

The co-expression network of the CCR in blood can be seen in Figure 3.11. Table 3.4. shows

the centrality measurements of each node. There are 15 miRNAs identified as hubs in this

network. The node with highest degree and eigenvector centrality corresponds to miR-31-

5p. There are no hubs in the network for CCR co-expression in miRNA from blood.



Table 3.4. Centrality indices of hubs of co-expression network of miRNAs in blood

samples for the CCR group. There is no hub specific to the CCR group
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ranking MiRNA degree eigenvector centrality ANND
1 miR-31-5p 32 1.00 7.09
2 miR-494-3p 27 0.94 8.11
3 miR-5100 18 0.73 9.89
3 miR-6239 15 0.73 12.9
5 miR-181a-5p 19 0.72 9.11
6 miR-505-5p 21 0.70 8.52
7 miR-210-3p 15 0.66 11.4
8 miR-93-3p 13 0.58 115
9 miR-23a-3p 15 0.57 9.53
9 miR-484 13 0.57 11.2
11 miR-532-3p 12 0.50 10.6
12 miR-328-5p 12 0.48 11.1
12 let-7e-5p 12 0.48 10.8
14 miR-6991-5p 11 0.46 10.6
15 miR-423-5p 15 0.40 7.13
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3.7.3. Hub miRNAs in the Blood for the ICR Group
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Figure 3.12. Co-expression network of miRNAs in blood samples for the ICR group. The
node size is proportional to its eigenvector centrality. Darker nodes have higher

eigenvector centrality

The co-expression network of ICR in blood is shown in Figure 3.12., and Table 3.5. shows
the centrality measurements of each node. There are 16 miRNAs identified as hubs in this
network. The highest degree and eigenvector centrality node is miR-31-5p. There is a hub
MIRNA, miR-6395, that is specific to the ICR co-expression in blood.



Table 3.5. Centrality indices of hubs of co-expression network of miRNAs in blood
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samples for the ICR group. miRNAs highlighted with bold represent a hub only in the ICR

group
ranking MiRNA degree eigenvector centrality ANND
1 miR-181a-5p 20 1.00 8.25
2 miR-31-5p 20 0.98 8.25
3 miR-5100 18 0.95 9.28
4 miR-6239 15 0.91 11.3
5 let-7e-5p 16 0.88 9.31
6 miR-6991-5p 17 0.87 8.24
7 miR-23a-3p 15 0.81 9.47
8 mMiR-6395 12 0.77 11.7
9 miR-93-3p 14 0.73 8.29
9 miR-423-5p 20 0.73 6.05
11 miR-210-3p 12 0.69 10.8
12 miR-484 11 0.65 10.4
13 miR-328-5p 11 0.59 8.82
14 miR-505-5p 11 0.56 9.82

3.7.4. GO Terms Enriched by Hub miRNAs in the Blood

In blood samples from mice with different types of CR, we investigated which GO terms are

enriched by the targets of the hubs of the co-expression network of miRNAs. Figure 3.13.

shows the top ten enriched GO terms for hubs in co-expression networks in blood samples

for each dietary group. We consider GO terms to be statistically significant when their

adjusted p-value is under 0.01. To avoid redundant and uninformative results, we only

consider terms involving at least eight genes.

There are 49 significantly enriched GO terms in the AL co-expression network, 40 in the

CCR co-expression network, and 16 in the ICR co-expression network. Specifically, seven,
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five and two terms are related to the immune system in AL, CCR, ICR groups respectively.

99 ¢¢

For instance, “cytokine-mediated signaling pathway”, “leukocyte tethering or rolling” and
“negative regulation of immune response” are GO terms related to the immune system and
they are enriched in the three dietary groups (Figure 3.13.). In contrast, the GO term “Type
I interferon signaling pathway”, also related to the immune system, is enriched only in the
AL co-expression network. Moreover, seven, four and one term are related to apoptosis AL,

CCR, ICR groups respectively.
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Figure 3.13. Top ten GO terms enriched by the target of hubs in blood samples for each

dietary group. Top ten enriched terms are arranged by the log of the adjusted p-value

3.8. CHANGE OF MIRNA RANKING IN THE BLOOD

Different diets change the miRNA expression, resulting in different co-expression networks.
The centrality of each miRNA can change when they take a more important role in a given
diet. If a miRNA has a higher ranking in CCR than in AL network, then its relevance is
higher in CCR than in AL. Here we evaluate the ranking using the eigenvector centrality

index.
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Minor changes of ranking are common, but major changes are unusual and also relevant.
Here we focus on these ones. As a general criterion, we evaluate the mean and standard
deviation of the change of rank, and we calculate a z-score. The underlying statistical
distribution for the z-score is hard to calculate and it is beyond the scope of this thesis. For
this work we use the operational definition of significant change of ranking when the z-score

has an absolute value greater than or equal to one.

3.8.1. Comparison of miRNA Ranking Between CCR and AL in the Blood

Table 3.6. shows the miRNAs with major change in ranking (either positive or negative)
between CCR and AL co-expression networks from blood samples. The largest increase of
ranking (from AL to CCR) corresponds to miR-374c-3p, while the largest decrease of
ranking corresponds to miR-144-3p (Table 3.6.).

Table 3.6. Top miRNAs that changed ranking between the CCR and the AL groups in
blood samples. The table is sorted according to the change of ranking. A positive change of
ranking means the importance of miRNA increases with CCR. A negative change of

ranking means the importance of miRNA decreases with CCR

rank under | rank under change of z-score of
MiRNA AL CCR ranking rank
miR-374c-3p 75 49 26 1.90
miR-181b-5p 47 22 25 1.82
miR-6414 71 53 18 1.29
miR-742-5p 57 40 17 1.22
miR-719 62 45 17 1.22
miR-324-3p 36 20 16 1.14
miR-7216-3p 64 48 16 1.14
MiR-505-5p 21 6 15 1.06
miR-184-3p 40 25 15 1.06
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rank under | rank under change of z-score of

MiRNA AL CCR ranking rank
miR-1964-3p 49 34 15 1.06

miR-6928-3p 72 57 15 1.06

miR-6991-5p 2 19 -17 -1.36
miR-3104-5p 10 27 -17 -1.36
miR-23b-3p 15 32 -17 -1.36
miR-700-5p 34 51 -17 -1.36
miR-376¢-3p 37 55 -18 -1.44
miR-6977-5p 17 38 -21 -1.67
miR-365-1-5p 16 59 -43 -3.34
miR-144-3p 14 58 -44 -3.42

3.8.2. Comparison of miRNA Ranking Between ICR and AL in the Blood

Table 3.7. shows the miRNAs with major change in ranking (positive or negative) between

ICR and AL co-expression networks from blood samples. The largest increase of ranking

(from AL to CCR) corresponds to miRNA miR-668-3p. The largest decrease of ranking

corresponds to miR-365-1-5p and miR-6939-5p.

Table 3.7. Top miRNAs that changed ranking between the ICR and the AL groups in blood

samples. The table is sorted according to the change of ranking. A positive change of

ranking means the importance of miRNA increases with ICR. A negative change of

ranking means the importance of miRNA decreases with ICR

rank under | rank under change of z-score of
MiRNA AL ICR ranking rank
miR-668-3p 74 44 30 2.24
miR-181b-5p 47 22 25 1.84
miR-6395 32 8 24 1.75
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rank under | rank under change of z-score of
MiRNA AL ICR ranking rank
miR-1964-3p 49 26 23 1.67
miR-6956-3p 65 42 23 1.67
miR-8114 43 23 20 1.43
miR-719 62 45 17 1.18
miR-423-5p 26 10 16 1.10
miR-331-3p 46 30 16 1.10
miR-155-3p 56 40 16 1.10
miR-671-5p 22 32 -10 -1.01
miR-19a-3p 41 ol -10 -1.01
miR-384-5p | 48 60 -12 -1.17
miR-344c-3p 44 G -13 -1.25
miR-1981-5p 25 39 -14 -1.33
miR-3104-5p 10 25 -15 -141
miR-494-3p 1 20 -19 -1.74
miR-365-1-5p | 16 41 -25 -2.23
miR-6939-5p 30 55 -25 -2.23

3.8.3. GO Terms Enriched by miRNAs with Major Change of Ranking Between

Dietary groups in the Blood

The GO terms most enriched with targets of miRNAs that change their relevance between

AL and CCR co-expression networks are “positive regulation of JUN kinase activity”,

“negative regulation of intrinsic apoptotic signaling pathway”, and “protein kinase B

signaling” (Figure 3.14.).

The GO terms most enriched with targets of miRNAs that change their relevance between

AL and ICR are “positive regulation of protein-containing complex assembly” and

“ubiquitin-dependent ERAD pathway”.
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Figure 3.14. Top ten GO terms enriched by targets of miRNAs that changed ranking
between dietary groups in blood samples. Enriched GO terms are arranged by adjusted p-

value. The length of the bar represents the significance of the term

3.9. PATHWAY INFLUENCE OF CO-EXPRESSION NETWORKS

The enrichment analysis of each set of significantly expressed miRNAs, described in the
methods section, did not find any significantly enriched pathway in the KEGG database. The

full results are described in the Appendix.

If the target genes of a miRNA have a high topological relevance in a given pathway, then
this miRNA has a high influence on the pathway. To evaluate the topological relevance of

every target gene we need to consider the diet-dependent miRNA co-expression network.

To find the impact of the diet-specific co-expression network, we evaluated the sum of the
eigenvector centrality of all the target genes in every pathway. The eigenvector centrality of
the targets depends on the co-expression network (that is, on the diet) and on the metabolic

pathway.
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Figure 3.15. Heatmap of influence scores for KEGG pathways affected by miRNA

interaction networks for each dietary restriction group

3.9.1. Conserved Pathways for Each Dietary Group

To see which pathways gained or lost importance under different dietary groups, we
compared their ranks when sorting by their influence score. This analysis is similar to the
previous one done with the ranking according to differential eigenvector centrality of
miRNAs. We assume that some of the connections between miRNAs are rewired when diet

changes. That is, some edges are different in the co-expression networks of different diets.
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Despite the differences between diet-specific co-expression networks, there are pathways
that are equally important in all diets (Figure 3.15.). The shared influenced pathways in both
blood and MFP are

*  “Pathways in cancer”, with an average influence score of 11.71 in blood and 14.99
in MFP,

*  “Phosphatidylinositol signaling system” with an influence score of 17.78 in blood
and 14.97 in MFP,

*  “Inositol phosphate metabolism” with an influence score of 12.51 in blood and 11.96
in MFP,

. “Purine metabolism” with an influence score of 11.33 in blood and 11.14 in MFP,

*  “Focal adhesion” with an influence score of 6.50 in blood and 10.25 in MFP, and
*+  “MAPK signaling pathway” with an influence score of 7.33 in blood and 7.70 in
MFP.

3.10. CHANGE OF PATHWAY INFLUENCE RANKING IN THE BLOOD

When diet changes, the miRNA network changes. Therefore, the influence of the miRNA
network in every KEGG pathway changes. That changes the ranking of each KEGG pathway
when the diet changes. Table 3.8. and Table 3.9. shows the KEGG pathways that have a
different ranking under AL and CCR diets.

The pathway that most changed ranking between AL and CCR diet is “Fluid shear stress and
atherosclerosis”, followed by the “Glucagon signaling pathway”. Several cancer-related
pathways, such as “breast cancer” and “gastric cancer” are more influenced by the miRNA

co-expression network in the CCR diet than in the AL diet.

The “One carbon pool by folate” pathway is the lowest differential ranked pathway with
CCR with respect to AL followed by “Tyrosine metabolism”. Several cancer-related
pathways such as “Central carbon metabolism in cancer”, “PD-1 checkpoint pathway in
cancer”, “Choline metabolism in cancer” and “Small cell lung cancer” are less influenced

by the miRNA rewiring due to the CCR diet in mice blood.
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Table 3.8. Top 20 pathways that increased ranking of influence between the CCR and the
AL groups in blood samples. A positive z score means the importance of pathways
increased with the CCR diet, with respect to the AL diet

KEGG pathway rank AL | rank CCR |z score
Fluid shear stress and atherosclerosis 136 36 5.78
Glucagon signaling pathway 95 18 4.45
Alcoholism 142 75 3.87
Alanine. aspartate and glutamate metabolism 162 100 3.58
Pyruvate metabolism 200 138 3.58
Coronavirus disease - COVID-19 96 37 341
Pyrimidine metabolism 103 74 1.68
Leukocyte transendothelial migration 146 118 1.62
Ras signaling pathway 71 47 1.39
Breast cancer 32 10 1.27
mTOR signaling pathway 29 8 1.21
Neutrophil extracellular trap formation 198 177 1.21
Olfactory transduction 244 223 1.21
Galactose metabolism 284 263 1.21
Retinol metabolism 93 73 1.16
Pentose phosphate pathway 117 97 1.16
Huntington disease 144 124 1.16
Carbohydrate digestion and absorption 236 216 1.16
Gastric cancer 26 7 1.10
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Table 3.9. Top 20 pathways that decreased ranking of influence between the CCR and the
AL groups in blood samples. A negative z score means the importance of pathways
decreased with the CCR diet. with respect to the AL diet

KEGG pathway rank AL | rank CCR | z score
One carbon pool by folate 210 304 -5.43
Tyrosine metabolism 237 300 -3.64
Central carbon metabolism in cancer 64 116 -3.01
Mitophagy - animal 122 166 -2.54
Tight junction 139 180 -2.37
PPAR signaling pathway 169 209 -2.31
Glycine. serine and threonine metabolism 153 191 -2.20
PD-1 checkpoint pathway in cancer 40 77 -2.14
Choline metabolism in cancer 79 112 -1.91
Fatty acid degradation 23 55 -1.85
beta-Alanine metabolism 105 137 -1.85
Fatty acid metabolism 194 225 -1.79
Dilated cardiomyopathy 16 43 -1.56
Small cell lung cancer 54 80 -1.50
Renal cell carcinoma 67 92 -1.44
Human papillomavirus infection 11 35 -1.39
Notch signaling pathway 163 187 -1.39
Regulation of lipolysis in adipocytes 187 211 -1.39
Porphyrin and chlorophyll metabolism 264 287 -1.33

Table 3.10. and Table 3.11. shows the top regulated KEGG pathways by rewired miRNA-
target gene connections with the ICR diet in blood. The “Propanoate, pyruvate metabolism”
pathway is the highest differential ranked pathway with ICR with respect to AL followed by
the “Olfactory transduction”. Other highly differential pathways are similar to metabolic

processes such as “Tryptophan, Tyrosine, Butanoate, and Galactose metabolism”.
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The “Ascorbate and aldarate metabolism” pathway is the lowest differential ranked pathway
with ICR in respect to AL followed by “Pentose and glucuronate interconversions.” Several
cancer-related pathways such as “Choline metabolism in cancer”, and “PD-1 checkpoint
pathway in cancer” are less influenced by the miRNA rewiring due to the ICR diet in mice

blood same as in CCR diet.

Table 3.10. Top 20 pathways that increased ranking of influence between the ICR and the
AL groups in blood samples. A Positive z score means the importance of pathways
increased with the ICR diet, with respect to the AL diet

KEGG pathway rank AL | rank ICR | z score
Propanoate metabolism 213 85 4.28
Pyruvate metabolism 200 91 3.64
Olfactory transduction 244 137 3.57
Tryptophan metabolism 206 117 2.97
Tyrosine metabolism 237 149 2.94
Aldosterone synthesis and secretion 115 30 2.84
Butanoate metabolism 227 147 2.67
Galactose metabolism 284 214 2.34
Glucagon signaling pathway 95 41 1.80
Long-term depression 148 108 1.34
Morphine addiction 160 122 1.27
Amino sugar and nucleotide sugar metabolism 265 227 1.27
African trypanosomiasis 170 134 1.20
Serotonergic synapse 152 118 1.14
Platinum drug resistance 164 130 1.14
Pancreatic secretion 145 113 1.07
GnRH secretion 172 140 1.07
Circadian entrainment 107 76 1.04
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Table 3.11. Top 20 pathways that decreased ranking of influence between the ICR and the

AL groups in blood samples. A negative z score means the importance of pathways
decreased with the ICR diet, with respect to the AL diet

KEGG pathway rank AL | rank ICR | z score
Pentose and glucuronate interconversions 191 296 -3.51
Ascorbate and aldarate metabolism 192 297 -3.51
Central carbon metabolism in cancer 64 164 -3.34
beta-Alanine metabolism 105 202 -3.24
Mitophagy - animal 122 217 -3.17
One carbon pool by folate 210 304 -3.14
Choline metabolism in cancer 79 161 -2.74
Steroid hormone biosynthesis 168 250 -2.74
PD-1 checkpoint pathway in cancer 40 112 -2.40
Salmonella infection 55 126 -2.37
Hepatocellular carcinoma 5 70 -2.17
Nicotinate and nicotinamide metabolism 51 116 -2.17
Renal cell carcinoma 67 129 -2.07
Ether lipid metabolism 84 143 -1.97
Pentose phosphate pathway 117 174 -1.90
Alzheimer disease 135 192 -1.90
Thyroid hormone signaling pathway 24 80 -1.87
HIF-1 signaling pathway 37 92 -1.84
Autophagy - animal 33 87 -1.80
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3.11. MICRORNA EXPRESSION IN THE MFP

In the previous section we examined the expression levels of miRNAs in blood. In this
section we present the results of mMiRNA expression in breast tissue. The mouse model used
in this study has a predisposition to develop breast cancer. The analysis shown here was

performed using only samples from mice that did not develop breast cancer.

Figure 3.16. shows the number of significantly expressed miRNAs under every separate diet
and age, as well as in their combinations. There are 35 significantly expressed miRNAs, 20
of them upregulated, and 15 miRNAs downregulated. The most significantly upregulated
and downregulated miRNAs were miR-133b-3p and miR-127-3p, respectively. Two
miRNAs miR-409-3p and miR-540-3p are downregulated in all age and diet.
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Figure 3.16. Upset plot of miRNAs significantly expressed in MFP samples for each
dietary group. Horizontal bars show the number of miRNAs for each condition. Vertical
bars show the number of miRNAs of each intersection as described by the bullet points in

the lower part

Table 3.12. lists the number of miRNAs that were upregulated and downregulated in each
comparison. In middle-aged MFP tissue, six miRNAs are significantly expressed in the AL
diet, 13 miRNAs are significantly expressed in CCR and six miRNAs are significantly
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expressed in the ICR diet. While one miRNA (miR-337-5p) is expressed in both AL and
ICR diets at the same time, three miRNAs are expressed in all diets. In the old-aged MFP
tissue, seven mMiRNAs are significantly expressed with the AL diet, 15 miRNAs are
differentially expressed in the CCR diet, and nine miRNAs are significantly expressed in the
ICR diet.

Table 3.12. Numbers of miRNAs significantly up- and down-regulated in MFP samples for

each dietary group

Age | Diet | Downregulated | Upregulated | Downregulated Upregulated
with logFC < -1 with logFC > 1
50 |AL |6 0 6 0
50 |CCR |3 10 3 7
50 |ICR |6 0 5 0
81 |AL |7 0 7 0
81 |CCR |5 10 4 8
81 |ICR |9 0 8 0

3.12. TARGETS OF SIGNIFICANTLY EXPRESSED MICRORNAS IN THE MFP

Each miRNA can target several genes due to their ubiquitous nature. Moreover, target
prediction algorithms can produce many false positives. To control the number of false
positives, we used the permutation test described in method section.

There are 1393 genes predicted as targets of at least one significantly expressed miRNA.
The gene targeted by the largest number of miRNAs is Cadm2, as seen in Figure 3.17. This
gene is targeted by six miRNAs. Two of these interactions are experimentally validated and
the remainder interactions are predicted. The genes Dnmt3a and Tnrc6b are targeted by five

miRNAs, thus they both are targeted by the second largest number of miRNAs.
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Figure 3.17. Chord diagram of frequently targeted genes of miRNAs significantly

expressed in MFP samples

3.13. TOPOLOGICAL PROPERTIES OF CO-EXPRESSION NETWORKS IN THE
MFP

Table 3.13. shows the global network characteristics, such as the number of nodes, number
of edges, density (ratio of existing versus possible edges), and average clustering coefficient.
The density of the co-expression networks of AL and ICR is about 11%, and the density of
the co-expression network of CCR is about 9%, meaning that only a small proportion of all

node pairs are connected in each inferred network.
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Table 3.13. Global network properties of co-expression networks of miRNAs in MFP
samples for each dietary group. Columns nodes and edges show the number of nodes and

edges in each network

Tissue Diet Edges Nodes Clustering Density
MFP AL 270 69 0.27 0.11
MFP CCR 268 74 0.29 0.09
MFP ICR 268 68 0.28 0.11

The relevant topological properties of each node are its degree, the average degree of its
neighbors, and its eigenvector centrality. To illustrate this, Figure 3.18. depicts the
distributions of all centrality measures in the networks based on MFP data. The degree
distributions of all networks follow a power law, indicating that these networks are indeed

scale-free, as expected in biological networks.
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Figure 3.18. Boxplot of centrality indices of co-expression networks of miRNAs in MFP
samples for each dietary group. Degree, average nearest neighbor degree (ANND), and
eigenvector centrality were measured and visualized as a boxplot. There is no significant
change across diets
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For MFP, the co-expression network for AL has 69 nodes and 270 edges, for CCR has 74

nodes and 268 edges, and for ICR has 68 nodes and 268 edges. These numbers are similar

to the ones found in networks built with data from blood tissue.

3.13.1. Hub miRNAs in the MFP for the AL Group
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Figure 3.19. Co-expression network of miRNAs in MFP samples for the AL group. The
node size is proportional to its eigenvector centrality. Darker nodes have higher

eigenvector centrality

The co-expression network in miRNA from MFP tissue under AL diet is shown in
Figure 3.19. The centrality indices of each node can be seen in Table 3.14. There are 13
miRNAs identified as hubs. The node with the highest degree and eigenvector centrality
corresponds to miR-127-3p. The nodes representing miR-671-5p, miR-382-5p, and miR-
210-3p are hubs specific to the co-expression of AL diet in MFP.



60

Table 3.14. Centrality indices of hubs of co-expression network of miRNAs in MFP
samples for the AL group. miRNAs highlighted with bold represent a hub only in the AL

group
ranking MiRNA degree eigenvector centrality ANND
1 miR-127-3p 30 1.00 7.90
2 miR-5100 26 0.86 8.04
3 miR-133b-3p 26 0.81 7.69
4 miR-3104-5p 17 0.79 12.2
5 miR-93-3p 21 0.72 8.52
6 miR-671-5p 14 0.68 12.9
7 miR-23b-3p 15 0.66 11.9
8 miR-31-5p 16 0.65 10.2
9 miR-184-3p 14 0.65 12,5
9 miR-1a-3p 14 0.62 13.1
11 miR-382-5p 15 0.60 11.9
12 miR-370-3p 13 0.58 12.9
13 miR-210-3p 13 0.55 111




3.13.2. Hub miRNAs in the MFP for the CCR Group
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Figure 3.20. Co-expression network of miRNAs in MFP samples for the CCR group. The

node size is proportional to its eigenvector centrality. Darker nodes have higher

eigenvector centrality

The co-expression network under CCR diet in MFP tissue is shown in Figure 3.20., and the

centrality measurements of each node can be seen in Table 3.15. There are 12 miRNAs

identified as hubs in CCR co-expression in MFP. The node with highest degree and

eigenvector centrality corresponds to miR-23b-3p. The nodes representing miR-7045-5p,

miR-29b-3p and miR-miR-335-5p are hubs specific to the CCR co-expression in MFP.



Table 3.15. Centrality indices of hubs of co-expression network of miRNAs in MFP

samples for the CCR group. miRNAs highlighted with bold represent a hub only in the
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CCR group
ranking MiRNA degree eigenvector centrality ANND
1 miR-23b-3p 22 1.00 12.8
2 miR-1a-3p 34 0.95 7.65
3 miR-23a-3p 19 0.90 13.4
4 miR-127-3p 31 0.79 7.06
5 miR-133b-3p 28 0.73 7.86
5 miR-370-3p 16 0.73 12.8
7 miR-494-3p 20 0.72 10.6
8 miR-7045-5p 14 0.69 13.1
9 miR-3104-5p 13 0.66 12.7
10 miR-93-3p 14 0.55 12.8
11 miR-29b-3p 12 0.39 11.7
12 miR-335-5p 15 0.36 7.87




3.13.3. Hub miRNAs in the Blood for the ICR Group
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Figure 3.21. Co-expression network of miRNAs in MFP samples for the ICR group. The

node size is proportional to its eigenvector centrality. Darker nodes have higher

eigenvector centrality

The co-expression network of miRNA from MFP tissue under ICR diet is shown in

Figure 3.21., and the centrality measurements of each node can be seen in Table 3.16. There

are 17 miRNAs identified as hubs in this network. The node representing miR-127-3p has

the highest degree and eigenvector centrality. The nodes representing miR-7036-5p, miR-

700-3p, miR-6239 and miR-7083-5p are other hub miRNAs specific to ICR co-expression

in MFP.



Table 3.16. Centrality indices of hubs of co-expression network of miRNAs in MFP
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samples for the ICR group. miRNAs highlighted with bold represent a hub only in the ICR

group

ranking MiRNA degree eigenvector centrality ANND
1 miR-127-3p 27 1.00 9.44
2 miR-1a-3p 23 0.88 9.83
3 miR-3104-5p 17 0.87 12.7
4 miR-23a-3p 17 0.86 135
5 miR-5100 19 0.85 11.5
6 miR-23b-3p 18 0.78 10.7
6 miR-133b-3p 19 0.78 111
8 miR-93-3p 18 0.72 104
9 miR-7036-5p 14 0.69 12.0
10 miR-370-3p 14 0.67 13.2
11 miR-494-3p 14 0.64 11.4
12 miR-6991-5p 13 0.63 12.7
12 miR-184-3p 16 0.62 10.2
14 miR-700-3p 14 0.55 10.3
14 miR-6239 13 0.55 11.6
16 miR-7083-5p 12 0.53 111
17 miR-31-5p 11 0.45 10.5

3.13.4. GO Terms Enriched by Hub miRNAs in the MFP

In MFP samples from mice with different types of CR, we investigated which GO terms are

enriched by the targets of the hubs of the co-expression network of miRNAs. Figure 3.22.

shows the top ten enriched GO terms for hubs in co-expression networks in MFP samples

for each dietary group.



The top enriched GO terms in the AL co-expression network are “cardiac muscle

29 ¢

contraction”, “in utero embryonic development”, “canonical Wnt signaling pathway”, and
“BMP signaling pathway”. The top enriched GO terms in the CCR co-expression network
are “negative regulation of glycolytic process”, “response to heat”, “cell population
proliferation”, and “negative regulation of protein phosphorylation”. The top enriched GO

2% <¢

terms for the ICR are “somatic stem cell division”, “outflow tract septum morphogenesis”,

“pharyngeal arch artery morphogenesis”.
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Figure 3.22. Top ten GO terms enriched by the target of hubs in MFP samples for each

dietary group. Top ten enriched terms are arranged by the log of the adjusted p-value

3.14. CHANGE OF MIRNA RANKING IN THE MFP

3.14.1. Comparison of miRNA Ranking Between CCR and AL in the MFP

Table 3.17. shows the miRNAs with major change in ranking (either positive or negative)
between CCR and AL co-expression networks from MFP samples. The largest increase of
ranking (from AL to CCR) corresponds to miR-466h-3p, while the largest decrease of
ranking corresponds to miR-324-3p (Table 3.17.).
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Table 3.17. Top miRNAs that changed ranking between the CCR and the AL groups in

MFP samples. The table is sorted according to change of ranking. A positive change of

ranking means the importance of miRNA increases with CCR. A negative change of

ranking means the importance of miRNA decreases with CCR

rank under rank under change of z-score of
MiRNA AL CCR rank rank
miR-466h-3p | 53 25 28 2.05
miR-143-5p 62 42 20 1.50
miR-491-5p 67 47 20 1.50
miR-505-5p 47 28 19 1.43
miR-7036-3p | 60 41 19 1.43
miR-23a-3p 20 3 