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Abstract

The blueprint of a cell is its transcriptional network. In eukaryotic systems and
for protein coding genes, the 3’'end mRNA-processing mechanism involves the pre-
MRNA cleavage at the 3’end and the addiction of a poly(A)denaosine (poly(A)) tail. The
use of different Polyadenylation signals (PAS) results in several mRNA transcripts with
different 3’ends. This co-transcriptional mechanism, known as alternative
Polyadenylation (APA), provides a wide variability of mRNA isoforms from a single
gene. When APA occurs in the three prime untranslated regions (3’UTR-APA), several
transcripts with alternative 3'UTRs are produced that may control the expression of the
MRNA.

Additionally, APA can occur within introns, by recognition of Intronic
Polyadenylation (IPA) signals. The generated transcripts lose a portion of the coding
regions, resulting in different proteins. Several studies have shown a correlation
between APA events and cancer. Short 3'UTRs correlate with proliferative and cancer
cells, activating proto-oncogenes, and truncated mRNAs caused by IPA may affect
tumour-suppressive functions. Hence, the relationship between APA and cancer is
physiologically relevant despite being still deciphered.

Our primary goal was to perform a bioinformatic analysis to find specific APA
and IPA mRNA signatures in cancers that are triggered by tobacco smoking, to
comprehend how cancer cells affect APA and IPA in immune cells and to reveal new
diagnostic/therapeutic targets.

First, we investigated how colorectal cancer (CRC) cells affect APA and IPA in
macrophages. We performed a sequence alignment data analysis obtained from
3’RNA-Seq data of primary human macrophages. We analysed data from unpolarised
macrophages (M0) and pro-inflammatory macrophages (M1), isolated from 3 healthy
donors and in macrophages co-cultured with two CRC cell lines (HCT15 and RKO). To
analyse 3’'UTR-APA and IPA events, we employed the APAlyzer algorithm, which uses
the Poly(A)_DB database, a PAS collection, to examine APA events in coding regions
and untranslated regions and introns. Our results show more 3’'UTR-APA shortening
events and more IPA occurring upon macrophage polarisation (M1) that is maintained
when M1 cells are co-cultured with CRC cell lines. Next, to comprehend how the
immune system affects 3’'UTR-APA in CRC, 3’'RNA-Seq of eight CRC samples were
performed in mice, four from immunocompetent (IC) mice and the other four from

immunodeficient (ID) mice. We developed a workflow with state-of-the-art tools to
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analyse 3’ RNA-Seq raw data and compare differential gene expression, 3’'UTR-APA

and IPA events in CRC from immunocompetent and immunodeficient mice.

Immunodeficient mice also present more 3'UTR-APA shortening and more IPA events
when compared to immunocompetent mice.

Next, we aimed to find common 3'UTR-APA events and APA signatures in lung,
bladder, and head and neck cancers, which are triggered by tobacco smoking. No
head and neck data were publicly available. Hence, we collected RNA-Seq data
processed by the DaPars2 algorithm from GSE174330 (Bladder data), PRINA356345
(Lung data), APAatlas (Processed RNA-Seq database from Genotype-Tissue
Expression - Bladder and Lung data from normal tissues) and TC3A (Processed RNA-
Seq database from the Cancer Genome Atlas - Bladder and Lung data from tumour
tissues). No common genes were found.

To compare normal and tumour tissues, we paired the samples from TC3A and
APAatlas and intersected all datasets. No common gene was found. As TCGA data
require great computing power and time to analyse, we are currently working on
APAtizer, an automated workflow built with Snakemake workflow manager that
analyses RNA-Seq data and analyses APA events using Dapars2 or APAlyzer
algorithms. This new tool was tested with three types of inputs: FASTQ single-end
data, FASTQ paired-end data and BAM files.

Finally, to our knowledge, our results describe for the first time immune-related
APA events in the CRC environment. However, more research on APA events in
different types of cancer is required to better define common RNA signatures. The
APAtizer will be a fundamental tool to analyse TCGA data and give continuity to
exploring APA patterns in cancers triggered by tobacco smoking. The candidate genes

will then be evaluated to validate their biological activity by our team.

Keywords: Alternative Polyadenylation, RNA Signatures, Cancer, RNA-Seq, Data
Analysis, APAtizer
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Resumo

O mecanismo celular provém da sua componente transcriptomica. Nos
sistemas eucaribticos, 0 mecanismo de processamento do mRNA da extremidade 3'
envolve a clivagem da extremidade 3' do pré-mRNA e a adicdo de uma cauda de
poliadenosina (Poly(A)). O uso de diferentes sinais de poliadenilacdo (PAS) resultam
em transcriptos de mRNA com diferentes extremidades. Esse mecanismo co-
transcricional, conhecido como poliadenilacdo alternativa (APA), proporciona grande
variabilidade de isoformas de mRNA a partir de um Unico gene. Quando o mecanismo
de APA ocorre na regido nao traduzida do 3’ (3'UTR-APA), sdo produzidos varios
transcritos que variam no comprimento do 3'UTRs.

Adicionalmente, o APA pode reconhecer sinais de poliadenilagdo ao nivel do
intrdo (IPA). Os transcritos gerados perdem parte das regides codificantes, resultando
em proteinas diferentes. Estudos mostram uma correlacdo entre eventos APA e
cancro. 3'UTRs curtos correlacionam-se com células proliferativas, cancerigenas e
ativacdo de proto-oncogenes, enquanto mRNAs truncados por mecanismos de IPA
podem afetar as fun¢des supressoras de tumor. Assim, a relacdo entre APA e cancro
ainda estd por decifrar. O nosso principal objetivo foi realizar uma analise
bioinforméatica para encontrar assinaturas de mRNA especificamente no 3’UTR-APA e
IPA em células do sistema imune de forma a revelar novos alvos de
diagndstico/terapéuticos.

Primeiramente, investigamos como o cancro colorretal (CRC) afeta APA e IPA
em macrofagos. Foi realizada uma analise a partir de dados 3'RNA-Seq.

Analisamos macrofagos nao polarizados (M0) e macréfagos pro-inflamatérios
(M1) isolados trés dadores humanos saudaveis e estudamos M1 em co-cultura com
duas linhas celulares de CRC (HCT15 e RKO) que diferem em marcadores
importantes que afetam as vias tumorgénicas. Para analisar eventos 3'UTR-APA e
IPA, aplicamos o APAlyzer, que usa a base de dados Poly(A) DB para examinar
eventos de APA em regides codificantes, regides ndo traduzidas e em intrées. Os
resultados mostram mais eventos de encurtamento do 3'UTR-APA e mais IPA durante
a polarizacédo de macréfagos (M1) que é mantida quando células M1 séo co cultivadas
com linhas celulares CRC.

Seguidamente, procuramos compreender como € que o sistema imunolégico
afeta 3'UTR-APA e IPA na presenca de CRC. Assim, oito amostras de ratinhos com
CRC foram sequenciadas, quatro amostras sédo de ratinhos imunocompetentes (IC) e

guatro de ratinhos imunodeficientes (ID). Desenvolvemos um protocolo com

-V-
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ferramentas de Ultima geracdo para analisar dados de 3'RNA-Seq para comparar

eventos do 3UTR-APA e IPA. Os nossos resultados mostram que 0os genes de

ratinhos ID apresentam um aumento de numero de genes que sofrem um
encurtamento no 3'UTR-APA e mais IPA quando comparados a ratinhos IC.

O passo seguinte, consistiu em procurar eventos no 3'UTR comuns em cancro
desencadeados pelo tabagismo. Recolhemos dados de RNA-Seq processados pelo
DaPars usando dados dos projetos GSE174330 (dados de bexiga) e PRINA356345
(dados de pulméo), e das bases de dados do APAatlas (base de dados de RNA-Seq
processados de Genotype-Tissue Expression - dados de bexiga e pulméo de tecidos
normais) e TC3A (base de dados de RNA-Seq processados - Dados de tecido tumoral
de Bexiga e do Pulm&o). Para comparar tecidos normais e tumorais, emparelhamos as
amostras de TC3A e APAatlas e intersetamos todas os datasets. N&o foram
encontrados genes em comum.

Os dados do TCGA exigem uma grande quantidade de poder de computacional
e de tempo para analisar. Atualmente, estamos a desenvolver o APAtizer, um
protocolo automatizado usando o Snakemake que analisa dados de RNS-seq e
analisa eventos de APA usando Dapars2 ou APAlyzer. Esta nova ferramenta esta
testada para trés tipos de input: FASTQ single-end, FASTQ paired-end e ficheiros no
formato BAM.

Finalmente, este é, a0 nosso conhecimento, 0 primeiro estudo computacional
sobre APA relacionado com o sistema imunitario em ambiente de CRC. No entanto, é
necessario mais trabalho de investigacdo sobre APA e cancro. O APAtizer tera um
papel fundamental como ferramenta de analise de dados do TCGA para dar
continuidade a exploracdo de padrdes de APA e cancro do tabaco. Com este trabalho,
propomos encontrar novos candidatos para funcionar como biomarcadores através de
métodos computacionais. Os genes candidatos serdo posteriormente estudados e a

sua atividade bioldgica validada pelo grupo.

Palavras-chave: Poliadenilagdo Alternativa, Assinaturas de RNA, Cancro, RNA-Seq,
Andlise de Dados, APAtizer

-Vi-



FCUP
New RNA signatures of therapy evasion in Cancer

Agradecimentos

Em primeiro lugar, agradeco a Alexandra por me ter lancado o desafio que foi
esta dissertacdo, ter-me dado a oportunidade de crescer num grupo tdo bom que é o
GR e fazer ciéncia de uma maneira tdo especial e cativante. Agradeco também a
Isabel que esteve sempre disponivel para tentar perceber o meu “bioinformatiqués” e
por todos os conselhos valiosos que levaram este trabalho a bom porto. Mesmo que
muitas vezes tenha sido a distancia, o GR sera sempre sinénimo de boas discussdes
sobre ciéncia com otimismo e de como fazer boa ciéncia. Sou muito grata por todo o
crescimento proporcionado, ndo s6 como cientista, mas também como pessoa. Um
obrigada especial ao Alexandre Ferreira por ter embarcado comigo neste projeto com
quem aprendi muito, espero ter ensinado muito também e a quem desejo muito
SuUCesSO0 No Seu percurso.

Quero agradecer ao professor Pedro Ferreira por ter estimulado a minha
independéncia enquanto bioinformatica e por ter incentivado a minha autonomia, seréo
sem duvida skills muito importantes para o meu futuro enquanto profissional.

Quero agradecer aos que fizeram este percurso comigo. Alice, Manuel, Filipe,
Rafaela e Helena obrigada por terem tornado esta jornada tdo especial, vocés foram a
melhor surpresa que este percurso me trouxe. Quero agradecer aos meus amigos que
estiveram ao meu lado durante este percurso académico, em especial a Ana
Fernandes por ter ouvido as minhas crises existenciais e pela paciéncia para me
descomplicar. Aos meus Gostosinhos, por serem 0s amigos mais antigos e queridos,
por vibrarem comigo as vitérias e levantarem-me nas derrotas. Este trabalho também
é resultado do vosso carinho, do qual ndo me podia sentir mais sortuda em merecé-lo.
Aos meus avés, qgue mesmo nao sabendo muito bem o que é bioinformatica, sentem
um enorme orgulho. Em especial, obrigada a minha avd Irene por todos os seus
sermdes sobre a importancia de estudar para ter uma vida bonita, por se preocupar
acima de tudo com a minha felicidade. Um agradecimento especial aos meus pais e
irméaos, pois sem eles nada disto seria possivel. Sou grata pela vossa presenca, pelo
carinho, apoio e por todos os ensinamentos, que sem duvida, se refletem na pessoa
que me tornei. Obrigada, também por me ouvirem e partilharem do meu entusiasmo
durante todo este ano. Ao Ricardo, por ser o meu apoio nos melhores e momentos
menos bons, do meu percurso académico e pessoal. Obrigada pelo teu carinho diario,
pelos momentos em que foste a minha consciéncia, a minha motivagéo e por toda a
forca que me deste.

Esta dissertacdo, também é vossa.

-Vii-






FCUP
New RNA signatures of therapy evasion in Cancer

“Hiding within those mounds of data is the knowledge that could
change the life of a patient or change the world.”
— Atul Butte

-viii-






FCUP
New RNA signatures of therapy evasion in Cancer

Contents
SWORN STATEMENT ...ttt e et e e e e e e e s st eeeeaeeeaann I
AUTHOR STATEMENT ...ttt e e e e e e e e e b e e e e e s Il
A B ST RA CT ettt e e oottt et e e e et e e e e e e e e aa e s 1
RESUMO ...ttt et e e e e e e et b et e e e e e e e e e bbb b e e e e e e e e e e nnnene e Vv
AGRADECIMENTOS ...ttt e e e e e e s e e e e e e e e e nneeeees Vil
CON T ENT S ..ttt e e e oo et e e e e e e e e s e bbbttt e e e e e e e e nnbbbbneeaaaeeaaann VIII
LIST OF TABLES . ... .ttt e e e e e et a e e e e e e e e e nbeee e X
LIST OF FIGURES ...ttt e e e e e e e e Xl
LIST OF ABBREVIATURES ...t XV
THESIS OQUTLINE ...ttt e e e a e s XV
CHAPTER | - INTRODUCTION ...ttt a e e e 1
1.1 - GENE EXPRESSION AND REGULATION ....etttiieetiiiiiiinreteeaeessaasnsnnseeeaeessasasnnnsnneeeeens 2
1.2 - POLYADENYLATION . ctttuutttttttteee e et ettt e et e e e e e s sttt e e e e e e s in bbb e e e e e e e e e e s annbbnnneeeeens 4
1.3 - ALTERNATIVE POLYADENYLATION......uuttttttteeeaiaaittinneeeeeeesaaasnsnsseeeeeessasannnssnneeeeens 4
L.3.1 - TYPES OFf AP A . e 5
1.3.2 - 3'UTR-APA QN CANCET .....uuuuuiiniiiiiiiniinnnineenninnnnnnnnsnnnnsessnnsnssnsnsnsesnennnnnnnnnne 6
G TG T | = ANV g Lo I o= T [ = RN 7
1.4 - NEXT GENERATION SEQUENCING METHODS AND TECHNOLOGIES .......ccoviiiiiiiieeannn. 7
Ot Rl o] N T o TP 10
1.4.2 — QuantSeq 3mRNA sequencing for RNA quantification ..................cc........ 12
1.5 - BIOINFORMATIC IDENTIFICATION OF APA EVENTS ...covtiiiiiiiiiiiiiiieeee e e e s s seiiiineeeeeens 12
1.5.1 - Databases for PAS and APA iSOforms Storage.................eeeeeeveeeieeneeinnnnnns 13
1.5.2 — Bioinformatic tools for APA detection and quantifications......................... 14
CHAPTER Il = AIMS AND CONTRIBUTIONS. ...ttt 16
CHAPTER Il - METHODOLOGY ...ttt e et e et e et eeeneans 18
3.1 — DATABASES ..iettueeeeeii e e ettt e ettt e e ettt e e et e et et a et a e et e e et e earaan 19
3.2 — PROGRAMS & SOFTWARES ......uttttttiiaataaaiiiiteteeaaasaaaassssseeeaaesaaaannsnnsneeeaasaaannn 20
3.3 - APA SIGNATURES FROM THE IMMUNE SYSTEM AND RELATION TO CRC.................. 26
3.3.1 - Dataset Preparation..............u. oo eeeiieeiiiae e ee e e e e e e eaeees 26
3.3.1 - Data Pre-PproCESSING .. .ceeieeeeiiuaae e e eee e ettt e e e e e e eaetia e s e e e eeeeeeeeenaaaeeeaaeeeenees 28



FCUP
New RNA signatures of therapy evasion in Cancer

3.3.2 - Alternative Polyadenylation AnalysiS............ccovvvviiiiiiiiiiieeciciee e, 28
3.3.3 - Differential gene expression analySiS...........ccevvvvuiiiiiiiieeeeiiiiiiiee e e e, 28
3.3.4 - Gene Ontology and Gene Pathways Analysis..........ccccoeeviiiiiiiiieiiieeecceinn, 29
3.3.5 - Integrative Genomics VIieWer (IGV)........ceiiiieeiiiiiiiiie e e e 29
3.4 - APA SIGNATURES IN CANCERS TRIGGERED BY TOBACCO SMOKING. ........ccuuuiiinnnn. 29
3.4.1 - Sample Collection and Characterization .............ccccceeeiieeeiiiiiiiiiiiee e, 29
3.4.2 - Alternative Polyadenylation ANalysSis............cuvviiiiiiiiiiiiiiiiiiiiieeeeee 30
3.4.3 - Integrative Genomics Viewer (IGV) ..o 30
3.5 - APATIZER — AN AUTOMATED APA ANALYSIS WORKFLOW .....ccccevieiiiiiiieeneeeeaaanns 30
3.5.1 - Overview of APA's structure and Workflow.............cccoooveiiiiiiiiiiiieeees 30
3.5.2 — APALIZEr PIPeliNe ....coooiiiiiiii 30
3.5.3 - DEPENUENCES .....ccooiiiiiiiiieeee e 32
3.5.4 - lllustrative examples of analysis With APA ... 33
3.6 - CODE AVAILABILITY 11tttttteeeesieeiuttisteeeeeeesaaasssssssessaeeasaasssssssssaaessaaaassssssesseeesaannns 33
CHAPTER IV — RESULTS AND DISCUSSION .......ccovviiiiiiiiiiieeeeeeeeeeeeeeeeeeeeeeeeea 34

4.1 — PRO-INFLAMMATORY POLARIZATION OF PRIMARY HUMAN MACROPHAGES AND CO-
CULTURE WITH CRC INDUCE APA EVENTS ..uiiitiiiiiiietiiee et e eei e et e et e e et e e et e s aa e eannns 35

4.1.1 - M1 macrophage polarization promotes APA events that are maintained in

CRC CO-CURUIE .o 35
4.1.2 — DISCUSSION ..eeeieieiiiiiieieieiieieeeeeeeeeet e et e e e et et e et eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeees 37
4.2 — THE EFFECT OF THE IMMUNE SYSTEM ON CRC APA EVENTS.....cccoiiiiiiiirreeeeeennns 38
4.2.1- Gene expression changes in immunodeficient mice with CRC................... 38

4.2.2- Mice without immune system show an increase of 3’'UTR-APA shortening

AN IPA €VENTS IN CRC ... 41
G el B 11 o1 0 £51] (o] IR 45

4.3 — APA SIGNATURES IN CANCERS TRIGGERED BY TOBACCO SMOKING ......ccvneeeneennnen. 46
4.3.1 — 3’UTR-APA events TCGA and GTex Databases........c.coveevveeieeieeieiiieannenn, 47
4.3.2 — RNA-seq WOrkflow analySiS ...........cceeveiiiiiiiiiiiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeee 47

. 3.3 — DUSCUSSION et ettt et ettt e e e eanns 48

4 .4- EVALUATION OF APATIZER WORKFLOW ...ttt e e e e e aeeaenn 49
4. 4.1 — AP ATIZER RESULTS .iuititittttetata ettt et ta et e ettt ta ettt et tartetataeaensnsnrens 50
CHAPTER V - CONCLUSION Louit ittt ettt ettt e et e e e e e e eeaenas 53
5.1 MAIN CONTRIBUTION . ettt et e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e eaeeanaaes 54
5.2 PERSPECTIVES AND FUTURE WORK ... ettt e e e e e eeeenaeenaees 54
REFERENCES ... et 56



FCUP
New RNA signatures of therapy evasion in Cancer

List of Tables

TABLE 1 — BIOINFORMATIC DATABASES TO STORE AND ANALYSE APA
EVENTS. — ADAPTED FROM NITIKA KANDHARI ET AL, INT. J. MOL. SCI. 2021.

TABLE 2 — BIOINFORMATIC APPROACHES TO ANALYSE APA MECHANISM. —
ADAPED FROM BIN TIAN ET AL. ,2021......ciiiiiiiiiiieeie e 15

TABLE 3 — TOP 5 MOST SIGNIFICANT GENES (P-VAL < 0.05) FOR 3’'UTR-APA
SHORTENING AND LENGTHENING EVENTS.......cooooii, 42

TABLE 4- TOP 5 MOST SIGNIFICANT GENES (P-VAL < 0.05) FOR DOWN AND
UPREGULATED IPA L. 42

TABLE 5 - — APATIZER PERFORMANCE EVALUATION BASED ON RUNTIME AND
FILE SIZE OF EACH INPUT ..ot 50

-X-






FCUP
New RNA signatures of therapy evasion in Cancer

List of Figures

FIGURE 1 - PRE-MRNA PROCESSING IN EUKARYOTIC CELLS. IN THE
NUCLEUS, DNA TRANSCRIPTION IS MEDIATED BY RNA POL 1
RESPONSIBLE FOR THE GENERATION OF THE PRE-MRNA TRANSCRIPTS.
THESE PRE-MRNA MOLECULES ARE PROCESSED BY CAPPING, SPLICING
AND POLYADENYLATION GIVING RISE TO MATURE MRNA TRANSCRIPTS.
THE MATURED MRNAS ARE EXPORTED TO THE CYTOPLASM TO BE
TRANSLATED INTO PROTEINS. ADAPTED FROM ALBERTS, WILSON ET AL.

FIGURE 2 — THE TYPES OF APA MECHANISMS. CODING REGION APA (CR-APA)
AND INTRONIC POLYADENYLATION (IPA) DIFFERS IN THE C-TERMINAL
AND CONSEQUENTLY PRODUCES DIFFERENT PROTEINS. THE THREE
UNTRANSLATED REGION APA (3’'UTR-APA) DIFFERS IN THE SIZE OF THE
3'UTR WITHOUT CHANGING THE PROTEIN STRUCTURE THE 3’'UTRS ARE
REPRESENTED IN GREY; THE COLOURED RECTANGLES REPRESENT RNA
EXONS AND THE ARROWS THE POLYADENYLATION SIGNALS. - ADAPTED
FROM PEREIRA-CASTRO,I. MOREIRA A, WIRES RNA 2021 .........ccccvvvivvinnnnnnns 6

FIGURE 3 — SANGER SEQUENCING METHOD. 1-REAGENS NEEDED TO
PREFORM SANGER SEQUENCING. 2- PRIMMER ANNEALING AND CHAIN
EXTENSION. THE POLYMERASE CATALYSES THE DNA CHAIN BY
INCORPORATION OF THE AVAILABLE NUCLEOTIDES 3- ADDICTION OF
FLUORESCENT DDNTPS TO TERMINATE EACH DNA FRAGMENT. 4-THE
DNA FRAGMENTS ARE LABELLED WITH FLUOROPHORES. 5-
ELECTROPHORESIS TO SEPARATE THE DNA FRAGMENTS BY MOLECULAR
MASS. 6-SEQUENCE ANALYSIS. - ADAPTED FROM “SANGER
SEQUENCING”, BY BIORENDER.COM (2022). ......oovviiiiiiiiiiiiiiieceee e 8

FIGURE 4 - NEXT GENERATION SEQUENCING METHOD. 1- LIBRARY
PREPARATION BY RANDOM FRAGMENTATION OF DNA AND BINGING THE
ADAPTERS TO THE DNA FRAGMENTS. 2-AMPLIFICATION OF THE LIBRARY
USING PCR AND CLONAL AMPLIFICATION METHODS AND LIBRARY
SEQUENCING. 3-DATA PROCESSING AND ANALYSIS FROM SEQUENCE
READS. - ADAPTED FROM “NEXT GENERATION SEQUENCING (ILLUMINAY",
BY BIORENDER.COM (2022). .....cotuiveeeeeeeeeeeeeeeeeeeeeeseeseesesseeeeeseseseesees e 9

FIGURE 5 — RNA-SEQ WORKFLOW. THE CDNA LIBRARY IS GENERATED FROM
ISOLATED AND FRAGMENTED RNA. THE CDNA LIBRARY IS SEQUENCED
AND THE READS ARE MAPPED AGAINST A REFERENCE GENOME OR
TRANSCRIPTOME. THE RESULTANT OUTPUT DATA IS ANALYSED
RECURRING TO BIOINFORMATIC METHODS. - ADAPTED FROM “RNA
SEQUENCING”, BY BIORENDER.COM (2022). .....cevviieiiiiiiiiiiieeeeeeeeeiieeeeeee 10

-Xi-



FCUP
New RNA signatures of therapy evasion in Cancer
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Thesis Outline

The developed work that culminates in this dissertation is compiled in five main

chapters. Each of them is briefly described below.

Chapter 1 — Introduction: Provides a general overview of the topic investigated
throughout the thesis. Includes a detailed review of the approaches proposed over the
years enables, the broad identification and the methodologies underlying the
identification of APA and IPA events.

Chapter 2 — Aims and Contributions: Delivers the primary motivation of the developed

work, goals, contributions.

Chapter 3 — Methodologies: Starts with a description of the databases and algorithms
we used to conduct the analysis. Following, a detailed description of the pipeline used
to achieve each aim for this work is provided. Finally, we show a comprehensive
description of the developed tool — the APAtizer — used to perform some of the

previous analyses.

Chapter 4 — Results and Discussion: Addresses the results obtained through the
methodology described in Chapter 4 and consequent discussion about the meaning of

those results. This Chapter includes the APAtizer performance evaluation.

Chapter 5 — Conclusion: Summarizes and concludes the produced work, culminating

with future perspectives and ongoing tasks to complete.
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Introduction

1.1 - Gene expression and regulation

The blueprint of a cell is its transcriptional regulatory network. The
transcriptional regulatory network controls gene expression, one of the most
fundamental cellular processes for all living organisms [1], [2]. Consequently, gene
expression is the mechanism by which the information encoded in a gene produces
MRNA molecules that code for proteins or originate non-coding RNA molecules with
other functions. This mechanism requires careful regulation that can be done at
transcriptional, co-transcriptional, or post-transcriptional levels.

When the final product is a protein, the synthesis machinery encompasses two
main steps: Transcription and Translation (Figure 1). During the transcription, the
formation of MRNA molecules occurs in three major steps. The transcription of protein-
coding genes begins with the initiation step marked by the RNA polymerase Il binding
to the promoter gene [1] [3]. Next is the elongation step with the continuous addiction of
nucleotides to the nascent pre-mRNA. Finally, the termination step with the ending of
the transcription and the release of the pre-mRNA and RNA polymerase from the DNA
template [1][3]

Hence, the product of the transcription of a protein-coding gene originates a
precursor mMRNA (pre-mRNA). The synthesized pre-mRNA comprises exons (coding
sequences) and introns (non-coding sequences) that needs to be processed into a fully
mature mRNA [1], [4]. This maturation process is called pre-mRNA processing (Figure
1), a co-transcriptional event that consists of three main processes: capping, splicing
and polyadenylation [1][5]. First, a cap structure is added at the 5’end of the transcript
preventing the degradation of the pre-mRNA. Next, to remove the introns from the pre-
MRNA, the spliceosome is formed, involving the assembly of small nuclear RNAs
(snRNAs) and proteins located in nuclear ribonucleic particles (snRNPs), essential
elements that catalyses the excision of introns and the ligation of exons to form a
mature mRNA [6]—[8]. Finally, the pre-mRNA is cleaved, and the polymerization of an
adenosine tail occurs (polyadenylation tail), constituting the mechanisms of pre-mRNA
3’end formation [6]. The processed mRNA is then exported to the cytoplasm through

nuclear pores to be translated by ribosomes into proteins [1].
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Figure 1 — Pre-mRNA processing in eukaryotic cells. In the nucleus, DNA transcription is mediated by RNA Pol Il
responsible for the generation of the pre-mRNA transcripts. These pre-mRNA molecules are processed by capping,
splicing and polyadenylation giving rise to mature mRNA transcripts. The matured mRNAs are exported to the
cytoplasm to be translated into proteins. Adapted from Alberts, Wilson et al. 2008

One single transcriptional unit can produce several mMRNA molecules.

Transcriptomic diversity found in human cells cannot be explained by the number of
human genes, but it is mostly due to the production of different transcripts from one
single gene. Alternative transcription initiation, alternative splicing (AS), alternative
polyadenylation (APA), and alternative translation initiation can all result in multiple
transcripts [1], [9]. These transcripts may possess different stabilities, subcellular

localizations, expression levels, produce different proteins, thereby increasing the
genome’s coding capacity [10].

AAAAA
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1.2 - Polyadenylation

The maturation of the mRNA requires a two-step mechanism encompassing
pre-mRNA's endonucleolytic cleavage and the addiction of a poly(A) tail at the
cleavage site. The sequence that signals 3' end formation is the canonical sequence
that composes the PAS. The PAS comprised of the hexanucleotide AAUAAA is present
in almost 60% of the human pre-mRNA and is highly conserved in mammalian
transcripts [11]. However, there are at least ten other weaker signals, including
AUUAAA, AGUAAA, UAUAAA, and CAUAAA hexamers, function as noncanonical
variants of this hexamer [11]-[14].

Four multi-subunit protein factors comprise the mammalian Polyadenylation and
cleavage machinery that recognize the PAS: CPSF, a complex containing different
subunits responsible for either interacting with the PAS or contributing to the specificity
and strength of binding; CstF, which interacts with the DSE and works cooperatively
with CPSF to improve binding and affinity to the PAS; cleavage factors Im and IIm
(CFIm and CFlIim) that are required to direct the cleavage of pre-mRNA - the first
interacts with the pre-mRNA while the second appears to be required for the cleavage
reaction - and poly(A) polymerase (PAP) is recruited to the cleavage site and together
with CPSF, catalyse poly(A) addition [11][16][17].

The CPSF-73 cleaves the pre-mRNA at the cleavage site, which is usually 15-
30 nts downstream of the PAS and up to 20 nts upstream of DSE of the cleavage
location site (preferentially a CA dinucleotide), and it is flanked Dby cis-auxiliary
elements such as U-rich upstream sequence elements (USEs) and U/GU rich
downstream sequence elements (DSESs) [9] [12]. Both USE and DSE have been shown
to play a role in enabling PAS usage, and these elements' relative positions and
sequence variations can influence the PAS's power efficiency. They form the USE-
PAS-DSE pattern for signalling 3' end processing, which is widely conserved in
eukaryotes [15][11], [13], [16].

The poly(A) tail added during the polymerization step remains in the mature
MRNA and it is length-specific, depending on the species (eg 150-250 adenines in

most mammals, 250-300 in humans and 55-90 adenines in yeasts) [17], [18].

1.3 - Alternative Polyadenylation

Due to advanced next generation sequence technologies, it is acknowledged
that more than 70% of human genes produce a great variability of mRNA isoforms due
to the selection of different PAS, a process known as alternative polyadenylation (APA)
[11], [19]. The choice of different PAS by APA originates mRNA isoforms with

-4-
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alternative 3’ UTRs and this may lead to differences in mRNA stability, localization, or

protein efficiency [20].

1.3.1 - Types of APA

There are three major types of APA (Figure 2):

Coding region APA (CR-APA) occurs when a different PAS is chosen in the
exon region. This mechanism involves alternative splicing mechanisms combined with
APA mechanisms generating different proteins [21].

The 3’ Untranslated Region APA (3'UTR-APA) is the most common type of APA
and is responsible for most mRNA isoforms. It occurs when mRNA isoforms have
different 3'UTR lengths without affecting the resulting protein. It is a cell and gene-type
specific mechanism and depends on the cellular physiology. Longer 3'UTRs are more
prone to regulation as they contain more cis-regulatory elements than shorter 3'UTRs
[11]. Long 3'UTRs are correlated to cell differentiation [22]-[24], while short 3’UTRs
with cell proliferation and cancer [25]-[27]. Although the protein sequence remains
unchanged, 3-UTR-APA affects the resulting protein's production, localization, and
function [28].

Intronic APA (IPA) occurs when the chosen PAS is located within introns.
Similar to CR-APA, IPA isoforms result in different mRNA isoforms and coding region's
truncation lead to the production of proteins with different functions or non-functional
proteins. Truncated mRNAs were discovered primarily on tumour-suppressor genes,
and the isoforms produced by IPA lacked the usual tumour-suppressive activities
reported in full-length isoforms [29]. Several isoforms developed de novo oncogenic
potential, implying that global IPA alterations inside a cell may be an unknown cancer

driver.
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Figure 2 — The types of APA mechanisms. Coding Region APA (CR-APA) and Intronic Polyadenylation (IPA) differs in
the c-terminal and consequently produces different proteins. The three untranslated region APA (3’'UTR-APA) differs in
the size of the 3'UTR without changing the protein structure The 3'UTRs are represented in grey; the coloured
rectangles represent RNA exons and the arrows the Polyadenylation signals. - Adapted from Pereira-Castro,l.
Moreira,A, Wires RNA 2021

1.3.2 - 3UTR-APA and cancer

According to World Health Organization (WHO), cancer is the second cause of
death worldwide [30]. Therefore, scientists have been studying and improving their
methodologies to fight this global health problem by focusing on novel therapies.

The dysregulation of mRNA 3’end processing affects human health and is
related to various human diseases, including cancer. Genome-wide studies revealed
3'UTR-APA patterns for certain physiological states and diseases, specifically cancer
[26]. Interestingly, most of cancer cells tend to exhibit shorter 3’UTRs [31]. It is
suggested that this systemic change helps proto-oncogenes to escape regulation by
suppressive elements in their 3’UTRs that normally maintain balanced expression and
prevent malignancy [31][32]. Additionally, the shortening of the 3'UTR is related to a
mechanism in response to cellular stress to preserve mRNAs and is consistently found
in cancers [26], [32].

On the other hand, APA can repress expression by promoting longer isoforms

of particular genes. In glioblastoma, one of the most aggressive types of brain cancer,
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APA tend to express longer 3'UTR isoforms that mediates lower mRNA levels of the
MGMT gene that encodes for a protein that repairs DNA [32], [33]. Despite all the
knowledge already acquired in the APA field, there is still a long way to go to fully

understand the function of APA in cancer.

1.3.3 — IPA and cancer

The occurrence of IPA in cancer is also widespread. Recent studies with
leukaemia patients suggest that truncated proteins originated by an increase of IPA
events are prevalent in blood-derived immune cells [29], [34]. In multiple myeloma, the
particular pattern of IPA observed suggest that IPA events are upregulated in blood
cancers such as leukaemia [35]. Comparing normal and malignant B cells with chronic
lymphocytic leukaemia (CLL), it was observed a widespread upregulation of truncated
MRNAs and proteins in primary CLL cells caused by IPA. Notably, the truncated
MRNAs and proteins lacked the tumour-suppressive functions [29], [36]. Thus, this
study unlocked new perspectives for diagnosing cancer, considering mRNA events as
significant contributors to cancer proliferation through the inactivation of tumour
suppressor genes due to the upregulation of IPA events [29][35].

APA is a complex mechanism regulated by several factors, which altogether
control cell physiology [37] and cancer is dependent on many factors. Therefore, it is
still unclear if APA is a cancer cause or a consequence. However, with the
collaboration of new technologies and bioinformatic tools, science will be able to unveil
new APA and IPA profiles or RNA signatures that may be used in the future to
investigate their function in cancer, and to be used as biomarkers and therapeutic

targets.

1.4 - Next generation sequencing methods and technologies

Since the discovery of the DNA structure in the 1950s, scientists have aimed to
determine various genomics. In 1975, Sanger and Coulson developed the first DNA
developed sequencing method that allowed them to be the first to sequence the first
whole genome of a virus named @iX174, a bacteriophage with single-stranded DNA
that infects Escherichia coli. The Sanger sequencing methodology represented in
Figure 3 consists of 5 main steps and allowed to sequence the human genome in ten
years (Human Genome Project). It begins with the primer annealing and chain
extension, where the DNA sequence of interest is used as a template for a chain-

termination PCR. This PCR has the particularity of the addition of modified

-7-



FCUP

New RNA signatures of therapy evasion in Cancer

deoxyribonucleotides (ddNTPs) that terminates the reaction. Each of the four ddNTPs

has a singular fluorescent label. Next, each chain-terminated oligonucleotide

undergoes an electrophoresis to separate the chains. The last step is the gel analysis

and the determination of DNA sequence. It involves reading the gel to determine the
sequence of the input DNA.

Reading the Sanger sequencing results will depend on which of the two
complementary DNA strands is of interest and what primer is available. If the two
strands of DNA are A and B and strand A is of interest, but the primer is better for
strand B, the output fragments will be identical to strand A. On the other hand, if strand
A is of interest and the primer is better for strand A, then the output will be identical to
strand B. Accordingly, the output must be converted back to strand A.

@ Reagents @ A d Sanger ing cycles @ ddNTP binding and chain termination
L ]
© '
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/ e <
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= L R
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Figure 3 — Sanger sequencing method. 1-Reagens needed to preform Sanger sequencing. 2- primmer annealing and
chain extension. The polymerase catalyses the DNA chain by incorporation of the available nucleotides 3- Addiction
of fluorescent ddNTPS to terminate each DNA fragment. 4-The DNA fragments are labelled with fluorophores. 5-
Electrophoresis to separate the DNA fragments by molecular mass. 6-Sequence analysis. — Adapted from “Sanger
Sequencing”, by BioRender.com (2022).

The Sanger sequencing method had a crucial role in revolutionising genomics
and molecular biology studies. Nevertheless, this technology has limitations such
relation cost per sequencing versus quality after 700-900 base pairs (bp) and time per
sequencing [38]. In 2000, this technology gave space to Next Generation Sequencing

(NGS) methods that are continually improving since its invention.
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NGS methods comprise several modern sequencing technologies, including lllumina,
Roche, lon Torrent, PGM, SOLID, PacBio and Nanopore [33]-[37]. These technologies
allow DNA and RNA sequencing with fewer cost and time. High-throughput sequencing
technologies have lately become a preferred tool for measuring gene expression with
and gene structure. Nowadays, the NGS methods have a significant role in
transcriptomic studies [38]-[40]. RNA sequencing (RNA-Seq) is a well-known deep-
sequencing method for transcriptome profiling. This powerful approach provides an
exact quantification and analysis of transcript levels and mMRNA isoforms.

@ Library preparation

mm
I > = = e, e —ps
. ot MY
DNA library
adapter
[

@ DNA library bridge amplification and sequencing

N (.

Fluorescently labeled nucleotides Data collection

@ Alignment and data analysis
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Figure 4 - Next Generation Sequencing method. 1- Library preparation by random fragmentation of DNA and binging
the adapters to the DNA fragments. 2-Amplification of the library using PCR and clonal amplification methods and
library sequencing. 3-Data Processing and Analysis from sequence reads. - Adapted from “Next Generation

Sequencing (illumina)”, by BioRender.com (2022).
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1.4.1 —- RNA-Seq
RNA-Seq provides single-base resolution for annotation and 'digital' gene

expression levels at the genome-scale, frequently at a much lower cost than Sanger
sequencing (Figure 5).

Transcriptome assembly i.e the reconstruction of the transcriptome is an
essential step. After millions of short reads generated by sequencing platforms, they
are mapped on a reference genome. Comprehensive transcriptome annotation and
assembly are required to analyse transcript expression or perform gene quantification

(Figure 6) [39], [40].

@ Library Preparation

mm I i

P e mm__ Img T
- 7 — ‘ — I
2 oy
<z g
T s 'T:/ oy I LIl
h’"mﬁmm L L
T
Isolate RNA from samples RNA fragmentation Convert RNA fragments into cDNA Ligate sequencing adapters and amplify

Map sequencing reads to the

@ NGS sequencing g::asca:lrr]igltsgselgenome and

Figure 5 — RNA-Seq workflow. The cDNA library is generated from isolated and fragmented RNA. The cDNA library is
sequenced and the reads are mapped against a reference genome or transcriptome. The resultant output data is
analysed recurring to bioinformatic methods. - Adapted from “RNA Sequencing”, by BioRender.com (2022).

A de novo assembly technique does not require a reference genome and can
be applied when a high-quality reference genome is unavailable. Typically, a De Bruijn
graph is applied to reconstruct transcripts by combining overlapping reads [41]. Most
de novo methodologies require significant processing resources, with random access

memory (RAM) being the most common restriction [41], [42].
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The reference-based assembly technique requires the usage of a reference
genome and consumes far fewer computing resources than the de novo strategy.
When employing the reference-based technique, the quality of the genome and the
capacity of the short-read aligner to align reads across introns will directly influence the

correctness of the assembled transcripts [42].

RNA-Seq reads

Reference-based De Novo assembly
assembly
E——™ | I |
=

o N

) ] ]
| [ —

[ TN [T

Transcripts
Transcriptes alignment to genome

assembly from
spliced alignments

T — T More abundant - T

m— — I = — —

.———l Less abundant _:—
50 O

Figure 6- Reference-based assembly vs de novo assembly. The colored rectangles represents RNA-Seq reads. The ab
initio approach (left) starts with the alignment of RNA-Seq reads to the genome considering alternative splicing
events and then reconstruct transcripts from the alignment. The de novo approach (right) assembles the transcripts
directly from the RNA-seq reads. Adapted from Nature Biotechnology. Haas BJ and Zody MC. Advancing RNA-
seq analysis. 28:421-423

Nowadays platforms such NCBI, UCSC Genome Browser and ENSEMBL
provides the annotation genome assemblies that have been deposited into
the International Nucleotide Sequence Database Collaboration (INSDC) [43]-[45].
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1.4.2 — QuantSeq 3'mRNA sequencing for RNA quantification

RNA-Sequencing and dedicated bioinformatic algorithms become the finest
method for transcriptome profiling of differential gene expression and to analyse APA
and IPA events [40].

Despite significant price reductions per base, the processes of sample preparation,
sequencing, and data analysis remain significant cost factors in high-throughput
screenings [46]. QuantSeq reduces spending in these areas. QuantSeq is an RNA
sample preparation method for quantify gene expression accurately and cost-
effectively (Figure 7). QuantSeq highly generates strand-specific next-generation
sequencing (NGS) libraries close to the 3' ends of polyadenylated RNAs. Only one
fragment is generated for each transcript, directly linking the number of reads mapping
to a gene to its expression. QuantSeq shortens data analysis time and allows for more

multiplexing per run [46].

Reverse Transcription using oligo dT @ Degradation of the RNA template. Second strand sythesis by random

primers to synthesize the polyA tail..

priming and containing 5' llumina-

5 compatible linker sequences. 5

N

e

e 3 s,
3 i
- 5 _OZA_ — — 3 S'f/ Brimer
]

@ Amplification adding barcodes and
cluster generation sequences FASTQ files

=

’ FASTQ

Figure 7- QuantSeq 3’mRNA data workflow. It is divided in three main steps: it starts with the sample preparation
where libraries are prepared without the need for poly(A) enrichment. In the sequencing step reads started at the
very last nucleotide of the mRNA. Sequencing generates only one fragment per transcript. Finally, the data analysis
where the FASTQ are processed by bioinformatic tools, such as APAlyzer, which allowto quantify differential gene
expression and to analyse APA and IPA events

1.5 - Bioinformatic identification of APA events

Bioinformaticians have attempted to identify PAS usage information from
sequencing data by inferring reading coverage from conventional RNA-Seq or by
quantifying read coverage data. Some methods rely on known annotations from

curated databases, while others identify peaks from scratch [47].
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1.5.1 - Databases for PAS and APA isoforms Storage

Due to the need to store experimentally annotated PAS and 3'UTR-APA mRNA
isoforms, public databases were created (Table 1). The primary data came from EMBL
annotations records giving place to the UTRdb database and transcript genome
alignment in complementary DNA (cDNA) and ESTs that resulted in databases such
PACdb, Poly(A)_DB3, and Poly(A) site track [47]-[50]. Thus, primary data inferred from
RNA-Seq databases such as TCGA and GTEXx projects resulted in TC3A, APAatlas,
APAdb, APASdb and Poly(A)Site [51]-[56].

Table 1 — Bioinformatic Databases to store and analyse APA events. — Adapted from Nitika Kandhari et al, Int. J. Mol.
Sci. 2021.

Database Primary Data Collection Organism URL
UTRdb gMaé]E/geLjnLEr:EgrE:()sr(ljg Human, Rodent, Plant, Fungi http://utrdb.ba.itb.cnr.it/
human, mouse, rat, dog, chicken,
zebrafish, fugu, fruit fly, mosquito, http://harlequin.jax.org/
PACdb CDNA/ESTSs nematode, Arabidopsis thaliana, pacdb/
rice and baker’s yeast
Poly(A) DB  Aligned cDNA/ESTS human, mouse, rat, chicken and http://poly(A)-db.orghva/
https://genome.ucsc.
GENCODE e :
| 2
Poly (A) site cDNA/ESTs human edu/cgl;f';rgrgg;cku.
teack wgEncodeGencodeV19
human (22 normal and cancer http:
APASdD SAPAS tissues), mouse, zebrafish /Imosas.sysu.edu.cn/utr
APAdb Mace-Seq Human, mouse, chicken http://tools.genxpro.net/
apadb/
TC3A RNA-Seq in TCGA 32 human cancer types
APAatlas RNA.seq in GTEX project >50 human normal tissue https: //hanlab.uth.edu/apa/
3’-seq, 3’READS, DRS,
Poly(A)site QUANTSEQ_REV, Human, mouse, and worm https://poly(A)site.unibas.ch/

PAPERCLIP, Poly(A)-
seq, PAT-seq

However, available RNA-Seq data focused on the 3’'UTR remains limited. Many
cell, tissue, and disease types remain missing. Raw RNA-Seq data from TCGA and
GTEXx projects requires a controlled access application, in order to protect patients’
clinical data, resulting in a long and bureaucratic process with The Database of
Genotypes and Phenotype (dbGap) [54], [55], [57].

To address this limitation in cancer research, the APAatlas and TC3A
databases provide a resource database of APA inferred from RNA-Seq data. APAatlas
employs the DaPars bioinformatic approach on the Genotype-Tissue Expression
(GTEX) project, TC3A resorts a similar method, using RNA-Seq data from The Cancer
Genome Atlas (TCGA), and the inferred APA genes are available in TC3A [52]. These

databases' annotations help to visualize and interpret APA in genome browsers like the
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UCSC Genome Browser or the Integrated Genome Browser. Unfortunately, it is not

possible to use UCSC Genome Browser to compare normal and tumoral data due to
the lack of GTEXx data in the browser [55].

1.5.2 — Bioinformatic tools for APA detection and quantifications

The growing interest in 3'UTR dynamics and the development of associated
technologies required the development of specific bioinformatics tools. Multiple
methods for inferring APA from conventional RNA-Seq were developed (Table 2) [58].
Some APA detection methods rely on prior knowledge, while others involve discovering
PAS from scratch [47]. Moreover, many APA detection and quantification tools depend
on database annotations to guide bioinformatic analysis, as discussed in the section
below.

Using APA information from databases improves the accuracy of in silico APA
detection. Several tools were developed to detect APA events. Apalyzer, QAPA and
Roar are three of the tools that find APA events using previously annotated 3'UTR
isoforms, to quantify 3'UTR-APA [51]. DaPars, APAtrap and TAPAS allow a de novo
poly(A) site identification.

Dynamic analysis of alternative polyadenylation from RNA-Seq (DaPars)
identifies APA in RNA-Seq experiments from scratch [59]. The method scans the read
coverage and identifies a distal PAS at the endpoint of the sample with the longest
3'UTR. The model that provides the best least-squares fit of the read coverage along
the gene up to the identified distal PAS is then sought. This model comprises the
location of a proximal PAS and the expression levels of the short and long isoforms in
each of the two conditions. This best model provides the proximal PAS location and the
information needed to calculate the Percentage of Distal poly(A) site Usage Index
(PDUI) for each condition [59].

APAlyzer is a Bioconductor package that calculates the RNA-Seq read density
(RD) after splitting the transcript 3'end regions based on Poly(A)_DB3 annotations to
identify APAs in 3'UTR and intronic regions. This recent algorithm is the first able to
detect IPA events [60].
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Table 2 — Bioinformatic approaches to analyse APA mechanism. — Adaped from Bin Tian et al. ,2021

Feature APAlyzer APAtrap DaPars QAPA Roar TAPAS
Reference Poly(A)_DB &
Poly(A)_DB - - Poly(A)_Site/Genecode -
Database APASdb
De novo
poly(A) site - v v - - v
identification
3'UTR-APA v v v v v v
IPA v - - - - -
Vizualization v - - - - -

Recent scientific and technological advances have paved the way for the
discovery and investigation of APA signatures and their relationship to cancer. An
immune- or cancer-specific APA signature has the potential to be a clinical biomarker
and open doors to new therapies. This possibility can solve many cancer treatment
problems, such as circumventing cancer treatment resistance and presenting
alternatives to conventional treatments such as chemotherapy. All the reported
potential clinically relevant APA genes detected by computational power have to be
validated in the laboratory and their capacity to be a therapeutic target or biomarker in

a clinical setting.
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Chapter Il — Aims and Contributions
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Thesis Aims and Contributions

Bioinformatics is increasingly needed in modern science. Through
computational means, it is possible to process and analyse biological data efficiently,
an indispensable requirement for the success of any research project. Notably, it can
also be used for processing and analysing RNA-Seq data and exploring mRNA
signatures in cancer.

Although it is known that alterations in APA mRNA isoforms can be related to
cancer and to the activation of proto-oncogenes, the relation between APA and cancer
is still to be unveiled. This work aimed to discover new mRNA signatures in cancer,
comprehend how cancer cells impact the transcriptome of the immune cells and how
the immunological background affect cancer cells, and to disclose new potential
diagnostic/therapeutic targets.

The existence of a bioinformatician in a research group to analyse RNA-Seq
data is not always possible as processing data can be time-consuming and, most of the
time, requires prior computational knowledge. Therefore, motivated by promoting
computational research independence to colleagues without computational knowledge,
| also aimed to build a new user-friendly tool to analyse 3’'UTR-APA signatures from
raw RNA-Seq data.

In this regard, the specific aims of this work were to:

1- Investigate how the polarization of primary human macrophages to pro-
inflammatory macrophages affects the transcriptome. Moreover, understand in
what manner 3'UTR-APA and IPA expression of human macrophages are
affected when co-cultured with colorectal cancer (CRC) cells.

2- Discover in what way the immune system affects 3’UTR-APA and IPA in CRC
in mice.

3- Identify common 3'UTR-APA events in the lung, bladder, and head & neck
cancers, which are triggered by tobacco smoking.

4- Create and optimise the pipeline to analyse 3'UTR-APA and IPA, transforming

the automated pipeline into a user-friendly tool — the APAtizer.
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Methodology

3.1 — Databases

TC3A

TC3A is a database with data processed by DaPars2 software that comprises
10537 RNA-seq tumour samples from 32 TCGA cancer types from the UCSC Cancer
Genomics Hub [52]. The data is deposed in synapse, an open-source platform for
collaborative data analysis. (www.synapse.orq, synapse ID: syn24982198) [52], [59].

APAatlas

APAatlas is a database with data processed by DaPars software that comprises
9611 RNA-seq samples from normal tissues and encompasses 53 normal tissues from
the GTEx portal. The RNA-seq samples were aligned with hgl9 genome using
HISAT2. The BAM files were sorted and converted to BEDgaph using BEDtools. The
BEDgaph files were submitted to DaPars algorithm. The data is deposed in a txt format
in the APAatlas user-friendly database interface (https://hanlab.uth.edu/apa/) [53].

The Cancer Genome Atlas (TCGA)

The TCGA is a project that analyse human cancer samples using different high-
throughput technologies to provide publicly available datasets to improve the cancer
research [54]. The project was engaged by the National Institute of Health (NIH), NIH’s
National Cancer Institute (NCI) and National Human Genome Research Institute
(NHGRI) funded by the United States (US) government. The TCGA project is
responsible for sample collection and processing, high-throughput sequencing (HTS)
and bioinformatic analysis [54].

The RNA-seq data was sequenced based on the lllumina system and promotes
the total transcriptome profiling. The repository of sequence data is NCBI dbGap
responsibility [57].

The TCGA data is deposited on NCI Genomic Data Commons (GDC)
(https://gdc-portal.nci.nih.gov). The RNA-seq raw data was harmonized through the

alignment of the raw sequencing data to the human genome and is available in a

binary alignment Map (BAM) file format.
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Genotype-Tissue Expression (GTEX)
Similarly, to the TCGA project, the GTEX is a project launched by NIH and NCBI
dbGap is responsible for the sequencing data repository [55].
The project built a database available on the GTEx data portal
(https://gtexportal.org/home/) with the aim of helping the scientific community to study
gene expression and genetic modifications in human tissues. Hence, the project is
responsible for sample collection and processing, storage high-throughput sequencing
(HTS) using lllumina system and the release of data on dbGap.
GTEx samples were obtained through low-post-mortem-interval (PMI) autopsy
or organ and tissue transplant settings. Similarly, with TCGA database, the RNA-seq
raw data is available in a BAM file format.

Database of Genotypes and Phenotypes (dbGap)
The dbGap is (http://www.ncbi.nlm.nih.gov/gap) is a NIH sponsored repository

produced by genotype and phenotype studies [57]. The dbGaP website provides free
access to publicly accessible metadata about submitted research, summary level data,
and study-related papers. Individual-level data are available to scientists worldwide via

the Controlled Access application [57].

3.2 — Programs & Softwares

Internal Priming Filter (IPF)
The IPF software, developed by Lexogen, uses thirteen hexamers sequences

and comprises three modules:

1- The Transcript Termination Site (TTS) primary filter verifies if the start of a
read lies within a sliding window (default +-10 nt) around species-dependent, annotated
transcription termination sites. Alignments which satisfy this criterion are considered
valid (hence not resulting from internal priming). The remaining reads will be the input
for the next step.

2 - Next, the motif filter was used to check the reads for the presence of the
thirteen motifs in a region up to 40 nt upstream of the read start position. Reads with a
motif are considered as potentially belonging to a poly(A) site and will pass to the last
filter.

3 - Internal priming occurs if a poly(A) sequence appears within a transcript.
Sequences within transcripts are contained in the reference of the respective organism.

Priming at the 3’ end of transcripts occurs due to the poly(A) tail, which is not included in
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the reference. Hence, the downstream A content (DAC) filter investigates the
downstream region of the read start. If the number of A(s) in a reference sliding window
(default 18 nts) downstream of the read start is larger than a given threshold (default
nine nts), this indicates internal priming, and the read is excluded. Otherwise, the read is
accepted.

Therefore, all reads close to an annotated TTS that have a motif upstream and a

low A content downstream are kept. All other reads are removed.
In both datasets, quality control was performed using FASTQC software (v.0.11.9), and

adapters were trimmed with Cutadapt (v.3.7), discarding reads under ten bases.

The Spliced Transcripts Alignment to a Reference (STAR) aligner

The STAR aligner was developed in C++ and promoted the alignment of high-
throughput RNA-seq data to the reference genome, using FASTQ files as the input.
The program maps the reads through two main steps: Seed searching and Clustering,
Stitching, and Scoring [61].

Seed searching consists of searching for the longest matching sequences for
each read in different parts of the genome. Those sequences will be the Maximal
Mappable Prefixes (MMPs). The different locations where the match happens are the
seeds. The program repeats the cycle with the seed searching with the next longest
sequence.

After the seed searching the seeds clustered based on proximity to a set of
seeds. Finally, seeds are stitched together based on the best score! for the read
alignment.

The output of the alignment it's a BAM file which contains the sequence

alignment data.

Dapars?2

DaPars2(v.2.1) is the next generation of DaPars. It is a Python-based open-
source program that identifies and quantifies dynamic APA events from scratch,
regardless of prior APA annotation. This program allows to compare normal and
tumour pairs samples through RNA-seq data [59].

Based on RNA-seq data, the program identifies a distal poly(A) site, employs a

regression model to infer the position of the proximal APA site after correcting for

! The best alighment score is based on mismatches, insertions, deletions and gaps.
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potential RNA-seq non-uniformity along the gene body, detects statistically significant
dynamic APAs, and has the potential to detect more than two dynamic APA events.
Given two or more RNA-seq samples, the distal poly(A) site refers to the
endpoint of the longest 3'UTR among all samples. Therefore, the distal poly(A) sites
will be used to identify the proximal poly(A) within this longest 3'UTR region. Hence, the
annotated gene 3'end by up to 10 kb before reaching a neighbouring gene to identify
potential distal poly(A) sites that may exist outside gene annotation. To obtain a
combined coverage along the extended gene model, RNA-seq data from all input
samples were merged [62].
To quantify the relative poly(A) site usage, the program uses the Percentage of
Distal Usage Index (PDUI) for each sample (3).

wi
i

PDUI = —
wy + wg

,E[01]  (3)

Here w} and w! are the estimated distal and proximal poly(A) sites expressed
on transcripts of a sample i. Hence, the PDUI is the abundance of the long isoform
divided by the total abundance (Figure 8). Each expressed transcript in the sample i
has a PDUI value comprised in an interval between 0 and 1, where 0O indicates no
usage of the distal poly(A) site and 1 suggests only usage of the distal usage;

therefore, no usage of the proximal poly(A) site [59], [62].
APDUI = (PDUlyymor — PDUIlyormar) € [—1,1] 4

Lastly, to compare the 3UTR-APA between normal and tumour samples pairs,
i.e. normal and tumour samples from the same donor can be calculated using APDUI
(4). APDUI is comprised in an interval between -1 and 1, where it is possible to observe
a 3UTR lengthening in case of a positive index and a 3’'UTR shortening in case of a
negative index. A significant difference between normal and tumour sample is
considered if transcripts with a APDUI > 0.2 were considered lengthened and APDUI <

-0.2 were considered shortened [62].

-22-



FCUP
New RNA signatures of therapy evasion in Cancer

Sample 1
Sample 2
—
GRY Proximal Poly(A)site
D
3'UTR Isoforms { (D

C—
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Figure 8- Scheme of DaPars2 algorithm. The DaPars2 predicts the proximal Poly(A) site (short isoform) and the Distal
Proximal Poly(A) site (long isoform). To quantify the relative APA usage the PDUI is calculated by dividing the
abundance of the long isoform by the total abundance. - Adapted from Genome Research. Wei Liet all. 2021

APAlyzer

APAlyzer is a Bioconductor package and a bioinformatic toolkit for analysing
APA events, developed in R statistical programming language [60]. The premise of this
program is the analysis of the 3-UTR-APA and IPA isoforms based on conserved
poly(A) sites (PAS) annotated in the Poly(A) DB database (Figure 9) [60].

The first step is to sample data and search for PAS references. This package
reads coverage data from various genomic regions using BAM files from RNA-seq data
as input. It loads the pre-built 3'UTRs and introns PAS references for the chosen
genome. The pre-built mm10 version was used for mice samples and the hg38 version
for the human primary macrophages’ samples.

The next step is calculating the 3'UTR APA relative expression density (RE)
using the PASEXP_3UTR function (1). The region between the stop codon and the first
PAS, known as the constitutive 3'UTR (cUTR), and the region between the first and last
PASs, known as the alternative 3'UTR (aUTR), are measured using the RNA-seq read
density (RD) determined by dividing the number of mapped reads by the length of the

region.

RDaUTR> 1)

PASEXP3UTR = log2 <RD UTR
c

The output data frame of 3'UTR and IPA functions covers reads count and
RPKM for aUTR and cUTR and RE for each gene.
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To calculate the IPA RE, the APAlyzer uses the PASEXP_IPA function (2). RDwy
represents the read density of the intronic upstream region of the IPA site, RDp
represents the read density of the intronic downstream region of the IPA site, and RD+e
represents the read density of the constitutive region in the 3’ terminal exon.[60]

RD;y — RDID> @

PASEXPjp, = log, < D

The output data frame of 3'UTR and IPA functions covers reads count and

RPKM for aUTR and cUTR and RE for each gene.

To calculate the IPA RE, the APAlyzer uses the PASEXP_IPA function (2). RDyy
represents the read density of the intronic upstream region of the IPA site, RDp
represents the read density of the intronic downstream region of the IPA site, and RDe

represents the read density of the constitutive region in the 3’terminal exons.
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Figure 9 — Scheme of APAlyzer algorithm. The arrows represent PAS and the lines RNA-seq reads. There are two
types of APA analysis: The 3’UTR-APA analysis are performed with the calculation of the relative expression between
aUTR and cUTR. In IPA analysis the analysis is performed by computing the relative expression between IU and ID
dividing by the relative expression of TE — Adapted from Bioinformatics. Tian B. et all. 2020

SAMtools
SAMtools is a library and a well stablished software package to manipulate

alignments in Sequence Alignment Map (SAM) and Binary Alignment Map (BAM)

formats [63]. This multifaceted toolkit provides diverse features such sort, merge, and
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index alignments, remove PCR duplicates, convert BAM/SAM files from other

alignment formats and inspect information from BAM/SAM files [63].

GATK, Picard and MarkDuplicates
GATK is a genomic analysis toolkit developed by the Broad Institute

(https://gatk.broadinstitute.org/hc/en-us). It analyses genomic and clinical data,

including RNA-seq data. GATK also englobes many tools to process HTS data,
including the Picard open-source toolkit [60]. Therefore, Picard is a set of command
line tools for manipulating HTS in SAM/BAM and variant call format (VCF) files. The
MarkDuplicates tool is one of Picard's tools. This tool compares sequences in the
reads' five prime positions. After collecting duplicate reads, the tool distinguishes
between primary and duplicate reads using an algorithm that ranks reads based on the
sums of their base-quality scores. MarkDuplicates also generates a metrics file that
contains the number of duplicates for both single-end and paired-end reads [60].
SAMtools can also remove duplicates with rmdup tool. However, unlike

MarkDuplicates, rmdup cannot remove intrachromosomal duplicates.[64]

BEDtools

The BEDtools toolkit provides a vas set of utilities for common operations on
genomic features. This software suite for the comparison, manipulation, and annotation
of genomic features in BAM, VCF, Browser Extensible Data (BED) and General
Feature Format (GFF) format [65]. It provides a fast and flexible feature such as
conversion from BAM to BED or FASTQ formats, computes the coverage over an

entire genome, merge and intersect between two sets of genomic features [65].

HTSeq

The HTSeq is a Python Based Library that promotes the analysis of high-
throughput sequencing (HTS) data. In the analysis of RNA-seq data for differential
expression analysis, the HTSeqg-count tool was used to count the overlap of reads with
genes.

This function counts how many aligned reads overlap each gene's exons using
the BAM files obtained on the data pre-processing step as input. Reads that align to
multiple positions or overlap with more than one gene are discarded [66].

The output is a text file with a column with the name of genes and the
respective count. These counts can then be used to perform gene-level differential

expression analyses with tools like DESeqg2 [67].
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DESeq2

The DESeq?2 is a Bioconductor package developed in R statistical programming
language and estimate variance-mean dependence in count data from high-throughput
sequencing assays and test for differential expression based on a model using the
negative binomial distribution [67]-[69]. As a result, this package analyses comparative
RNA-seq data using shrinkage estimators for dispersion, shrinkage fold change,
standard error estimates, improved gene ranking and visualisation, hypothesis tests,
and the regularised logarithm transformation for quality assessment and clustering of
dispersed count data [67].

Snakemake

Snakemake is a python workflow manager that organize and automatize
pipelines. It is a complete and flexible tool that can be configured to accept files stored
on disk or in a remote storage such AWS, Azure, or Google [70].
The main idea is that workflows can be decomposed into small steps represented as
rules. Each rule has three major steps: Input, Output and Shell. Each rule has defined
the output obtained from a certain input file. In the shell step, use the command for the
y enclosing the respective keywords in curly braces. Rules can be generic using
wildcards. Cards allow the iteration per samples replacing the wildcards names with
any non-empty script [70]. The tool requires technical knowledge in python and domain
knowledge about the workflow that is going to be implemented [71]. However, the

Snakemake script should allow maximum readability.

3.3 - APA signatures from the Immune system and relation to
CRC.

3.3.1 - Dataset Preparation

For 3'mRNA-Seq (3'Seq), the QuantSeq 3’ mRNA-Seq Library Prep Kit REV for
lllumina (Lexogen) was used to prepare the mRNA libraries using the RNA extracted
from the macrophage and mice samples. The libraries were prepared at i3S and
sequenced by the Lexogen company [72].

The primary human macrophage dataset is comprised of nine samples from

three different healthy donors. For each donor, samples are constituted by two types of
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macrophages, MO and M1 and M1 co-cultured with two distinct cancer cell lines:
HCT15 and RKO (Figure 10).

MO — non-stimulated macrophage aa
M1 - Pro-inflammatory macrophage @ RKO
DA h/~ar
D Studies APAlyzel
Control MO -M1

RNA-seq data

M1 - M1_RKO PAb lena >

Bam Donor 1 positions

File M1-M1_HCT15 s +

e
M1 - M1_RKO — X p
Donor 2 PebADE) W
M1-M1_HCT15
M1 - M1_RKO
Patient 3 APA isoform
M1-M1_HCT15 expression profiling

Figure 10- APA signatures analysis of Inmune Cells workflow. The M1 samples were co- cultures with RKO and
HCT15, two colorectal cancer (CRC) cell lines. The libraries were prepared by the group, using QuantSeq 3’mRNA-
Seq Illumina kit and sequenced by lexogen. We employed the APAlyzer for examining 3’°UTR APA and intronic APA
changes, using RNA sequence aligned data.

The mice dataset was composed of eight CRC samples prepared at i3S from
four immunocompetent (IC) mice and four immunodeficient (ID) mice, to study the mice
immune system influence CRC. The IC mice was prepared using the
VCMsh2LoxP/LoxP model where Msh2 was knock-out to promote CRC and ID mice
were prepared using the VCMsh2LoxP/LoxP;Rag2-/-;112rg-/- model, where genes Msh2
Rag? and I12rg were knock-out to promote CRC and immunodeficiency. CRC samples
were retrieved from tumours located in the colon and small intestine (Sl), two for each
mice group. All mice experiments followed standard animal care guidelines and

national legislation for animal experimentation (Figure 11).
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Figure 11 — Workflow to study the effect of the immune system on CRC APA events. We analysed four samples from
immunocompetent mice and four from immunodeficient mice with colorectal cancer. The samples were sequenced
by lexogen. We develop a workflow that analyses 3’ RNA-seq raw data, the FASTQ files, and compares
immunocompetent and immunodeficient mice to find new RNA signatures

3.3.1 - Data Pre-processing

All 3’seq raw data were filtered to detect accurate PASs with the IPF program
develop and applied by Lexogen, to filter reads resulting from internal priming [72]. The
IPF was applied on FASTQ samples for the primary human macrophage dataset and
BAM files for the mice CRC cells dataset. Hence, the pre-processing data methodology
was slightly different for the two studies. Next, the mice samples were mapped and
aligned to the Mus musculus (mm10) genome reference, while the human primary
macrophage samples to the Homo sapiens (hg38) genome reference using STAR
(v.2.7.9). Finally, the quality of the aligned reads was controlled with Flagstat using
SAMtools (v.1.12).

3.3.2 - Alternative Polyadenylation Analysis

The mRNA isoform differences were studied using APAlyzer software (v.3.0).
To filter out genes that have a small number of reads the APAlyzer author, Bin Tian,
suggested a cutoff = 5. The cutoff was applied on the 3’UTR-APA and IPA analysis.

3.3.3 - Differential gene expression analysis

A differential gene expression analysis was performed to comprehend the
immune system effects on CRC expression in mice. The htseqg-count from HTSeq
(v.0.11.2) was used to count the number of reads mapped to each gene. The gene
expression differences were calculated using DESeq2 (v.3.15). The analysis only
considered genes with >10 mean TPM, absolute Log2Fold Changes of 2 or -2 and

adjusted p-values (p-adj) to 0.05 ,to increase the statistical robustness of our analysis.
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3.3.4 - Gene Ontology and Gene Pathways Analysis

The genes enrichment analysis was performed using the Gene Ontology (GO)
(http://geneontology.org/), using the PANTHER classification system
(http://pantherdb.org/) [73][74].

3.3.5 - Integrative Genomics Viewer (IGV)

The lists of genes obtained from the APAlyzer analysis and differential gene
expression were submitted were explored using the IGV (v.7.0). The IGV is an
interactive tool for the visual exploration of genomic data. The sequencing read
distribution through the genome uses the BAM files as input and BAM index files (BAI).
The BAI files were obtained through the index function from SAMtools [63].

3.4 - APA signatures in cancers triggered by tobacco smoking

3.4.1 - Sample Collection and Characterization

Blader (BLCA) and Lung (LUAD) processed data from GTEx (normal samples)
are available in APAatlas (Hong et al., 2020), and TCGA data (tumour samples) are
available at TC3A (Feng et al., 2018). The datasets are available in text files.

The FASTQ files of the Lung dataset comprises 98 normal/tumour sample pairs
and are available in the GEO repository under accession nhumber GSE174330 [75].
The bladder dataset comprises 15 normal/tumour pairs in FASTQ file format and can
be found in Bioproject under the accession number PRINA356345 [76]. The FASTQ
files were analysed using a RNA-seq workflow with state-of-the-art tools. The quality
control was performed using FASTQc. Next, Cutadapt was used to trim poly(A) tails,
adapters, and quality trimming [77]. The trimmed sequences were chosen according to
the studies where samples were sequenced primarily, and STAR was used to map the
reads to the human genome (hg38) [61]. The output files were created as BAM files,

sorted by index.

The BAM files were converted to BEDgaph using BEDtools [65]. The BEDgaph

files were submitted to DaPars2 program [59]. The output was in text format.
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3.4.2 - Alternative Polyadenylation Analysis
To analyse DaPars2 data from all databases, an R script was developed to
obtain the genes that have undergo 3'UTR shortening or lengthening. Data analysis the
pre-processed data retrieved from APAatlas and TC3A was used as a normal/tumour
combination. The Lung (GSE174330) dataset and the bladder (PRINA356345) dataset
contained samples from normal and tumour tissue from the same patient. The mean
PDUI values from each gene were calculated, and the APDUI (PDUI tumour — PDUI
normal) was computed. Genes with a APDUI > 0.2 were considered lengthened and

APDUI <- 0.2 were considered shortened.

3.4.3 - Integrative Genomics Viewer (IGV)

The top ten of genes obtained from the APAlyzer analysis and differential gene
expression and explored using the IGV (v.7.0). The IGV is an interactive tool for the
visual exploration of genomic data. The sequencing read distribution through the
genome uses the BAM files as input and BAM index files (BAI). The BAI files were
obtained through the index function from SAMtools [63].

3.5 - APAtizer — An Automated APA Analysis Workflow

3.5.1 - Overview of APA's structure and workflow

To analyse APA shortening and lengthening events and compare results from
different studies and different software’s, it is necessary to create a workflow to process
all data uniformly. However, running each step at a time and waiting for the process to
finish for all samples is time-consuming. Moreover, the data available on databases
can be in different formats, such as FASTQ files with raw data or deposed with a
previous alignment in a BAM file format. Therefore, my solution was to create a tool
that provides an automated workflow that englobes different types of inputs considering
different workflow specificities to uniformise different samples as input and obtain the

analysis of APA.

3.5.2 — APAtizer Pipeline

The APAtizer is an automated tool is built with Snakemake workflow manager
[70]. The APAtizer analyses human samples using hg38 as reference genome and
uses as input two file formats: BAM and FASTQ (SE and PE files). The input is
composed of three arguments: 1) the type of file used as input (BAM, FASTQ SE or
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PE), 2) the software we want to analyse APA events (DaPars2 or APAlyzer) and 3) the
number of cores to run the process (Figure 12).
The tool comprises existent tools to analyse RNA-seq data using Python functions. The
workflow consists in four major steps: Quality Control, Trimming, Genome Alignment
and/or sorting aligned samples and APA analysis. BAM files from TCGA are unsorted.
Hence, the first step is to sort the BAM files using SAMtools. Both type of inputs
undergoes for a quality control step before and after the trimming step. BAM files are
trimmed by Picard software to remove the duplicates and FASTQ files are trimmed by
Cutadapt. FASTQ files are used for a genome alignment. Next, if the samples are
going to be analysed by Dapars2 there is an extra step were BAM files are converted in
BEDgaphs and the indexes of BEDgaphs are created using SAMtools. Then the
indexes built in the previous step and the BEDgaphs will be used as input to Dapars2
software. On the other hand, if APAlyzer is chosen then the APAtizer will run the R
script using the BAM files as input.
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Figure 12 - APAtizer: the automated pipeline diagram. BAM and FASTQ files are used as input to analyse

APA events recurring to existent tools.

3.5.3 - Dependences

For each rule, it is possible to define a software environment that will be

automatically deployed via the conda package manager environment described by a
YAML file. The YAML file is used by conda to install constituent software defined in the

environment takes precedence over the same software in the operating system, is

isolated and independent from the same software in other Conda environments.
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3.5.4 - lllustrative examples of analysis with APA

To test the APAtyzer tool we used real case samples and datasets used to
study cancers triggered by tobacco smoking. We analysed 30 samples to test each
type of input. Bladder dataset to test FASTQ PE samples, lung to test FASTQ SE
samples and Head and Neck from TCGA data deposed on GDC data portal to analyse

BAM data. All datasets were submitted to Dapars2 and APAlyzer program.

3.6 - Code Availability

All scripts and the APAtizer tool developed to perform the bioinformatics
analyses during this project are protected by the intellectual property of i3S and are not
publicly available. The opponents can request access to the folder with the developed

work, for consultation purposes, here: Bioinformatics GR.
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Chapter IV — Results and Discussion
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Results and Discussion

4.1 — Pro-inflammatory polarization of primary human

macrophages and co-culture with CRC induce APA events

Macrophages are myeloid cells that play a significant role in the immune
response. Unpolarized macrophages (MO) can be differentiated and polarized ex-vivo
into pro-inflammatory (M1) or anti-inflammatory (M2) macrophages.

We used QuantSeq 3' mRNA-Seq to investigate how human macrophages
3'UTR-APA and IPA expression are modified upon M1 polarization and when co-
cultured with CRC cells. This method quantifies gene expression based on RNA levels

at the 3' ends of genes and APA profiles for each gene.[78]

4.1.1 - M1 macrophage polarization promotes APA events that are maintained in CRC

co-culture

We performed two steps to investigate mMRNA 3'UTR-APA and IPA isoforms
upon macrophage M1 polarization and M1 macrophage co-culture with CRC cell lines.
We prepared the samples to be sequenced and, consequently, analysed the data by
computational methods.

The libraries were prepared using RNA extracted from MO, M1 and M1
macrophages co-cultured with CRC HCT15 and RKO cell lines from three healthy
human donors. The two cell lines used in the co-cultures with macrophages differ in
important markers that affect tumorigenic pathways. We resort to these two cell lines to
exclude bias inherent to the characteristics of each cell line regarding the effect of the
CRC co-culture. The files obtained from the sequencing step were processed using
bioinformatic procedures.

We developed an R script to examine the 3'UTR-APA and IPA changes using
APAlyzer. We compared APA isoforms in distinct mRNA isoforms between two
populations: M1 vs MO and M1 with CRC co-culture vs M1. The analysis of M1 with
CRC co-culture was performed for both HCT15 and RKO cell lines. The differences
between samples were calculated using t-test and p-value < 0.05. Considering a
significant relative expression difference (RED) = 5% and p-values < 0.05 we are able
to determine shortening (UP) and lengthening (DN) events for 3’'UTR-APA and
Upregulated (UP) or Downregulated (DN) for IPA.
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As it can be observed in figure 13, our results show an upregulation of mMRNA
isoforms with short 3’'UTR upon macrophage polarization. Hence, during the
polarization from MO to M1, there is a preference for genes to select proximal PAS by
3'UTR-APA leading to shortening of the 3’'UTR. Moreover, we can also observe an
increase in intronic Polyadenylation (IPA) during the polarization. Comparing these
results to the macrophage co-cultured with cancer cells, we observe that APA events
that occur during the polarization of macrophages are maintained in the co-culture for

both cell lines (Figure 13).
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Figure 13 — Volcano plots with 3’'UTR-APA and IPA from APAlyzer analysis of MO versus-M1 and M1 macrophages
versus M1 co-cultured with CRC cancer cell lines. In the 3’UTR-APA events red dots indicate 3’'UTR-APA lengthening
and blue dots 3’UTR-shortening events. For IPA events red dots indicates genes that preformed less IPA events and in
red genes that preformed more IPA events. The grey dots are the non-significant gene events (less than 5% of
difference between two sample groups).

Finally, we investigated several genes on IGV dynamic tool to the visual
exploration of our results (Figure 14). In Figure 14a) we present PBX3 gene,
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associated with inflammation during sepsis and targeted by the tumour metastasis
suppressor let-7c in the presence of CRC [79]. This gene is an example of 3'UTR-APA
shortening when M1 macrophages are co-cultured with CRC cell lines. Figure 14b) is
an illustrative example of a gene with upregulated IPA when M1 is co-cultured with

CRC cell-lines. MAPKS is a gene widely expressed in immune cells and tumours[80].

a) PBX3

M1

[0-1000]

M1+ HCT-15

10-1000] |
M1 + RKO : 0 I
I

Figure 14- Dynamic exploration of 3’'UTR-APA events comparing M1 macrophages (blue) M1 co-cultured with RKO
cell line (Red) and with HCT15 (Pink). a) Exploration of PBX3 gene to illustrate a 3-UTR-APA shortening event on
immunodeficient mice comparing to immunocompetent mice. b) Exploration of MAP3k8 gene to illustrate an
upregulated IPA event on M1 when co-cultured with CRC cell lines.

4.1.2 — Discussion

In this study, resorting to computational analysis, we unveiled new insights
about the transcriptome of pro-inflammatory polarized macrophages and understand
how the expression of macrophages is altered by the presence of CRC.

Our RNA-seq data analysis revealed 28742 APA events in primary human
macrophages after polarization and CRC co-culture. After the polarization we observed
141 3'UTR-APA shortening events, six 3'UTR-APA lengthening events, 143
downregulated IPA events and 217 upregulated IPA events. When M1 macrophages
are co-cultured with RKO cell line we observed 46 3'UTR shortening events, 26 3’'UTR-
APA lengthening events, 71 downregulated IPA events and 80 upregulated IPA events.

Finally, when M1 macrophages are co-cultured with HCT15 cell line we
observed 60 3’'UTR shortening events, 48 3'UTR-APA lengthening events, 92

downregulated IPA events and 13 upregulated IPA events.
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These results show a correlation between APA and macrophage inflammatory

functions and increase the spectrum of known alterations in immune cells after pro-
inflammatory polarization and cancer cell exposure.

Although there are many studies on APA about the relationship between
immune system cells and cancer [27][35][75][76], there are no studies about the effects
of cancer on macrophages. One of the reasons there are no studies on macrophages
is the challenge of handling macrophages, due to their plasticity. Therefore, to our
knowledge, this is the first time a computational study of the relationship between APA
modulation, in primary human macrophages, in the presence of cancer has been
performed. The findings clarify the crucial role of macrophage pro-inflammatory
polarization in gene expression and APA and identify lists of genes that may be used
as new biomarkers for CRC diagnosis in the future.

4.2 — The effect of the immune system on CRC APA events.

One of the main problems in cancer is the immune system evasion. However,
the role of the immune system in CRC gene expression and APA is still incognito. We
analysed the RNA-seq data and performed differential gene expression, 3'UTR-APA
and IPA analysis on CRC tumors developed in immunodeficient mice and compared

with immunocompetent mice.

4.2.1- Gene expression changes in immunodeficient mice with CRC

Gene expression analysis:

We performed a differential gene expression analysis. We used htseq to count
RNA-seq reads and DESeq?2 to analyse the BAM files data.
Our results, presented on Figure 16, show an enhanced volcano plot that allows the
readability of gene expression analysis. We pre-filtered genes with low counts and kept
genes that had at least 10 reads total[67] while only considering genes with a FDR p-
adjusted value <0.05 and Log2Fold changes = 2 or < -2.

Comparing ID mice with IC mice, there are 19,416 analysed genes where 308
genes are significantly downregulated (blue dots), 305 genes are significantly
upregulated (red dots) and the remaining genes are non-significant (grey dots) (Figure

15). The values for each event type are represented on the Venn-diagram in Figure 16.
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Figure 15— Plot with the comparison between Immunocompetent and immunodeficient mice. Vertical lines represent
the fold change = 2 or < -2. The horizontal line represents the p-adjusted value = 0.05. Grey dots are non-significant
values. Red dots are the upregulated significant dots and blue dots the downregulated significant values.

Figure 16-—— Number of genes that are upregulated (UP) and downregulated (DN) when comparing the
Immunocompetent mice vs Immunodeficient mice.

Next, to understand which genes were differentially expressed between
IC mice and ID mice, we built two heatmaps combined with clustering methods
to compare CRC differential gene expression in ID mice and IC mice for the top
50 upregulated (Figure 17a)) and downregulated genes (Figure 17b)).
downregulated genes (a) and upregulated genes (b).
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Figure 17- Heatmap with clustering methods to compare immunocompetent mice and immunodeficient mice gene
expression. a) The significant upregulated genes. b) The significant downregulated genes. Gene clusters illustrate the
major expression patterns and are ordered by fold change and normalized by Z-score.

When comparing ID and IC mice, we observed that different immune
backgrounds promote alterations in gene expression. We are currently choosing which
genes are better candidates to study in wet lab experiments.

Finally, to comprehend the functions of genes we performed a GO enrichment
analysis (PANTHER) for Biological and Molecular functions for the top 10 upregulated

and downregulated genes. (Figure 18).
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Figure 18- Top 10 Gene Ontology (GO) terms for Upregulated genes (red) and Downregulated genes (Blue). GO
terms selection was preformed based on fold enrichment and p-value < 0.05 using Fisher’s test and *** = p<0.0001.
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4.2.2- Mice without immune system show an increase of 3'UTR-APA shortening and
IPA events in CRC
Alternative Polyadenylation Analysis

To study 3'UTR-APA and IPA events in intestinal tumours proliferating under an
immunocompetent environment and an immunodeficient environment, we developed
an R script using APAlyzer to perform the analysis of 3'RNA-seq data. The APAlyzer
results consist in volcano plots and tables where is possible to observe the genes that
preform significant 3’'UTR-APA and IPA alterations.

Our volcano plot, presented on Figure 19, show a prevalence of 3'UTR-APA
shortening with 194 events and IPA upregulation with 281 events, comparing
immunodeficient mice and immunocompetent mice with CRC (3'UTR-APA DN

corresponds to shortening, UP to lengthening; IPA UP corresponds to increased IPA,
DN decreased IPA).
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o g d o 8 e NC=3031
=8 (3 EN . i
[ 22
S2
8 7
1 1
0 0 2
2 0 a 4 5.0 -25 0.0 25 5.0 75
RED RED

Figure 19- Volcano plots with 3’'UTR-APA and IPA APAlyzer results comparing immunodeficient and
immunocompetent mice with CRC. In the 3’'UTR-APA events red dots indicate 3’UTR-APA lengthening and blue dots
3’UTR-shorteing events. For IPA events blue dots indicate genes that preformed less IPA events and in red genes that

preformed more IPA events. The grey dots are the non-significant gene events (less than 5% of difference between
two sample groups.)

After observing the volcano plots, the next step was to understand which genes
had major alterations in 3’UTR-APA and IPA and comprehend their role. To this end,
we ranked the top five genes with 3'UTR-APA and IPA differences (table 3 and 4).
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Table 3 — Top 5 most significant genes (p-val < 0.05) for 3’'UTR-APA shortening and lengthening events.

3’UTR-APA Shortening Events 3’UTR-APA Lengthening Events

Spredl Cnpy4
Tcfa Vep-kmt
Rpl31 Hiplr

Zfand5 Zfp106
Zfp91 Hmgnl

Table 4- Top 5 most significant genes (p-val < 0.05) for Down and Upregulated IPA

IPA Downregulated Events IPA Upregulated Events
March2 Cul9
Vangll Nol8
Poclb Pigs
Dtd2 Steap2
Cxcl12 Pcbd2

In 3UTR-APA lengthening we observe genes such as Spred2 with a
development and progression role in colorectal cancer [81] and TCF4 [82] that
enhances hepatic metastasis in colorectal cancer enhancing the polarization of anti-
inflammatory macrophages (M2). We obtained shorter 3’'UTR-APA genes as CNPY4
that works as signalling regulator. When this gene expression is upregulated can inhibit
the activity of CRC, promote proliferation and angiogenesis [83] VCP-KMT is a tumour
metastasis-promoting gene and is strongly expressed at the protein level in several
cancers.

Several genes were investigated on IGV dynamic tool to the visual exploration
of our data (Figure 20). The VCP-KMT gene shows a 3'UTR-APA lengthening example
(Figure 20a)). It is possible to observe an increase of immunodeficient mice (pink) in
the longer isoform and shift of behaviour between immunocompetent mice (in blue) and
immunodeficient mice. The Ecil gene was used as example of a shortening 3UTR-APA
example. In immunodeficient mice we are able to observe a prevalence of reads that
preferred a shorter PAS (Figure 20b)).
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Figure 20- Dynamic exploration of 3’UTR-APA events in the immunocompetent (blue) and immunodeficient (pink)
mice. a) Exploration of VCP-KMT gene to illustrate a 3-UTR-APA lengthening event on immunodeficient mice
comparing to immunocompetent mice. b) Exploration of Ecil gene to illustrate a 3-UTR-APA shortening event on
immunodeficient mice comparing to immunocompetent mice.

When looking to IPA Downregulated events (Table 4), MARCH2 from
membrane bound E3 ubiquitin ligases family, duces surface accumulation of several
glycoproteins. The knockout of this gene suppresses cell proliferation and promotes
autophagy. Cul9 is a Upregulated gene and has a tumour suppressor and promotes
apoptosis role.

The genes were also investigated on IGV dynamic tool (Figure 21). The Ppwd1
gene shows an example of an IPA upregulated event (Figure 21a). It is possible to
observe an increase of immunodeficient mice (pink) that does not exist on
immunocompetent mice (in blue). The Vangll gene was used as example of an IPA
downregulated example. In immunodeficient mice there are reads in an intronic PAS

that is not expressed in immunodeficient mice (Figure 21b).

-43-



FCUP
New RNA signatures of therapy evasion in Cancer

a)

1
1

1C_mice_1 | I
IC_mice_2
1C_mice_3
IC_mice_4

ID_mice_1

,_,_,_,__

ID_mice_2

ID_mice_3

]
' doolocobpobolbaod o dd

ID_mice_4 | I

Ppwd1

IC_mice_1 I

1 1
1 l | 1A I
1 1
IC_mice_2
L _ ‘ 1 [ | I :
IC_mice_3 L | i I
| 1
1C_mice_4 1 I l LI | I
| 1
ID_mice_1 1 . l 1 1
I 1
ID_mice_2 L 1 ! 1
1 1
1D_mice_3 L 1 l U !
I 1
1D_mice_4 L 1 l 1 1
1 T

Vangll

Figure 21- Dynamic exploration of IPA events in the immunocompetent (blue) and immunodeficient (pink)
mice. a) Exploration of Powd1 gene to illustrate an IPA Upregulated event on immunodeficient mice
comparing to immunocompetent mice. b) Exploration of Vangl1 gene to illustrate a IPA downregulated
event on immunodeficient mice comparing to immunocompetent mice.

We then analysed the GO terms for each list of genes obtained by APAlyzer
(Downregulated IPA, Upregulated IPA, shortened 3’UTR-APA, and lengthened 3'UTR-
APA). The genes that were 3'UTR-APA lengthened and genes with downregulation of
IPA presented no statistically significant results. The other subsets are presented in
Figure 22.

When the GO terms are considered, despite that the GO terms are related to
nuclear processes, and cell cycle, the most notorious is “negative regulation of

translational initiation “. The fact that these GOs appear in a tumorous environment
shows that the immune deficiency is an essential factor to combat the tumour and it

affects APA events within the tumour (Figure 22).
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3'UTR-APA shortening Upregulated IPA

Biological Processes Biological Processes

miRNA maturation Negative regulation of translational initiation
Primary sncRNA processing Regulation of translational initiation
Protein-DNA complex subunitorganization Protein importinto nucleus
Heterocycle catabolic process Importinto nucleus
Regulation of translation Negative regulation of G1/S transition of mitotic cellcycle
Negative regulation ofimmune system process Positive regulation of nucleocytoplasmic transport
Regulation of cellularamide metabolic process Negative regulation of cellicycle G1/S phase transition
Post-transcriptionalregulation ofgene expression Intracellular receptor signaling pathway
Nucleobase-containing compound biosynthetic process Protein localization to nucleus
Cellular nitrogen compound biosynthetic process . . . , Regulation of nucleocytoplasmic transport

° © O ) 0] ° K K3 K

Fiqure 22 - Top 10 Gene Ontoloay (GO) terms for 3’'UTR-APA shortening genes (areen) and Uprequlated IPA genes
(Brown). GO terms selection was preformed based on fold enrichment and p-value < 0.05 using Fisher’s test and ***
= p<0.0001.

Finally, to identify if there are any correlation between APA events and
differential gene expression, we performed a two-tailed Pearson correlation for 3’'UTR-
APA (Figure 23a)) and IPA (Figure 23b)). No correlation was observed for 3UTR-APA
and DGE but a negative correlation was observed between IPA and DGE. Therefore,
upregulated genes have less IPA events and downregulated genes undergoes

upregulation in IPA events.

a) b)
3'UTR-APA . IPA

! : r-0.007 r-0.4594

o o : p=0.9020 o 21 . : p<0.0001
> . : o :
s &
4 v =
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Figure 23 — Correlation between APA events and differential gene expression) comparing immunodeficient mice and
immunocompetent mice. Log2Fold change was plotted against relative expression differences (RED) with a two-
tailed Pearson correlation for 3’'UTR-APA (a) and IPA (b.

4.2.3 — Discussion

Co-transcriptional events such as alternative polyadenylation in the 3'-UTR-APA
and IPA, regulate gene expression and generate multiple mRNA isoforms. Immune
cells in the tumour microenvironment can either promote or inhibit cancer progression
in CRC. Resorting to computational analysis, we unveiled new insights about the

immune system control over the CRC transcriptome via 3UTR-APA and IPA.
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Comparing ID mice with IC mice we have found that the immune system
change CRC DGE in mice with upregulated genes are associated with polyadenylation
and transcription, while mice associated with downregulated genes are associated with
immune system. Recent studies suggest that 3'UTR-APA is not correlated with
alterations in DGE [84], [85] and upregulation of IPA is correlated with a DGE
downregulation [85], [86]. When we tried to find a correlation between APA events and
DGE we found a negative correlation in IPA and DGE. Only recently, there is an
increasing focus on understanding the correlation between IPA and gene expression.
Our observations highlight IPA as an important mechanism with impact in gene
expression.

Our APA analysis shows an increasing of 3’UTR-APA shortening events and an
upregulation of IPA. Those events are associated with gene expression control, cellular
metabolism, and cell cycle. Our findings are product of the first study that displays the
relation between immune system, cancer, and APA. These results clarify the
differences in CRC gene expression and APA after the immune system depletion. We

are currently selecting the most important genes to analyse with more detail.

4.3 — APA signatures in cancers triggered by tobacco smoking

Tobacco smoking habits are one of the top causes of cancer and death

worldwide, responsible for more than 15 cancer types and eight million deaths every
year [87]. On the other hand, it is the most significant preventable cause of cancer.
It is widely known that cigarette-smoking habits induce alterations at genomic,
transcriptomic, and systemic inflammatory response levels [88]. Among all cancers
caused by tobacco, bladder, lung and head and neck cancers, are types of cancer that
are triggered by smoking habits. However, the effects of smoking habits on global APA
mechanisms have not been investigated so far. Hence, we aimed to find possible APA
signatures that could be used as biomarkers to fight cancer resistance and to identify
possible oncologic lung, bladder, and head and neck patients.

To investigate the 3’UTR-APA events in tobacco cancer we started searching
for online and available databases. We have found two online and publicly available
databases; TC3A, APAatlas, and two RNA-seq studies PRJN (bladder) and Bio (lung).
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4.3.1 — 3’UTR-APA events TCGA and GTex Databases

Data from TC3A (tumour samples) and APAatlas (normal samples) contained
RNA-seq data from TCGA and GTEX, respectively, analysed by DaPars. The DaPars
algorithm compares normal and tumour pairs of samples using APDUI. However, it is
often not possible to use pairs of normal and tumour samples, as normal samples are
not available. When this happens, it is common to compare the mean of PDUI normal
tissue samples with the mean of PDUI tumour tissues. Due to the lack of normal head
and neck samples on the APAatlas database, the analysis proceeded without head and
neck data. Thus, we developed an R script to calculate and analyse 3'UTR-APA events
for Bladder and Lung cancers. Then we calculated the mean for each APA event and
the APDUI values. Hence, only genes found in both APAatlas and TC3A databases
were analysed. We first applied the standard threshold, considering shortening if
APDUI>-0.2 and lengthening if APDUI>0.2. We repeated the process for +0.3
thresholds and +0.4.

Finally, we compared common shortening and lengthening events for bladder
and lung tissues. The GTEX/TCGA analysis results shows that 99 genes undergo
shortening 3'UTR-APA events and that 36 genes undergo lengthening events for both

bladder and lung tissues samples (Figure 24).

4.3.2 — RNA-seq Workflow analysis

The previous analysis required an approximation of APDUI values; once, during
the research, we did not have access to tumoral/normal pairs of samples. Hence, to
confirm these results, we found two independent studies; one with bladder data
(PRJINA356345) [75] and another with lung data (GSE174330) [76] with tumoral/normal
pairs of samples that used DaPars to analyse 3’'UTR-APA events. First, we analysed
the APDUI data from both studies and tried to find common genes between those two
studies and our GTExX/TCGA analysis. No common genes were found. We
hypothesised that the lack of results could be due to using different methods before
DaPars. Hence, we decided to reanalyse the RNA-seq data from scratch, building an
RNA-seq workflow.

Of the initial 98 tumour/normal pairs of lung samples, 29 pairs were excluded
from the analysis due to the poor quality of the reads. Lastly, we made a similar R
script from the one developed in the previous analysis. However, instead of calculating
the means for tumour and normal samples and then calculating the APDUI, we could

calculate the APDUI for each sample and the mean of APDUIs per each event.
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Our results show that despite the number of lung samples, the results from

DaPars did not intercept any other dataset. On the other hand, we observed a slight

improvement in the Bladder dataset and an interception of genes. From the 920 events

found with 3’'UTR shortening, four intersect the TCGA/GTEXx analysis, and from the 435

events with lengthening 3’'UTR-APA, seven events intersect the Bladder dataset
(PRJINA356345) with TCGA/GTEX analysis (Figure 25).

Lung vs Bladder Shortening Events Lung vs Bladder Lengthening Events

Figure 24- Venn Diagram with common genes for Lung and Bladder cancers from TCGA and GTEX data for 3’'UTR-
APA shortening and lengthening.

Figure 25- Venn Diagram with common genes for Bladder cancers from TCGA GTEX data and PRINA356345 data for
3’UTR-APA shortening and lengthening.

4.3.3 — Discussion

It is widely known that APA is a crucial mechanism in gene expression
regulation [89]-[91]. Our findings open new doors to target APA signatures
therapeutically in the future.

The available databases allow us to verify our hypothesis with the existing RNA-
seq data, reducing analysis time and costs. However, the available databases remain
incomplete, and due to the variability of bioinformatic tools, there is no consistency in
the methods used to process and analyse RNA-seq data.

Here we conducted an exploratory analysis of two cancer types triggered by
tobacco smoking: lung and bladder cancers. According to TC3A and APAatlas, we
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have found 135 3'UTR-APA events (99 3’'UTR-APA shortening and 36 3'UTR-APA

events) in common between bladder and lung cancer (Figure 20). However, according

to the bibliography and the DaPars APDUI calculation method, these results are an

approximation. To increase the robustness of these results, we analysed raw RNA-seq

data using Dapars2 to compare with the previous results. Although several samples in

the lung dataset presented low-quality reads, we observed an improvement in the
bladder analysis.

To increase the robustness of our analyses, we now aim to perform a meta-
analysis employing a more diversified collection of high-quality datasets containing
both normal and tumoral RNA-seq. Hence, after requiring access to data from dbGAP,
we are currently analysing TCGA raw data with normal and tumoral tissues pairs from
the same patient from bladder, lung and head and neck samples.

4.4- Evaluation of APAtizer Workflow

Analysing RNA-seq data can be very laborious. The steps between processes
can be very time-consuming, such as waiting for a step to finish and preparing for the
next step. To make our lives easier, we developed the APAtizer: a comprehensive
bioinformatics tool that provides RNA-seq analysis workflow with state-of-the-art tools
and analyses for APA events. The workflow was developed in Snakemake, a widely
used workflow management system in the bioinformatics community. This tool provides
the analysis considering three types of data as input: FASTQ single-end and paired-
end data and BAM files.

For FASTQ files, we have a similar workflow. We used Cutadapt to perform
lllumina data trimming and STAR to obtain aligned and sorted data. The pipeline is
prepared to receive paired-end and single-end data, performing the analysis according
to its specificities.

Lastly, we wanted to analyse the samples using Dapars2 or the APAlyzer
program to get more robust results considering that the algorithms have different
performances.

We tested our pipeline with five pairs of normal/tumour tissue samples for each
input type. For the BAM input we selected random head and neck samples from TCGA
database. The only criteria we considered was to choose donors that have smoking
habits. For Single-end and Paired-end samples we used previous analysed datasets
for  bladder data (PRINA356345) and another with lung data (GSE174330) with

tumoral/normal pairs of samples.
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In table 7, we observe the evaluation of the performance of APAtizer. At first

glance, we might think that the input with BAM is the slowest. However, on average,

when have a bam file as input the analysis takes 1 h and 40 min for each sample in

BAM format, 36 min for each sample in FASTQ SE format and 24 min for each sample

in FASTQ PE format. On the other hand, in this experiment, a sample in BAM format
was equivalent to about three samples of FASTQ SE and 6.5 samples of FASTQ PE.

Thus, if all samples had the same size, on average, run times of 1h40m for

each sample in BAM format, 1h48m for each sample in FASTQ SE format and 2h36m

for each sample in FASTQ PE format.

Table 5 - — APAtizer performance evaluation based on runtime and file size of each input

Time to finish the

Input Type Mean sample size
process
BAM 16 GB ~14h
FASTQ Single End 55GB ~6h
FASTQ Paired End 25GB ~4h

These temporal changes are due to the different number of steps needed to
analyse each of the samples since BAM files have fewer steps to be performed than
files in FASTQ paired-end format. Since the alignment is a time-consuming step and
has already been performed in the case of samples in BAM format, it is also natural
that this has a faster process than when the input is a FASTQ file.

The limitations of this tool are always based on the memory available to store
the data, and it must have at least 27 GB of RAM to run the star aligner.

4.4.1 — APAtizer Results

To our knowledge, APAtizer is the first tool that provides an automated analysis
of RNA-seq data specified in 3'UTR-APA and IPA analysis. The APAtizer was used as
a control test, FASTQ samples previously analysed in chapter V, section 5.3 - APA
signatures in cancers triggered by tobacco smoking as control samples, to ensure
consistent results with the previously obtained. The BAM files used to test APAtizer
were retrieved from the TCGA database. For the first time, we are analysing the TCGA
raw data. We can now provide the first insights into APA signatures in tobacco-related

cancers.
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Figure 26 represents the DaPars2 results after the APAtizer analysis. The Venn

diagrams presenting the 3’UTR-APA events for the intersection of Lung, Bladder and

Head&Neck tissues considering APA were lengthening when APDUI > 0.2 and APA
shortening when APDUI< -0.2.

The preliminary analyses of 3'UTR-APA shortening events show 51 for
Head&Neck Cancer but no intersection with the Lung and Bladder events. The
intersection of Lung and Head&Neck presents one gene in common named ACTAL.
The product encoded by this gene belongs to the actin family proteins and plays an
important role in regulating and progression of Head and Neck cancer [83]. The
intersection with Bladder and Head&Neck presents one gene in common named
MAVS. This gene encodes mitochondria antiviral signalling proteins. Studies have
shown that MAVS that MAVS induce innate immune responses in tumour cells, and
mutations in this gene promotes therapy resistance [84].

The 3'UTR-APA Lengthening of Head and Neck cancer show 11 genes, where
one is common for the three cancer types. COL1A2 encodes the pro-alpha2 chain of
collagen type Il [85]. This gene has shown to be upregulated in several cancers such
as gastric, hypopharyngeal squamous cell carcinoma, bladder, and lung cancer [85]
[86].

Lung vs Bladder vs Hea&Neck Lung vs Bladder vs Hea&Neck
shortening events Lengthening events

TCGA TCGA
Head&Neck Head&Neck
51 10

Figure 26 - Venn Diagram after the APAtizer analysis with DaPar2 program with common genes for Bladder cancers
from TCGA GTEX and Head&Neck TCGA data.

More studies are needed to verify the results presented on figure 26. The
APatyzer tool will be fundamental to analyse the normal and tumour samples from
TCGA database for Lung Bladder and Head&Neck tissues.
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Overall, the APAtyzer tool makes it easy for any bioinformatician to do their
work without interruptions, reducing hands-on time for bioinformaticians and giving

experimentalists the possibilty to access their data more rapidly.
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Chapter V - Conclusion
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Conclusion

5.1 Main contribution

Great attention has been put forward into cancer disease and its relationship
with the immune system. Our research aimed in identifying new patterns in APA events
in immune cells triggered by cancer exposure, in cancer cells developed in
immunodeficient mice, with the final aim of better understanding the relation between
immune system and cancer.

Our approach was to develop a workflow and analyse RNA-Seq data to find
new genes with APA signatures to be tested, aiming to find new therapies for cancer
and cancer resistance in the future. We found that the MO-M1 polarization promotes
3'UTR-APA shortening events and more IPA, new results in the field. Moreover, we
have found that this pattern is maintained when M1 macrophages are co-cultured with
CRC RKO and HCT15 cell lines. Furthermore, we compared CRC cancer in
immunocompetent and immunodeficient mice and found that immunodeficient mice
genes undergo more 3'UTR-APA shortening events and more IPA events. It is
important to refer that this is, to our knowledge, the first time that these analyses were
preformed via computational methods. Hence, this work unveiled new scientific
knowledge in the mRNA and APA field.

We are currently looking for 3’'UTR-APA patterns in cancers associated with
tobacco smoking. As we are dealing with many samples after getting access to TCGA
data files, and to increase the analysis efficiency, our approach was to create a
comprehensive bioinformatic tool, APAtizer. The APAtizer is a RNA-seq automated
workflow for APA analysis and, hence, our tool will facilitate further analysis in the
MRNA and APA field. This bioinformatic tool developed on this project has the
advantage to reduce time and cost to the wet lab. The best gene candidates uncovered
by the bioinformatic analysis will be tested and validated by wet lab studies in the group

in a collaborative work on-going with IPO.

5.2 Perspectives and future work

The on-going and future steps of the projects developed during this thesis are
centred on two major analyses. First, we are currently selecting the candidate genes to

continue to study the effect of the immune system on CRC APA events in mice.
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In addition, we are still analysing the APA signatures in cancers triggered by
tobacco smoking using TCGA database. The analysis will be performed supported by

our developed tool, the APAtizer.
At this stage, APAtizer Version 0.2, constitutes a working prototype. In the future

we aim to develop and integrate the following features:

e Create a user-friendly interface that does not require prior bioinformatic;
knowledge to use the software and add a front-end system for visually
displaying the information;

¢ Include gene expression analysis;

e Support more species genomes to expand the analysis for more organisms.
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