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Thesis format

1. The first chapter consists of a general introduction and background provided for each result
section of the thesis.

2. Chapter 2,3, and 4 is structured as an introduction, aim, materials and methods, results, and
discussion.

3. Final chapter 5 providethe conclusion of all chapters and summarizes each chapter's findings
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Abstract

Advances in TRIB1 protein research reveal its potential as a biomarker for various disease
diagnoses, including cancer and atherosclerosis. TRIB1 is also known as highly unstable transcript
with a halflife of less than one hour, making its functional ukgory network study difficult and
therefore, remains unexplored. The first part of thesis focused on understanding the regulatory
network of TRIBL1. In 28 different cancer datasets coexpression analysis, revealed approximately 65%
of genes coexpressedtwiTRIB1 belong to the immediatarly response (IER) gene family. EGR1 and
FOS known IER genes were present in the coexpression module in 18/28 datasests. Furthermore in
vitro analysis suggested a relationship between EGR1, FOS and TRIB&gRINAlysidrom early
response gene stimulated TRIB1 OE prostate cancer and control (DU145) at differepbitiise
showed effects on many of the coexpressed IER genes, Differentially expressed genes were involved
in cell signaling, cell proliferation and apoptodisirther suggested, TRIB1 could be responsible for
activating genes involved in several different cellular pathways, particularly the IER pathway

andTRIB1 as a member of the early response gene family,

Further study focused on understanding the pasinscriptional regulation of TRIB1 by
ARSYGATFEAY3 QGFENARIyGa Ay (GKS o0Q !¢w YR GKSANI
GFNAFYyGAa AYy o0Q !¢w 2F ¢wL.m FINB NBaLRyairotS A
linked to the allelespecific expression, as would be expected if they were regulatory. The potential
reasons being expression pattern of TRIB1: TRIB1 expression follows an IER pattern and degrades
after one hour of celbtress condition. In addition, novel binding sites faRIMASs generated in the
TRIB1 UTR as variants are not mostly expressed in unstimulated alikeNiiacrophages (LPS+ifg
GNBFGISRO® 2S R2 K29SOSNI ARSYGATFE Ydz GALX S 20K
imbalance in their expression.

Further study focused on understanding the role of miRNAs in macrophage polarization, nine
hub miRNAs found to play an important role. For further validation, the expression ef26&3p
and miR186-5p, with positive 13 control miR55-5p were stimulatedn unstimulated macrophages.
RNAseq analysis from miRNAs experiments reveals that target genes ef86&5p were more
downregulated than the notarget ones unlike mi®25a3p. The alternative polyadenylation
Fylrfeara akKz2ga GKS dnaQdgened S RiRISE3Y I@ivéen inFtimadated | ¢ w
and MZXlike macrophages; stating no evidence of alternative polyadenylation phenomenon fer miR

125a3p target genes and miR25a3p has less impact on degrading its target genes.

Together these resulthews that TRIB1 could a part of IER response gene network or TRIB1

is regulated by IER genes which in turn regulates the genes involvedsigoeling, cell polarization
12



LI GKgl&@ad bSEGT GFENAFYGiad Ay o0Q | ¢wespongiblelin. m |
altering miRNA binding sites. That could be the reason of changes in expression level of TRIB1 in
different celltype. However, this needs to be investigated further. Furthermore, not all differentially
expressed miRNAs between unstimulhtend Mtlike macrophages are important in macrophage
polarization but the subset of those miRNAs i.e., nine (hub) miRNA plays an important role in

macrophage polarization.
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Chapter 1

Introduction

The central dogma of biology has long been commonly known as®DRMNAA Protein, a
two-steps process involing transcription and trailn. Transcription is the conversion of genetic
information stored as DNA into RNA, with the maturation of messenger RNA (mRNA) transcripts being
the most definitory stage of transcription. Translation is the production of the final and functional
protein product from RNA, during which the ribosome scans the mRNA and uses transfer RNAs
(tRNAs) to generate long peptide chai#gkinson and Halfon @.4) (Figure 1.} Moreover, the
process of passing information from genes to proteins is responsible for an individual's phenotype
(Alberts et al. 2017)and the complexity of gene regulation increases from single cellular to

multicellular organismg¢Vinogradov and Anatskaya 2007)

Transcription

NUCLEOUS

Pre-mRNA
5 Bonil — Bon2 —] Exond — Boad ——AAAA
Intron 1 Intron 2 Intron 3

mRNA processing

Introns mRNA
"—[ Eioni [TEoaZ | Bond [TEmad —AAAA

Ribosome ..

/\ \/\ Translatlon
Protein
CYTOPLASM !

Figurel.1- Gene expressionDNA molecule is processed by Rpblymerase Il t
generate premRNA (Transcription). The pneRNA further undergoes various step
addingpoly Atdk p Q O LILIAY 3 | YR 7T tyohst niRANA radlstule
exported to cytoplasm from nucleus. mMRNA molecule is read by ribosome to pi
polypeptide chain known as protein (Translati¢@yeated withBioRender.com
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Regulation of gene expression has been found to occumgduboth transcription and
translation, with mRNA transcripts containing binding sites for many regulatory elements, such as
YAONRwb! & 6YAwb! &0 YR wb! O0AYRAY3I LINRGSAYyE 6
localization and stability, alik&Vhat is more, changes in DNA sequences enhance genetic variation,
can generate single nucleotide polymorphisms (SNPs) and can lead to the destruction or creation of
MiRNA binding sites. These can ultimately result in differences in gene expressionhashioben

associated with numerous diseases, including immurgtsted conditions and cancer.

Thus, both miRNA and variant analyses are important for the study of the genetic architecture
of complex traits. In addition, eexpression network analysis idifies interactions between genes
at both genetic and protein levels (described in more detail in Section 1.6), and it can enable the
understanding of specific genetic pathways directly involved with particular phenotypes and/or
conditions. What is morehe use of all these analyses for the investigation of individual genes could
help improve our knowledge on poorstudied transcripts and/or genes. For example, Tribl is a
pseudcekinase protein that has been found to be involved in macrophage polarizatiah
RATFSNBYGAFGA2Yy S odzi OSNEB tAGGHES A&a &SG 1yz26y

The aims of this PhD project atgto investigate the genomic characteristics and regulation
network of Tribl;2)to investigate the effects of SNRsy o0 Q) ¢w 2F ¢wL. m 2y YA
their correlation with potential allelic imbalance in TRIB1, as well as at vgarleme scale; and)

to study the role of miRNAs and their expression in macrophage differentiation.

1.1 Transcription

Transcripion is the first step of gene regulation and although it has been found to be more
complex in eukaryotes compared to prokaryotes, the process is divided into threelefieibd
stages: initiation, elongation, and terminationhd initiation process beginwith the binding of
transcription facbrs (TFs) to the promoter region, whilshs aconsensus sequence that occurs across
different geneswhich isrecognizel by TF. Before initiation can take place, a grétiation complex
(PIC) must form on the promatend this is composed of the RNA Polymerase Il and themain
generalTFSTRIIA, THIB, THID. (Figure 11) (Cooper and Hausman 2007)

After the PIC is formed, the Rhpalymerase Il is activated through phosphorylatio start
the elongation step, after whichther TFs such as DSIF, TR0 THIS guide the RNA polymerase,
thus starting he synthesis of the grY wb !  FNB Y p Q (0 2is confplet€dAoNBIdngA 2 y ¢
NRA 62y dzOft $23ARS Y2y2LK2aLKI (i8S NBaARdzSa G2 (GKS
RNA chain. After elongation, the CPSF (Cleavage and polyadenylation sptagifii} binds the pre
MRNA at the pobA (AAUAAA) region and recruits the CstF (cleavage and stimulation factor), which
binds the U/GU rich region downstream of p@lysignals. CPSF and CstF interact with each other and

15



lead to the cleavage of the fullpatured mRNA. Further on, the XRNuclear enzyme degrades the
nascentmRNA to stop Pol Il frosynthesizingnRNA furtherand thus, transcription is terminated.
(Figure 11) ) (Cooper and Hausman 2007)

1.1.1RNA processing

When transcribed, an intermediary RNA known asmpessenger RNAe-mRNA) is formed,
6KAOK dzy RSNH2Sa | &aSNARSa 2F LINRPOSaaAy3d aidsSLacz
Splicing is mediated by the Ri#otein complex known as the spliceosome, which recognizes exons
and introns' boundaries. Introns arfeirther removed by endonucleolytic activity, and exons are
joined together to form the mature mRNA. Studies have shown that transcription does not generate
only one mRNA for each gene, as there are, for example, more than 75,000 mRNA encoded by 20,000
geres in the mouse genome annotation (GRCm38.p4). The process of producing multiple mRNA
isoforms for the same gene is controlled by alternative splicing (AS) events, resulting in a different

number of exons being included in the final MRIMAs et al. 2014)

CdzNI KSNX2NBX Ywb! LINROSaaAy3d Ay Jdphbspiataof p Q O
the nucleotide from the transcript is removed, agdanosine triphosphate (GTP) is addedhatp Q
end, consistingf 7-methyl guanosineo7 m& | & 4 NHzOG dzZNB Ol ft ft SR pQ OIF L
0 FNB FRRSR (G2 (KS o0Q Sy R-A®iffacilitateShe traxndfey cf ORNK LIG ®
to the cytoplasm from the nucleus, and are also responsible for mMRNA stability, as asdisting in
MRNA recognition by the translation machinery. Similarly, mRNA stability, transport and expression
are regulated through miRNAs and RBPs, which can bind transcripts at different efficiencies and lead

to variations in gene expressiofWise and Lou 2021)

1.2 MicroRNAs (miRNA)

mMiRNAs are short, genonrterived noncoding RNAs with a role in regulating gene
expression in diffrent conditions, such as stress, infection, development etc. More than 1800 miRNA
sequences have been identified in humans since the first discoverydfii@aenorhabditis elegans
in 1993(Hicks and Middleton 2016Most of these regulatory elements bind to miRNA binding sites
Ay GKS 0Q dzy NIl yatlriGdSR NBIA2Y 060Q!' ¢w0X odzi YA
PpQ! ¢wa YR A2 RXYIK2MNEXKA #iylk S | NB(FdngandiRajgvisily 3021) A & S
The followhg sections will present an overview on the canonical pathway of miRNA biogenesis and a

description of mMiRNA mechanism of action, particularly in regulating gene expression.

1.2.1 miRNA biogenesis

The biogenesis of a miRNA starts with the transcription of agsirmiRNA (pimiRNA),
which is transcribed by RNA Pol Il in the nucleus and then processed by the-Df@€iR8 complex

that cleaves the primRNA (of 10€.20 nt), releases its hairpin structures, and converts it into a pre
16



MiRNA (760 nt long). The preniRNA is transported to the cytoplasm by Exporingnzymes,

where it is further processed by the DIi€ERBP complex to doubs&tranded miRNAaka
MIRNA:MIRNA star duplex (25 nt long) The miRNA duplex further pairs with RISC (RNA
interference silencing amplex), which contains argonaute protein, Ra&ivator, RNA binding

protein (TRBP) and DICER. Argonaute protein has two domains PIWI, which can break the RNA strand
and PAZthe RNAOAYRAY 3 R2YIFIAYXZ 6KAOK O0AYRa&a (2iRNAKS o
duplex. The PIWI domain cleaves the other strand known as the passenger strand, further degrading

it during the RNAnduced silencing complex proceésh Q. NRA Sy (Fgiirell2f ® HAamy 0

MIiRNA gene CYTOPLASM
JRNA poly Il
? (\ W S i-miRNA
H E | pri-mi
H E l i 6}'
mG, H__E : 4 (A)

| brOSHA/DGCRS

1

pre-miRNA
NUCLEOUS Guidestrandm

JJ.I.I.I.LI..I.I.IJ.I.I.I.IJ.pass.,n jer strand
RISC g

I
MO

miRNA:mIiRNA * duplex

—
Transport

smx

pre-miRNA
o

—

©

—— p—
W st

Figurel.2- miRNA biogenesis pathwayniRNAis transcribed byPolll into primiRNAand it is
further processed by DROSHA/DGCRS8 complex to generatmiRid¢A. PraniRNA is exporte
from nucleus to cytoplasm by the export 5 enzyme (XP05 and RanGTP). ,A@tER in compl
with TRBP crops the hair loop structure of miRNAs and miRNA:miRNA* gupgknerated (~2
25 nt).Duplex miRNA is loaded in RISC compitxargonute protein RISC cleaves the passel
strand, which is further degraded by RISC complex. The guide strand pairs with the target 1

induce translation repression, deadenytati and decapping of target gene<Créated witl
BioRender.com

1.2.2 Gene regulation bgniRNA

Target recognition by miRNAs has been shown to be primarily focused on the pairing with
(KS aad8Ré NBIA2Y 2F I OAYRAY3 aA(S sAGKERY K
7nucleotides and idza dzI £ £ @ 0 A Y RA ynIRNAoKtEe gpid@ striéind Riltingately iadkicihg
translation repressioomRNA deadenylatigrand decappingHuntzinger and Izaurralde 2010nce
target sites are identified, RISC recruits GW182, which in turn recruits other proteins, oA
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deadenylase complexes PAIR2ZN3 and CCRIOT(Christie et al. 2013; Jonas and lIzaurralde 2015)

GW182 further interacts with PARR polyA binding protein present on the pely tail of the target
genesd h Q. eldl. H¥B) while PAN2PAN3nitiates the poly(Apleadenylaion of the target genes

dzy At t! .t OFy y2

f2y3SN) OAYR® {dzoaSljdSyit e

RSIFRSyef !l A2y CCRANS(JoNS 3nal @diRald®d 201%)hich triggers rapid mRNA
degradation. The decapping of target genes is processed by the decapping protein 2 (DCP2) and

associated proteins. It is then followéede

exoribonucleased h Q. NA& Sy (Fygiirell3) ¢

GKS RSANIRFGAZ2Y 2F | G NHSG

HAMY U

PABPC
AAAARAAAAA

e DCP2
5 d 5'cap l
5'cap suELF4E
s oL FAE

Decapping <

‘Z( T /.‘ nNo't

E ® — PABPC

: é) ’ i AARAAAAAAA,

: CCR4 7 RISC ~HONT caF1  CCR4
Poly (A) deadnylation II™ phase

5'to 3" decay

PABPC

o
GW182 PABPC .
- AAAAAAAAAAAAAA
JRISC
P

200 NT
oly (A) deadnylation I** phase

Figurel.3- Gene regulation by miRNAsa) target mRNA in close loop conformation formed by
interaction ofcytoplasmic poly(AWith eukaryotic translation initiation factor 4&hich isfurther boundto
eukaryotic cap binding protein (elF4B) The gide strand of miRNAartially binds theo QTR of mRA
where RISC factor recrui@W182that interacts with AGOc) RRM motif of GW182 proteitihen interacts
with PABMC and PANE®N3 complexstarting deadenylation, d) which is continued by CCREDT comple:
e) This is followed by theatapping of target genegia decapping protein 2 (DCP2) afjdtarget mRN.,
degradation byXRN1 proteirfCreated withBioRender.com

1.3 Bioinformatics tools fodentification ofmiRNAtargets

Although the regulation and impact of miRNAs on their targetsel@en well documented,

their exact targeting mechanism has nait\peen fully elucidatedror example how RISC elements

are recruited and how they inteca to silence a target gene remains unknown. One way of studying

the role of miRNAs in gene regulation is by studjiegexpression of both miRNAs aoitheir target

genes.n this sensgrecentadvancements in nexgeneration sequencing technologikave proven
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useful in capturingexpression profiles withrgater sensitivity, even for thiowestexpressed genes
andor miRNAs.However, one of the mosthallenging andimportant aspect remains the

identification of thebona fidemRNA targets of miRNAshich reedsto be carefullyconsidered

In the last ten years, numerous efforts have been made to impnawBNAS' target
identification, but only a few of these have been experimentally validated. One reason for this
drawback is the imperfect sequence complementarity between miRNAs and thgitsdeadingto
incorrect identification of hundreds of genesdnd by each miRNA, most of which have been later
found to be false positives (ndtue target9 (Martin et al. 2014) However, available prediction
algorithms have been deloped to address this issue by applying stringent thresholds, such as using
conserved miRNAs across the species, the thermodynamics stability of-miRNEA interaction
(Grimson etal. 2013)andseed pairing stabilityGarcia et al2010) most importantly miRNA binding
LR AAGAZ2Y AY gdidefSef@i@son etal 23 G | NJ

a) miRanda algorithm

miRanda was one of the first algorithms applied for idhentification of miRNA targets iD.
melanogasterand it was later used on thlomo sapiengienome(Erright et al. 2003) miRanda is
based on local alignment, an adaptation of the ShWthterman algorithm to match the miRNA
aSljdzsSyO0S 4 GKS o0Q)¢w 2F GKS GFrNBSdO® LG |faz
penalties for each base congmentarity. miRanda also implements the Vienna package for
calculating the thermodynamics folding energy of the interaction between miRNAs and the UTR
(Lorenz et al2011) The overall falspositive rate for this algorithm was estimated at 24%, and it

proved efficient in identifying 9 out of 10 currently characterized target géhis and Yoor2010)

b) TargetScan

TargeScan was developed by Bartel and Burge labs at MIT in 2003, being the first algorithm
to predict miRNA targets in vertebratsewis et al. 2003}t requires a perfect seed complementarity
between at leas6-Y SNBA 2F (GKS aSSR aSljdzSyO0S IyR o0Q! ¢w 2
on thepredicted effiGencyof targeting (context scores) anthe probability of conserved targeting
(PCT)Thus, arget conservation is first determinetbllowed byspecific kmer (6mer,8mer, 7-mer-
1A) analys. However, 0 Q | ¢ w Ol Yy KI @S ;h¥nds, thelpdbaSilitylof chidBesvad & A (
targeting (PCT) is aggregatRiffoCampos, Riquelme, and Bré¥ieville 2016)and the probability
of a given target being effectively bound is shown goatext+ scordormat. Context+ score is also
based on local AU contefite. the AU contentof a transcipt), 30 nt upstream and downstream of
the predicted site, position contributiofi.e. thedistance tothe nearest end ofin annotatedtarget

UTR,theo Q LJ- A thds¢ed sequienicdnd the miRNAarget complementarity outside the seed
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sequencegGrimson et al. 2007 he falsepositive rate for TargetScan was estimated between 21%
and 31%Agarwal et al. 2015)

c) PicTar

t AOCIN) 6la RS@St 2LISR o(Brekwet a 303hidecenipared WP dzLJ
miRandaand TargetScan, it focused mainly on 7nt long sequences as seed sequences, starting from
L2aAdGAz2y M 2N H 2F G4KS pQ SyR 2F | YAwb! o L
F2NI 61 &S LIANRY3A 6S0G6SSy YAhkembodithnt safs byreaining ai 2
targets conserved across species, followed by a calculation of the free energy for the entire
MiRNA:MRNA duplex, after which the target sites are filtered based on a free energy threshold
provided. Lastly, the PicTarse ¢ a maximum likelihood score is computed from the hidden Markov
Model (HMM). This algorithm has not been updated since its development, but it has proven efficient

in identifying true miRNA targets, with a false positive rate of about @@ and Yoon 2010)

In addition to above several other miRNA prediction tools or webservers are available to
identify miRNA target genes such mfRanalyze(Hackenberg et al. 2009%ylamer(van Dongen,
AbreuGoodger, and Enright 2008 cexpression Metanalysis of miRNA Targets (CoMeTa)
(Gennarino et al. 2012niRTarCLIRVang et al. 2013)yarPmiRDing, Li, and Hu 2016)

For the purpose of this project we implemented widesed algorthims such as miRanda and

TargetScan algorithm.

1.4 Regulatory genetic variation

The differences in DNA sequences within the genomes of different individuals of the same
species are known as genetic variatiqha et al. 2010)These, together with variations in gene
expression can be associated with disease onset, progress and severity, hence understanding the
correlation between gene expression and gene variants can improve our knowledge on the genetic
architecture of complex #its. Generally, it has been observed that most genetic variations have little
to-no impact on any disease or trait, with many neutral mutation changes in DNA sequences not
FFFSOUGAYI Iy 2NHIFIYAAY Wa OKIFyOS 2F adi2NBAGIE 2

A silent mutation is a clmge in DNA sequence without a subsequent change in the amino
acid, but some of the resulting transcript variants may lead to disease, such as in the cases of
melanoma(Gartner et al. 2013)schizophrenigDuan et al. 2003)n contrast, certain variants may
provide a positive advantage in changing environments: for example, CCRY, gen@rimary ce
receptor used by HIV envelope protein gpX&@uentially with CD4ocated on chromosome 3 carry
0§KS poH (GalizniaitdhSatkin 20Q3yhich was found to be responsible for generating a
premature stop codon that produces a numctional protein(Ni, Wang, and Wang 2018ydividuals

K2Y2T @832dza T2NJ {KApbo HY deiifl (0SE28/0 0MW G/K/ Wwp pokXxs y 2
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T-cell receptas. This leads to a loss in the target/binding site of HIV glycoprotein 41 ondbl T
receptor, making these individuals resistant to HIV1 infectimpalco 2010)

1.4.1 Genetic variants in microRNA (miRNA) binding sites

Due to the specificity of miIRNA binding on mRNAs, introducing a single NP3 0 Q! ¢ w
its target may lead to functional changes. For example, SNPs in the seed sequence can either
completely remove existing miRNA binding sites, or can create novel ones, ultimately affecting gene
expression. More than that, SNPs in the seed sagaanay also affect the efficiency of miRNA and
MRNA pairing, which in turn may increase or decreasepasscriptional regulation of target genes.
Given the number of SNPshomo sapiendgt comes as no surprise that SNPs in the seed sequence

of miRNAbinding sites have shown an effect on protein expression and its association to disease.

1.4.2 SNPs in the seed sequence and the creation of miRNA binding sites

Numerous SNPs in seed sequences of miRNA binding sites have been found to be responsible
for areating new binding sites. For example, Gio@l.¥ 2 dzy R G KF G | @F NRFy G Ay
sheep presented a point position from G to A and thus created a new binding site framd mir
206. These, in turn, reduced the GDF8 gene expressiatinteéo Muscle Hypertroph{Clop et al.
2006) Similarly, studies have shown an/A>{ bt ON&BRnHnpTtodpv Ay GKS aR
minor allele created a new binding sites for rIIRL and/or miRB87-3p, which ultimately led to a
decreased protein expressiqi€he, Shao, and Li 2014; Linaét2014; Yang et al. 2017)his was
particularly important, as overexpression of Mdm4 was previously associated with cancer
development, by negatively regulating the p53 tumor suppressor prddiade, Wang, and Wahl
2010)

Another example of variation in tumour suppressor proteins is the identification of two
isoforms of TPG3t | LJc o | y Whicln resullcfror alternative splicing and the use of different
promotergWestfall and Pietenpol 2004)P63:TAp63was shown to be sumour suppressormwhile
nblik o |y (PasketalP818)ySstudy from Wangt al.identified a C>T SNB85592567 in
0 KUTR®& n b Lk o (&bdinding SiteI®i- miI&R5p, whichdecreasedorotein levels and
thus loweredthe risk of bladder cancefWang etal. 2016)

APOC3 gene encodes for C3 protein that is involved in triglyceride metabolism along with
lipoprotein lipase (LPL) and apolipoprotein C2 (APQ@Lt al. 2016)and the overexpressiasf C3
was found to increase the risk of coronary heart disease (CHD). However, individuals with a G>T SNP
(rs42250 Ay GKS o0Q !'¢w 2F GKS !'th/o 3ASyS akKz2sSR
investigation revealed that a T on the minor allele crdaeniRNA binding site for miR71, leading

to decreased translation of APOQBaussy et al. 2014; Hu et al. 2016)
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1.4.3 SNPs in the seed sequence and the loss of existing miRNA binding sites

Numerous SNPs in seed segues of miRNA binding sites have also been shown destroy
alreadyexisting binding sites. For example, ZACSNPNE M AT MO AY GKS 5NRAKL
to the binding site of miRR7b, affected the pairing efficiency of m#&Rb and the Drosha tracspt,
which increased its expressigviuan et al. 2013Yhe Drosha enzyme plays an essential role in miRNA
biogenesis: it cleaves the priiRNA and liberates the hairpstructure, converting it into preniRNA

and its overexpression was found to increase the risk of bladder célcang et al. 2015)

Another weltknown example of SNPs degrading miRNA binding sites was found in Cluster of
Differentiation 86 (CD86 or B2), which is present on the surface of antigemesenting cells and acts
as a key mediator of-Gell identity (Geng et al. 2014)t plays an essential role in autoimmunity,
transplantation, tumour immunity, and it was found to lead tstunctional immune cell populations
when expressed at high levels. Such variations in CD86 were are also proven responsioiifor T
deactivation, unresponsiveness to tumour cells, and increasing the production of the pro
inflammatory cytokine interleuk 4 (IL4), which was associated with high risk of colorectal cancer
(Kwasniak et al. 2019A G>C SNP (rs17281995}he 0 QTR of CDBwas predicted to disrudive
mMiRNA binding site®ut of whicmiR582was found to be less efficient in binding to the minor allele

leading to arincrea® of CD8@&xpression level(Geng et al. 2014)

Similarly, the HHEh protein, encoded by the HIF1A gene, is a transcriptional factor activated
in response to rygen deprivation and influences cell metabolism and cell survival, and it plays an
AYLRNIFYG NRES Ay A3aO0OKSYAO RAaSEHasSa FyR Gdzy2d
HIF1A was found to reduce the binding efficiency of-tBa, thus increasg its gene expression.
More than that, pancreatic ductal adenocarcinoma patients with a CC (alternate) genotype in HIF1A
were observed to have larger tumour sizes, followed by those with heterozygous CT and homozygous

TT genotype$Guo et al. 2015)

v A s oA 2 4 oA x

Another representative example is the T>C SNP9B7333RS U SOUSR Ay GKS o
which impaired the binding ahiR50033p, enhances the differentiation of B cells into plasma cells
(Zhang et al. 2019)This was particularly important, as aberrant innate immune responses
dysregulate cytokine productigrand aberrant activation of B cell differentiation into plaso®lls
plays an important in the pathogenesis of Systemic lupus erythematosus (SLE, or(fDpas)Kim,
and Craft 2012)A Genomevide association study (GWA®)s identified genetic alterations in many
genes associated with Sl(Hlohan and Putterman 2015)with EST1 being one of the most
preponderant one, which was found to be responsible for reducing peripheral blood mononuclear

cells (PBICs) in SLE patienfgang et al. 2010)

22



1.5 Bioinformatics tools for detection of regulatory variants

As described above, detecting SNPs and/or transcript variants with regulatory potential is
useful in accurately associating specific genes and their expression with particular disease or
phenotypes. Different strategies @ been developed in this sense, with identification of expression
quantitative trait loci aka eQTL being a widely used method for studying the impact of variation within
a genomic region on transcript regulatioRigure 1.4). An eQTL identifies the lodiat affect the

expression level of mMRNA, by studing the genomic variants and transcriptomic data from the same
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Figurel. 4- Example of eQTLViolin plot showing a linear
relationship between dependent variable i.e., gene expression
y-axis and independent variable i.e. genotype emds, where A is
a reference allele and G is an alternate all&lae horizontal line
represents a linear relationship between three genotypes

individual (Jung et al. 2020)One of the first studies performed by Gorirg al. in 2007, using
peripheral blood lymphocytes, identified an eQTL located in the promoter region ofahml
(VNN1) gene, which was found to influence hignsity lipoprotein (HDL) cholesterol
concentrations. This study demonstrates the use of efpflassociating a potential gene with an
affected human trait§Goring et al. 2007)

eQTLs are divided into two types:-eQTL or local eQTLSs, in which a genetic variant is present
within one megabase (Mb) from theanscription start site (TSS) of affected genes; and tedisL,
where a genetic variant is located on a different chromosome or away from the affected @gines
Liu, and Xie 2021)

CiseQTLs can regulate gene expression by affecting several steps in the gene expression
process,ncluding mRNA splicing, TF binding, DNA methylation and miRNA binding. For example, a
ciseQTL can be a variant present in the promoter region or enhancer, affecting transcription factor

binding. A two base pair deletion in the promoter sequence of tR&E8 gene is such an example,
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which reduced the binding affinity of two TESOK2 and MOT3, ultimately decreasing the expression
of EGR28 in yeagChang et al. 2013Many studies have identified e&QTLs across the whole
genome, such as the one performed by Urmo \Meatsd. on 3186 blood samples, which reported 88%
of genes (16,989) have an associatede@d L(VOsa et al. 2018Moreover, GTEg probably the
biggest eQTL study to date, reported that 94.4% of preteiding genes and 67.7% of lincRNA genes

have at least oa ciseQTL in at least one of 49 tissyEsancois Aguet, Kristin G. Ardlie 2020)

TranseQTLs are variants located in different genes, but disturbing the expression of multiple
genes across the chromosomes. What is more, many sudige shown that trareQTL can also be
associated with nearby genes, including with-e¥TLs. For example, Bryas$ al. used 869
lymphoblastoid cell lines frorhe Avon Longitudinal Study of Parents and Children (ALSPAC) cohort
and identified ciseQTLgor TFBATF3 and HMXRat disturbed multiple transgenes acrosgifferent
chromosome (Bryois et al. 2014 5ucteQTLs are called eQTL hotspatnd they are mostly present

near major regulatas or master TH&reitling et al. 2008)

Another example is the trarSNP rs1215608 located within the NUAK1 gene in skin cells,
shown to be associated with three different gend©6R, PPM1EFLECT1Such transSNPs are also
known asmulti-gene regulators (Grundberg et al. 2012)and wlike ciseQTLs, these are eft
present across tissues, while trae®TLs tend to be cedpecific(Dimas et al. 2009For exampleRaj
et al. performed eQTL profiling of CD# cells and monocytes derived from blood of 461 individuals
with ancestry from different continents. They found 32% ofes@sTLs are specific to monocytes, 8%
to T cells and 62% were shared between two cekksypn contrast, 482 trarsQTLs were associated
with 55 genes specific to monocytes, 31 genes specificdell$ and only four genes were shared

between the cell typegRaj et al. 2014)

Although eQTL analysis can be used to successfidiytify variants affecting gene
expression, it is very expensive, and it requires a large number of samples, ranging from hundreds to
thousands, as well as matched whglenome and transcriptome sequencing data. It may be
challenging to achieve such a lardata set, specifically for tissues obtained via surgical procedures
(e.g. atherosclerosis plaques). It is also worth mentioning that for measuring the genotype and gene
expression to perform eQTL mapping requires excellent expertise and mavilyo experiments,

which are also tim&onsuming.

1.5.1 Allelespecific expression (ASE)

Another approach to identifying the impact of genetic variation on gene expression is allele
specific expression (ASE). Diploid organisms carry two alleles for each gene, inherited from each
parent and the expression of these alleles is responsible fdndimidual's phenotype (Buckland

2004) The ratio of expression between the two alleles is usually balanced at 50:50 for an expressed
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gene, but in few instances it was found that the expression of one allelexts/e#y higher than that
of the other, which led to allelic imbalance, also known as differential allelic exprg$s#@a et al.

2009)or allelespecific expression (ASEiu, Dong, and Li 2018&jigurel.5).

Unlike traditional eQTL mapping, ASE analysis has greater statistical powetdating cis'
genetic elements, even with small sample numbgtarvey et al. 2015For example, Liet al.aimed
to identify the allelespecific expression responsiblar tumour initiation and progression, and they
used normal and cancer tissue samples from 59 individuals with Colorectal Cancer (CRC). They
identified 50 tumorspecific ASEs that contributed to the somatic events in the genes' regulatory
regions and in sigjficantly enriched cancetriving genes. This study demonstrates that atigbecific

expression events can be captured with relatively few sam(hlies Dong, and Li 2018b)
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Figurel.5- Example of allelic imbalance a.b,c showing an expression of each alleke,and c
representing 50:50 ratio of expression from each alléeA/C has a heterozygous genotypbe
expression of two alleles beirdifferent. d) Violin and boxwvhisker plos depictinggene expression of
the y-axis and genotype on theaxis the horizontal line representing lanear relationship between
three genotypes.

In the past decade, there has been a consistent progress in the study ofsuésdgic
expression using high throughput sesicing such as RNseg(Mortazavi et al. 2008which enables
the measurement of individual gene expression in various tissues, with greater sensitivity and
specificity than the micrarray technique(Rao et al. 2019)RNAseq also allows capturing ASE
instances by quantifying the difference between one parental allele's expression over the other
(Castel et al. 2015Asymmetric expression of two alleles of the same gene is the potential evidence
of cisregulatory expression, or eceQTL and signaturef an allelespecific expression. However, in
order to identify allelespecific expression, RANs&q data needs to have an adequate read depth,

sufficient heterozygous sites, and to be aligned correctly to the respective genome.
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1.5.1 Tools for allelspecific expression analysis
A number of pipelines and software, designed using different platforms and approaches have
been developed for the detection, evaluation and analysis of aflpéific expression, some of the

most widely used being described below

a) Alleleseq

Allelesegwas developed by the Gerstein Lab at Yale University for the study of ASE. This
a2Fd ol NBE NBIj dzA NB & -8e?) OriChlifdely Gataand Riased \Rudatioh @férmatidm !
(box 3), including SNPs and CNVs of each parent obtained fresetjiencingUsing this method,
a personalized diploid genome is constructed based on phase information used to map the
AYRAGARIZ £t Qa ab YLX S ¢KS ySEG aGSLI Aa (KS ydzy
compared to the paternal variantia a binomial test. Multiple testing correction is then applied to
eliminate false positives. However, the statistical test does not take into account the replicate

information (Rozowsky et al. 2011)
b) Allim

Allelic imbalance metg(Allim)requiresboth RNAseq data from offspringas well as genomic
information, SNP information,DNAseq or RNAeq of the parents. Based on the parent genomic
information, it generates a diploid genomat isi KSy dza SR T2 NJ Y| LBAsed3d &K
sample. ASE is counted based on the reads that are uniquely mapped to either of the parent genomes.
It is observed that some genes have more reads mapped to ortbkeoparents, which leads to
mapping biasHence, to remove the biassanilar numberof readsare randomly generated for both
parents and mapping bias farther estimated for each gene and corrected fallelic expression. The
statistical test(no biological replicates: €@st and replicates: ANOVA tes$)then used to remove

falseposdtive results(Pandey et al. 2013)

c) MBASED

Meta-analysis based allekpecific expression detection (MBASEBs only RNAeq data
to identify allelespecific gene expression, and it is predominantly implemented using R programming
language. To identify $E at gene level, it combines allelic frequency information of heterozygous
SNPs within a gene across multiple individuals. If prior haplotype information is not provided, then
MBASED uses the pseupbasing approach, in which the larger read count ofdhliele at each SNP
is assigned as a major haplotype. However, when haplotype phasing information is present, it
increases the power of ASE detection. MBASED combines the allelic freqaeasg individual
heterozygous SNPs within a gesved detects deviabn within the sample. The advantages of using
this tool is its fast speed compared to other tools, the requirement for less memory and it capacity

to handle SNPs across a whole transcriptome with multiple san(llagba et al. 2014)
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d) ASEP

Allele-specific expression analysis in a population (A&kP)dentifies genebased allele
specific expression under one condition and differential ASE between two conditions, using only RNA
seq data from a given population of individuals. This approach can be applied to samples with
unknown haplotype informatin, but read depth should be high for haplotype phasing
reconstruction. If read depth is low, then using known haplotype information increases ASE
detection's power. ASEP uses the same approach as MBASED for constructing haplotype phasing

information, butusing a higher number of SNPs increases the memory require(f@mt.et al. 2020)

e) QUASAR

The Quantitative allelespedfic analysis of reads (QUASA®)| was also developed using R
language and it was initially implemented for RBEY data, but it can also be applied on Ddéd,
ChiRseq, ATAGeq. In this methodheterozygous SNRse identifiedand ASEs countedaccuately
by considering basealling errors and overdispersion in the ASE rdfioASAR is the first method in

identifying genotypes and ASE from the same sequencing(Hataey et al. 2015)

For the purpose of this current project only MBASED and QUASAR were used, which will be

described in more detail in Chapter 3.

1.6 Ceexpression analysis

One of theobjectivesin biological studies is tidentify molecules present in each system and
to determine their interaction at both genetic and protein levélie function of many genes is yet
to be understood, but @ommon assumption is that genes involved in theneaellular pathway may
be coexpressed and ceegulated.Oneof the strateges often used to investigatsuchinteraction
networks between genes iguilt-by-association, which implies that genes associated with or
interacting are more likelyat share funtional characteristic§Cui and Churchill 200lowever, for

this technique to be successfully applitige functions of many other proteins need be known

Before RNAseq or microarray technologies, researchers used to carry multiple experiments
on various cell lines to understand the regulatoryivmerk of a particular disease or an unknown
A8y SQa TFdzyOiliAaz2y o ! fiK2dZAAK GKAa | LIWINRFOK KI &
many diseases and functions of several novel genes, it remains expensive atotisuening’Yu et
al. 2012) Sincehe cost of RN&Aeq has significantly decresas it has become an increasingigpular

technique for measuringene expression across multiple conditions/phenotypes at the same time.

However, the RNAeq technique is often used to idefly differentially expressed genes

betweentwo states, e.g. diseased and control, by calculathgngesin the mean level of expression
27



of eachgene(Cui and Churchill 2003} is assumed thajenes witha shift in theirmean levels are
associatedwith a givendisease phenotypebut most of the infeamation inthe gene expression
dataset is ignoredMoreover, sometimegenes known to be involvedn a particulardiseaseare not
statistically significantly altered between conditioftdudson, Dalrymple, and Reverter 2012his
could bedue to thedisease state being caused by a change in function\igg. mutation ineither

the codingor urntranslatedregion), without an actual effect oits geneexpression.

As an alternative, cexpression analysis approachean handle many of the above
limitations (Brazhnik, De La Fuente, and Mendes 20€8) two most welknown mehods being

clusteringbased and networbased ceexpression analysis.

1.6.1 Clusterindpased ceexpression analysis

Ly GKS t+FGS Qdna YAONRINNI& (SOKyAldzsSa 0SS0
thousands of genes in different conditions sitaneously (Do and Choi 2008xeveral different
clustering methods being developed to represent groups of genes with similegssipn patterns
(Belacel, Wang, and Cuperlo@Galf 2006) It was assumed that genes clustering together based on

their expression patterns would often share biological functions.

Wen and colleagues performed one of the first-e@ression analgs, testing this
hypothesis by generating mRNA expression data from 112 nateéspinal cordissue usingeverse
transcriptioncoupled PCRThey then clustered genes based on their expression patterns, identifying
5 main clusters, with genes in eadister share indeed similar biological functigidéen et al. 1998)

In another independent study of the same yelst, Eisen and colaguesanalysed 8,600 transcripts
from human fibroblastsells, with and without serum starvation, using microarray technol®ggy,
too, observedthat genes were groupelly their expression patterns 5different clusteis, and each

cluster contained genes with similar biological functigBsen et al. 1998)

Furthermore, Spellman and colleagues combined tgages expression data from yeast,
also obtainedvia DNAmicroarray technd@@ 38> gAGK GKS 3ISySaQ LINRY2
observed genes clustering together were coregulated, and they identified many common regulatory
factors related to cell cycléSpellman et al. 998) In addition, H. Lee and colleagues analysed 60
different human datasets containing 3924 microarrays, on which they performed a correlation
analysis between each pair of genes, ultimately identifying a-tagtiident network of 8805 genes,
which weae then confirmed to correlate with functional relatedness, through further functional

analysiqLee et al. 2004)

As coeexpression and coegulation analysis became more common in Higioughput
sequence analyses, numerous new clustering methods were proposed, includinggselized map

clustering (SOM]JKohonen 1982)hierarchical clusteringEisen et al. 1998k-means clustering
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(MacQueen 1967and biclustering(Pontes, Giraldez, and AguHauiz 2015)It is worth mentioning

that the clusteringbased approach ideifies or formulates clusters based on expression patterns,
without considering biological relevance. This increases the chances of forming a cluster with a set of
co-expressed genes and not-cegulated, e.g. the different conditions could trigger the esgsion

of genes that can show a similar expression to different groups of genes with diverse biological

functions(Pirim et al. 2012)

1.6.2 Networkbased ceexpression analysis

In biology, networks can be classified based on the compounds and interactions represented,
e.g. in ceexpression networks, the compounds are genes, #mel interactions show shared
expression patterns, whereas in protganotein interaction networks, the compounds are proteins
and interactions represent physical interactions. In theegpression network, genes are considered
nodes, and the edges are d@gimined by their correlatior(Serin et al. 2016)Networkbased ce

expression analysis is usually performed in three steps, detailed bel@oxid

Box 1: Network analysis or eexpression networkanalysis procedure is as follows:

U First step:Similarity score (explained in box 2) is calculated by comparing gene expr
patterns in pairs;

U Second stepThe result list of gene pairs is filtered using the similarity score threshol

U Third step: The remaining pairs form nodes and corresponding edges to constr
network. Genes with similar similarity scores form a-sebwork or modules, or clustet
Accading to the guilt by association principle, genes sharing a biological function te

have similar expression patterr($Volfe, Kohane, and Butte 20059Known genes ca

predict the function of an unknown gene in the same mod(Rhee and Mutwil 2014)

The values in eo-expressiorbased ceregulation network areisually between +1 and.. An
unsigned networkis based on the absolute value of correlation, so the pairs of stneggtively
correlated genes are considered e coexpressed or highly connected. This approach treats the
positive and negatively correlated genes equally. In contrast, fositeed networlonly correlation
values between 0 and 1 are used. Hence, the pairs of sinegatively correlated genes are
considered not connected or not @xpressed, as their connection strength is very close to or zero.

Biologicallyrelevant modules are often identifiedathe signed method(Mason et al. 2009)

A weighted networkassumes all genes are connectedhe network, and the connection
between genes is assigned a continuous value between 0 and 1. The higher the value, the stronger
the strength of ceregulation between the genes. In contrast, an unweighted network assumes that
genes are either connected onconnected, as the interaction between them is binary (0 ¢Zhang
and Horvath 2005)
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For the purpose of this current project, we focused signed weighted cexpression
network, by usingNVeighted gene c@&xpression network analysis (WGCN9), also knowrone of
the most widely used computational tafior constructing and anakng coexpression networksAs
mentioned above, it uses soft thresholding to build a network, and a topological overlap matrix aka
TOM Box 2 is applied withhierarchical clustering on the correlated gene expressaloesto create
co-expression module@angfelder and Horvath 2008Jhese modules are further refined by cutting
the branches given at certain heightnd ceexpressed geneand the hub genesan be inferred
without prior knowledge of thig structure or function Hub genes are a set of genes with high
correlation to the largest number of the other members of the module. WG&athe first method
to be applied on RNA&eq datasets and has since been considered the most efficient tool for
identifying biologically relevant associations between phenotypes and modilegelman and

Kadarmideen 2014)
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1.6.3Weighted gene cexpression networln transcriptomic data

Network-based ceexpression analysis has been implemeniadmany gene expression
studies (Wu et al. 2019)such as the one performed B4.S. Cao and colleagyegho analysed mRNA
expression data ohormal, gastric carcinogenesis and adenocarcinaamplesfrom the GEO
database (GSE2437%)yd generated aegulatory netwrk for each conditionThus, hey identfied
16 hub genes and hypothesized the role of GATAG6, ESRRG and their signaling pathways in gastric

cancer developmeniCao et al. 2015)

Box 2
Similarity score:

A similarity score is calculated on the log2 transformed value of gene expression. The
number of methods available for calculating similarity scores. E.g., Simple Pearson or Sp
rank correlation are widely used methods. Although Pearson assdatass normally disturbe
and has linear relationship. Spearman rank correlation is more robust but less po{@atiouz,
Verleyen, and Gillis 2015nother method often used is mutual information (Ml), which can
applied to nonlinear datasets(Meyer, Lafitte, and Bontempi 20Q8However, a compariso
between MI and Pearson correlation shows no difference in regbting, Langfelder, and Horva
2012)

Threshold values:

A userspecified threshold similarity value is used in practice, which is considered connecte
the remaining unconnected, i.e., hard threshold{@ang and Horvath 20Q3}.g., In the signe
network, \alues less than 0.5 could demonstrate a negative correlatimontrast,values greater
than 0.5 would be associated with positively correlated gefdason et al. 2009)While
(Langfelder and Horvath 2008yopose to use soft thresholding implemented in the WG(
model. The idea behind dothresholding is raising correlation to a power (uskfined) will
reduce the correlation's noise.

Topological overlap matrix (TOM):

TOM measure is a matrix product of adjacency matrix with itself. In addition, TOM normali
results of adjacency airix between 0 to 1. Adjacency matrix considers pairs of genes
connected to each other, while TOM pairs of genes are connected to other set of genes
network (Yip and Horvath 2007)

Similarly, in a study byi Lio and colleagued/GCNA ws appliedto generate the ce
expression network on mRNA expression datalung adenocarcinoma (LUAD) samples obtained
from The Cancer Genome Atla§ CGAdatabase.Overall, hey identified five hub genes CHEK1,
RAD51, KIF18B, KIFC1, FEN1R#ib4L thastrongly influence LUAD stem cell maintenanaed
were involved in cell cycle and DNA replication pathwdysese b genes were further validated
by analysingsix more expression datssets of LUAD patients and healthy individuals (controls)
obtained fom the GEO database. Thagainobserved that all six hub genes were highly expressed
in LUAD tissueand tumor recurrence patients, bubne of these were vatlatedexperimentally(Liao

et al. 2020)
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Components linked to diabetesssociated cardiovascular disease were also investigated
through network analysis by. Liang and cldagues who also used corresponding tissue data sets
from the GEO database (GSE13760). Statistically significant genes were used to construct a co
expression network using WGCNA, ahdyt identifieda total of 15 hub genes that were present in
all modules. The hub genes were further screened against the GWAS database (cardiovascular
diseasecatalog), andhree genesHLADRB1LRPland MMP2were identified, which were found to
play an essential role in antiggmesenting and phagosome pathways tracellular signalling and
lipoprotein metabolism associated with cardiovascular disease, inflammation, tissue remodeling
(Liang et al. 2020)

1.7 Macrophage differentiation

Humans are surrounded by toxic and allergenic pathogens such as bacterianfdnguses,
which can attack and replicate inside the human body, leading to tissue damange and affecting
beneficial,commensal microbesThe host immune system is, however, well equipred for eliminating
foreign biological threatsiatwo major interactng responses: the innate (nespecific response) and

adaptive (specific response) immun{tghaplin 2010)

Innate immunity is the first line ofdst defense against harmful pathogens by initiating a
protective inflammatory response, which aims to destroy any infectious microorganisms and remove
dead or dying cells and damaged extracellular matrix materials. It is also involved in repairing
damagedissues and restoring them to a healthy conditidvhatzinger 2007)On average, the innate
immunity is activated between-86 hours from infection or tissue stress, and it continuesliuhe

infection is cleared or an adaptive response is activékair and Secord 2019)

The mononuclear phagocyte system (MPS) plays an important role in the inflammatory
response, removing infected dead cell debris, and repairing damaged tissues. The MPS consists of
different cell types, such as monocytes, tissue residential macrophagesiatitic cells (DCs)
(Hume, Irvine, and Pridans 201&rowth factors and different types of cytokines, such as interleukins
regulate the function of MPS cells, help maintain homeostasésue morphology and tissue

function), drive proliferation and arevolved indifferentiation (Hume and MacDonald 2012)

1.7.1 Macrophage differentiation

Monocytes area group ofcellscirculating inblood that can be mobilized to the spleen or
lungs ondemand, and they are approximately 10% of the total nuedacell. (Ginhoux and Jung
2014) They originate in the bone marrdfnom hematopoietic stem cells (HS@s) can circulate in
the blood stream for £ days if no danger is identifigttaliani and Boraschi 2014)pon infection
with foreign pathogens, monocytes can differentiation into dendritic cells estunulated (MO)

macrophages. The latter can be subdivided into three categories, based on the expression of CD14
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and CD16 surface markegigieglerHeitbrock et al. 2010)a) 90% of total cell count are made up of
monocytes with high expression of CD14 and no expression of CDIBHCD16), which is known

as classical macrophage, while the remaining 10% represent a minor population of monocytes,
further divided into b) intermediate, characterized by high CD14 and low CD16 leidldCD18)

and c) monocytes with relatively low CD14 and high CD16 expneksiels CD14CD18%), also
termed as a nortlassical subséZieglerHeitbrock et al. 2010)The classical and intermediate subset

of human monocytes exhibit a piaflammatory phenotype, also known 81 macrophages, while

non-classical monocytes have an amlammatoryphenotype / anM2 polarisation state.

Initially, macrophages were hypothesised to differentiate from monocytes circulating in
blood in response to injur§Tauber 2017)but it was later found that monocytderived macrophages
are originated from bone nreow, while lineageracing studies have shown that tisstesident
macrophages are derived from embryonic yolk sac progenitor and Langerhan@Hoslftel et al.
2012) These tissueesident macrophages are named based on their location, as descrifabie
1.1, and despite their different origins and locations, they all have similar functions, such as in

homeostatic maintenance and tissue repair after injury.

Table 11 Different types of macrophages

Resident macrophages Location

Kupffer cells Liver

Sinus histiocytes Lymph nodes
Microglia Central nervous sysem
Hofbaur cells Placenta

Osteoclasts Bone

Epithelioid cells Granulomas

Monocytes differentiate into prenflammatory macrophages upon detection iofectious
microorganisms by pattern recognition receptors (PRRs) sutblHge receports (TLRf8Mau et al.
2002) Thus, they enter an M1 polarisation state and release specific cytokines, such as 1L12, TNF, IL

6, and chemokines like CCL2, CXCL10, CXCL1"}, Mk Also, they produce chemicals such as

reactive oxygen species (ROS) and nitrogen radicals (caused by upregulation of inducible NO synthase

iINOS), which enhances their ability to kill pathogelld. macrophage genes are regulated by
transcription factors suchs NFkB, STAT1, STATS5, IRR@ IRFEMurray 2017) M1 macrophages are
also importantantigenpresenting cells (APC), and after killing the infectious pathogensgdibplay
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major histocompatibility complex (MHCtlass | and lantigens further activatingthe acquired

immune system

Monocytes can also differentiate into M2 or amiflammatory macrophages, which are
induced by cytokines like IL4 and IL13 and are specific cells of adaptive im(Mioligyet al. 2019)
They also have a highxgression of CD206,-R (decoy receptor), antl-1R antagonis which
stimulate profibrotic factors, such as T&Fand IGFL and in turn reduce inflammation and promote
tissue repair(Mantovani et al. 2013)Additional genes expressed in M2 macrophages are STATS6,
GATA3, CD163, FIzzZMMPs PPAR and ARGI1(de Groot and Pienta 2018whose increased
expression leads to the production of polyamines and promotes tissue remodeling and healing.
Moreover, M2 macrophages are known to indusegiogenesiggrowth of blood vessels from the
existing vasculature) and rhphangiogenesis(growth of lymphatiovessels from the existing
lymphaticvessely by stimulating thevascular endothelial growth faot A anlL-8 (Corliss et al.
2016) Given their various properties and characteristics, M2 macrophages can bedivith

different groups, as described Trable 1.2

Table 12- Types of resident macrophages and their locations

Macrophage| Stimulation | Cytokines Markers Function

M1 LPS+IFN IL6,IL12,IL23 | CD80,CD86,MHIC | Proinflammatory activity
M2a L4, I1L13 TGH ,IGF1 | CD206,CD36 Anti-inflammatory activity,
M2b TLR IL10,IL6, TNF | CD86, MHII Tumour progression,-T

h helper cell response.

M2c IL10 IL10, TNF CD163,TLR1 Removal of dead cells,
tissue remodeling

M2d TL3 IL10, VEGF | CD206,CD204 Angiogenesis

lymphangiogenesjgissue

remodeling
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1.8 Tribbles

Pseudekinases are proteins containing kind#ee domains, but lacking one or more
conserved motifs required for efficient ATP binding and/or catalysis in their canonical counterparts
(Taylor and Kornev 2010They are known to be involved in cellrgiting by mediating protein
protein interactions(Boudeau et al. 2006and have been associated with various human diseases,
including auteimmune diseasegRibeiro et al. 2019)metabolic and neurological disorders and

different types of cacer(Bailey et al. 2015)

Tribbles are a family of serine/threonine pseukinases consisting of 3 membearSTRIB1,
TRIB2, and TRIB3, which are involved in numerous regulatory pathways in eukaryotic cells. TRIB2 waz
the first member to be characterized and was initially known eBW3t was first identified in dogs
and linked to an upregulated thyroid response to mitogéwélkin et al. 1997) TRIB3 was first
descibed by MayumiMatsudaet al.in 1999, and its increased levels were linked to neuronal cell
death induced by nerve growth factor depletion. TRIB1 (C8FW) was subsequently described as a close
K2aY2t23 2F ¢wL.H o0& 2Af 1 AY fbblespitBinid shows iKable 1335 lj dzS

Table 13- Sequence similarity between Tribbles proteins

Pairwise protein sequence similarity % similarity

TRIB1 and TRIB2 71.3%
TRIB1 and TRIB3 53.3%
TRIB2 and TRIB3 53.7%

1.8.1 Structural features and function of Tribbles protein

Evolving from a common ancestor, all members of the tribbles family contain three common
domains: Nterminal PESTdomain, central kinaséke domain, and @erminal proteinrbinding
domain. The protein's central domain resembles a serine/threonine kinase domain, but it lacks three
major key motifs of kinase catalytic activity: 1) a VAIK motif, known to interactaitidi phosphate
of ATP, 2) aentral HRD domain, which contains tbatalytic aspartic acid residuaown for base
acceptor required for protein transfer, and 3) a DFG domain, which binds+tGoordinatel and

phosphate of ATP in bindirfglegedus, Czibula, and Kigsth 2006) Therefore, Tribbles have been
classified as gewlokinasa, with TRIB2 and TRIB3 having low ATP affinity and phosphotransferase
capacity, while TRIB1 lacks the ability to bind ATP and exert phosphotransferase activity.
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The Gterminal domain has two conserved motifs: 1) an HPW[F/L] motif, which contains
binding sites for MEK1 and MAPKK that, in turn, mediate the bindikgnase 3 (MLK3)hich is
involved in c-Jun Nterminal khases (JNKsjgnaling pathways, and thp53 mitogen-activated
protein kinase (MAPK) signaling pathwéyumphrey et al. 2010; Yokoyama et al. 20H0d 2) the
DQXVP[IE] motif, whichallows binding of E3 ubiquitin ligase C@FRgure 16) (Keesharet al.2010)
TRIB1 and TRIB2 recruit COP1 to degrade hCEB® i Xesponsible for developing acute
myelogenous leukemia in murine moddlseeshan et al. 2010and for inhibiting the AKT protein
responsible for suppressing adipocyte differentiatidwaiki et al. 2007)TRIB3 also recruits COP1,
resulting in the egrading of acetyl coenzyme carboxylase (ACC) in adipose t{&itetsal. 2006)

MEKL COP1 binding
Catalytic loop l l

Pro & Seirich N-
terminal domain

PESHike Ser/Thr kinaséike domain Gterminal
domain

Figurel.6- Basic structure of TribblegAll three members of this protein family contain variablégkiminal
PEST domain, psedokinase doman lacking metal binding motif (DGF motif)-tanda® domai
containing two key regulatory elemé& HPW[F/L] motif interacting with MAPK/MEK family proteins,
DQXVP[D/E] conserved motif, binding E3 ubiquitin ligase COP1.

All three homabgus Tribbles members Trib1, Trib2 and Trib3 play important roles in various
cellular processes, including inflammation, cellular stress, apoptosis and tumorigenesis. They have
also been found to be involved in the differentiation of macrophg@sgoh et al. 2013jnuscle cells
(Kato and Du 2007adipocytegSathyanarayana et al. 2008)d osteoblast(Chan et al. 2007)

1.8.2 TRIB1

The TRIB1 mRNA transcript is considered an unstable transcript, withliéehafliess tha 1

hour, whereas the average median hEflé of most stable human transcripts is at least 7 hours
(Sharova et al. 2009However transcript halife depends on its physiological conditiofdewbury

2006) e.g most of the housekeeping genes have long mMRNA transcripiviealf while proteins
required for a limited perio@f time or involved in different stages of the cell cycle, cell differentiation

or growth have shorter halifes (Sharova et al. 2009The expression of TRIB1 is highly variable and
celktype specific, which suggests th&RIB1 might be subjected to pdsanscriptional regulation
(Soubeyrand, Martinuk, Lau, etal. 2006) 2 K G A& Y2 NBX K Sappré&iyhaalyk 2 ¥

three times longer than that of its coding regidfigure 17), which means there is a larger genetic
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space in which mutationsan occur and can, for example, lead to alteration of miRNA binding sites
FYR I FFSOG GNXYyaONRLIIQa aldloAfArideod

) 1 oy

Figurel.7- Genomic viewTRIB1

TRIB1 is primarily expressed in antiggasenting andendothelial cell§AshtonChess et al.
2008) while in HeLa cells it was identified as a mediator of gene expression and a regulator of the
Toll/IL-1 receptor in innate immunityKissToth et al. 2004)Moreover, TRIB1 plays a vital role in the
polarization of vascular smooth muscle celia inhibition of the MAPKINK pathwayHye et al.
2007) In addition, the expression of TRIB1 was found to be increased in patients with atherosclerotic
arteries compared to control individualdohnston et al. 2019)Another study, performed be.
Dugastet al., suggsts that in Tregulatory cells TRIB1 shows binding affinity to FQKRRBgast et al.
2013), which is a TF imptant in regulating Tcells (fregs), promoting longerm survival of organ
transplant patients(Li and Turka 2010hile deficiency of FOXP3 has been associated with auto

immune diseases and inflammation.

Furthermore, TRIB1 was also shown to haleg in fatty acid metabolism, agpatic over
expression off RIB1 in mice resulted increasel fatty acid oxidation, decreased plastniglyceride
and cholesterol, by reducing very ledensity lipoprotein productior{Bauer et al. 2015)Another
complementary study inTRIB1 knockout mice recorded an increased expressitiglyicerideand
cholesterol(Soubeyrand, Martinuk, Naing, et al. 20168)ther studies have emphasised additional
roles of Tribl, such as the 8924 GWAS lamugtaining TRIB1, which has beeassociated with
coronary artery diseas@adhav and Bauer 201@nd TRIB1 expression was found to be upregulated
in LPSnduced white adipose tissud®stertag et al. 2010What is more, heterozygous knockout
TRIB1 mice havenpaired cytokine(Il-6 and Ikmi 0 LINERirRvdzite(indpdsg¢ tissus andare
protected from weight gain and adiposity when fedth a highfat diet (Ostertag et al. 2010)

) Role of TRIB1 in macrophages

As discussed above, TRIB1 shows binding with FOXP3 TF, which is a master regulator of T
OSttaqQ I OGAGI (A 2y >park ¢yRdking gehe expreBsBIF ik QRIS adipdcytes.Y
Moreover, Arndt and colleagues reported that TRIB1 play an essential role in the differentiation of
tissueresident M2like macrophages, as they aimed to understand the impact of TRIB1 deficiency on
macrgphage function and polarisation. They also observed biwatte marrowderived macrophages
from TRIB1deficient mice showed a reduced expression of both M#&, (Llb, andNos2)and M2

markers Cd206 Fizz]1 andArgl) uponLPS/IFNand Il-4 stimulation, respectivelyUltimately, they
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found a reduction in pranflammatory cytokine, nitric oxide, and reactive oxygen species levels
(Arndt et al. 2018)In addition,TRIB1 was also found to be involved in macrophage migration through
AYGSNY OGA2y gAHKE HKATSI AYYRweb@-h IFFR20L & Bzid 2 M ¥

ligandswere recorded at high leve(tiu et al. 2013)

Another study performed on ioe lackingTRIBlin hematopoietic cellseported reduced
adipose tissue masad increasedipolysis, even when fed a normal diétowever, this condition
was rescued after injecting the mice witi2-like macrophagedn contrast, when the mice were fed
a highfat diet, theydevelopedhypertriglyceridemia and insulin resistan@&atoh et al. 2013pespite
the numerous studies focused on TRIBhe mechanisms leading to impairemhacrophage
polarisation or theexact genetic and/or protenprotein interactions involving TRIB1 have not yet

been elucidated.

i) Role of TRIB1 in cancer

In addition to its role in macrophage differentiation and polarisation, TRIB1 has also been
identified as an oncogene in acute myeloid leukemia (AMk discussed aboyvERIBIrecruits E3
ligase COP1 to degradel NH S (i / ikirferactwithM¥EKRL, enhancinGRK phosphorylatioto
promote cell proliferation and inhibition of apotosis, processes that have been associated with
pathogenesis of @ult acute myeloid leukemi@AML) (Yokoyama et al. 2010)it was also observed
that overexpression of TRIB1 is responsible for ingngadoxaSnduced leukemia, by modifying the
activity of a supeenhancer of the oncogene Erg, which is achieved throughddgradation of
/ Kk 9 .pd2by TRIB1. BRD1 inhibitor JQ1 has been shown to inhibit the sameesumercer, thus
impairing the growh of TRIBExpressing AML celf§'oshino et al. 2020Moreover, TRIB1 is located
on chromosome 824, 1.5 Mb away froaM'C, a known oncogene associated with AML, which was
detected in low levels in previous studies, while TRIB1 was concomitantly overexpressed. This led to

the hypothesis that TRIB1 may also have a cooperative role with € (Storlazzi et al. 2006)

In addition, TRIB1 was found responsible for inhibiting the tumor suppressor protein p53
(Miyajima, Inoue, and Hayashi 2018) TF with vital role in regulating genes involved inoglle
progression and apoptosi{&ruse and Gu 2009What is more, a study by Ying Ye and colleagues
suggested that TRIB1 might be a target for 428, which is positively regulated by p53. In the
absence of miR3a, TRIB1 expression is increased, which would further inhibit p53. They also
suggestedhat hepatocellular carcinoma (HCC) cell migrai®é@rez et al. 202@nd EMT activation
are promoted by ectopiexpression of TribVvia dzLINS 3 dztchtenih, ywHich iis responsiblerf
upregulation of eMyc and MMP7. They further reported that the effect of TRIBlicoatenin was
p-53 dependent and the overal results indicated a potential role of Tribh wound healing and

initiation of metastasis in cancer progressi@as et al. 2019; Ye et al. 2017)
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¢cwL. MQ& | a&a20ALGA2Y SAGK RAFTFSNBy(G GeLSa
studies, the most prominent ones linking TRB&rexpression in prostate cancéXiespolo et al.
2020; Shahrouzi et al. 202@hyroid cancefPuskas et al. 2005)varian cance(Puiffe et al. 2007)
and colorectal cancdLiang et al. 2013However, the expression pattern of TRIB1 in different cancer

datasets (different no. of cancer and control sampié&able 1.4 is variable, as shown Figure 18.
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Figurel.8- Variation of TRIB1 in different cancer dataseBoxwhisker plot showing th& RIBInRNA
expressionRSEMin different types of cargr (red) andtheir respectivenormal sampleshjue) . The
number of samplefor each tissuespecific dataseare shown irTable 1.4(Firehose Broad GDABrdad
GDAC Firehogbroadinstitute.org)
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Table 14- Number of cancer andontrol samples for each tissuespecific dataset

Cancer type Abbreviation Number of Number of
cancer samples normal samples
Adrenocortical carcinoma ACC 79 NA
Bladder urotheliatarcinoma BLCA 408 19
Breast invasive carcinoma BRCA 1100 112
Cervical and endocervical cancers CESC 306 3
Cholangiocarcinoma CHOL 36 9
Colon adenocarcinoma COAD 459 41
Colorectal adenocarcinoma COADREAD 656 51
Lymphoid Neoplasm Diffuse Laigeell | DLBC 48 NA
Lymphoma
Esophageal carcinoma ESCA 185 11
Glioblastoma multiforme GBM 166 5
Glioma GBMLGG 696 5
Head and Neck squamous cell carcinon HNSC 522 44
Kidney Chromophobe KICH 66 25
Pankidney cohort (KICH+KIRC+KIRP) | KIPAN 891 129
Kidney renal clear cell carcinoma KIRC 534 72
Kidney renal papillary cell carcinoma | KIRP 291 31
Acute Myeloid Leukemia LAML 173 NA
Brain Lower Grade Glioma LGG 530 NA
Liver hepatocellular carcinoma LIHC 373 50
Lung adenocarcinoma LUAD 517 59
Lungsquamous cell carcinoma LUSC 501 51
Mesothelioma MESO 87 NA
Ovarian serous cystadenocarcinoma | OV 307 NA
Pancreatic adenocarcinoma PAAD 179 4
Pheochromocytoma and Paragangliomi PCPG 184 3
Prostate adenocarcinoma PRAD 498 52
Rectumadenocarcinoma READ 167 10
Sarcoma SARC 263 2
Skin Cutaneous Melanoma SKCM 472 NA
Stomach adenocarcinoma STAD 415 35
Stomach and Esophageal carcinoma | STES 600 46
Testicular Germ Cell Tumors TGCT 156 NA
Thyroid carcinoma THCA 509 59
Thymoma THYM 120 NA
Uterine Corpus Endometrial Carcinoma| UCEC 546 35
Uterine Carcinosarcoma UCS 57 NA
Uveal Melanoma UvVM 80 NA
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i)  Overview of TRIB2 and TRIB3

Compared it its other members of the Tribbles family, TRIB2 has more diverse actions, being
highly expressed in kidney mesenchymal cells, and considered responsilgpoessing adipocyte
differentiation by inhibiting AKT and C/EBNaiki et al. 2007)Iin contrast, downregulation of TRIB2
was found to regulate LABduced IE8 productionviathe MAPK pathwayEder et al. 2008)

TRIB3 is the most studied isoform of the Tribbles family, being reported in high levels in liver
samples, and relatively elevated levels in the small intestine, stomach, kidngyand white adipose
tissue(Okamoto et al. 2007)The expression of TRIB3 was shown to be upregulated in response to
cellular stress, including oxidative stress, hypoxia, glucose excess and essential amino acidydeficien
(Ord and Ord 2017What is more, the proximal promoter region of TRIB3 has a GAIBRcomposite
OAYRAY3I &araidsSa GKFG YSRALFGSE O6AYRAYy3 2F [ k9.
upregulation in cBular stress responséHuggins et al. 2016)TRIB3 is also regulated by other
NI YAONRLIGAZ2Y T FI O NiEal. 20aOvatsuméto et al. 12008 & forBe? E h m
being a significant regulator of hepatic fatty acid, which binds to the TRIB3 promoter region and
regulates its expression in liver, while FoxO1 is identified to bind to the promoter regidtiB3 and

alter its expression in murine samplg¢®©rd and Ord 2017

Box 3

Early response genes
Regulation of gene expression is an important process used by cells to control the end proq
genes. Specific group genes are known to respond quickhternal or external stimuli such a
cell stress conditions like viral or bacterial infections. Thggsep genesare known asmmediate
early response gend$EGs)Hence, they are known as first responders having a peak expre
within 30 minutes after external or internal stimuli. The main function of IEGs is to regulat

growth and involve different cellular procesg@ahrami and Drablgs 2016)

Haplotype phasing

With the increase in technology vast amount of genotyjaa is being generated; these dat
identify alleles cdocated on the chromosome. HOWBWE ¢S OF y Qi 20
chromosomes or haplotypes belong to either of the pareidentifying the alleles belonging t

either of the parents is known as haplotype phasifByowning and Browning 2011)
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1.9 Aims and Objectives

In the following chapters, both computational analyses, using methods like the ones
described above, as well as experimental validation (where applicable and available) will be
presented for each of the three main syipojects, focused on investigating:) the genomic
characteristics and regulation network of Trib2)i KS SF¥FFSOdia 2F {bta Ay o
binding sites and their correlation with potential allelic imbalance in TRIB1, as well as at whole

genome scale; an8) the role of mMiIRNAs and their expressiarmacrophage differentiation.

The genomic characteristics and regulation network of Trilkhapter focuses on
understanding the regulatory network of TRIB1 through coexpression analysis and hypothesizing the
function of TRIB1As discussed above variat®nn expression level of TRIB1 led it difficult to
understand its function and regulatory network. From the published literature, we understand that
TRIBL1 is involved in different types of cancer and involved in cell signaling such as MAPK signaling
pathways, this function makes TRIB1 biologically important gene. In order to understand the function
and regulation of TRIB1, we have analysed 28 different cancer dataset§Ws@NA)We observed
that 65% of genes eexpressed with TRIB1 are early responseege these genes were further
validated using RN#eq dataset. From RN#eq data we found that TRIB1 is regulated by early

response genes (box 3) and it play a role in regulating cellular response in stress

¢KS SFFSOGa 27F { b tmiRNA hindingRites amd tBeF cotrelation with 2 y
potential allelic imbalance in TRIBlas well as at wholegenome scalechapter focuses on
dzy RSNB UG YRAY3I GKS STFSOO 2F Ydzilt GA2ya Ay oQ !
this analysistoidemA F& AT (GKS&S {bta Ay o QspecifiorexpPedsiotolvl . m
¢twL. Mm® ! & RA&AOdzAaaAaSR AYy (GUKS AYyGNRRdAOGAZ2YyEZ (GKS
O2RAY3a NBIAZ2Y YR 0Q ! ¢wa | NBE dMWhddReraigdhyhlRNAI 2 Y
binding sites or different MRE factors such as {Bhing proteins (RBPSs), translational repressors,
splicing factors, and riboswitches. This could be the reason for variations in expression level of TRIB1.
In order to invespate the mutation in TRIB1 responsible in alteration in miRNA binding sites, we
yrfe@aSR dzyaldAyYdzZ 4GSR YIFONRBLKEFIS RFEGFaSGa Iy
KFELIX 20@LISOFfESNID!I¢eY{Qa G22ft0 I NB Nibaevd yhayr 6f S
were not responsible in alteration of mMiRNA binding sites expressed in macrophages, but could be
altering binding sites of other MRE factors. In addition to this, we also investigated if mutation in
0Q! ¢w 27F ¢ wL .-specific pyfessoR, wei develbpied aelicSpecific expression pipeline,
implementing QUASAR for identifying SNPs linked to ASE and MBASED to allele specific expresse
genes. From our results, we did not find any SNPs of TRIB1 linked to ASE.
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The role of miRNAs andheir expression in macrophage differentiatiothapters focuses on
understanding the role in miRNA in polarizing MO to M1 macrophagascro-RNAs (miRNAs) are
small, noncoding RNA sequences binding to-tuanslated regions (UTRs) of proteinding genes

and are responsible for regulating transcript expression, stability and transport. In order to
understand the role of miRNA in macrophage differentiations, we performed integrated miRNA
MRNA analysis between resting (MO) macrophages anepdirized macropages. Differential
expression analysis of miRNA and mRNA were performed independently using DESeg2 R package. Wi
found that upregulated target genes of dowregulated miRNAs are involved in inflammatory related
pathways and downregulated target genesupiregulated miRNAs plays an important role in-cell
cycle related pathways. Moreover, we identified 5 upregulated miRNA atwivhregulated miRNAs
targeting more than 500 genes and these genes are enriched in inflammatory agaellelated
pathways. Weurther validated our results, analysing RSéq data, obtained from downregulated

hub miRNAs in MO macrophages. In addition to this, we also investigated alternative polyadenylation
sites of differentially expressed genes using DaPars algorithm and segveb that upregulated

genes undergo APA process to avoid the binding sites of upregulated miRNAs.
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Chapter 2

Coexpression analysis of TRIB1

2.1 Introduction

Over the past decade, the application of massively parallel sequencing at large scales has led
to an increase in research and reporting of new information on cancer genomics. One such project
that benefited from these technological advances has been the sindying TRIB1, as one of the
members of the Tribbles pseudokinase family. As mentioned in the Introductory Chapter 1, TRIB1
was recorded as upregulated in many different cancer data@¢iesspolo et al. 2020; Puskas et al.
2005; Wang et al. 2017; Yoshino et al. 2024) it was also associated with leeyclerelated
pathways, which control cell polarization, mobility, differentiation, and other cellular functions
relevant to cancer biologyEyers, Keeshan, and Kannan 20D8spite the clinical significance of
TRIB1, its only relationship validated experimentally, through TRIB1 knockdoweeinisrthat with
COP1 and CEBPYoshida et al. 2013)Until naw, the genomic regulatory networknd full extent of
TRIB1 functions have remained unexploreter€fore, thisstudy focuses on understanding the

genomic regulatiomnd targetsof TRIB1 through eexpression network analysis.

Continuous advancements in RNAseq technologies have improved the understanding of the
complexity of the human genome and have enabled the identification of differentially expressed
genes between two states/conditions (e.g. diseasel contro] or gene knokdown and oveigene
expression). However, studies on the genewide immunity response in TRHRhockout mice,
carried out by collaborators in the TRAIN consortium failed to find large transcriptional effects linked
to TRIB1 in resting, steadyate cell§data not shown). Therefore, we implemented aeression

network based approach to identify the regulatory network of TRIB1.

This method clusters genes in different modules, based on their correlation between their
gene expression values across samp#sl builds networks that can be used to understand the
interaction between these genes. Using this strategy, possible roles of unknown genes can be inferred
based on similar biological functions of the known genes present in the same mE&isém et al.

1998) More than that, after identifying a module of interest, gene enrichment, pathway analysis and
Gene Ontology (GO) analysen help unravel the entire module's biological function. Ultimately, a
set of ceexpressed genes can be further validated experimentally, in order to understand and/or
confirm the relationship between known and unknown genes. Furthermore, in order trrdéate

the direction of relationship and causality between genes, which cannot be inferred frem co

expression networks alone, in vitro and in vivo validation are essehta@lrg2.1).
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Figure 21 - Differences between caexpression network and regulation networlka) Network
built from coexpression analysis, b) Possible causal relationships

Aims and objectives

In this study, we harvested network modules generated by the weightedxpoession
method (WGCNA) in order to identify genesex@ressed with TRIB1 in macrophages across 28
different cancer datasetsWe aimed to investigate theregulatory network of TRIBthrough ce
expression analysiandto generate dypothesison its function. Based on the @xpression network
results, we then hypothesized that TRIB1 could 1) be an early response gene, 2) regulate early

response genes, or 3) be regulated by eargpmse genes, which we further testadvitro.
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2.2 Materials andViethods

Declaration

Stable DU145 cell lines overexpressing TRIB1 a3dcBIClines witiTRIB1 knockdown were
generated by our collaboratpDr. Swapné&atham,under the superision of Dr Natalia Pellegata
(Helmbholtz Institute, Munich, Germanyand Prof. Endre Kiskoth (IICD, University of Sheffield,
Sheffield, UK) She also performed the timseries experimerst on the DU145 cells. Dr.
ChiaraNiespoloperformed gPCR of EGR1 and FORIB1 knockdowweonditionsin PG3 cells. All
other experimens on HEK293T celisomputational analys® and interpretation of resultsvere

performed by myself.

2.2.1In vitromethods
1)  Generation of stable cell lines, with TRbB&rexpression or TRIB1
knockdown

TRIBIoverexpressing and TRHefiockdowncells were derivedthrough transformations
using lentivirus encoding a TRIB1 expression cass¢BK293T, DUl4d PC3 cells were grown
overnight A y 5 dzf 6 SO 02 Qa dia @®WMBEMF#18%RFoétdl BbYire Sexud (FBS), but without
antibiotics,to a concentration of 1 X 2@ells/well in 6well plaes Thefollowing day, cells were
transduced witHentivirusanda dzLJLX SY Sy G SR 4 A (. Kfterys houBpulttife mediirh & 6 NB
without antibiotics was added to the celand these wereincubatedfor another 24 hours. The
following day, Puromychiontaining media was added and then subsequently changed ev8ry 2

days.Stable cell lines were frem and stored for further processing

For immediateearly response stimulation experimentsells were serumstarved for 12
hours in just 0.5% FBS. To stimulate early response genes, 20% FBS was addeellsawere
collected at 030, 60 90,120and 180 mins timepoints.

i) Total RNAextraction

Total RNArom HEK293T cellgas extracted using RNAeasy Mini kit (Qiagaogording to
0KS YI ydzF I Ol dzNiRINSquakityiasdsdebzenibk Nagio®ropTM Spectrophotometer
(A260/A280 ratioof 1.8-2.0) (ThermoFisher Scientj. Total RNA from DU145 was isolated using
RNAtissue kit (Promega) and Maxwell® and RNA quality was tested using Nanodrop 2000, checking
for an A260/280 ratio of 1-2.2.
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i) cDNA synthesis and gPCR

cDNA synthesis for HEK293T &3 cell line was performa using iScript cDNA synthesis
kit (BioRad)according to manufacturers instructiorsnd for DU145High-Capacity RNA0o-O5 b | u

Kit (Thermo Fisher Scientifishs used

Quantitative Reatime PCRgPCR}vas performed using PrecisionPLUS SSB@Rn master
(Qiagen)mix (for HEK293T anBGC3 cells) or TagMan (for DU145 cells), &a8@R1, FOS, and TRIB1
primers ([Table 2.1). All experiments were performed with technical replicates and analysed on
CFX384 C1000 Touch Thermal Cycler (Biovat)es beinghormalizedto the housekeeping gene

GAPDH. For analysis, the below steps were followed:

1. The averagéeechnical replicate Ct value was calculated for each sample
2. The Ct value of GAPDH was subtracted from those of individual geies, O £ ©dzf I {
3. n / df control sanples wadurther subtracted from ¢st samplesp n /
4

27Ctwascalculated by raising? to the power of negativa n /

Table 2.1 - gPCR primers used

Gene Forward primer Reverse primer
TRIB1 AAGTTCACATTTGAACTGATGGC AGCTGGTTTCAGGGGAAGAC
EGR1 GAAGAACTTGGACATGGCTGTTTC CCTCCCTCTCTACTGGAGTGGAA
FOS CCAACCTGCTGAAGGAGAAG AGATCAAGGGAAGCCACAGA
GAPDH GAAGGTGAAGGTCGGAGTC GAAGATGGTGATGGGATTTC

IvV) SIRNA transfection

2,50,000/well HEK29T and BQells were seededin 6-well plates 12 hoursprior to
transfection and grown intandard growth mediun{iDMEM + 10% FBS), acglls werethen serum
starved forfurther 12 hoursby replacing 10% FBS containing media with media withoutUB®rm
distribution of cells and hdtny cell dengly were confirmed prior tdransfection for both cell lines
using microscopy, andiromer Blue (LipocalyfProtocol is discussed in boxwasused to transfect
siRNAsAfter 24 hoursf siRNA transfection, P&cells were collectedyhile for the H2K293T cells,

20%FBS wafrst added, and cells were collected after 1 hour.
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v) RNAsedrom timeseries experiment onUL45 cebl overexpressing TRIB1

DU145cells were seeded fot8 hours atl X 16 cells/well in 6well plaiesand incubated at
37°C and 5% 3. Ttey werethen serumstarved for 12 hours in 0.5% FBS. To stimulate early response
genes, 20% FBS was added] aells were collected at, 30,60 and 90 mins. Total RNA was isolated
using RNAissue kit (Promega) and Marll® cDNA synthesis waarried out ing high capacity
RNAto-O5b ! u YA U 6 ¢ KS N)M&lowedibi Ra§\ih §POR &hlyisia (Prim@risequence
shown in Table 4.1). All experiments were performed with technical replicates and values were
normalized using housekeeping genes GAPDH tRatfRNA from each biofpcal replicate was sent
to for mRNA sequencing bMovogene Co. Ltdhitps://en.novogene.com. The sam@s were

sequencedisngthe lllumina platform in a paired end, read length 150 BP and stranded

Box 1:

1. 350000 cell/well were seeded 24 hours prior to transfection in a 6 well plate.
20uM stock of dilute sSiRNA and negative control were prepared(bad siRNA and
14.4 yl buffer blue)

Viromer and buffer blue were mixed in the 1:90 pl i.e., 2ul+180ul per sample
Next, 180ul of transfection mix of sSiRNA/Negative control added in tube.
Tubewas further vertex and incubated for 15 mins at room temperature.
Aspirate the old ceftulture and change into fresh one (1800 ml fresh medium)
After incubation, add the reaction mixture (20 to each cell of 6 wefllate

Cells were incubated in 37®c @%f COfor 24 hours.

N

© N kW

2.2.1 Bioinformatics methods

1) Datases used for ceexpression analysis

RNAgq expression data for7Zancer types @wsdownloaded from the FIREHOSE Broad GDAC
(https://gdac.broadinstitute.org), with each cancer dataset having betwe&®1000 samples.
RNAsq of MDMs (accession number GSE81046) was obtained from the GEO database
(https://www.ncbi.nlm.nih.gov/geo/) and theassociated raw countles were downloaded. e
dataset included 16@ontrol samples (from healthyndividualg. 96 of these were infectedn-vitro
with Salmonella typhimuriumand 92nfectedin-vitro from Listeria monocytogenefn order to avoid

problems of stratification, we used only samples of European descent.

i)  Differential xpression analysis of MDMataset

Geneswith < 10 counts across alhmples were filteredraw counts were normalized using
the R packagedgeR, andsamples werdghen groupedbased on conditions (controls usfection

states). Differential expression analysis was performed ubimma - voom, with a cubff FDR €.05,
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andafold change cut of 2.Between controls an&almonella typhimuriuanfected samples, control
and Listeria monocytogenesfected samples, as well akisteria monocytogenesnfected and
Salmonella typhimuriuanfected samples

(https://github.com/srmeetd/Macrophage transcriptomic analysis/blob/main/diff infection datas

et.R.

iii) Differential expression analysis on tiseries data of TRIB1 OE DU145

Data quality of raw reads was checked wietst€) ¢ tool implemented in the CGAT pipeline

readqc (https://github.com/cgatdevelopers/cgat

flow/blob/master/cgatpipelines/tools/pipeline_readgcyp. Lowquality reads and adapter

sequences were removed using themmomatic  algorithm (Supplementary figure 1)t is worth
mentioning that overall data quality was good, but we could see two set batches, based on GC content
distribution. Clean reads were then mapped against the human genome hg38, using fadigueo
Salmon, with parameterfi-- g ¢ Bi a shich handds Gebiased generating batches in the
dataset. Output files generated by Salmon were further passéxigport R package, to retrieve
count information. Gunts werethen normalized usingrR packagedgeR, andsamples were grouped

based on timepoints, for both TRIBioverexpressed andontrol conditions. Differential expression
analysis wasltimately performedusing limma - voom between WT different timepoints vs DU145
TRIB1 overexpressed clitie. Moreover, we also removed the effect of different timepaintsing

limma and differential expression was performed between WT and TRIB1 overexpressed DU145 cell
line to counter the effect of TRIBJAnd FDRcorrection cutoff of 0.05 and log fold change cut off

+1 were applied littps://github.com/srmeetd/Co

expression analysis scripts/blob/main/Coexpression analysig.Rmd

Iv) Steps for generating &xpression network

MRNA seqraw counts for cancer dataset were downloaded from TCGA Firehose
(https://gdac.broadinstitute.org) andwere further processdto generate CPM countby usinghe
limma R packageThetop 5000 highestexpressed genes in each cancer dataset BmdviDM
condition were selected and used torestruct theco-expressiometwork for each datasetysing the
WGCNA R package. FifshClust ~ Rpackageg(included in WGCNA) wased to construct the
hierarchical clustering, which hedgd removeoutlier samples from the provided datasetNext,
correlationanalysis was performed amgstgenesbetween samplesvithin a datasetand adefault
soft threshold was applied to select the positilg and negativéy correlated genes. Finally, a
Topological overlap matrix (TOM)asused as a distance matrix-(TOM)) and DynamicTree cut
algorithm wasused to generate a dendrograio cluster highly similar modules amal merge them

with a cutoff of 0.25 Thus, different modules withco-expresed geneswere generatedthrough
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weighted ceexpression network analysis, and we further investigated rtiedule that contained

TRIBXhttps://github.com/srmeetd/ WGCNA coexpres¥ion

v)  Structuralsuperimpositiorof TRIB1

In order to test whether there are any structural similarities between Trib1 and an E2 ligase
¢ UBRD3, their protein structures were downloaded from Protein Data Base (PDB) (PDB lds 5CEM

and 2FUH, respectively) and then superimposed using the online PDB tool.

vi)  Gene ontology analysis

Gene ontology enrichment analysis was performed using GOseq (Ybah@610) R package.
bSEGS C5w ¢6F& OFfQOdA SR 2y (KS W2 FSNIPNBLINBE A S
¢KS NBlFazy FT2NJ dzaiAy3d GKS WY2FSNWYNBLINBaSyiSRQ O3
categories than expected at any giveize of category and length distribution; hence, these are
considered enriched DE genes in that categdi§oung et al. 2010)Gene ontology passing the

threshold of FDR 0.05 were then selected for further analysis.

2.3 Results

2.3.1 TRIB1 ecexpresses with gened different functions in macrophages

We began our investigation of TRIB1 networks by examining a dataset of monocyte derived
macrophages (MDMs) from 169 individuals. As wetlaagrol samples (from healthindividualg, 96
samples were infectedn-vitro with Salmonella typhimuriumand 92 sampks with Listeria
monocytogenesWe selected the 5000 most highly expressed genes in each conditiooyidtrttiree
co-expression networks. These had 65 modules for uninfected, 6&&monella typhimurium
infected and 62 fot.isteria monocytogendsfected macrophage datasets. The modules containing
TRIB1 had 107, 57 and 136 (genes, respectively (Supplamen Table 1

https://github.com/srmeetd/Coexpression chapter/blob/main/Supplementary Tablel)xIsxand

we observed that TRIB1-expresses with different genes in each condition, with no overlap between

the three datasets.Kigure2.2)
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As mentioned in Introductory Chapter 1.7.2, TRIB1 is involved in the polarization-lddeM2
macrophages, antisteria monocytogendsas also been shown to stimulate an A& phenotype
in macrophages upon infectigfThiriot et al. 2020p ¢ KSNBEF2NB X (2 o6S30G SN dz
this type of macrophages, we focused our further analysed.isteria monocytogeneasfected
dataset. Thus, out of 136 genes found teecgoress with TRIB1 in this condition, 30 were significantly
up-regulated and only 2 were dowregulated uporListeria monocytogendsafection, compared to
unstimulated MDMs Figure 2.3, Supplementary Table 2

https://github.com/srmeetd/Coexpression chapter/blob/main/Supplementary Table2)xIsx

Unstimulated

(107) Salmonella-infected

(57)

Listeria-infected
(136)

Figure 2.3- Venn diagram showing number of genes-eapressed with TRIB1 in .
conditions
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Downregulated
1286

Upregulated
1739

Listeria-infected coexpressed
(136)

Figure 2.5- Venn diagram showing genes @xpressed with TRIB1 in Liste
monocytogenesup-regulated and downrregulated,with fold change +2 and FL
<0.05

As discussed in Chapter 1.7.2, TRIB1 has previously been observed to recruit the E3 ligase
COP1, for the ubiquitination of CEBPA. Similarly, one of the signifiegntggulated genes co
expressing with TRIBL1 liisteria monocytogeneimfected samples is UNKLaple2.2), which is also
an E3 ubiquitin ligase, playing a role in phagosome formation. This suggests TRIB1 is often involved
in the recruitment of E3 ligaseE2 ubiquitirconjugating enzymes are proteins known to be involved
in the recruitment of E3 ligases. One could hypothesise that TRIB1 might act as an E2 ligase. Upon
superimposing Tribl protein structure with that of an E2 ligase, UBE2D3, an overldpast& 6%

was observedHigure2.4), which supports our hypothesis that Trib1 could have an E2 ligase domain.

¥k

Figure 2.7- Superimposed 3D structure TRIB1 (blue) and UBE2D3 (bro

<
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However, further study is required to understand about the overlapping domains and conclude the
significance structural similarities.

Another sgnificantly upregulated gene cexpressing with TRIB1 is TMEM1Bakle2.2), a
transmembrane protein with important role in cell signalling, particularly upon pathogen infections.
What is more, looking at the protein network of TMEM181, it is oftemexoressed with SYTL3 gene
obtained from STRING databadeiglre 2.5), whose role is to bind calcium iorffukuda and
Mikoshiba 200}, and together, they are involved in vesicular trafficking and signal transduction.
However Listeria monocytogends knownto sequester calcium ions, which can no longer be bound
by SYTL3, thus leading to a lower demand for this protein. This is consistent with our data, as SYTL3
was observed to be dowregulated inListeria monocytogendsfected samples, suggesting it can no
longer ensure a proper signalling with TMEM181. Therefore, thexpoession of TRIB1 with
TMEM181 could indicate that Trib1 might mitigate the lower abundance of SYTL3, as well, supporting
the signalling pathway through TMEM181 and helping the cellyaetitheir adaptive immunity

specific to an M2 phenotype, to fight off the bacterial infection.

The above examples of TRIBlexpressing with different types of proteins indicate that
Tribl could have multiple functions, including roles in macrophageripat®on, ubiquitination and
OStt aArdaylftfAy3asr (Kdza AYLINROAY3I 2dzNJ dzy RSNBR UGl Y

Table 2.2- log fold change of genes eexpressed with
TRIBL1 in Listeria monocytogenes, eithgpregulated or
downregulated, with fold change threshold +2

Gene Log fold change
TRIB1 1.34
UNKL 1.14
TMEM181 0.46
SYTL3 -0.81

2.3.2 TRIB1 ecexpresses with immediatearly response (IER) genes

Considering TRIB1 is known to be upregulated in many different types of cancer (see
Introduction 1.7.2 ii)), we generated -@xpression networks of TRIB1 for different cancer datasets,
and then looked at whether the genes identified to-egpress with TRIB1 in any of these datasets

were overlapping with those detected in macrophages. Thus, we obtained a separate set of modules
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for each cancer type, containing between-20 genes cexpressed with TRIB1 per cancer type. In
order to narrow down the list of potential interactomes, we selected only the genespressing

with TRIB1 in at least eight cancer datasets, finding only 28 such @ahasins inFigure2.6).

GPRC6A

@ SYTL3

PODXL

&

TMEM181

MESDC1

Figure 29- Interaction network of proteins, obtained from genes eexpressed with
TMEM181 yellow ¢ text-mining evidence; black co-expression evidence

These 28 genes were coexpressed with TRIBAt:n18 different cancer types, and in general
TRIB1 would either eexpressed with many or none of these genes in a given cancer type. In 9 out
of the 28cancer datasetanalysed, TRIB1 @xpressed with few or none of these genes, but instead
a different set of geneswvere co-expressedwith TRIB1(rows inFigure2.6). Qut of the 28 genes
mentioned above (columns figure2.6), 19 are known to be immediatearly response genes (IER)
(Table2.3). These IER genes were notexpressed in the 9 outlier cancdatasets (rows ifrigure
2.6). These 17 IER genes weayelly expressed in these 9 cancer data sets (in which they did Rot co
express with TRIB1), compared to the other 21 data sets (in which they werg@oessed with TRIB1)
(Figure2.7, Wilcoxtest pvalue =0.02)Ly O2y G N} &iG> ¢wL. mQa SELINBaaa
between samples in which IER genes weréSd6 LINS 84 SR 6AGK AG FyR (K2
(Figure2.8, Wilcox test pvalue = 06). These results show that TRIB1 isexpresged with a high
number of IER genes in 19 out of 28 cancer data sets, suggesting it could potentially be an IER gene
itself, regulate an IER gene or be regulated by an IER gene.
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Figure 211- Genes ceexpressed with TRIBL1 in different cancer dataseksaxis¢ gene namegsy-axisq
cancer data setdlue = ceexpressed with TRIBivhite not coexpressed with TRIB1

Table 2.3- List of early response genes-@&xpressed with TRIB1

Genes No. ofcancer References
datasets

EGR1 19 (Duclot and Kabbaj 20}7
FOS 19 (Sng, Taniura, and Yoneda 2004)
IER2 17 (Neebet al.2012)
JUN 17 (Hernandezt al.2008)
JUNB 17 (Hernandezt al.2008)
ATF3 17 (Epanchintseet al. 2020)
DUSP1 16 (Horitaet al.2010)
NR4A1l 16 (Tullaiet al.2007)
PPP1R15A 16 (Uhlitzet al.2017)
ZFP8 16 (Uhlitzet al.2017)
FOSB 14 (Tullaiet al.2007)




Table 24- List of early response genes-&xpressed with TRIB1

Genes No. ofcancer References
datasets

MAFF 13 (Kannan, Solovieva, and Ble2k12)
MCL1 13 (Tullaiet al.2007)
DUSP 11 (Horitaet al.2010)
JUN 11 (Hernandezt al.2008)
RHOB 11 (Huelsenbeclet al.2007)
ZFP36L 10 (Uhlitzet al.2017)
DUSB 8 (Horitaet al.2010)
DUSP6 8 (Horitaet al.2010)

Wilcox test pvalueA 0.02
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IER genes eexpression
with TRIB1 in cancer
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Figure 213- Boxviolin plot showing the expression of IER genesexpressedgreen)
or not (orange) with TRIB1 in cancer datasets




Wilcox test pvalueA 0.96
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Figure 2.15 Boxviolin plot showing the expression of TRIB1 in canc
samples where it igo-expressed with IER
(greer) genes oior not (orange

WGCNA generated modules can contain genes either positively or negatively correlated with
each other between samples. We examined the Pearson correlation between genes in the TRIB1
module to observe th direction of correlation between IER genes and TRIB1. We found that IER
genes were positively correlated with TRIB1 in ~90% of cancer dat&sguse2.9), meaning that
when the expression levels of either TRIB1 or these IER genes go up/down thepriéssiex of the

others also goes up/down.

2.3.3TRIB1 cexpresses with genes involved in differpathways in cancer

As mentionedbefore, TRIBhas been associated with a numbersignalling pathways and
biological processes involved in cancer, but its exact role is yet to be elucidated. In order to better
understand the network interactions of TRIB1, we investigated the genresmessed with it in both
Listeria monocytogenesfectedand cancer samples. For this, wsed the GGeq and KEGGREST R
packagefor KEGGathway enrichment analysiasnd we observed that genes -eapressed with
TRIB1 irListeria monocytogenasataset were not significantly enriched for any KEGG pathways. In
contrast, genes recorded in -@xpression modules with TRIB1 for each different cancer type were
found to be involved in MAPK signalling pathways in 20 out of 23 cancer datasets, which was

consistent with previoushpublished findings of TRIB1 involved activating MAPK path(@dngg et
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al. 2021) Other weltsupported pathways were B cell receptors, followed by cytokireelTsignaling
pathways, and Talike receptor pathway§-igure2.10). Thereforefor further validation, we focused

on analysingenes co-expressed with TRIBd ¢ancer.
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Figure 217- Correlation of IER genes with TRIB1 in different cancer tyy

2.3.4 TRIB1 ecexpresses and interacts with IER genes EGR1 and FOS

The proteinprotein interactions of genes eexpressingvith TRIB1 in more than ten cancer
datasets weranalysed using th8 TRING databaskhe network generatedecorded darger number
of edges than the expected random network of the same 8zklarczylet al. 2021), with a p
@ t dz8° wKichvreant tle nodes were connected and that the interactions observed were not
at random. Overall, only nine proteprotein interactions with Tribl were identified in STRING,
among which théos, Duspl, and 0nb proteins, also found in the eexpression network, werlsund
to interact with Tribldirectly (Figure2.11).
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2.21- Heatmaprepresenting top 10 pathways of cexpressed genes present in different 23 cancers

Figure 219 Protein-protein interaction network of genes cexpressed with TRIB1 ir
cancer datasetspurple ¢ experimental evidencegreenc gene neighbourhoodblue ¢
gene ceoccurrence database evidencggllow ¢ text-mining evidenceblack ¢ co-

expression evidence
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2.3.6 TRIB1 has an IER expression pattern in HEK293T cells

In order totest our hypothesis that TRIB1 may be an early response gene, we examined its expression
pattern in HEK293T cells in which early response was stimulated through serum supplementation
after starvation (The reason to use this method was to restrict thegoalith to GO phase and create

a celistress like condition and adding the fresh serum activates mitogenic growth factors responsible
for cell proliferation).We observedthat TRIB1 expression increaséa up to 90 minutes post
stimulation with 20% FBSnd then gradually decreasedFigure 2.12, Supplementary Table 3

https://github.com/srmeetd/Coexpression chapter/blob/main/Supplementary Table3)xIsxThis

was consistent with theattern of known IER genes like EGR1 and FOS, which were also shown to co
expresswith TRIB1. Although the difference in expression between the time points was not as
significant as for EGR1 and FQfse resultssupport our hypothesis and the possibility of an

interaction between these genes.

Figure 2.23- gPCR mRNA expression of TRIB1, EGR1
FOS in HEK293T cells, normalized to GAPDH. Di
represented as mean = SEM (3 bioreps).

2.35 Expression of TRIB1, EGR1EQ& in RG and DU145 celine

Asmentioned in the Introductory Chapter 1, TRIB1 has been associated with different types
of cancer, particularly with prostate cancer pathogenesis, and it was also reported to be over
expressed in prostate cancer cgdiespolo et al. 2020Thetwo IER genes we demonstrated above
to be ceexpressed with TRIBEGRIand FOS, have also been shown to be involved in prostate
cancer: EGRL1 is a knownttgger apoptosis in prostate cancer celty increasing the expression of
tumour necrosis factar(Gitenay and Baron 2000Sas roles irtell growthand apoptosis, and its
expression levels were fourelevated in pretate canceras well(Shankar et al. 20)6Considering
such past studies were performed on both samples from cancer patients and prostate cancer cell

lines (e.g. PA), in order to test our preliminary computational results on the relationship between
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TRIB1, EGR1 and FOS, we also conducitebfun vitro experiments on prostate cancer cell lines
PC3 and DU145.

In order tofurther understand the possible relationship between TRIB1, EGR1 and FOS mRNA
expression, we analysed the mRNA expression data for both DU145 and PC3 cell lines from the CCLI
database of gene expression in cancer cell lines. Plotting strip charts f@RNecounts of TRIB1,

EGR1 and FOS, wkserved that TRIB1 légherin PG3 cells than ilbU145, while the opposite was
observed for both EGR1 and FOS, whose expression levels were elevated in DU145, compared to PC
3 cells Figure2.13). These indicate thalrRIB1 may actually be lowly expressed in DU145 compared

to PC3 celline. Also, the expression of FOS is more in DU145 compared to PC3, but the expression

of EGR1 is slightly higher in DU145 compared to PC3. This data also suggests the possitdbipelation
between TRIB1 , EGR1 and FOS.
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Figure 2.25- Strip chart showing relative expression values between DU145 aneBREll lineg.)
TRIB1, b) FOS ¢) EGR1
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2.3.6 TRIB1 may regulate early response of EGR1 and FOS

We tested this connection between TRIB1, EGR1 and FOS, by overexdrB$BiigDUL45
cells and knocking it dowim PG3, as well as in HEK293T cells. gPCR analysis results showed an
obvious increase in EGR1 expression in TRIB1 knockdown conditiols PQ3and HEK293T cell
lines, while FOS levels were only slightly high€igure 2.14, Supplementary Table 4

https://github.com/srmeetd/Coexpression chaptbiob/main/Supplementary Table4.xlsx In

agreement withFigure2.13,this would suggest TRIB1 couldlibit IER genes like EGRL. If so, it would

be expected that in cells overexpressing TRIB1, EGR1 levels would significantly decrease. However,
when TRIB1 was overexpressed in DU145 cells, both EGR1 and FOS were significantly upregulatet
(Figure 2.14), contary to our initial predictions. One possible reason for this could be that
overexpression of TRIB1 in DU145 cells (which in WT conditions it was observed to be lower in DU145
than in PE3 cellsg Figure2.13) could have resulted in TRIB1 levels similahtse recorded when it

was knocked down in HEK293T and3Rells. This suggests there could be a particular threshold or

cellular demand for TRIB1 that needs to be maintained and when dysregulated, IER genes are
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positively stimulated. However, it is imgant to note that because of the COVID related

lockdowns, the data ifrigure2.14 represents only a single biological replicate.
2.3.6 Change in expression level of TRIB1 upon stimulating IER genes

The above experiments took place in resting cells. In order to test whether TRIB1 has any
effect on activation of EGR1 and FOS in conditions triggering early response, the abundance of both
genes was analysed at different time points of serum supplementatf DU145 cells overexpressing
TRIB1. gPCR analysis results showed a significant increase in EGR1 expr86sioimsin TRIB1
overexpressed celines Figure2.16), similar to that recorded in DU145 overexpressing TRIB1 grown
in normal mediaFigure2.15). However, EGR1 levels started to decrease comparative to WT DU145
cells after 90 minutes posttimulation Figure2.160 ¥ & dz33SadAy 3 ¢wlL. mQa 20
an early impact on EGRI. contrast,although FOS levels were recorded to be highddU145 cells
overexpressing TRIB1 and grown in normal media, when early response was serum stimulated in the
same cells, the expressionfe®Svasdrastically reduced at and after 30 minsTRIB1 overexpression

celHine (Figure2.16), again indicatinghat TRIB1 may have an early effect on these genes.

Further overexpression studies in HEK293T an8 Bdlls, as well as knockdown of TRIB1 in
DU145 cells would help elucidate whether this behaviour is cell line specific and whether there is a

direct effect of one gene over the other(s).
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TRIB1 (Data is represented as mean + SEM).
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2.3.6 Expression of TRIB1 is negatively correlated with tR&@RfL and FOS in
DU145 and PGB cell lines

We tested the abundance of TRIB1 in DU145 cells at different time points e$taogation
stimulation with 20% FBS, which replicated tlmditions in which IER genes would be expressed.
gPCR analysis was performed on two different sets of samples, one collected at 6 time points (0, 30,
60, 90, 120 and 180 mins), and the other at only 4 time points (0, 30, 60 and 90 mins). The gPCR
results $iowed a similar relative abundance of TRIB1 mRNA between the different time points in shc
control cell lines with increase in TRIB1 expression at 90 minutes. However, in TRIB1 OE DU145 cel
lines TRIB1 at different timgoints, we do not observe the muclawnation. Eigure2.17 and 2.18).

This could be because TRIBL1 is already OE in DUXBedllence it is not further regulated by IER
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genes. Moreovenye observed the different in expression leveFigure2.17 and2.18, although the
direction of expression is similar. These could be due to a numbactirs, such as technical error,
efficiency of qPCR primers, differences in detection/sensitivity of the machine on different days etc.
Despite this, it can be observed there was small amount of increase in the expression levels of TRIB1
between the diférent time points, suggesting TRIB1 may not in fact act like an early response gene
in DU145 prostate cancer cells. The most possible reason could be TRIB1 is overexpressed in DU14!

cell lines therefore it is not further activated after stimulating IERegen
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Figure 233- gPCR mRNA expression of TRIB1 in DU145 cells at 0, 30, 60, 90, 1.
180 mins poststarvation for 12 hours and stimulation with 20% FBS (Dati
represented as mean = SENBhcA Scrambled control)
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2.3.8 TRIB1 overexpression leads to differential expression of many genes

In order tovalidate our computational results obtained from analysing samples available on

online databases, as well as our experimental findings, WT DU145 cells and DU145 cells

TRIB1
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Rel. mMRNA expressiot
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i 'ﬁ I
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Figure 2.35 mRNA expression of TRIB1 in DU145 cells at 0, 30, 60 and 9!
post-starvation for 12 hours and stimulation with 20% FBS (Dateejsresentec
as mean + SEMjshcA Scrambled control, TRIBATRIB1 OE).

overexpressing TRIB1 were collected at different time points after serum stimulatiosesntidor

MRNA sequencing. The same conditions were described in section 4.3.6, but the RNA amount left
from those initial tests was not sufficient for RNAseq. Thus, new cells were thawed and a different
batch of DMEM media was used to replicate the prasgiset of experiments. The expression of EGR1
and FOS was again tested using qfEgfRI€2.19), and the results obtained were different than those
reported above inFigure2.16. Although we could not confirm whether the new batch of cells or

media were responsible for the different results, the samples were still sent for sequencing.
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Figure 237- gPCR mRNA expression of a) EGR1 and b) FOS at different-fimiits in DU145 cells
overexpressing TRIB1, normalized to the housekeeping gene GAPDH. Data is repres:
mean + SEM (3 biological replicate)
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Alignment of the RNAseq data resulted in approximately 80% of reads mapping to the human
genome hg38Appendix table §. Downstream analysis of the rleglues calculated through DESEQ2
R package was visualized through a PCA Blgti{e2.20), in which we could observe that samples
were separated by both time points (0, 30 and 60 minutggrincipal component = PC1) and

condition (control vs. TRIB1 aexpressiortg, principal component 2 PC2).
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A Contral_30_mins
B Control_B0_mins
‘ — —~+ TRIB1_OE_0_mins
] Wl
& B TRIB1_OE_30_mins
3 TRIB1_OE_B0_mins
-4 T
-3 [u] 3
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Figure 2.39- Global PCA plot based on rlog values from RNAseq, performed on
control and TRIBDbverexpressed mRNA. Different colours represent the biologic
replicates, and shapes represent time points in both TRIB1 andimmbsamples.

To investigate the effect of TRIB1 on early response gene stimulation in DU145 cells at
different time points, we used DESeq?2 to perform differential expression analysis between control
DU145 and cells with TRL OE (Supplementary Table 5

https://github.com/srmeetd/Coexpression chapter/blob/main/Supplementary Table5)xIsx We

found 85 differentially expressed genes (FDR < 0.05) at time point 0, out of which 48 were
upregulated and 37 were downregulated, followeds B0 genes (15 upregulated and 15
downregulated) at time point 30 min, and 21 (12 upregulated and 9 downregulated) at 60 minutes
poststimulation. However, none of the genes identified belonged to the early response genes class.
Furthermore, to understandhe overall effect of TRIB1 overexpression, we performed differential
expression analysis between DU145 controls and cells with TRIB1 OE, irrespective of their time points,
accounting for the replicate. As a result, we found 1214 differentially expregseels (FDR < 0.05),

out of which 638 were upregulated and 576 downregulated.

As shown irrigure2.21, there is a clear clustering of genes differentially expressed between

DU145 controls and cells with TRIB1 OE, regardless of the 3 time pointstipagation. Overall,
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there is a larger numbg638 upregulated and 576 downregulateaf)genes being upregated than
downregulated in TRIB1 OE condition, compared to controls, suggesting a positive regulatory effect

of TRIB1.
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Figure 2.41- Heatmap of differentially expressed miRNAs in TRi®B/Erexpressed and contr
samples, at differenttime points. Heatmap is generated from the distance matrix on Peat
correlation, using rlog normalized values
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2.3.9 TRIB1 ecexpresses with DE IER genes involved in cell signalling and cell
cycle related pathways

Although there were a large number of genes differentially expressed between DU145
controls and cells with TRIB1 OE, there was only a small overlap between genes differentially
expressed overall and at different time points pstimulation (only 100 commogenes). Therefore,
in order to understand whether these genes were involved in different biological processes, gene
ontology enrichment was applied. The analysis showed that most of the genes differentially
expressed between controls and TRIB1 OE, ie@sge of the time points, were involved in various
metabolic and catabolic processeBidure 2.223. In contrast, genes with significantly altered
expression at individual time points were associated with cell signalling anckledéd biological

functions, such as cell migration, mobility and differentiatiGig(ire2.22h).

In order to better understand the potential interaction of TRIB1 with these DE genes in prostate
cancer, the genes recorded as differentially expressed between DU145 controlsllanaite TRIB1

OE were compared with the genes identified throughegpression analysis of RNAseq data for
DU145 cells. Thus, we observed that 18 out of 80 genesma@ssing with TRIB1 in prostate cancer
were also differentially expressed between DUtéBtrols and TRIB1 OE. Most of these genes were
found to be early response genes involved in cell signaktifeged pathways, including BCL6, CLDN4,
ELF3, FURN, GADD45B, VEGFA, PHLDA1, RASD1 and Fig022Da3|. In addition, aiming to
identify the proportion of differentially expressed genes alseec@ressing with TRIB1 in different
cancer datasets, we found that 14 out of 28 genegxpressed with TRIB1 in more than five cancer
datasets were also differentially expressed between DU145 contraS&iB1 OE, at different time
points. These are DUSP1, DUSP5, DUSP6, JUN, JUNB, MCL1, PPPP1R15A, RHOB, NFKBIZ,AG1,
TNFAIP3, RRAD and SNH&dufe2.24), all early response genes associated with cell signalling and

cell cyclerelated pathways, simitao the ones identified in prostate cancer cell lines.

These results support previous reports of TRIB1 being involved in processes linked to cell fate,
and they suggest that TRIB1 may indeed be an early response gene or in direct/close interaction with
early response genes. Moreover, these findings strongly indicate that TRIB1 is involved in cell
signalling, in line with our above reports of TRIBlegpressing with transmembrane protein

TMEM181, also known to regulate cell signalling processes uponrizhatéections.
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24 Discussion

In this chapter, we reported that TRIBl-expresses with genes with a variety of different
functions inmacrophagesin 21 of 28 cancer, Tribl @xpresses with a coherent set of genes involved
with the immediate early response. Thus we suggest that TRIB1 could be regarded as a that it may in
fact be an IER gene. This hypothesis was supported through amalydeesults showing that TRIB1
co-expresses, interacts at protein level with and may regulate IER genes EGR1 and FOS; TRIB1 has an
LOw SELINB&aaiazy LI GGSNY Ay 19Yudoe¢ OSttaz FyR (F
differential expression ahany genes, some of which were identified as early response genes also co

expressing with TRIB1 in prostate cancer.

Coexpression analysis of control macrophages and cells infected with e&hlenonella
typhimuriumor Listeria monocytogeneshowed that TRIB1 eexpressed with different sets of genes
between conditions. This could be due to the variations in expression of TRIB1, as TRIB1 was found to
be lowly expressed ialmonella typhimuriumncompared to control and.isteria monocytogenes
infected samples. Considering Tribl has been previously shown to be involved in macrophage
differentiation into an antinflammatory M2 phenotype, we investigated the-egpression network
of TRIB1 in control MDMs and samples infected wWwilteria monocyigenes as infection with this
Gram positive bacteria has been found to stimulate anlM@ phenotype in macrophagéMége,
Mehraj, and Capo 2011Jhus, ve found TRIB1 to eexpress with transmembrane proteitMEM181.

This is an interestinfindingbecause TMEM181 together with TRIB1 may regulate the cell signalling
pathways and helphe cells activate their adaptive immunityHowever, the interaction between
TMEM181 and TRIB1 needs to be studied. Our analysis is based ondkpression moedl and

available information in GeneCardgtps://www.genecards.org) of both the genes.

In addition, TRIB1 was aléound to ceexpress with E3 ligase UNKL, and considering past
studies have already demonstrated that Trib1 recruits E3 ligase COP1 for the ubiquitination of CEBPA,
an interesting possibility is that TRIB1 also interacts may also recruit or sequesterltii€t, we
hypothesise that Trib1l may potentially act as ancB@jugating enzyme. In support of this, when we
analysed the protein structural similarity between Tribl and E2 ligase UBE2D3, we found a 76%
overlap Figure2.4). This supported our hypothesksut to further validate this relationship, €o

immunoprecipitation studies could be performed.

We also investigated the expression of TRIB1 in 28 different cancer datasets and found that
19 of the 28 genes eexpressing with TRIB1 in 18 cancer dataset®ewearly response geneBigure
2.9). We found a interaction between these IER genes and TRIB1 that was at a higher probability than

at random, especially for genes-eapressed in at least 10 cancer types. What is more, most of the
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co-expressed genes wemnriched in celkignalling pathways, particularly in MAPK signallingslikell
receptor pathway and 8ell receptor signalling={gure2.10). Moreover IERjenes like JUN and FOS
are known toform the dimeric transcription factor AR (Van Dam and Casta#izi 2001), whichas
been linked to cancer and was found to regulgiene expression in response to various stimuli,
including cytokines, growth factors, stress, bacteria, or viral infections (W&ngl. 2013).
Furthermore, DUSRE FOS and JUNash adirect interaction with EGR1, which is widely considered to
play an important rolen promating differentiation of macrophages andimary myeloid precursors
(Barbieriet al. 2018), and has also been found to activatlammatory enhancers in mature and
developing macrophages (Trizziabal. 2021). This observation supports published rol@BiB1 to
regulate AP1 dimer(KissToth et al. 2004) This our result illuminates the role of TRIB1 in-cell
proliferation, cell signalling by regulating early response genes andatgmrts our hypothsis that
TRIBInay be involved iearly cell fate decisions and responsag] that it could indeed ba member

of the IER gene family . This could the reason why TRIB1 is not coexpressed with IER genes in

macrophages as the data was collected after 2 housabhonella and Lister sfmfection.

Out of the early response genes-expressing with TRIB1, EGR1 and FOS were found in 19 out
of the 28 cancer datasets, they have been previously reported to interact with Trib1 at protein level
(Ancuta Jurpt al. 2020 (Figure2.11), and they were also recorded to be positively correlated with
TRIB1 in the TCGA Firehose RNAsmqsdt. In contrast, both EGR1 and FOS were negatively
correlated with TRIB1 in DU145 and-®€xll lines, as their expression levels were more elevated in
DU145 than in PG, while the opposite was observed for TRIB1, which was more abundant3n PC
thanin DU145 cellsHigure2.13). Although cellines are considered an important tool in studying the
molecular biology, despite of their advantages they do not capture the heterogeneity, tissue
complexity due to the homogenous group of the cells and thdiivation in controlled environment
that lacks the interaction with other cefypes. Also it has been reported other factors that could
influence/shows difference of gene expression betweenlgatls and tissue is regulation of {Han
et al. 2009)

In order toinvestigate the relationship between these three genes, TRIB1 was overexpressed
in DU145 cells and knocked down in®&nd HEK293T cells, and the expression of EGR1 and FOS was
measured.qPCR analysis results showed an obvious increase in EGR1 exprmessi®iBl k/d
conditions in both PG and HEK293T cell lines, while FOS levels were only slightly (Figiuee2.14).
Thissuggestd that TRIB1 coulthhibit IER genes like EGRiLit this hypothesis was then rejected,
because whemRIB1 was overexpressedDU145 cells, both EGR1 and FOS wgagnsignificantly

upregulated(Figure2.15), suggesting a more complex regulatory circulit.
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In DU145 cells overexpressing TRIB1, EGR1 was significantly increased 30 minutes after early
response stimulation with sam, compared to wildtype DU145 cells. It then decreased more rapidly
in the overexpressing cells, from 90 minutes onwards. Similarly, FOS was initially elevated in TRIB1 OE
condition, but its expression started to significantly plunge earlier, after jOsmutes of IER
stimulation fFigure2.16). These results indicate that Tribl may have an early effect on early response
genes like EGR1 and FOS.

What is more, upon stimulation of IER genes in HEK293T cells by serum, we observed that
EGR1 and FOS expresditcreases from timgoint 0 to 60 mins and then starts to gradually decrease.
lf 6K2dzZAK (KS RSONBIFaAS Aa y20 Fa &KFNLE ¢wlL. mMQa &
up for 90 mins posstimulation and then it is slowly lowere&igure2.12). This result suggests that

TRIB1 could itself be a member of the early response genes family.

Overall, because of the consistent change in EGR1 and FOS levels in response to changes in
¢wL. MmQad SELINB&aarzyzr 6S Ol yy 2ibf TRIBIYouE BemSHoweved Hzt S 2
considering the tests were done in different cell lines, we also cannot conclude on the direction of

regulation and the exact mechanism between these three genes.

LY FRRAGAZ2Y G2 AG&a STFFSOG 2y SINXeée NBaLRrRyas
was also found to lead to the differential expression of several genes at different time points post
stimulation. There were 85 DE genes at time point 0, follome8® genes at time point 30 min and
21 DE genes identified at 60 minutes after serum stimulation. However, none of these genes were
found to be early response genes, but most were enriched in cell signalling pathwagsllaethted
biological functionssuch as cell migration, mobility and differentiatidn contrast, a larger number
of DE genes (1214) was recorded between controls and cells with TRIB1 OE, irrespective of the 3 time
points, and theywere involved in various metabolic and catabolic preess as well as responses to
stress. These DE genes showed a clear clustering, with more genes being upregulated than

downregulated in TRIB1 OE condition compared to DU145 configlsré2.21).

Comparing differentially expressed genes detected in TRIBBXddditions with genes €o
expressed with TRIB1 in the same DU145 cells, we found 18 out ofe8@assed genes in prostate
cancer Figure2.23), and 14 out of 28Higure2.24) coexpressed in more than 5 cancer datasets
excluding prostate cancer were also DE between TRIB1 OE and controls. Most of these genes are early
response genes, including DUSP1, DUSP5, DUSP6, JUN, JUNB, MCL1, PPP1R15A, RHOB, TSC22D1, whil
others play ardnvolved in inflammatory pathways, such BEKBIZTNFAIP3JAG1, BCL6, VEGFA,
ELF3, PHLDAL, FURIN, and few of them have roles in cell proliferation or differentiation, such as RRAD,
STC1IMCL1 and GADDA45B.
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Overall, the above results strongly indicate tiaibl may regulated by IER genes, and that it
is actively involved in regulating cell signalietated pathways. Also, it suggests that TRIB1 OE may
trigger and/or employ distinct transcriptomic behaviours, but further validation in other cell lines
coud elucidate the exact role of TRIB1, and investigation on the interaction between these
differentially expressed genes and TRIB1 could help determine whether there is a direct or indirect

effect of TRIB1.
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Chapter 3

The role ofSNPs alteringniRNA binding sites in ASE
genes

3.1 Introduction

TRIB1 is known to have a 1.5 kilobase pair (Kbp) parlyy 8 SNIISR 0Q ! ¢wX gKA
mMiRNA regulatioriLinet al. 2014) Previous studies have shown it is a highly unstable transcript and
evidence was also found to suggest transcriptional regulation of TRIB1. For example, S. Soubeyrand
and colleagues challengetbpG2 cellsvith a short pulse of a loveoncentration of oligomycin after
which they observed an increase in the expression of TRIB1 mRNA. However, despite the mRNA
upregulation, the levels or stability of Trib1 protein did not increase, which led toahelasion that
TRIBL1 is podtanscriptionally regulatedSoubeyrand et al. 2013; Soubeyrand, Martind&ing, et al.

2016) In a separate studgchwanhaussemd colleagues measured the expression of more than 5000
MRNA and their protein levels in mammalian cells. They found that a random gene's mRNA level
correlates with its protein level by 40%, emphasizing that protein expression is controlled by post

transcriptional regulationSchwanhtusser et al. 2011)

According to the GWA studies, a large number of variations linked to human disease and
S@2t dziA2y I NBE (NI AGA& ¢ SNBGrieskryet ebdR 202nd @k dokelaiioh 2 Y & Ay
between genetic variations in tise regions and the alteration of miRNAs binding sites has been
studied extensively in recent yeaf@hanbari et al. 2015For example Ana JaciFfgrnandes and
collegues reported a variation of approximately 25% in miRNA binding sites between individuals, and
part of this variation was also associated with SNPs and correlated with differences in gene expression
(Yuan and Weidhaas 201%V/hat is more, SNPs altering miRNA binding sites carnealddo allelic

imbalances, known as allespecific expressiof@lacintaFernandes et al. 2020)

All these highlights the importance of studying variations causing alteration in miRNA binding
sites. Therefore, this current work aims to provide a more comprehensive view ofrgoscriptional
regulah 2y 2F ¢wL.m o0& ARSYyGAFeEeAy3d GKS STFFSOG 27 ©

investigating if these variations are linked to allsfgecific expression of TRIB1.
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3.1.1 Methodological considerations

Over the last decade, there has been a vagtrovement in the analysis of SNPs and their
effect on gene expression, with many tools being developed for analysing ASE. However, most of the
tools available either require known genotype information or trio sequencing, which is expensive and
not feasille at large scale. To overcome this difficulty, we developed a pipeline for identifying variants
linked to ASE and genes with ASE, without the need of prior genotype information. The pipeline was
further applied to analyse the effect of these variants omRNA binding sites of TRIB1

(https://github.com/srmeetd/Pipeline AllelspecificexpressiorASE

1)  Variant discovergnd filtering of RNA editing events

The inputs for our pipeline are referenatigned bam files and raw emapped fastq files. The
first step includes filtering of the bam fiieremoving PCR duplicates and splitting the reads based on
GKS YILIWSR SE2yad ¢KSy @GINARFyGa NB OFfttSR dzaa
performs denovo assembly of haplotypes and calls SNPs and indels simultaneously. In other words,
when the Haplotype caller finds the discrepancy between reads and the reference due to the variants
in the read sequence, it discards the existing mapping information aadsembles the reads in that
region. Moreover, it also corrects the mapping errors madéhieyoriginal aligne(Poplinet al.2017)
Next, RNAediting sites (RES) are identified from Rd&4 bam files and filtered, ugjrthe SNPfree
RNA editing IdeNtification Toolkit (SPRIRang et al. 2017)

RNAediting is a modification of RNA molecule, which includes a change in the RNA sequence

(i.e. adenosine to inosine and cytositeeuracil), with the most common RN&diting event recorded

in humans being adenosine to inosifBamaswamet al. 2012,Bahnet al. 2012) A limitation of
traditional RNAediting identification methods is that they depend on DBEY to identify the true
variants, or they equire using a database of SNPs, such as dbSNPs, to identdydRING\ sites.
However, sequencing both DNA and RNA from the same individual is expensive, and some of the SNPs
deposited in dbSNPs have already been reported asd@iNifig sites(\\Wanget al. 2021) which can

make identifyingnew sites difficult. Traditional methods usually follow the below steps to detect RNA

editing sites:

1. AligningRNAsedfiles to the respective genomes
2. ldentifying SNPs from the aligned files
3. Filteringtrue SNPs either by DN#equencingor by removing thos@resent in SNPs databases
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Unlike the traditional method, SPRINdentifies RE sites without filtering the SNPs, and
instead, it distinguishes SNPs from Riting sites by clustering variants duplets (two consecutive
SNPs having the sanvariations: A G or A4 C mutation). This approach was developed taking into
account thatadenosine deaminases acting on RGMYARS) bintb RNA andare responsible fothe
adenosine to inosin&kNAediting editing eventIn addition, RNA editing enzynag@oipoprotein B
(ApoB), binds to singlstranded RNA, leading toytosineto-uracilediting (Zipeto et al. 2015)
Although there are more than 150 RNA modifications, both APAREAID/APOBE@ediated RNA
editing events belong to a subset of modifications particular to mRNAs. These are important for RES
identification. Moreover, both RES and SNPs events are very unlikely to happen in the same genome
location, and it has been observed that adeime to inosine editing tends to be cluster@hmaswami
et al. 2012) On the other hand other types of SNRXistribution onthe genomeis known to be
independent(Zhang et al. 2017 herefore, we incorporated the SPRINT tool into our pipelines, as it
identifies the RES events by investigating the distributib8NRluplets

Two of the most used approaches for identifying ASE are the binomial method, implemented
by Rozowsky and colleagues in the Alleleseq @@okowsket al.2011) and the analysis of variance
(ANOVARlgorithm implemented in the Allim togLuet al.2015) Both these methods, as detailed in
Introductory Chapter & sections 1.5.1 a) and b), are based on theedgiiice in read counts between
the two alleles. However, depending on the sequencing depth, genes can also have low read counts,
which means these methods may ignore genes with true ASE. Therefore, in order to identify ASE, we
have implemented two methodbased on the Bayesian approach, which share gene information
across samples and improve the average on getmted inferences: first, the QUASAR method
determines ASE for each S{ifarveyet al.2015) followed by the MBASED algorithm, which combines
the ASE of each SNP present and identifies ASE at genéMaybhet al. 2014)

As mentioned in the Introductory Chapterclsection 1.5.1, ASE is the imbalance of allelic
expression between the diploid copies at the same Id8adavatet al.2019) The ASE study's biggest
challenge in a diploid organism is mapping bias, i.e. reads are more likely to map to the reference
allele/haplotype, and reads covering heterozygous loci tend torbeneously maped (Hodgkinson
et al. 2016) which may lead to falspositive results for ASE dmvery (Salavatiet al. 2019) To
overcome this challenge, we constructed the maternal and paternal genomes based on the haplotype
phasing inbrmation. First, we reconstructed the haplotype information for each SNP by using the
Readbackphasing tool from GATK, which is one of the few tools that support vcf files as an input
and output. It uses the physical read information, as reads are consiadth a Bayesian framework
and the algorithm then constructs the haplotype for each SNP based on its probability (number of

reads observed for particular SNPepristoet al. 2011)(Figure3.1).
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Figure 3.1: Schematiaepresentationof Readbackphasing

i)  Predicting effects of variation on miRbiAding sites

Ly 2NRSNJ (2 LINBRAOG YAwb!a GFNBSGAY3I (NI} yaoON
miRanda, whicHirst takes into consideration the sequence complementarity between the mature
miRNA and the target site. Next, it predicts thieading erergy of the miRN&arget duplex, and it

then (optionally) looks for conservedy6 & SSR aS1jdzSy0S& 27T UWiovthd oA YR

homologous gene targe(Betel et al. 2010)
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3.2 Materials and methods

3.2.1Datasets

As we aimed to identify sequence variants in the 3' UTRs, their effect on miRNA binding sites
and their correlation tallelic imbalance, and considering that commonly available exome sequencing

data does not include 3' UTRs, we turned to ¥4 data for our analyses.

RNASeq (Human) dataset (accession number GSE81046) was obtained from the GEO
database (https://www.nchinlm.nih.gov/geo/) and the associated fastq files were downloaded. The
dataset included 169 samples prepared from monoayeeived macrophages (MDMs) of control
individuals and 96 samples challenged wi#imonella typhimuriunmfection (Nédélecet al. 2016)

The reason we selectedSalmonella typhimuriumelated dataset was because this type of infection
is usually associated with an M1 prdlammatory phenotype in maophagesLathrop et al. 2018)

which is also triggered by LIFN stimulation that we used in oun vitro experiments.

To check the ASE pipeline's efficiency and accuracy, we downloaded NA12878 cell line (Only
cell line with known genotype information as per my knowledge) RNAseq from the GEO database

(accession numbesSE30400).

3.2.2Quality check and mapping

FastQC (Andrews S, 2010) was used to check the quality of raw reads. Adapter sequences
were trimmed using th&rimmomatic  tool (Bolger, Lohse, and Usadel 2014)ng the following
parameters:

LEADING:3 \
TRAILING:3 \
SLIDINGWINDOW:4:15 \
MINLEN:36 \

Mismatch: 1 \
Phread:30

Raw files were then mapped to the human genome (hg38) using STAR with default

parameters(Dobinet al. 2013)
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3.2.3ASE pipeline
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Figure 32- Schematic representation of ASE pipeline
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1) Reprocessingligned readdor variant detection

Picard (http://broadinstitute.github.io/picard/) was used to mark wplicate reads

generated by PCR amplification during library preparation. Next, reads mapping to different exons

were split, usingplitNCigarRead s from theGATHKoolkit (Figure 33). Then, the mapping
guality score was recalibrated witfRReassignOneMappingQuality parameter, asSTAR

alignment assigns a good alignment score (MAPQ) of 255, a value that GATK does not recognize.

DNA FEPErrerer et e e e e rerr el

Exon Intron Exon

pre-mRNA - S S
TRNA D G

short reads

Reference IUNunnm

mapped read TAGTAT NNNNNNN_GATCTA

Reference ]
TAGTATNNNNGATCT

exon_1 exon_2

SplitNCigarReads (D ~

TAGTAT GATCTA

Figure 3.3- Schematic representation dDNA>mRNA>Reads mapping to reference genome
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i) Variant calling

The final aligned file generated from the previous step was then parsed to call variants, using
the GATKHaplotypeCaller (Poplinet al.2017) with the parameterdelow,which considers the

minimum Phredscaled confidence equal or greater of 20:

- dontUseSoftClippedBase \
stand call conf=20

For diploid organisms (e.g. human), GATK assigns 0 for reference allele and 1 for theealternat
allele (nonreference) and the resulting genotypes can be heterozygous (0/1 og té4rrying both

reference and alternate allele) or homozygous alternate (1/1).
i) Filtering RNAditing sites
In order to identify RNA&diting sites, we use th8PRINT method, with the following steps:

1. Different reference genongewerecreated by replacingA4 C and A G, foridentifying
AA G and TA CRNA editing siteBom RNAseq reads

2. A genome indexwasseparatelygenerated for each reference genome, using Burrows

Wheeler Aligne(Li and Durbin 2009)

RNAseq reads werenapped toall the genomes using BWand output as .sam files

Aligned sam files wergonverted tobam files withsamtools  (v1.2)(Li and Durbin 2009)

Duplicates werenarked using Picartbols (http://broadinstitute.github.io/picard/)

Reals with mapping quality > 20 weo®nsicered as mapped reads

N o o MW

SNVs werealled on mappedeads, and RNA editing sites wedentified based on th
SNV duplets clustering method

8. Unmapped readsreremasked by replacingA G and remapped to the masked genome
(Wanget al.2021)

9. The final output was a text file containitige RNAediting sites, as shown iffable3.1
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Table 31- Output produced by SPRINT toolkitColumn: 1 chromsomename, 2 & 3; start anc
end of the genomic location for the RE sitesg,t#pe of RNAedit (AA G ot TA C), 5 number o
reads at the site, § strand

Supporting
Chrom Start End Type Strand
reads
chrl 1608103 1608104 AG 10 +
chrl 1608104 1608105 AG 22 +
chrl 1608106 1608107 AG 23 +
chrl 1608108 1608109 AG 1 +

SPRINT's output was further passed to a custonscRpt Convert_bed_rnaediting,R

https://qgithub.com/srmeetd/Pipeline Allelspecificexpression

ASE/blob/main/Convert _bed rnaediting.fo convert it into a bed format. RN&diting sites were

bedtools subtract - a vcf file \
- b outfile_from_STRINT \
- header - s > vcffile
then filtered from the vcf fé generated in the previous step usingdtools  (Quinlan and Hall 2010)

Next, indels and multiallelic SNPs were filtered ubicigools  (Narasinhanet al.2016)

bcftools view -- max- alleles 2 \
-- exclude - typesindels \

input.vcf.gz > filtered.vcf

The haplotype was then reconstructed from the filtered .vcf files, as explained below.
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Iv) Phasing

Haplotype information for each SNP was reconstructed with tReadbackphasing tool from

GATK, using the following command:

java - jar GenomeAnalysisTK.jar - T ReadBackedPhasing \
- R reference_file \
- | Aligned_file \
-- variant  variant_calling file \
- L variant_calling file \
- 0 output.vcf \
-- phaseQualityThresh 20.0 \
-- allow_potentially_misencoded_quality_scores \

- allowPotentiallyMisencodedQuals

v) Constructing personalized genomes

A custom Python script (https://github.com/srmeetd/Pipeline Adlle-specificexpression

ASE/blob/main/generate_split_ genomes)myas then used t@enerate two genome sequences for

each individual. The inputs required for the Splitgenome.py script are the
reference_genome.fasta and the phased .vcf file. Based on the phasing information from the .vcf file,

Splitgenome.py  then generates the personalized genome of parents for each sample.

vi) Remapping to the personalized genome

The original.fastq files were reanapped to the personalized genome usiS§AR with

stringent parametes, which allowed only one mismatch per read:

-- outFilterMultimapNmax 1 \
-- outFilterMismatchNoverLmax 0.05

Next, analignment filewas generatedhat retainedonly the reads wheré¢he best mapping
results from either one ofhe personalized genomex the other. This was done through another

Python scripfilter_bam.py ( https://github.com/srmeetd/Pipeline_Allele -

specific - expression - ASE/blob/main/ filter bam.py ).
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vii) ldentifying the genotype for each genomic position and minor allelic
frequency(MAF)

Variant callingvasperformedwith the D! ¢ YH@pdotypeCaller and thenFreebayes
(Garrison and Marth 2012yasused to identify the genotype for each SNP in each sample (as GATK
R2Say Qi NBGdzNYy 3ISy2deliSa F2N NEBFSNByOS Kz2yzie3zod
Freebaye - f standard reference genome \

- @ Filtered_varaiant_calling file \
Aligned_bam_file > output_file.vcf

Next, multiple .vcf files were merged usibgftools ~ with command :

bcftools merge (all_vcf_files) > merged.vcf

Finally, minor allelic frequency was calculated for each sample set usibhgftbels plugin
fill  -tags , with the following parameters:

bcftools +fill - tags infile.vcf - 0 output.vcf -\
-t AF, HWE, MAF

where AF is Allelic frequency HWEis pvalue from a chsquared test againsHardyWeinberg
equilibrium, MAF is minor allelic frequencyand the formula for calculating MAF bgftools s

explained inTable3.2.

vcf tools  -- vcf %(infile)s -- hwe 0. 01 -- recode -- out %(output)s

Table 32- Theoretical example of MAF calculatio®/0 = lomozygous reference (counted as 0)1 =
heterozygous (counted as 1){1 = lomozygousalternative (counted as 2); Every SNP has 2 copiesabiallele
and we havetotal of 3 samples for SNP1, therefore MAF calculation is: (0+1+2):% =

SNPs | Samplel | Sample2 | Sample3

SNP1 0/0 0/1 1/1
SNP2 1/1 0/1 0/1

viii) Input for ASE analysis

The number of reads mapping to the reference allele, alternate allele, cothey nucleotide
positions were retrieved using a customized Python script

(https://github.com/srmeetd/Pipeline_Allele - specific - expression -

ASE/blob/mai n/base_count.py ). The Python script required an input filter vcf file (section
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3.2.3 iii)Fikering RNAediting site$, personalized genome fasta file, filtered bam file (section 3.2.3 v)
Constructing personalised genomahdvcf file withaminor allelic frequencysection3.2.3 ii)Variant
calling at each genomic position and nomiali¢lic frequencyand the output generated as a bed file,

with an example shown ifiable3.3.

Table 33- Example of input bed file for allelispecific expression toglcolumn 1¢ chromsome
number, columns 2 and @SNP geomic position, columns 3 anddnucleotide at reference and
alternate positions, column § dbSNP id, column-Minor allelic frequency, columns 8,9 and 4.0
number reads mapping to reference, alternate and or any other nucleotide.

Chrl | 16494 | 16495 | G C |rs3210724 0.5 18 52 0
Chrl | 184990| 184991| G A | rs1219494595 | 0.16 | 409 76 0
Chrl | 185794| 185795| G T | rs1271744271 | 0.5 56 338 0

IX) ASE at SNP and gene levels

QUASR R package was employed for calculating ASE at the SNP level using R script
Quasar_ output .R, ( https://github.com/srmeetd/Pipeline_Allele -

specific - expression - ASE/blob/main/Quasar output.R ) , which took as input the

bed file generated in thprevious stepTable 33) and then generated an output file for every sample.

To determine SNPs with a reproducible effecyafues for the same SNP across only those samples
GgAGK GKFG 6SNB KSGSNRIT @320dSa ¥2N) (&Buligletastingg SNBE O 2
correction for the combined Raluewasthen calculatedwith BenjaminHochbergprocedure.

In order toidentify ASE at gene level, we used MBASED, with input files generated as follows:

a. Gene transfeformat (GTH files hold genomic information in tabelimited format, such as
genes, gene IDs, transcript IDs, protein names, strand and genomic features (exon, intron,
START and STOP codons) etc. GTF files were conwntotedbed format usng gtf2bed
from BEDOPS tooléNephet al.2012) and the first four columns contairg the gene names,
coordinates (start and end positions) and chromosome names were extracted, generating a

bed_gtf file.bed as an output:

gtf2bed < GTF_file | cut - f1 - 4 > outfile
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b. The bed_gtf file.bedile gererated from the previous stepndthe bed file generated in the
previous sectionked_input_ ASE used as an infartallele-specific expressigwere merged

usingbedtools as follows:

bedtools intersect -abed_ input ASE \
- b bed_gtf_file \
-w ab > MBASED input_format

c. The R scriptgene_levelMBASED.R (https://github.com/srmeetd/Pipeline_Allele
specifieexpressiorASE/blob/main/gene levelMBASEPuRsthen used to calthe MBASED

function on each sample separately

To identify the effect of ASE on genes, we combined thalpes for tle same gene across all
al YL S& dzaAy3a CAAKSNIDa YSiKRtEe combiRed Walefe (wasLX S G S

calculated using Benjamidochberg

3.2.4 Validation of the ASE pipeline

We tested the performance of our ASE pipeline against the knowatgea information for
NA12878 RNAeq data sefRozowsky et al. 201by using the Alleleseq script to generate genotype
as mentioned in their paper, as it is one of the few tools with a complete workflow for fgiegtiASE.
Hence, the RNAseq data was processed according to the Alleleseq approach and it was mapped to the
human genome (hg38). Each sample's parental genome was generated usivgj2ttiploid
function of Alleleseq, requiring the phased genotypic infation from parents, which was

downloaded from 1000 genome project databases.

We then mapped the NA12878 RId&g samples to the personalized genomes generated, and
the aligned files were processed via a customized Python script

(https://github.com/srmeetd/Pipeline_Allele - specific - expression -

ASE/blob/main/base count.py ) to count the reads mapped to the reference and alternate

alleles of the SNPs. These were further used as inputs for QUASAR to identify the ASE at &P level
the gene informatiorwas addedo the SNRile generated. Mesefileswere further passed to MBASED

to identify genelevel ASE
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3.2.5ldentification of altered miRNA binding sites

We downloaded mature miRNA sequences fromntiRbase databag&ozomara, Birgaoanu,
and GriffithsJones 2019)and a bed file with wholgenome 3' UTRs locations was downloaded from
the UCSC table brows@farolchilet al.2004) Next, RNA editing sites for each individual were filtered
to keep only true variants in 3' UTRs, udbegltools  subtract

bedtools subtract - avcf file \
- b outfile_from_STRINT > vcffile

The bed file obtained from the UCSC browser was also tseétrieve the corresponding fasta

sequences usingedtools  getfasta:

Bedtoools getfasta - fi reference genome \

- bed bedfile > wildtype sequence

A customPython script hftps://github.com/srmeetd/Pipeline Allelspecificexpression

ASE/blob/main/generate_split genomes_utr)pyvas then used to mutate the wildtype fasta

sequences generated in the previous step, taking the filtered vcf file for each individual mentioned
above as inputs. This script mutates the wildtype fasta sequences by replacing reference nucleotides
with the alternate at the particular genomic positi@present in the vcf file.

Using both the reference and the mutated fasta files, putative miRNA binding sites were then
predicted with the miRNA binding site prediction algorithm miRanda (EBstal. 2010), using the
parametersen -20 T7strict , whereen is energy score anstrict is alignment with only 7
ydzOf S2ARSa aSSR &aSldzsSyO0Sad C2NJ I OKASGAyYy3I GKAAX
UTR fasta sequences and scans them against miRNAs downloaded froiRtese databasdNext,

we developed an R script qompare_miRNAsBS.R,

https://github.com/srmeetd/miRNA_bindingsites)}to compare the miRNA binding sites between

wildtype and mutant, which looks at wilifpe and mutant miRNAs binding site coordinates, miRNA
names, and transcripts generated by thméRanda algorithmlt then compared the miRNAs binding
between wildtype andnutant for each transcript, and reported the novel miRNA binding sites created

and/or the existing miRNA binding sites destroyed.
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3.2.6 Gene ontology and Linkage disequlibrium analysis

CANRBGZ 68 SEGNI OGSR o0Q! ¢w &SI daSenghtSand tHhehl2 Y K3«
NEY2@SR f Sy 3K ené antolodydricim@rit analaisivas performedusing GOseq
(Young et al. 2010 packageb SEGZ C5w 64| & ddrfreprdzented Hval@2 W2 & K y W
2dz0 LIdzi 206G AYSR FNRBY Dh{Sljd ¢KS NBI &2y F2NJ d&AAy3
more DE genes in the present categories than expected at any given size of categdengihd
distribution; hence, these are considered enriched DE genes in that caigfmumg et al. 2010)Gene
ontology passing the threshold of FDR < 0.05 wé#ten selectedfor further analysisWe then
OF £ Odzt F 6SR {bta Ay [5 &A1 Kesholgwitvthe SNPsHinked tolajeliR H n n
imbalance using the LDIink webtd®achiela and Chanock 2015)

3.3RESULTS
odPod®mM *I NALF GoATRBLAY GKS o0Q ! ¢w

3.3.1.1 Sequence variants were identified®RIB1 3'UTR
Quality control analysis on RNAseq from 169 samples of unstimulated mordeywed

macrophages showed raw reads were of good quality, which were directly mapped to the human
genome, witlout further processing. On average, 94% of reads were uniquely mapped. After
performing deduplication, variant calling and filtering indels, mallielic variants and RNéditing

events, 58,661 genotype variants were identified, with 24,201 heterozygausy/ing both reference

and alternate alleles), 11,764 homozygous reference and 22,696 homozygous alternate. 60 of these

GBI NRAFyida 6SNB t20FGi8R Ay GKS ¢wL.m 0Q!¢w FyR i

Furthermore, in order to identify thdalf maximal number TRIB1 variants detected in most

individuals, we used the below formula:
G 64D O QBE & QM a no@a 6 a &0 O QBE & IQD a naaqQ

Overall, we observethat the highest number of variants detected in any given sample was
13, and the minimum was 1, leading to an hakiximal value of 7 variants of TRIBig(re 34, Table
3.4). This value was then used as a threshold to count the numhiedfiduals with more than the
half maximal number of variantés we can observe ifiable 3.4 there are significantly less samples
with more than 7 variants, which can help identify samgpecific SNPs. More than that, higher
number of SNPs is also mdilely to cause alterations in miRNA binding sites, which can ultimately

lead to a change in gene expression levels.
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Figure 35 shows the expression of TRIB1 in samples with more than 7 variants, sample with
more than one and less than seven variants, glas with only one variant and samples with no
variants. Our results indeed suggest that the expression of TRIB1 could increase with the number of
G NRIFyias gKAOK O2dzZ R 0SS RdzS G2 §KSQndlitindgtiigated G A2y A
further down investigation of the relationship between SNPs and miRNA binding sites. Alternatively,

it may also mean more variants can be discovered in samples with higher expression of TRIB1.

12
J

gLl

- |||||||
o - | | |||||||| |||||||“““““““““||||||||||||||||||||||||‘|

Samples
Figure 34-Bar plot showingt wL . m 0Q] ¢wad @I NAIlIyda &aKIFN

<]
1

Number of Varaints

4
1

2
1

92
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After scanning miRNA sequences from miRbase database against bothipeildnd mutant
twL. M 0Q!¢w &aSljdzSyo0Sa o6Fla RSAONAOGSR Ay aSOiAzy
S FT2dzyR | (G201t 2F wmuHotr LINBRAOGSR YAwb! & O0AYRA)
variants destroyed 20 miRNA binding sites across 24lesnf-igure 36), while 18 variants created
novel binding sites for 38 miRNAs across 39 samplgarge 37).

Table 34- Number2 ¥ ¢wL. M 0Q! ¢w @I NAL

of samples
No. of variants No. samples
1 26
2 18
3 18
4 24
5 22
6 15
7 9
8 7
9 5
10 8
11 3
12 1
13 1
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Figure 3.7- Heatmap of SNPs {&xis) creating novel miRNA binding sitesdxis)

Moreover, theSELINB&&A2Y 2F YAwb! & 6K2&a8S8S O6AYyRAY3I &Ad
UTR was also investigated in spRiNAseq from unstimulated and LPS+Ifg challenged|ike)ll
macrophages (discussed in Chapter 4). Nine (9) miRISAsith destroyed binding sites dr6 with
novel binding sites created, were detected in the macrophage SRl sequencing dataset, which
dadZa3Sada GKFG {bta Ay oQ!¢w FINBE Y2NB fA1Ste G2 O

existing ones. However, very few miRNAs wergressed in macrophages and only one of them was

found to be differentially expressed between unstimulated andiM& macrophages, miR9a-3p.

3.3.1.3rs62521034 SNéreatesa novel binding site for miB9a3p

To validate our computational method's accuracy for detecting the effect of SNPs on miRNA
binding sites, one of our collaborators, Dr. Chiara Niespolo in the IICD department of the University
of Sheffield performed the relevant, correspondimgvitro experiments. She used a TRIB1 mutant
containing a T to C base change in the 3'UTR sequence (rs62521034), which was predicted to create a
binding site for hsaniR29a3p MiIRNA, which does not target WT TRIB1. This variant sequence was
then expressed in HEK298&4dlls, together with a mif29a-3p mimic and their expression was tested

via a dualuciferase reporter assay. The results showed a decrease in luciferase intensity for the
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mutant 3'UTR compared to the WT, thus confirming the creation of a novel bindadosithis

particular miRNAKigure 38).
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Figure 3.8- Relative luciferase activityn HEK293T cells transfected with &l and rs62521034
Ydzi I y i ¢ wreporter. @el3 'wérevoverexpressed for 24h withiR29a3p and a miRNA
negative control (scrambtl miRNA). (man £ SEM: p<0.05, One Way ANOVA, n = 5)

3.3.2 The effect of miIRNA binding site variation on Allpexific Expression

(ASE).

InordertoF dZNIIKSNJ Ay @SadGA3IrGS AF {bta Ay o0Q !¢w 2F ¢\
pipeline. Our pipeline identified ASE events at gene and SNP levels usisgdr&l? DNAeq, even

when prior phasing information is unavailable. Moreover, our piehlso identifies SNPs linked to

ASE responsible for altering miRNA binding sites.
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3.3.2.1 Our ASE pipeline was successfully validated

To test our pipeline's effectiveness, we implemented the vcf2diploid function of Alleleseq,
which is only currently published and weited method to generate parental genome to identify ASE
events is to our knowledge.h€& limitation of vcf2diploid function is it requires phased genotypic
information. Therefore, we used NA128RBIASeq datd: & trudipRaBed genotypimformation is
available on 1000G project datatabase. Each sample of NA12878dgNlataset was mappeo the
personlozed genome generated using vcf2dipploichble 3.5. Next, parental genome were
generated through ASE pipeline and each sample of NA12878 were mapped. We observed a
comparable results between our own ASE pipeline (no prior phasing) anddf2diploid (Prior

phasing), such as similar mapping percentages, as recordaibla 3.5

Table 35 - RNAseq mapping percentages obtained from ASE pipeline and vcf2di
from known genotype (used in Alleleseq)

RNAseq mapping

Reference (hg38) 79.65%

ASE pipeline Known genotype
Parent 1 78.64% 76.66%

Parent 2 78.65% 76.65%

The major differences in approach of two pipelines are describ@dbie 3.6 with the two
most striking ones being 1) the variant calling step integrated ilABE pipeline, but not required for
Alleleseq, and 2) the DNA phasing information which is not needed for our ASE pipeline, but is essential

for Alleleseq

Table 36- Major difference between ASE pipeline and the Alleleseq tool

ASE pipeline Alleleseq tool
Data (RNAeq and DNA&eq) | Yes Yes
Variant calling Yes No
DNAPhasing info required No Yes
Diploid genome creation Yes Yes
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Next, we detected692SNPs by QUASAR using prior genotype informafiguie 3.9 out
of which 36 were significanvith anFDR< 0.05, thus being linked to ASEigure 3.9h. What is more,
a total of 256 genes showetdl heterozygous loadut of which 180 were associated with ASE, having
passed the cutoff of FDR 0.05 set in MBASED, also part of our ASE pipeldoenparison, using
QUASAR in our ASE pipeline, but without pgenotype information, we foun@032 SNPs, out of
which 39 were significant, with an FDR < 0.05, thus being linked to ASE. Similarly, by implementing
MBASED, 302 genes were found to have > 1 heterozygous loci, bui3@npassed the cutoff FBR
0.05, being linked to ASE-idure 3.9

The overlapped results at both SNP and gene levels recorded through our ASE pipeline with
and without prior genotype information are shown figure 39 and Supplementary Tabld

(https://github.com/srmeetd/ASE supplemantry DATA/blob/main/Supplemantry table J.xI#xs

observed, without prior genotype information, our pipeline has identified 33% of SNPs and 60% of
genes also detected with prior genotype information. While our pipéiiteatified 30% of SNPS and

77% of genes also detected with prior genotype. The remaining SNPs and genes not being detected
could be attributed to data limitation, as DNAseq has more accurate information on variants,
compared to RNAseq. This is becausedistribution of RNAseq to reads is often noniform and

ambiguous reads corresponding to alternatively spliced variants are often mismapped and ultimately

no prior

no prior known KnoWnN

genotypg genotype genotyp§ enotvbe
info info info g 24yp
590 256 27

FDR <0.05

no prior
genotyps
info
31

no prior
genotyps
info
74

known
genotype
72

known
genotype
28

Figure 39- VENN diagram showing overlap of allelic imbalance between ASE pipeline with unk
(right side of VENN diagram) and known genotype (Left side of VENN diagraif§NPs identifie
by QUASARD) SNPs identifiedvith an FDR < 0.05 in QuASAIRTotal genes identified by MBAS
method, d) ASE genes passing FDR cut off 0.05
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lost. Thus, other tools like Alleleseq identify variants from BE#& and phase them using Trio
sequencing, while our ASE pipeline identifies variants from RB&pand phases them without prior

haplotype information.

3.3.2.2 ASE pipeline helps to identify immurafgted gens in macrophages
By applying our ASE pipeline at gdeeel mode (MBASED) to the previously described

macrophage RNA&eq dataset from 169 healthy individuals and®@imonella typhimuriuanfected

patients without any prior haplotype information, allebpecific genes were detected separately for
unstimulated andsalmonella typhimuriuanfected samplesnltotal, 12640 genes were analysed and
found to have > 1 heterozygous position in unstimulated macrophages, and 100&nonella
typhimuriuminfected samples, with 9305 being common between the two conditions. Out of these,
3150 genes had an FDR < 0.05 and major haplotype fraction > 0.6 in unstimulated macrophages, and
2828 inSalmonella typhimuriuanfected samples. Overall, 1519 were comnmimetween the two
conditions, while 1631 were present only in unstimulated samples and 1309 or8galinonella

typhimuriuminfected samplesKigure 3.10.

169 96
Unstimulated Salmonella-infected

Figure 3.10- Significant ASE genes with FDR < 0.05 in unstimulated ant
Salmonellainfected samples

Next, we compared our ASE genes list to 2586 eGeatasnes argenes whose expression
levels are asociated with genetic variantglentified by bys Hellmut andcolleagues through an eQTL
study performed onmonocytederived macrophages and LP&iramyldipeptide (MDP)treated
macrophages (M1(KimHellmuthet al.2017) Thus, we found 417 genes out of the 3150 ASE genes
observed in unstimulated macrophages, and 409 out of 2828 segaliinonella typhimuriuAnfected
samples. In total, there were 1519 common ASE genes between unstimulate&gpthimurium

infected samples, with 255 of these being recorded as eGenes.

LY 2NRSNJ G2 GSald GKS adriAradAaolrt aaayiaATaol yo:

the odds-ratio was calculated between the overall significant and-significant allelieexpression

genes overlapped with eGenes. The results, also shovalife 3.7 recorded a pralue of 0.045 for
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unstimulated macrophages, with an 0.89 odd ratio, wisildmorrlla typhimuriuminfected samples
had a pvalue of 0.39 and an odds ratio of 0.95. Thegtue for the overlapping ASE genes between
unstimulated andStyphimuriuminfected was 0.298, with an odds ratio of 0.9heseresults show
there is no significantwerlap betweenunstimulated macrophagésa\E genes with eQTLs in this set
of study.

Table 37- Input for Fischer exact testbetween Unstimulated macrophages significant KDIR05
and not significant FDR < 0.08) unstimlated macrophage®) salmonellainfected samplesc)
common ASE genes between unstimulated and salmonella infected samples

a) . Significant | Nonsignificant | Fischer exact test
Unstimulated ASE ASE
eGenes 417 1394
Not-eGenes | 2733 8096
0.045
b) Salmonella | Significant | Nonsignificant | Fischer exact test
typhimurium | ASE ASE
eGenes 410 1098
Not-eGenes 2418 6132
0.39
c)
Common Significant | Nonsignificant | Fischer exact test
ASE ASE
eGenes 225 1238
Not-eGenes | 1294 6548 0.21
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In order tounderstand whether there is a pattern of biological relevance among the genes
detected, a random selection was performed for the ASE genes overlapping with eGenes. One of the
ASE genes with an FDR of 0.004 is CASP8 andiké&\Bpoptosis regulator (CFLARich is known
to have a significant role imflammatory response and fibrogiXiaohonget al. 2019} FCNLFDR 0),
which is a member of the complement system that plays an important role inntigte immunity
system, as overexpression of FCNI1paripheral blood mononuclear cellsas found to lead to
Takayaswarthritis (Okuzaket al. 2017y APOE (FDR 0), which codes fortgiroapolipoprotein Eand
is associated with cardiovascular diseases and Alzheimer's difRasezenicet al. 2011) and the
NLRP2 gene (FDR 0.00004), part of the nuclediiniding family and known to significantly impact
the activation of immune responses during infection and tissue injkiogmada and Muruve 2019)
Genes belonging to this family play an importaolke in regulating the HLi KRS .production for
positive regulation of inflammatory respons@gosset al.2019) Overall, our analysis'git selection
of filtered genes suggests that most have important immunithated functions. A full list of genes is
given in supplementary table 2

(https://github.com/srmeetd/ASE supplemantry DATA/blob/main/Supplemantry table 2.xIsx

3.3.2.3 miRNA bindisites are alteresh ASE genes

In addition to the above analysis, we also investigated SNPs altering miRNA binding sites in
ASE genes fBalmonella typhimuriuanfected samples, which could be responsible leading to allelic
imbalance. We detected 2003 & | ONRP&aa oQl ¢wa 2F tT10 !'{9 3ASySa
OAYRAY3I aA0SaX YR Hmnc {bta IONR&A o0Q!¢w 2F ynj
Also, inSalmonella typhimuriusd Y T SOG SR &l YL S&43 ¢S 20aSNBER GKI{
901 ASE genes created 1511 novel miRNA binding sites, while 2428 SNPs across 917 ASE genes were
responsible for degrading 1416 existing miRNA binding sites.

As we can observe, there was no difference between the number of SNPs present (~2000),
the number of miRNA binding sites either creater or destroyed (~1400), or the number of ASE genes
gA0K Y2RATA SDB0)io@é abnvdidion overtha ather. This suggests that there are number
of SNPs altering miRNA binding sites in ASE genes, but wet gamtlude that higher or lower
number of altered miRNA binding sites leads to more or less ASE, respectively. More than that, we do
not know if these miRNAs would actually have an impact on their targets just by having altered binding

sites, as we do rikknow whether these miRNAs are in fact expressed in the two conditions.

In this sense, we next grouped all mMiRNAs by their expression inNddtkand MPS*INF
(detailed explained in chapter 4) macrophages, and we divided these into three quartiles: low,

medium and upper quartile. The latter set contained highly expressed miRNAs inviydtand
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MLPS*INF which were further investigated if their bindidggA 6 Sa Ay o0Q! ¢wa 2F ! {9 3¢
SNPs. Overall, wieund that 183 genes with only destroyed binding sites for 158 highly expressed
mMiRNAs caused by 247 SNPs, while 218 targets had only novel binding sites created for 162 miRNAs,
caused by 275MPs. On the other hand, 204 ASE genes were seen to have both degraded and created
OAYRAY3I &A0GSa T2N) KAIKfEe& SELINBaAASR YAwb!a 2y (K¢
OAYRAY3 aAidSa IyR occ {bta ONBI &the284tangetsiTalye2 3St 2
3.8). This result suggests that although genes shows Allelic imbalance, but approximately only 10% of
{9 3SySa akKz2ga ItG4SNIGAZ2Y 2F YAwb! OAYRAYy3I aAis

Table 38 - Number of genes in which SNPs a) created and degraded miRNA binding sites of
SELINB&A4SR YAwb!a Ay (GKS alYS o0Q!¢wX 2NJ o0

a) Created miRNA Destroyed miRNA BS
BS

miRNAs 193 161

SNPs 366 364

ASE genes 204

b) Created miRNA Destroyed miRNA BS
BS

miRNAs 162 158

SNPs 275 247

ASE 218 183

3324 bta FftGiSNAY3I YAwb! O0AYRAY3I ardsa
The analysis described above was performed by selecting ASE genes (thus at gene level), and

then selecting SNPs in these genes to investigate. In contrast, the following investigation was

performed to identify SNPs linked to allelic imbalance (hence BtI8Mel), and to assess how many

2F GKSasS INB t20FG4SR Ay YR FfidSNJYAwb! O0AYRAY3

from the 169 MDMs.

All SNPs present in all genes were first filtered through the QUASAR tool integrated in our ASE
pipeline, which returned a total of 81,913 SNPs across 20,136 genes, out of which 10,466 SNPs were
LINS&ASYyd Ay oQ!'¢wa 2F nZpnd ISySa FyR 6SNB NBaLRY
AAGSaD {AYAT I NI @ wmnZIdcn stioyed23100nTRNR Bindingsifes. Settidgg 2 T n
I Odzi2FF 2F C5w f ndnpx 6S F2dzyR cnn {bta LINBa
imbalance (linked to ASE), out of which 81 SNPs created 130 novel miRNA binding sites in 80 genes.
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Similarly, 155 SNR§i 0 Q! ¢wa 2F mMHy 3ISySa RSaiGNRBe@SR HuHAN YAwb

direction of the beta scoreBox 3.1.

Box 31: Beta Score

The beta score shows the strength and direction of, A#tf scores> 0 showingias towards the
reference alleleand vice versa for < @reating a new miRNA binding site woniéan reduced
expression of the mutant variaand thus its associated beta scoreowld be negativeOtherwise,
if the existing miRNA binding is degraddw: alt allele isonsideredprotected, and the beta scorg
would be positive What is more, deta score oD indicatesthere is no change in the SNP, ang
can be considered a falgmsitive result.Therefore, ve rejected any SNPs with a positive be
scaethat created new miRNA binding sitand any SN&that degraded existing binding sitasd
had anegative beta score. This methoffered highconfidencein detecting SNPs alterimgiRNA

binding siesandbeingresponsible fothe allelic imbalance.

Furthermore, upon investigating SNPs linked to ASE (with an FDR < 0.05) that were present in
YR FEGSNBR YAwb! O0AYRAYy3I aridsa Ay o0Q! ¢wad 2F LINE
SNPs linked to allelic imbalance from QUASAR , out of which 8338 ¢ SNB RSGSOGSR Ay
ASE targets and disrupted 122 existing miRNA binding sites, while 39 SNPs created 61 novel binding
sites in 25 ASE genes. However, none of these SNPs destroyed or created binding sites for miRNAs
highly expressed iM“N samples, but the expression of mMiRNAs whose binding sites were altered in

ASE genes was discussed in the above settibh

In addition, we also looked at the highest number of SNPs linked to ASE that were present on
single ASE genes, irrespective of ttadieration of miRNA binding sites. Thus observed thathe
highest number of SNPs linked to ASE by QuAS#Rplaced on ASE targets identified\BBASED
method werec m A YUTR 6HEAD®RL ASE gene, followedbyr  { b t 4 UTR@f HIWBOQA1 o Q
and 18 on HLA w. m Qa Tabl@ 3.% Woweéver, HLA genes have been previously found to have
high genomic variations Ghiinaetal.H n n 0 = A Yy Of dzR A $abbag@14)]Herkd theseo Q! ¢ wa
were eliminated from our further analyses, in order to al/diases. In addition to that, we also
RAANBIFNRSR {9 3ISySa gAiGK n {bta Ay GKSANI oQ! ¢

potential correlation between SN&erived variations and allelic imbalance.

Thus, upon filtering out HLA geneg fonnd17{ bt & Ay GKS o0Q! ¢w 2F - L!t
11SNPs in the 3'UTR of GREM1 sitM2, and 7 SNPs APOLBNnd SERPINB@nes All these genes

have been previously shown to have variations leading to allelic imbalbhbeGerberet al.2012;J
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Heighwayet al. 1994), thus increasing the confidence in our detection of SNPs and genes linked to
ASEWe observed that a minimum of 1 SNP vidgentifiedin 85 ASEjenes 2 SNPs were present in 27

ASE genesnd a maximum df7 SNPs were present junstone ASE drget, the XIAP gend@dble 3.9.
Therefore, we can observe that the number of ASE genes with increasing number of SNPs is drastically
reduced even starting from just 2 SNPs present. This result suggests that as small as 1 variant could

be responsible imllelic specific expression of genes.

Table 39- Number of SNPs linked to ASE detected in different number of ASE genes

No. of SNPs Number of ASE genes

1 85

2 27

3 13

4 10

5 5

6 4

7 2

11 2

17 1
- 1 | 1 |

44 1

61 1

3.3.2.5ASE gendas M1 phenotype are enriched in inflammatory pathways

In order to observe whether ASE genes are involved in macrophage polarisation, we further
overlapped the 3,150 ASE genes identified in 169 MDMs (controls), and the 2,175 AStoged in
96 Salmonella typhimuriuanfected samplesKigure 3.10 with 5,681 differentially expressed genes
between 8MYN and 8M'"S*NFfrom RNAseq data generated by our lab. We found that out of 3,150
significant ASE genes in MDMs, 833 were difféadigtexpressed betweek!"N and M-PS*INF(FDR <
0.05), with 473 being downregulated and 360 being upregulatédt-fis*'™. Similarly, out of 2175 ASE
genes detected inSalmonella typhimuriuanfected samples, 601 were differentially expressed

betweenM"“Nand M'PS*NF 272 being downregulated and 329 upregulatediirySN:

Furthermore, gene enrichment analysis showed that ASE genes obtained from MBASED from
Salmonella typhimuriuanfected samples that were also upregulatedH’S*Nwere mainly inelved

in inflammatoryrelated biological functionHigure 3.1). This result indicates that genes playing
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important roles in maintaining and/or regulating immune responses within cells may have allele
specific expression. In contrast, the ASE genes in MibMswere upregulated in MN compared
MLPS*INFtreatment to did not seem to be enriched in any particular biological processes. We observed
the same for downregulated ASE genes, which also did not return any particular GO terms related to

any specificdnctions.

Moreover,i 2 dzy RSNREGF YR (KS Fdzy Ol A2y 2 Fwerdli®d 3Sy Sa
to allelic imbalance andiere predicted to alter miRNA binding sitese performed Gene Ontology
(GO) enrichment analysifigure 3.12 Thus, we observed that these genes amainly involved in
signaling, inflammatoryrelated and apoptosisrelated pathwaysSimilarly we also investigated the
relationship between SNPs shagiASE and altering miRNA binding sites with coronary heart disease
(As discussed in introduction SNPs in TRIB1 have been identified to bed associated with coronary heart

disease)dentified by GWAS analysldowever, ve found that none of the SNReere directly linked
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Figure 3.11- Top 20 GO terms observed for ASE genes in Salmonella typhimtnfeoted samples and
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with coronary heart diseasebut someSNPsverein linkage disequilibrium with the SNPs associated

with several otheiGWAS diseasérait (Table 3.10).
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Figure 3.12- Gene Ontology for genes with SNisked to ASEDot plot represents top 10 gene ontolc
annotations, xaxis showsthe percentageof differentially expressed genes present in partic
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Table 310- List of SNPs in linkage disequilibrium with SNPs associated with GWA stualsry¢ ASE SNPs alter
MiRNA bindig sites, GWAS TraiDisease name, RS numlzgdinkage disequlibrium SNPs associated with dis
trait, R ¢ R square a measure of correlation of alleles of query, iRhber where 0 means alleles are indepenc
and 1 means allele inone variantprédi G KS | £ f St S dayf allélig'segiakiod bekw@dn b Faa
(Query and Raumber), values rangingD, higher value indicates tight linkage of alleles, Risk alleor allele
frequency Effect Size Effect size 95% confidenceenval, Pvalueg P-value of significance obtained from GW

Query GWAS Trait RS Number R2 D' Risk Effect Size| P-value
Allele (95% CI)

rs1513890 | Coronary artery calcified rs6829172 1 1 NR 0.347 8.00E06

atherosclerotic plaque in type

2 diabetes
rs17162846 | Systolic blood pressure rs1014988 0.6158526 0.994812 | 0.4781 0.2039 2.00E09
rs17162846 | Electrocardiogram rs17162854 | 0.608614973 0.969478 | 0.500138| 0.0304694| 4.00E08

morphology
rs17162846 | Diastolic blood pressure rs7546498 0.614363109 0.989666 | NA 0.147 5.00E10
rs17162846 | Systolic blood pressure rs7546498 0.614363109 0.989666 | NA 0.257 3.00E11
rs13427770 | Colorectal cancer rs11903757 0.688274016 0.992438 | 0.16 1.16 4.00E08
rs1050450 | Coronary artery disease rs11718165 | 0.921396736 0.986141 | NR 0.0327978| 6.00E08
rs1050450 | Chronic inflammatory disease| rs3197999 0.875274178 0.985657 | NR NA 7.00E55
rs8005 Triglycerides rs709822 0.943841228 0.99026 0.7117 0.0212 5.00E13
rs8005 Triglyceride levels rs3947 0.816313807 1 0.25 0.022 3.00E09
rs2287367 Prostate cancer rs12634 0.946956188 1 NR 1.058 4.00E14
rs2287367 | Prostate cancer (early onset) | rs1182 0.881708292 1 NR 1.13 1.00EQ7
rs2287367 | Prostate cancer (advanced) | rs1182 0.881708292 1 NR 1.09 1.00EQ7
rs582452 HDL cholesterol rs56959712 | 0.792315372 0.979026 | 0.2159 NA 7.00E13
rs582452 HDL cholesterol levels rs113740515 | 0.78410937 0.965175 | 0.79055 | 0.0377999| 1.00E58
rs582452 Triglyceride levels rs580063 0.781039957 0.972035 | NR 0.0233 4.00E13
rs582856 HDL cholesterol rs56959712 | 0.798504657 0.992891 | 0.2159 NA 7.00E13
rs61955033 | HDL cholesterol levels rs2454703 0.979816277 0.991867 | NR 0.005388 | 4.00E13
rs1060314 | Systemic mastocytosis rs9937881 0.880489696 1 0.2089 2.286 3.00E08
rs3211567 | White coat effect rs2292954 0.888128296 0.970139 | 0.11 6.2 2.00E06
rs3211567 | Type 2 diabetes rs12932337 | 0.970640273 0.985211 | 0.8301 0.034 8.00E11
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3.4Discussion
In this chapter, we investigated the pesanscriptional regulation of TRIB1, especially SNPs

AY Ada oQ!c¢w NBaLRyaAoftS F2NIFEtGSNAY3I YAwb! O0AYF
allelic imbalance. We found that sequence variants exiétgd ¢ wL. M o0Q! ¢w | yR GKI
alter miRNA binding sites; for example, rs622521034 SNP created a novel binding siteZ6r3miR

CdzNII KSNXY2NB>X {bta Ay ¢wL.mM o0Q! ¢w ABENPBeliné &&2 OA |
successfully validateand we observed that miRNA binding sites are altered in ASE genes, that SNPs
fAY1SR G2 F+ftStAO AYOoLflyOS It GSNBA YAwb! O0AYRAY:

of macrophages are enriched in inflammataegfated pathways.

Overalbwefoy R cn @FNAFYyGa Ay oQ!¢w 2F ¢wlL.mI 2dzi
MDM control samples. The maximum of variants was identified in one patient TRIB1 was 13, and the
YAYAYdzY 6Fa 2ySo® a2NB (KIFIy (KFGX ¢Siandsih@éadidSR (Kl
with an increase in their expression levelgure3.6), which could be due to SNBsstroying miRNA
binding sites that would downregulate its expression. Upon investigating the alteration of such miRNA
OAYRAY3I &aA(Sa ORIBL{wb found thay1l vatignts degraded®0 binding sites across
24 samples, while 18 SNPs were responsible for creating novel miRNA binding sites for 39 samples
(Figures3.5and3.7).

In order to validate our computational analyses, we chose one ISBP521034, that created
a novel miRNA binding site for m#Ra3p. The variants containing this SNP rs62521034 led to a lower
expression of TRIB1, as measured by luciferase reporter, wher29ai® was overexpressed,
confirming that the creation of a bding site for this miRNA enabled its targeting of TRARL(e3.7).

These results suggest that a variant in TRIB1 created a new miRNA binding, which reduces the
expression of TRIB1. Moreover, it confirmed that our pipeline successfully identifiesvputaiRNA
binding site changes. However, considering bioinformatics analyses detect a large number of
candidate SNPs, more examples would need to be experimentally validated in order to test and prove
the accuracy of our strategy.

Out of all the miRNAswilioS 0 Ay RAYy3 aAiSa 4SNB It GSNBR o8& |
were expressed in both unstimulated and Mie smalRNAseq datasets. Six of these miRNAs had
y20St O0OAYRAYy3I aAiSa ONBFIGSR Ay GKS oQ'owever,2 ¥ ¢wlL .
among the nine miRNAs, only one n2®a3p was differentially expressed between the two
conditions, M"and MPS*PNand upregulated in MS*™\vhich could be one of the reasons for the low
expression of TRIB1 in Mike macrophages; moreovet,was also a reason for validating this miRNA
in HEK29¢ OSff tAyS o0& ONBI A y®eral, wazetvet (no diffgrenceQ | ¢ w
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0Si6SSYy GKS ydzYoSNJ 2F YAwb! O6AYRAYy3d &araitasSa ONBLI
However, the SNPs datied may regulate the expression of TRIB1 by altering the binding of other
MRE factors, such RMNBInding proteins (RBPs), translational repressors, splicing factors, and

riboswitches, or in other cell types.

Our analyses described above showed that S)Psd Q! ¢ wad | NB NBaLlRyairofts
binding, which we then investigated further whether these may also lead to -@pedeific expression
(ASE). In this sense, we developed our own-bgaed ASE pipeline, which was designed to accept
inputs of RNAseq, DNAseq and Chiiseq data sets as both unaligned and aligned files. The advantage
of our ASE pipeline over other available tools/frameworks is that it does not rely on prior known
phasing or trio sequencing for detecting ASE events, being capallentifying variants and then
phasing them on its own. More than that, it also deals with sequencing errors by generating parental
genomes from the phased variants as it helps to differentiate between real varaints and sequencing
error. Despite being abléo detect variants and ASE events even without the need of any prior
haplotype information, our pipeline has been tailored to also accept and use this, when available.

Other important features of our pipeline are listed below:

1. RNA editing events can be filtered when RNAse( files are provided as input
2. It calculates Minor allelic frequency for each sample set
3. It offers a threshold option for Hareyveinberg's equation (which considers that
a3a3Sy20G8 LIS T NBI dzSy OdinSanstantybetweenlgeéneddibns in the y NB Y
6aSyOS 2F RAA&I( dzND (Ryckinan and®@WilRaomi20B)R S F I Ol 2 NA
4. ldentifies ASE on both SNP and gene levels
5. It detects whether ASE SNPs are responsible for altering miRNA binding sites
For validating our pipeline, we applied it to the NA12878 RNAseq data,and without
known genotype and haplotype information (derived trio DNA seq of both the sample, and its
parents), and we recorded a 1.98% increase in mapping percentages when no prior haplotype
information was usedTable 36). This increase may be due to reads being mismapped to SNPs
location identified by GATK, as the pipeline relies on predictions when not using prior genotype
information. All in all, these confirm the success of our pipeline in generating results witteoneed
of prior genotype information, comparable to those obtained with known genotype information, as
approximately 60% of ASE genes detected with known genotype information were also accurately
identified with no prior information and 77% of ASE genetected with no prior informationKigure
3.9). However, MBASED was used in both cases, and these values are to be considered valid only to

the extent of how accurate MBASED is.
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Out of a total of 3150 significant ASE genes (FDR < 0.05) detected in MDBPM samples
and 2828 inSalmonella typhimuriuanfected samplesKigure 3.10, only 417 and 225 ASE genes,
respectively, were found to be eGen@&ble 3.7. In contrast, there was a higher overlap between
non-significant ASE genes and eGenes set obsemwich could be because the ASE analysis
considers genetics driven changes in expression levels of alleles within individuals, while eQTL
mapping considers these changes between individuals. More than that, eQTL analysis counts all RNA
reads from genes, ereas the ASE analysis considers only reads mapping to SNP regions. Another
reason could also be that one allele may be higher expressed than the other, which leads to a feedback
mechanism limiting the expression of the highly expressed one. Thus, &talexpression is then
recorded as similar, irrespective of SNP genotype. Such genes are not linked to allelic imbalance in ASE

analysis, but they may be identified as eGevieeQTL mapping.

Furthermore, we identified a large number of SNPs alteringgmiR 6 A Y RAy 3 aAiSa A
ASE genes in both control MDMs &almonella typhimuriuanfected samples, but no difference in
either the number of SNPs, miRNA binding sites nor ASE genes between the two conditions. While our
observations do suggest thaltered miRNA binding sites can be linked to allelic imbalance, we could
not conclude whether a higher number of these lead to an increase in ASE genes. Moreover, the
degradation or creation of a miRNA binding site is not enough to suggest that thosellsamitRNAS
would indeed bind and affect their targets, as these miRNAs may not even be expressed in certain
conditions.In this sense, we looked at the expression of miRNAs in the two respective macrophage
polarisation states (MO and M1) and we observhdttthe number of ASE genes with altered binding
sites for highly expressed miRNAs was lower than those reported above, without taking expression
Ayi2 1002dzyyie 126SOSNE ¢S RSGISOGSR 023K ' {9 3ISy
created bindingi AGSax a ¢Sttt Fa ! {9 3ISySa gAGK oQ) ¢wa O
binding sites Table 3.§.

Next, we observed that 85 ASE genes had only 1 significarit&MNFied by QUASAR their
0Q! ¢wx YR 2yfé& wm 3ISySSNesTablel3d. Theseyesultd saggestmhatmaA Iy A F
minimum of 1 SNP could be responsible for the allelic imbalance of gene. Mordwerymber of
SNPs, altered miRNA binding sites and ASE genes was further reduced when looking only at
individually significat SNPs and significant ASE genes (FDR < 0.05), as identified by QUASAR. Thus, we
found that out of 3150 significant ASE genes, only 43 had one of 83 significant SNPs that created 61
novel miRNA binding sites, and only 25 ASE genes presented 39 sigSifiéthat destroyed 122
miRNA binding sitedMoreover, this filtering stepmproved our confidence in predicting SNPs and

genes linked to allelic imbalance, especially through the impact on miRNA binding sifeseasvith
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the maximum number of signifant SNPs identified have already been found to show adledeific

expression.

Despite the multiple genes and SNPs we identified and predicted to be linked to ASE, there
GSNB y2 aAIYATFAOIYG {bta Ay GKS o 0'SMR86222F034 wL . M
whose reads mapped approximately equal in both reference and alternate alleles (ret &teads
and alternate allele; 27 reads mapped). The effect of this SNP was also tésteitro in HEK293T
cells, but it did not lead to any3iy A FA Ol yi RAFTFSNBYyOS Ay ¢wL. mQa S
because miR9a3p, whose binding site was altered by this SNP, was too lowly expressetl in M
More than that, the expression of TRIB1 itself was found to be low in both MDM controls and
Salmonella typhimuriurvinfected samples, which are similar conditions td”Mand M-PSHNE This is

not the case in the test in HEK293T cells, where both target and miRNA are over expressed.

In conclusion, we have developed a successful pipeline for detecting thousands of SNPs from
RNAseq data sets and for identifying allsiecific events taboth gene and SNP levels. More than
that, the detection of SNPs without prior genotype information was compared to those found using
known genotype information from DNgeq, and we identified a large number of SNPs from our
RNAseq datasets, previouslypoeted by DNA sequencing, as well (e.g. for TRIB1 we found 90% of
SNPs previously annotated). However, one limitation of our pipeline is that it does not take into
consideration multiallelic sites and indels, and currently, only the miRanda algorithmpieimented
for the detection of miRNAs targeting the binding sites altered by the SNP identified. Incorporating
other tools or scanning more databases, such as TargetScan, could improve the confidence and
accuracy of our ASE pipeline. Despite this, weidensur pipeline to be the first complete framework
to detect allelic imbalance at both gene and SNP levels using solely RNAseq data, as well as identify
altered miRNA binding sites. Moreover, our pipeline has improved power of interpretation to detect

A genes and SNPs as compared to traditional ASE method.
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Chapter4
Role of miIRNAs in macrophage polarisation

4.1 Introduction

Inflammation is an immunity response triggered by the body in fighting pathogen infections
and healing physical injurigdantovaniet al. 2013) and it involves the recruitment of multiple
components, such as macrophages (described in detail in Introductory Chapter ), which play an
important role in host defense mechanism atissue repaif(Curtale, Rubino, and Locati 201%he
inflammatory response mediated by macrophages is initiated by the recognition of microbial
structuresknown as pathogesassociatd molecular patterns (PAMPS), or various endogenous signals
from damaged tissues or cells, known as a damaxgsibciated molecular pattern (DAMPS). This is
enabled through the activation of germlirencoded patterarecognition receptors (PRRs), such as
Tdl-like receptors (TLRs]JChenet al. 2018) leading to the production of chemokines, cytokines,
reactive oxygemnd nitrogen speciesvhich help trigger preor antrinflammatory responseglurner

et al.2014)

The efficiency of inflammatory responses mediated by macrophages depends on the
coordination of proteins involved in macrophage polarization, whose expression is regatatesl
transcriptional and postranscriptional leve(Chenet al. 2018) miRNAs are a class of such mRNA
regulatory elements (MRES) involved in gene regulation, which have been extensively researched in
order to understand their importance and role in immune and inflammatory respoflsesand
Abraham 2013)Most of these studies have been performedtiie context of cancer and metabolic
diseases(Essandohet al. 2016) but none of these has considered the influence of alternative

polyadenylation (APA) on miRNA binding sites.

In eukaryotes, rany geneften have more than one polyadenylation sitevhich lead to
multiple isoforms being generated by cleavage different location aprocess known as alternative
polyadenylation (APAL i FNBIljdzSydte 200dz2NBE Ay o0Q! ¢wa 2F Ywb!
maturation, throughK S Of S| @I 3 S 2 T ylatioR sitestofprahiRNAs bigl theé addtidn/
of a polyA tail This igmportant for the stability, localization, and translation efficiency of mature
MiRNA, and | can also lead further changes in mRN£half-life or translation by creatingor

destroyngmiRNA binding site¢Tian and Manley 2016)

In this current project, we present a first-its-kind projectto investigate the link between

miRNAs and macrophage polarization, through transcriptomic and miRNA studies. This study will shed
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light on miRNAs and their target genes involved in macrophage polarization and the effect of the APA
process in regulatinghese genes. Furthermore, our study aims to identify differentially expressed
(DE) hub miRNAs targeting more than the average number of differentially expressed genes, between

unstimulated (W) and LPS+INF '658") challenged macrophages.

4.2 Materials and Methodology
Declaration

Dr. Chiara Niespolo performed adlvitrowork under the supervision of Prof. Endre Kisgh
(IICD, University of Sheffield, Sheffield, UK) anmkrformed all thecomputational analysis and

interpretation ofresults.

4.2.11solation and culture of human monocyderived macrophages (MDMS)
Peripheralblood mononuclear cells (PBMCs) were isolated from venous ltoad healthy

donorsby FicokkPaque Plus (GE Healthcare) density centrifugation; CD14+ monocytes were selected
by positive magnetic separation using CD14 human microbeads (Miltenyi Biotegdcides were

then cultured in complete media for 7 days: RPIMHO (Gibco), 10% (v/v) la@ndotoxin heat
inactivated FBS (PanBiotech), 1% (vigglitamine (Gibco) and 1% (v/v) penicillin/streptomycin
(Gibco). 100 ng/mL of human recombinant¢®@SF (Peproth) was added to the media to

differentiate monocytes into macrophagembnocytederived macrophages$/DMs).

4.2.2Macrophage polarisation
After 7 days ofsolation and differentiation, MDMs were treated with 100ng/mL LPS (Serotype

R515 TLR grade TM, Enife Sciences) and 20ng/mL of human recombinan# INF6 t NS L2 § SOK 0
generate Mllike phenotype and 20ng/mL of humarrecombinant Ik4 to generate MZike

macrophages. Cells were collected after 24 hours for RNA extraction.

1)  Transient transfection
Transiemtransfectiors werecarried out on MDM®n day 7 posisolation and differentiation.
A total of 50nM of miRL55-5p, miR125a3p, miR186-5p previously synthesisethimics and non
targeting control (Horizon Discovery) were transiently transfected usingriéir@sreen (Lipocalyx,
/' F YONRRIS . A2a0ASyO0So0sx I Gérg Balsiwe@ colleteziyhoufspostl O G dzNB 1

transfectionfor RNA extraction.
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i) Total RNA extraction

Total RNA was isolated using the miRNeasy Mini Kit (QIAGEN). RNA conceatichihairity
were assessed by NanoDropTM Spectrophotome#260/A280 ratio= 1.8.0) (ThermoFisher
Scientific). Before the smallRNA sequencing and the mRNA sequencing, RNA integrity and
concentration were also determined using Agarose Gel Electrophdf@sisCon: 1%; voltage: 180v;
wdzy ¢AYSY McYAYO FYyR . A2FyFfel SNI!3AEtSyd umnn 6v

i) Realtime quantitative PCR (RPCR)

cDNA synthesis and RPCR were carried out using the miRCURY LNA RT Kit and miRCURY
[ b! YAwb! t/w !aaleé YAGEZ oFraSR 2y {,.w DNBSy Of
Results were anatgd upon a CFX384 C1000 Touch Thermal Cycler (Bioradjthestyg / & Y S K2 R®
PCR primers faniR1555p, miR125a3p, miR186-5p, miR149-5p, miR13434p, miR766-3p were
purchasedfronv L! D9b FyR RAfdziSR I OO2NRAYy3 G2 YIydzFIl O d:

Iv) Mability assay

Viability assay was carried out on supernatants collected from MDMs, 24 hours post
transfection with miRNA mimics/controusing the kit RealTimeDf 2  a ¢ / St f Al 0A
Ot N2YS3IL O YIydzZFI OGdzNBNRa AyadNHOlGAZYy&aod
4.2.3SmallRNA and mRNA sequencing

The genome sequencing company Novogene @b(Hitps://en.novogene.com performed
small RNA for the 8 unstimulated N} and 8 M1like macrophagesM-""'"9, usingthe Illlumina
platform with singleend 50 bpand RNAseq for 6 for hubirfRNA (miRL25a, miRL55miR186 and

control) using the illumunia platform witBOM paired-end 150 bp.

4.2.4Macrophage polarized smé@&tNAseq bioinformatics analysis
1) Quality check and mapping
The quality of reads was checked by FastQ@plemented in cgapipeline readqc

(https://github.com/cgatdevelopers/cgat

flow/blob/master/cgatpipelines/tools/pipeline_readqc.py Reads with poor qualitreads with

quality score <30yvere removedand adapter sequences were trimmed using cutadapt with default

parameers, implemented in cgapipeline readqc Https://github.com/cgatdevelopers/cgat

flow/blob/master/cgatpipelines/tools/pipeline_readqc.py(Supplementary Figure 20ean reads

were mapped against human smBNA sequencedownloaded fom the RNAcentral database
(Sweeneyet al. 2019) using bowtie2 (Langmeacet al. 2009) local alignment option with default

parameters RNAcentral was used instead of the whole human genome sequence (hg38), because it
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https://github.com/cgat-developers/cgat-flow/blob/master/cgatpipelines/tools/pipeline_readqc.py
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contains only smalRNA sequences, while hg38 also incluiéarmation on protein coding genes.
Hence, smalRNA reads of approximately 50 base pairs could map to multiple locations in hg38,
including to protein coding sequences, and may produce Jadsitive results, while by using
RNAcentral, these were only im@ed to smalRNA sequencefRaw counts werg¢hen obtained from
samtools(Li and Durbin 2009rheRNAcentral database waalsoused to annotate small RNAasnd

only miRNAs were considered for further analysis.

i) Principle component analysis

To oberve whether samples are clustering based on different conditions, we performed
principal component analysis (PCA). To generate PCA components, we passed rlog normalized data
through DESeq2 R package to procomp R package. Next, the ggplot2 R packagel wasissalize
components 1 and 2 of PCA.

lii) Differential expression analysis

Differential expression analysis was perforniedween MNand MtPS*NFysingthe DESeqR
packag® YAwb! & GAGK §f nodnp C5w IyR 23 thepdndysiOKIl y3S
they were further visulzied in heatmap generated using Complexheatmap R padlaget genes of
differentially expressed miRNAs were identified ughgyTargetScarn(Lewis, Burge, and Bartel 2005)
(https://github.com/srmeetd/miRNA

MRNA integrative analysis/blob/main/small RNA modified.Rmd

4.2.5 Macrophage polarized mRM&q bioinformatics analysis
1) Dataset

A previously published RN#eq datased . | A R @traile2820)Frain our kboratory was re
analyzed, focussing on differential gene expression betwkBf and MFS*NFeonditions. The dataset

included 16 sampledncluding 8 MNand 8MFS*NF(resulting in an Mdike phenotype)

i)  Quality check, mapping and differential exgezbanalysis

Reads were checked for quality using FastQC softimgskemented in cgapipeline readqc .
Lowquality readswere removedand adapters were trimmed using trimmomatic algorithms with
default parameterausing the readqc pipelineésamples were further processed and quantified with
Salmon(Patroet al. 2017) using theEnsemble 93wman referencdranscriptome Next, R package
tximport (Soneson, Love, and Robinson 20i®)generate gene level expressioifferential
expression bgenes was conducted usimESeqZLove, Huber, and Anders 201R)package, and

genes with an FDR< 0.05 and logFC cutoff |>1| were selected for further analysis
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((https://github.com/srmeetd/miRNA

MRNA integrative analysis/blob/main/small RNA modified.Rmd

lii) Putative target identification of miRNAs

In order to investjate the function of differentially expressed miRNAs, we selected their
correspondingtarget mRNAswith only 68 seed sequences of 74 conserved and-nonserved
mMiRNAs, usingjargetScan databas€he predicted target mRNAs were further filteraald only hose

that were differentially expressed in the mRNA transcriptome data were retained for further analysis.

Iv) mIiRNAMRNA integrated analysis

Pathway and gene ontologgnrichmentanalysiswas performedusingGOseq (Youngt al.
2010)RpackageCANE (X ¢S SEGNI OGSR o0Q! ¢w aSljdsSyd0Sa TNRY
iKSy NBY2@SR tSy3adK oAlFaSR oQ! ¢wad bSEGZ ylYSa 2
(Tenenbaum 2020y LJ O1 F 3S® CdzNIi KS NE owersrepreseked pvallied OQIZ I diYSyR 2
2dz0 LIdzi 206GFAYSR FNRBY Dh{Sljd ¢KS NBI &2y F2NJ d&aAy3
more DE genes in the present categories than expected at any given size of category and length
distribution; hence, these are consideretiriched DE genes in that categqijounget al. 2010)

Pathways passing the threshold of FDR < 0.05 tnereselectedfor further analysis.

Common target genes between up and downregulated sets of miRNAs were further identified
by using the Jaccard ied. Jaccard index represents the number of target genes common in pairwise

mMiRNAs over the total number of target genes of a miRNA.

Alternative polyadenylation (APA) analysis
lt! &aAdGS dzal3S 41 & SaldAYIFIGSR o0& édveghiMWNFeAya (
and MPS*INFmacrophages. The DaPdpsiaet al. 2014)method with the following parameter was
usedtoidentfyKS ISy Sa ¢gKz2asS oQ!¢w fSyaidkK OKIFIy3aISR 06SigS
Num_least in_groupl=1 \
Num_least_in_group2=1 \
Coverage_cutoff=30 \
FDR_cutoff=0.05  \
PDUI_cutoff=0.5 \
Fold_change_cutoff=0.59 \
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4.3 Results

In order toinvestigate the role obmall RNAs (miRNAs) MDMs in pro-inflammatory M1
polarisation stateswe conducted small RNA seq onVBN and 8 MtPS*INFsamples as previously
described.The analysis results showed thabre than 70% of the sequences recovered mapped to
mMiRNAgAppendx table 6, with ribosomal RNAs being the next largasgle categoryKigure 4.1
Looking at miRNA expression levels separatingted from untreated samples on the first two
principal components (Figure 4.1b we found that 102 miRNAs werdeast twofold up or
downregulated with a 5% false discovery rateFigure 4.1¢ supplementary Table 1

https://github.com/srmeetd/Macrophages transcriptomic analysis/blob/main/Supplemantery tabl

el.xlsy. These differentially expressed miRN#esre very clearly separatebetweenthe stimulated

from unstimulated macrophage§&igure 4.19l.

Furthermore, tostudy the effet of these changeim miRNAs expressiam their target genes,
we performed differential expression analysis on mR¥4 data of a separate set of\"N and 8
MLPSHNFsampleg Alignment:Appendix table J. Similar results as above werecorded, with nRNA
expression profile alsbeing clearlyseparatedbetweenstimulatedand unstimulated macrophage
with 5,681 genes being identified least twafold up or dowmegulated at a5% FDR thresholfFigure
4.2, supplementary Table2

https://github.com/srmeetd/Macrophages _transcriptomic analysis/blob/main/Supplemantery Tabl

e2.xlsy.

Thus, theseesultsshow that preinflammatory stimulation is accompanied by a major shift

in both the longmRNARNd short((miRNARNAtranscriptomes of primary human macrophages

4.3.1 Differentially expressed miRNAs preferentially target genes involved in pro
inflammatory pathways
By investigatinghe role of 102 differentially expressed miRNAs in regulating macrophage

polarisation to and between MO and M1 states, we identified a number of miRNAs whose target genes
recorded a significant change in expression, but in a different direction of that for miRN&s,

[ t { b &tim@ation (e.g.downregulated targets of upgulated miRNAs and vieersa). Thuswe

found 1531 upegulated putative target genes 8# dowrregulated miRNAsind1767 dowmegulated
putative target genes d26 upregulated miRNAs.

Furhermore, EGG and Gene Ontology (GO) enrichment andlgfied us understand more
about the biological function of differentially expressed miRNAs on their predicted mRNA targets.

Thus, we observed that significantlyregulated targes of downregulatd miRNAs were involved in
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pathways responsible fammune responses and activation of inflammataefated cascadessuch
as MAPK signlg, in cytokineand chemokine signalling, thBAK/STAPathway, toll-like receptor
(TLR) signaling pathway, as wellageptosis and Tell receptor signéihg pathways In contrast,
targets of upegulated miRNAs are enriched fgenesinvolved in the cell cycle and DNA replication
(Fgure 4.3 supplemantry table 3

https://qgithub.com/srmeetd/Macrophages transcriptomic analysis/blob/main/Supplemantary dat

a3.xlsy.
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Average percentagef reads mapping to different small RNAs clasfesn the small norcoding

RNAse; x-axis represents different catgories of small RNAIR¢ miRNAsribosomal- ribosomal

RNA piR- Piwtinteracting RNA (piRNAY,RNAY RNA; tRNAransfer RNA; othersincRNA|ong

non-coding RNAsmall nuclear RNA, antisense small RN&xiy showsaverage percentagef

small RNAs across librarigg. PCA plot of small RNA seq based on log2 (CPM+1) values
represent different samples, large dot represents the ceitrpositionc) Volcano plot showing
differentially expressedRNAs(purple) (FDR<0.05bs(og2 Fold Changeyld) Heatmap of
differentially expressed miRNAs in MO and M1 macrophgaifjastrating the relative expressior
levels and clustering for two gengies (MO and Mdike macrophages). Each colored cell in t
heat map represents the standardized rélat gene expression value for samples in ei
condition The largest gene expression values are displayed in red color, intermediate val
shades ofed and blue and the smallest values in darkblue
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The above analysis results suggistt miRNAs may play an important rolethre cell cycle
progression, and may also enalihe production of inflammatory cytokines and activatiornimfmune
responsesin macrophageschallenged by pathogen infectiorSmilar patterns were observed
through Geneontology analysis Higure 4.4, which showed that umgulated target genes of
downregulated miRNAs shea anenrichment in regulators of cytokine/chemokine receptor activity.
In contrast the downregulated targets of upgulated miRNAs are connected toetletell cycle

regulation, particuldy regulation of mitosis.

4.3.2 HiIb miRNAsegulategenes enriched imflammatory pathways
In addition, by counting the minimum and maximum number of targets forDEemiRNAs

we found as few as &nd as many as 740 genasingtargeted by the same miRNWe hypothested

that miRNAs targeting a high number of genes witialtered expression deveen M and M-PS*AN

might play important roles in macrophage polzation. Thus, we identified@iRNAs that target more

than 500 DE genes Y R ¢S (G SNXYSR (KS &igurel4®, sdpMlemantryYtable ! & ¢

https://github.com/srmeetd/Macrophages transcriptomic analysis/blob/main/Supplemantary dat

a4.xls}. Out of these, Svere upregulated and 4vere downregulated Table 4.)., but all 9 hub
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mMiRNAs were predicted to bind9% ofall the DE genes targeted by any differentially esqsed

mMiRNA, reinforcing their importance.
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Figure 43- Highly enriched KEGG enrichment pathway analysis of genes differentially expr
between MO and M1 macrophages (FDR<0.05)
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Figure 45- Number ofdifferentially expressed genes, potentially regulated
differentially expressed miRNAs (MO vs M1)

Table41-¢ KS ydzYoSNJ 2F dGFNBSG 3

155-5p, shown in the last row

q:) -

miRNA Expression in M1 vs. MO No. of target genes
miR-186-5p Upregulated 740
miR-4773 Upregulated 617
miR-3614 Upregulated 566
miR-125a Upregulated 555
miR-7-5p Upregulated 533
miR-335-3p Downregulated 734
miR-766-3p Downregulated 653
miR-1343-3p Downregulated 620
miR-4709-3p Downregulated 506
miR-155-5p Upregulated 363

123



Gene enrichment analysis of target genes for both downregulated and upregulated hub
mMiRNAs proved successful in identifying potentimlogical functios of both of these classes of
miRNAs. Thus, we observed th#lhe ten most significantly enriched pathwa amongst
downregulatedtargets for eachupregulated miRNA were involved chromosome assembly and
condensation factorsHjgure 4.9. Similarly, most upregulated targets of dowegulated hub miRNAs
had roles in cytokine, T cell and I8l§naling pathwayalike fFigure 4.7.

We further tested our prediction by lookingt miR1555p as a positive control for our
analysis which is an miRNAonserved across vertebrates amktown to regulate inflammatory
responses inmacrophages(Curtale et al. 2019) As expected, we found it to bsignificantly
upregulated inM-"S*NFand predictedit to bind 363 downregulated targets. While enrichment of
G5bBRSLISYRSYyG 5b! NELX AOFGA2Yy ¢ | Y2yA3hEp, ditoNBSG &
significant 3.1 fold enrichment was preseWe believe he lack of significance is probably due to the

smaller total st of targets.

centromere complex assembly

chromatin remodeling at centfomere
regulation of striated muscle tissue development
cytokine bindin

condensed nuclear chromosome

meiotic nuclear division

preribosome

cardiac muscle tissue growth

heart growth T ]

ribosomal large subunit biogenesis
chromosome™condensation

cytoplasmic side of plasma membrane
cytoplasmic side of membrane

régulation of muscle tissue development
condensed chromosome kinetochore _
condensed chromosome, centromeric region
actin filament bundle organization

cellular response to xenobiotic stimulus

actin filament bundle assembly , )
intracellular steroid hormone receptor signaling pathway
DNA-dependent DNA replication

protein kinase complex

-Io%10(FDR)

-k
4

2

hsa-miR-7-5p T T T T T T T T T T T T T 1111

hsa-miR-186-5p CI T T T I T T 1 1 T 1T T I T
hsa-miR-3614-5p CIE T T T Tl T Bl 1 T 17 11
hsa-miR-4773 (II I I I I I LI II T I T LT 1]

hsa-miR-125a-3p CI I T T T T T T T T T 11
hsa-miR-155-5p (I T I I T I T T I T T T T T T T T 111

Figure 46- GO enriched terms (FDR<0.05) of hub upregulated miRNAs target g
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genes.

We also observed that upregulated target genes involved insityiraling pathways ere
shared by3 of the 4 downrgulatedhub miRNAs. Upon a more-dlepth analysis, we found that
downregulated hub miRNAs share approximately3896 of their target (Figure 4.8. In contrast,
upregulated miRNAs shared overall fewer targets, betwee2%% of them FEigure 4.9. Similarly,
looking at GO enrichment profiles, we saw that upregulated genes of downregulated hub miRNAs
share more than downregulated genes of upregulated miRNAs, but they allave distinctGO
profiles and2 y f BARISLISY RSy & 5b! NBLIX AcOss@albuymdiRNAS Ay 3 02YY?2

Outcomes of these analyses were consistent with our previous pathway analysis for the
putative targets of DE miRN/Asiggestig that the hub miRNAs may play enportantrole in shaping

the inflammatoryresponse angbolarisation of macrophages.
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Figure 49- Common target genes between hub downregulated miRNAs, showed in
and calculated using the Jaccard Index.

hsa-miR-7-5p 1
hsa-miR-4773 1 0.25
hsa-miR-3614-5p 1 0.28 0.27
hsa-miR-186-5p 1 0.32 0.33 0.29
hsa-miR-155-5p 1 027 027 027 026

hsa-miR-125a-3p 1 02 025 021 023 0.19

Figure 4.8- Common target genes between hub upregulated miRNAs, shc
in pairs andcalculated using the Jaccard Index.
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4.3.3 Three hub miRNAs were confirmed to target genvedved in celtycle regulatory
pathways
As described above, through our computational analyses we observed that a number of hub

miRNAs were significantly up and downregulated in M1 compared to MO macrophages. We further
validated these results, by tesg] the expression of 3 hub miRNAs throlRjRgPCRmiR125a3p,
miR186-5p and miRL55-5p considered as contrdDur results showed thahiR155-5p and niR125a

3p were significantly uggulated inM-"S*NFcompared taMYNsamplesg-value < 0.0001 and p0-003
respectvely), but not in IL-4 treated macrophages {palue = 0.5 and p =0.9 respectively). The
expression of miR86-5p wasalsohigh inM-"S*NFeellscomparedMYN, but it was notat all detected

in 14 treated macrophage@2 macrophagesyigure 4.10.
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Figure 410 - Confirmation of hub selected miRNAs in macrophages by log2(CPM) v
and RTgPCRRelative levels ai) miR155-5p (control), b) miR125a3p andc) miR186-5p,
normalised to the housekeepirgeneU6 (n=4, paired-Test).
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Similarly, RGPCR values showed a succdssfierexpression of the mimics synthesised for
all the three hub miRNAs, miR5a3p, miR186-3pand miR1555p (control), which were
substantiated in MNsamples, in order to further test the role of these hub miRNAs in triggering an

inflammatory phenotyp in macrophaged-{gure 4.1}
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Figure 4. 11- Figure 4.11: Confirmation of expression of miRNAs in control
unstimulated/mimics by RIgPCRRelative levels of) miR1555p, b) miR125a3p andc) miR-
186-5p normalised to the housekeepimgneU6 in unpolarised MDMs transiently transfec
with miRNA mimics/control (n54aired Test)

Furthermore, RNAseq analysis of the samples overexpressing the 3 hub miRNAs mimics and
subsequent PCA analysis revealed that samphere separated based on selported sex Figure
4.12). In fact, response to some miRNAas consistent between seaiéported sexese.g. samples
overexpessing miR55-5p were skewed up and to the left of the negative controls for a donor.
However,the transcriptomic response to the other mimics was diffdreng. samples overexpressing
miR186-5p appeared below for donors a,c and f, but above for donors b,d,e compared to negative

control. Unfortunately, we did not hava sufficient sample size to analyze this effect further.

Looking at the the directiomf change for target geneswve observed there werenore
downregulated than upregulated targets foriR 155-5p and miRL86-5p, upon overexpressioof the
cognate miRNg, with 280 0f362 beingdownregulated for miRL55-5p, and 413 out o739 br miR
186-5. However, for miR125a&3p only 219 0655 targets were downregulatethusonlyslightly more
targets were upregulated336 out of 555(Figure 4.13

What is more, the targets of bothmiR1555p and mirl86-3p were significantly
downregulated compared to notargets upon transfection witlthe mimics (p<& 10*¢and, p<0.004
for miR1555p and miRL86-2p respectively,Wilcoxon test), demonstiting the validity of our

predictions that miRNAs are directly downregulating those target gemvever, arr predicted
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targets for miRL25a3p were notdownregulated by mimic transfection, whidghdicates miRL25a3p
may not havea direct impact onthesetarget genes in unstimulated macrophages, but it remains

unclear ifthis is also true in their polarised counterparBigure 4.1}

20- miRMN As
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W miRi86
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Donors
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@ d

Figure 4.12- Globd PCA plot based on log2 (CPM+1) values from R
performed on unpolarised MDMs transiently transfected with miRN#erformec
on unpolarised MDMs transiently transfected with miRNA mimics/conttaicle
separates the selfleclared sex.

In addition, @ne enrichment analysghowed that downregulated targets ofiR 155-5pwere
enriched for genes involved inegulating G2/M transition and DNA replication In contrast,
upregulaed targetsof this miRNA werénvolved in B cell activation, proliferation, and chemokine
signaling pathwayDownregulated targetsof miR186-5p had roles inchromosome and DNA
packagng, while upegulatedones were linked tgositive regulation of lipikinase activity Genes
downregulated bymiR125a3p were found to beinvolved in antigerprocessing and presentation,
while upregulated targets were associated withositol phosphate metabolisn{Figure 4.15
supplementary table 5,
https://github.com/srmeetd/Macrophages_transcriptomic_analysis/blob/main/Supplemantary t

able 5.xIsX
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Figure 4.14- Bar plot showing number of predicted target genes and there regulatic

Figure 4.13- Violin plot showing the change in the expression (log2 Fold Chang
level between target andchon-target genes of each miRNA, overexpressed in
MDMs.
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