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ABSTRACT

Transcription termination is a crucial step in the creation of functional RNAs and proteins. In fact,
inefficient termination has been shown to lead to the production of aberrantly long transcripts through
a phenomenon called transcription readthrough (TRT), in renal cancer cells and cells undergoing several
different types of stress (such as hyperosmotic, oxidative and heat shock). Despite the growing research
interest in this topic, the prevalence of this phenomenon had yet to be studied in healthy tissues.
Therefore, my goal was to assess the prevalence of TRT events in healthy human tissues and characterise
them. Using computational approaches to analyse human transcriptome profiles revealed that
approximately 19% of expressed genes in healthy human tissues produce readthrough (RT) transcripts.
In roughly 2% of these TRT events, the RT transcript was found to not only include the intergenic region
but to also overlap downstream genes. This analysis also revealed that, on average, genes that produced
RT transcripts (RT genes) were more highly expressed than those that did not (NRT genes).
Furthermore, RT genes were found to be significantly enriched for protein-coding genes and a
significant overlap between RT genes across all tissues was observed, suggesting that TRT is not a
stochastic phenomenon but instead determined by still unknown gene features. This work shows
unequivocally that TRT is not only prevalent in cells undergoing stress or in disease but also in healthy

human tissues.

Keywords: Readthrough transcription, transcription termination, non-coding RNAsS,

transcriptomics, bioinformatics
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RESUMO

A terminacéo da transcrigdo é um passo crucial para a produgdo de RNA e proteinas funcionais
e j& foi demonstrado que a terminacéo ineficiente leva & produgdo de transcritos aberrantemente longos
num fendmeno chamado transcri¢cdo aberrante (“readthrough transcription” ou TRT), tanto em células
de cancro como em células sob condicGes diferentes de stress (tais como stress hiperosmotico, stress
oxidativo e choque térmico). Apesar do crescente interesse neste tema, a prevaléncia deste fenémeno
ndo foi ainda estudada em tecidos saudaveis, razdo pela qual este trabalho se focou na detecédo e
caracterizacdo de eventos de TRT. A utilizacdo de abordagens computacionais para analisar perfis de
transcritoma de tecidos humanos revelou que aproximadamente 19% dos genes expressos produzem
transcritos aberrantes (RT, “readthrough transcripts”). Cerca de 2% destes transcritos incluiam ndo so a
regido intergénica, mas também genes a jusante. Em média, os genes que tinham originado transcritos
RT eram mais expressos do que aqueles que ndo produziam transcritos RT, e estavam significativamente
enriquecidos para genes codificadores de proteinas. Adicionalmente, os varios tecidos apresentavam
uma grande quantidade de transcritos RT em comum, sugerindo que TRT n&o é um fenémeno aleatorio,
mas sim determinado por caracteristicas ainda ndo conhecidas. Este trabalho mostra inequivocamente

que TRT é predominante em tecidos humanos saudaveis.

Palavras-chave: Transcricdo aberrante, terminacdo, RNAs ndo-codificantes, transcriptomica,

bioinformatica
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INTRODUCTION

1.1 Transcription in eukaryotes

Transcription is a fundamental process to the cell that results in the creation of an RNA molecule
complementary to the DNA molecule used as a template by the RNA polymerase (RNAP) and involves
several regulatory mechanisms throughout its initiation, elongation, and termination steps (reviewed in
Cramer, 2019).

In eukaryotic cells, the nuclear transcriptome is produced by three to five different types of
RNAP, each responsible for the synthesis of a distinct subset of transcripts (reviewed in Cramer, 2019).
RNAP I and 1l are mostly responsible for the synthesis of ribosomal and transfer RNAs. In particular,
RNAP | synthesises preribosomal RNA 35S in S. cerevisiae, 45S in plants and 47S in mammals, which
mature into the 25/28S, 18S and 5.8S ribosomal RNAs, that form the major components of the ribosome
together with 5S ribosomal RNA (reviewed in Russell & Zomerdijk, 2005 and Saez-Vasquez &
Delseny, 2019). RNAP 111 synthesises 5S ribosomal RNA, transfer RNAs, and other small RNAs found
in the nucleus and cytosol (reviewed in White, 2011). RNAP 1V and V, both of which exist only in
plants, are involved in the regulation of heterochromatin through the synthesis of small interfering RNAs
in a process known as RNA-directed DNA methylation (Herr et al., 2005; Kanno et al., 2005; Onodera
et al., 2005; Pontier et al., 2005; Wierzbicki et al., 2008).

RNAP Il is estimated to be responsible for the transcription of around 85% of the human genome,
synthesising precursor messenger RNAs (pre-mRNAS), along with most small nuclear RNAs (ShRNAS)
and microRNAs (reviewed in Sims et al., 2004). This multiprotein complex is characterised by the
carboxyl-terminal domain (CTD) of RBP1, its largest subunit, which consists of tandem repeats of the
consensus heptapeptide YSPTSPS (Tyrl1-Ser2-Pro3-Thr4-Ser5-Pro6-Ser7), with the number of copies
varying from 26 in yeast to 52 in mammals. The post-translational modification patterns of these amino
acids have been shown to play an important role during the transcription process, such as
phosphorylation of Ser2 and Ser5 coordinating the recruitment of factors during elongation and



phosphorylation of Tyrl inhibiting termination by preventing termination factors from binding to the
CTD (reviewed in Chapman et al., 2008; Eaton & West, 2020; Eick & Geyer, 2013; Lyons et al., 2020).

1.2 Termination of transcription by RNAP |1

Although RNAP Il is the most studied of the eukaryotic RNA polymerases, there is still much
left to uncover, especially when it comes to the way it terminates transcription (reviewed in Eaton &
West, 2020 and Proudfoot, 2016). Historically, most RNAP Il research has focused on the initiation and
elongation steps, with termination only becoming a bigger research interest in more recent years,
rightfully so, as this stage is as important to the creation of functional RNAs and proteins as the initiation
and elongation steps.

For most protein-coding genes, transcription termination is triggered when RNAP I1 encounters
a polyadenylation site (PAS), comprised of the consensus sequence AAUAAA along with upstream U-
rich and downstream U/GU-rich sequences, which induces the activation of the cleavage and
polyadenylation complex (CPA) associated with its CTD domain, leading to pre-mRNA cleavage
followed by polyadenylation. Two main theories explain this PAS-dependent termination, referred to as
the allosteric/anti-terminator and torpedo models, but more recent experiments seem to point to the real
termination mechanism unifying both (Eaton et al., 2020). According to this unified model, the slowing
down of RNAP Il after the PAS is caused by dephosphorylation of the elongation factor SPT5 by protein
phosphatase 1 (PP1), and the phosphorylation of Thr4, which has been theorised to signify imminent
termination of transcription. The stranded RNAP |1 is then easily terminated by the 5'-3' exoribonuclease
XRN2, which induces dissociation from the DNA template through degradation of the unprotected 5’
end of the RNA.

PAS-dependent termination is not, however, the only RNAP Il termination process. Replication-
dependent histone transcripts are not cleaved after a PAS is recognised, but instead when U7 snRNA,
as part of a histone cleavage complex, recruits cleavage-polyadenylation specificity factor 73 (CPSF73),
the same endonuclease that is responsible for cleavage in PAS-dependent termination. In the human Ul
and U2 snRNA transcripts, termination occurs when RNAP II encounters a 3’ box, which is a 13-16
nucleotides element located 9-19 nucleotides downstream of the 3’ end, and relies on the Integrator
complex, which is not conserved in lower eukaryotes and contains a paralog of CPSF73 called Integrator
complex subunit 11 (INTS11) (Hernandez, 1985; O’Reilly et al., 2014).

Evidence also suggests that RNAP |1 is capable of terminating transcription at all points in the
transcription cycle in a process deemed premature termination, including not only within the gene body
(intragenic premature termination) but also in the vicinity of the transcription start site (TSS-linked

premature termination) (reviewed in Kamieniarz-Gdula & Proudfoot, 2019). Premature termination is a



form of negative gene expression regulation, especially of transcriptional regulator genes such as
CSTF3, which codes for a CPA subunit that stimulates 3* end cleavage and has been shown to undergo
premature termination induced by high levels of the CSTF3 protein (Luo et al., 2013). While most events
of premature termination lead to unstable transcripts that undergo rapid degradation, some generate
stable transcripts that can have independent functions and are considered instances of alternative
polyadenylation (Berkovits & Mayr, 2015).

The interaction of CPA components with RNAP Il as it transcribes a PAS can also have a
pausing effect on transcription, leading to a gradual release of RNAP Il that is seemingly independent
of PAS cleavage and only caused by RNAP Il conformational changes (Zhang et al., 2015). Pausing of
RNAP 11 can also be caused by chromatin structure, such as core nucleosomes or R-loops, which are
structures caused by displacement of the sense DNA strand induced by the formation of RNA:DNA
hybrids (reviewed in Skourti-Stathaki & Proudfoot, 2014). R-loops are favoured by defective splicing
as well as the act of transcription due to the transient displacement of nucleosomes by RNAP Il and are
most often associated with G-rich regions (Reabansg et al., 1994). Besides leading to RNAP Il pausing,
R-loops have also been shown to cause low-level antisense transcription, which may result in the
creation of localized patches of repressed chromatin, leading to further RNAP Il pausing (Skourti-
Stathaki et al., 2014).

However, it is not only the premature termination of transcription that is of significance, but also
its inefficient termination, which leads to longer transcripts rather than shorter. Interestingly, this

phenomenon might be the cause of up to 80% of cases of intergenic transcription (Agostini et al., 2021).

1.3 Readthrough transcription

Readthrough transcription (graphically depicted in Figure 1.1) is a form of abnormal
transcription, in which inefficient 3’ end cleavage of the nascent transcript leads to RNAP II continuing
transcription uninterrupted past the 3* end of genes (recently reviewed in Morgan et al., 2022 and Rosa-
Mercado & Steitz, 2022). This can lead to the production of novel transcripts, changes in epigenetic
states, and altered 3D genome structure (Cardiello et al., 2018; Grosso et al., 2015; Heinz et al., 2018;
Hennig et al., 2018; Rutkowski et al., 2015).
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Figure 1.1. Graphical depiction of transcription readthrough (TRT). Readthrough transcription is a
type of abnormal transcription, in which the inefficient 3’ end cleavage of the nascent transcript leads to the
creation of aberrant transcripts, referred to as readthrough transcripts. The downstream genes that are transcribed
due to this inefficient transcription termination are referred to as read-in genes. In cases where this happens,
readthrough transcription can also be called read-in transcription.

j Normal \ Readthrough j Read-in

These novel transcripts, classified as long non-coding RNAs (IncRNAS), have been referred to
as readthrough (RT) transcripts or as downstream-of-gene-containing transcripts in the literature. In this
work, they are simply referred to as RT transcripts. Genes that produce RT transcripts are referred to as
RT genes, while those that do not are referred to as NRT genes.

RT transcripts first came to notice when, in 2015, three different groups independently
published their observations of widespread transcription readthrough (TRT) in cells under a variety of
stress conditions (Grosso et al., 2015; Rutkowski et al., 2015; Vilborg et al., 2015). Since then, RT
transcripts have become a hallmark of termination defects and the mammalian cellular stress response,
having been detected in cells undergoing hyperosmotic stress (Vilborg et al., 2015), heat shock
(Cardiello et al., 2018; Vilborg et al., 2017), oxidative stress (Vilborg et al., 2017) and hypoxia (Wiesel
et al., 2018), as well as in clear cell renal cell carcinoma (ccRCC) cells (Grosso et al., 2015) and cells
infected by the influenza and herpes simplex viruses (Bauer et al., 2018; Rutkowski et al., 2015).

1.4 Biogenesis of RT transcripts

RT transcripts remain chromatin-bound and have previously been found to reach lengths of up
to 200 kb (Vilborg et al., 2015). In some cases, readthrough transcription continues beyond the
intergenic region and overlaps downstream genes, which are referred to as read-in genes (Rutkowski et
al., 2015).

It has been shown that RT transcripts are produced by approximately 10% of human protein-
coding genes in a cell (Vilborg et al., 2015). When a given mammalian cell line is exposed to several

different stress conditions, the RT transcripts seem to show significant overlap (Hennig et al., 2018;



Vilborg et al., 2017). It is unclear if the same is true across different cell types. The fact that these
transcripts arise within minutes of exposure to the stress factor suggests that they are produced from
genes already being actively transcribed. In line with this, whether a gene is activated or repressed once
the stress response is triggered does not seem to affect RT transcript production, with both types of RT
genes having been observed (Rosa-Mercado et al., 2021; Vilborg et al., 2015). However, active
transcription or high gene expression levels alone do not seem to be enough to generate RT transcripts,
as very highly expressed genes have been observed to not produce RT transcripts (Vilborg et al., 2015).

It has been found that, in the context of herpes simplex virus 1 infection, RT genes tend to have
a weaker PAS, as well as a depletion of canonical PAS and GU-rich sequences in the transcript body,
comparatively to NRT genes (Rutkowski et al., 2015). This evidence suggests that RT genes might be
predisposed to produce RT transcripts.

A redistribution in RNAP Il occupancy from gene bodies into intergenic regions was also noted
in cells undergoing hyperosmotic stress, which is a possible explanation for the widespread
transcriptional repression observed in cells afterwards (Amat et al., 2019; Rosa-Mercado et al., 2021).
This redistribution was also noticed in the context of viral infection and heat shock (Bauer et al., 2018;
Mahat et al., 2016). Taken together, these results suggest that RT transcript production might displace
RNAP Il to downstream regions.

The downstream regions of RT genes have also been shown to be slightly enriched, compared
to that of NRT genes, for demethylated histone H3 lysine 79 and trimethylated histone H3 lysine 36,
marks known to favour elongation (Godfrey et al., 2020; Tomson & Arndt, 2013), in both mouse
myoblast cells and human fibroblasts (Hennig et al., 2018; Vilborg et al., 2017). However, in ccRCC,
the inactivation of SETD2, which codes for a histone methyltransferase specific for lysine 36 on histone
H3, has been connected to higher TRT levels and the expression of wild-type SETD2 has been found to
be sufficient to revert this effect. Further study is necessary to understand how TRT is impacted by these
epigenetic modifications.

The splicing status of RT transcripts has not yet been clarified. However, studies have shown
that unspliced pre-mRNAs tend to not undergo 3’ end cleavage in both yeast and mammalian cells
(Alpert et al., 2020; Herzel et al., 2018; Soucek et al., 2016), which has led to the theory that this might
be the case for RT transcripts as well. Experiments have also shown, in differentiating mouse
erythroblasts, that RT transcripts are produced by genes where nascent transcripts experience inefficient
co-transcriptional splicing and that introducing a cryptic splice site increases 3’ end cleavage efficiency
(Alpert et al., 2020; Castillo-Guzman et al., 2020). Increased TRT levels were also observed when
PladB, a splicing inhibitor, was present (Castillo-Guzman et al., 2020). Furthermore, splicing
disruptions have been observed in several of the stress conditions in which TRT has been studied,

including heat shock and infection by the herpes simplex virus 1 (Rutkowski et al., 2015; Shalgi et al.,



2014). Together, these findings suggest that disrupted splicing patterns can interfere with transcription
termination by reducing the levels of 3° end cleavage and, therefore, might be one of the causes of TRT.
Other possible players in the production of RT transcripts are the CPA and the Integrator complex.
The CPA machinery has been implicated as the depletion of CPSF73 has been associated with the
production of RT transcripts (Cardiello et al., 2018). Knockdown of the Integrator complex subunit
INTS11, a paralog of CPSF73, has been shown to have a similar effect (Rosa-Mercado et al., 2021).

1.5 RT transcript functions

Evidence suggests that some ncRNAs are responsible for supporting chromatin structure, among
which were identified spliced transcripts with long 3' untranslated regions (UTRs) (Caudron-Herger et
al., 2011; Hall et al., 2014). As RT transcripts are also ncRNAs with long 3 UTRs which are retained
in the nucleus, it has been suggested that they might be a part of this group of ncRNAs that play a role
in reinforcing the nuclear scaffold during the cellular stress response, though further proof is necessary
(Vilborg & Steitz, 2016).

TRT events in ccRCC have also been found to lead to the production of chimeric transcripts,
though it is not yet known how they are involved in tumorigenesis (Grosso et al., 2015).

It has also been speculated that RT transcripts might play a role in altering the expression of
other genes through transcriptional interference, namely that of read-in genes (Mazo et al., 2007; Rosa-
Mercado et al., 2021; Rutkowski et al., 2015). The production of RT transcripts as antisense transcripts
might also affect the expression of genes of the opposite strand that suffer overlap (Muniz et al., 2017;
Vilborg et al., 2015). In this case, RT transcripts might be a contributor to the state of transcriptional
repression verified in cells under stress. This is further supported by gene ontology analyses of RT genes
revealing enrichment for functions associated with transcriptional repression, which are not enriched in
NRT genes (Rosa-Mercado et al., 2021).

1.6 Transcriptome profiling of healthy tissues

The study of aberrant transcription events such as TRT, and of transcription in general, has been
made much easier in the last decades thanks to the rapid evolution of sequencing technologies. High-
throughput RNA sequencing (RNA-seq) has become the dominant method in recent years, as it not only
allows for the quantification of gene expression but also the identification of alternatively spliced genes,
allele-specific expression and novel transcripts. RNA-seq consists of RNA isolation, reverse

transcription to complementary DNA, preparation of a sequencing library and then sequencing on a



next-generation sequencing platform (Marioni et al., 2008; Wang et al., 2009). Reads are then either
aligned to a reference genome or assembled de novo, which is especially useful for non-model organisms
that have not yet been sequenced. Information on strand specificity is usually lost during the process
unless specific measures are taken to define transcript direction.

Analysing the transcriptome has been made even more accessible by the fact that thousands of
studies have chosen to make their RNA-seq data available for reuse by anyone in the scientific
community by adding them to public repositories such as the Gene Expression Omnibus (Barrett et al.,
2013), The Cancer Genome Atlas and the Genotype-Tissue Expression (GTEX) Project. It is this practice
that has enabled this work, as well as many others, to be carried out, allowing for more analysis to be
performed on the same datasets and more knowledge to be gained.

1.7 Main objective of the work

Despite the growing research interest in this topic, the prevalence of TRT in healthy mammalian
tissues has yet to be explored. Hence, the main objective of this work is to uncover and assess the
prevalence of transcriptional readthrough across human healthy tissues using publicly available
transcriptome profiles and computational approaches.

To this aim, this work was divided into three main tasks:

o Asses the prevalence of RT transcripts in healthy human tissues using open-source tools
and publicly available RNA-seq data from the GTEX project.

o Characterise features of RT and NRT genes and find associations with the likelihood of
producing RT transcripts.

e Characterise flanking regions at the 3’ end of RT and NRT genes and find associations

with the likelihood of producing RT transcripts.

The output of this work will potentially provide the first steps to identify the mechanisms
underlying the production of readthrough transcripts and ultimately shed light on their functional role

and impact on human health.






METHODS

2.1 RNA-seq data from human samples

To explore the prevalence of TRT in healthy human individuals, a large collection of publicly
available transcriptomes was analysed. These were taken from the GTEX Project, which is supported by
the Common Fund of the Office of the Director of the National Institutes of Health, and by NCI, NHGRI,
NHLBI, NIDA, NIMH, and NINDS. Specifically, the RNA-seq data analysed in this work was obtained
from the NCBI database of Genotypes and Phenotypes (dbGaP) study accession number
phs000424.v8.p2 on 01/04/2021 by Ana Rita Grosso.

The GTEX Portal has collected data for 54 different tissues from 948 different donors with ages
ranging between 20 and 70, totalling 17382 samples. It has also collected relevant clinical information
for each of these individuals, which was anonymised in accordance with the NIH Genomic Data Sharing
(GDS) Policies in order to protect their privacy. This information was used to filter out confounder
effects.

As the goal of this work was to analyse healthy tissues, only samples from individuals with no
terminal diseases and whose causes of death were classified as fast/violent according to the 4-point
Hardy Scale were included. This guarantees that individuals with diagnosed illnesses that might affect
TRT levels (e.g., cancer and dementia) are excluded. To avoid technical bias, only paired-end samples
with similar sequencing protocols (using the Trizol method for RNA isolation) and a minimum threshold
of sequencing coverage (60 million reads per sample) were considered. Moreover, to ensure the data
was representative of the overall population cell culture samples and tissues enclosing less than 50
samples were excluded. After these filters were applied, the data left encompassed 23 different tissues

from 236 different individuals with ages ranging from 20 to 70, totalling 2778 samples.



2.2 TRT detection

First, the BAM files obtained from the GTEx Portal were converted back to FASTQ using
SAMtools v1.10 (Danecek et al., 2021). The transcriptomes were realigned to the reference genome
(GRCh38, version 37, Ensembl 103), which was the most recent version available at the time
(Cunningham et al., 2022), using the Spliced Transcripts Alignment to a Reference (STAR) software
v2.7.8a (Dobin et al., 2013).

ARTDeco (Roth et al., 2020) was then used to identify and characterise TRT. This tool expands
on previous methods by implementing three separate strategies: evaluating readthrough level, evaluating
read-in level, and detecting novel transcripts. Only the latter was relevant to this work, as it allowed for
downstream analysis of expression levels of genes and their readthrough regions. ARTDeco employs a
rolling window approach to search for continuous coverage over a defined minimal length downstream
of the 3’ end of each gene. In this case, a rolling window of 500 bp, a minimum tail length of 2000 bp
and a minimum coverage of 0.15 fragments per kilobase per million mapped fragments (FPKM) were
used as thresholds. The realignment and ARTDeco pipeline were both run by Paulo Caldas.

Due to the lack of strand specificity, a significant amount of reads coming from genes being
expressed in the opposite strand were mistakenly classified as RT transcripts. It was possible to identify
the existence of these mislabelled transcripts through an initial visual inspection of transcriptomic
profiles on GenomeBrowser (Kent et al., 2002) and then further analysis of transcriptomic profiles
created using pyGenomeTracks v3.7 (Lopez-Delisle et al., 2021).

To discard these false positives, the list of RT transcripts identified by ARTDeco was filtered to
discard those overlapping with genes in the opposite strand. This was done using the intersect function
from BEDtools v2.30.0 (Quinlan & Hall, 2010), which screens for overlaps between two sets of genomic
features. It is likely that this approach also removes a small number of true RT genes with close
downstream neighbours in the opposite strand. However, it also ensures that the list of RT transcripts is
robust, which is imperative when the aim is to characterise these transcripts and the genes that produce
them. From the remaining list of RT transcripts, only those produced by expressed genes (defined as
having a minimum FPKM of 1 in at least 25% of samples from a given tissue) were used for downstream
analysis. Only the longest isoform detected for each gene was considered to ensure reads from the gene

were not mistaken for reads from the downstream intergenic region.
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2.3 Gene set enrichment analysis

Gene set enrichment analysis was performed on the lists of RT genes for each tissue and the list
of RT genes in common in all tissues using the ToppFun tool from the ToppGene Suite (Chen et al.,
2009), based on gene ontologies, phenotype and literature co-citation. For the lists of RT genes for each
tissue, the list of expressed genes of the respective tissue was used as background. For the list of RT
genes in common in all tissues, the list of all expressed genes in common in all tissues was used as
background. Results were considered relevant when, after false discovery rate (FDR) adjustment

(Benjamini & Hochberg, 1995) was applied, the FDR-adjusted p-value remained inferior to 0.05.

2.4 Data analysis and integration

Data analysis was carried out using Python v3.7.13 (Hunt, 2019) (refer to Appendix for the
script). The data analysed was read using pandas v1.3.5 (McKinney, 2010; Reback et al., 2021) and kept
as pandas DataFrame objects, which have integrated indexing and are easily manipulated. The module
NumPy v1.21.5 (Harris et al., 2020) was used to convert data for easier analysis. The seaborn v0.11.2
(Waskom, 2021) and Matplotlib v3.5.1 (Caswell et al., 2021; Hunter, 2007) modules were used for
plotting.

The significance of differences in expression levels between groups of genes was evaluated by
the Mann-Whitney U Test (Mann & Whitney, 1947) using the SciPy v1.7.3 module (Virtanen et al.,
2020). This test was also used to evaluate the difference between the distribution of intergenic lengths
and gene classifications. All of the resulting p-values were corrected by the FDR method using the
statsmodels v0.13.2 module (Seabold & Perktold, 2010), with differences being considered significant
if the FDR-adjusted p-value was inferior to 0.05.

Correlations between the expression levels of RT genes and RT transcripts, between the length
of the transcript tail and the expression levels of RT genes, and between the transcript tail length and
distance to the closest downstream gene were all measured by the Pearson correlation coefficient using
the SciPy module.

The SciPy module was also used to determine if there was an enrichment of protein-coding
genes in the list of RT genes, employing Fisher's exact test (Fisher, 1922) for that purpose. Once again,
p-values were corrected by the FDR method using the statsmodels module, being considered significant

when inferior to 0.05.

11



Furthermore, the BEDtools intersect tool was also used to help determine read-in levels by
searching for overlap between RT transcripts and genes, while the closest tool was used to evaluate the

distance between a given RT transcript or genes and its respective closest downstream gene.

12



RESULTS AND DISCUSSION

3.1 TRT is pervasive in healthy tissues

To explore the occurrence of TRT in healthy human tissues, a large collection of transcriptomes
made publicly available by the GTEXx Project was analysed (see section 2.1. RNA-seq data obtained
from human samples for filtering criteria applied). Only paired-end samples with a minimum of 60
million reads from individuals with fast/violent causes of death and no terminal diseases were
considered. To ensure representativeness, tissues were only studied if at least 50 samples met these
requirements. In total, 2778 samples across 23 different tissues were studied (Figure 3.1): subcutaneous
adipose tissue (ADPSUB), visceral adipose tissue (ADPVIS), aorta artery (ARTAOR), coronary arteries
(ARTCOR), tibial arteries (ARTTIB), cerebellum (BRNCER), cerebral cortex (BRNCTX), breast tissue
(BREAST), sigmoid colon (COLON), gastroesophageal junction (ESOGAST), oesophagus mucous
membrane (ESOMUC), oesophagus muscle (ESOMUS), atriums (HEARTAP), left ventricle
(HEARTLYV), liver (LIVER), lung (LUNG), skeletal muscle (MUSSKL), tibial nerve (NERVE),
pituitary gland (PITTY), skin exposed to the sun (SKINLL), skin not exposed to the sun (SKINSP),
testicles (TESTIS) and thyroid (THYRD).
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Figure 3.1. Number of samples analysed for each tissue. Barplot showing the number of samples assessed
for the 23 tissues: ADPSUB — subcutaneous adipose tissue, ADPVIS — visceral adipose tissue, ARTAOR — aorta
artery, ARTCOR - coronary arteries, ARTTIB — tibial arteries, BRNCER - cerebellum, BRNCTX — cerebral
cortex, BREAST - breast tissue, COLON - sigmoid colon, ESOGAST - gastroesophageal junction, ESOMUC —
oesophagus mucous membrane, ESOMUS — oesophagus muscle, HEARTAP — atriums, HEARTLV — left
ventricle, LIVER — liver, LUNG — lung, MUSSKL - skeletal muscle, NERVE - tibial nerve, PITTY — pituitary
gland, SKINLL — skin exposed to the sun (lower legs), SKINSP — skin not exposed to the sun (suprapubic),
TESTIS — testicles, THYRD - thyroid.

ARTDeco (Roth et al., 2020) was used to search for RT transcripts in these samples. As the
original data obtained from the GTEXx Project lacks strand specificity, a significant number of genes
being expressed in the opposite strand were mistakenly labelled by ARTDeco as RT transcripts
produced by other genes (examples shown in Figure 3.2.A). To ensure no false positives were included
in downstream analyses, putative RT transcripts which overlapped genes in the opposite strand were
removed from consideration (section 2.2. Transcription readthrough detection for further details). This
filter did remove a significant number of expressed genes (approximately 28%) but it also ensured that
the subsequent analyses were only performed on robust, unambiguous RT transcripts (examples in
Figure 3.2.B).
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Figure 3.2. Genome browser tracks for example genes. A) Transcriptomic profiles from genes expressed
in the skeletal muscle tissue, which show reads of a gene in the opposite strand being mislabelled as RT transcripts.
B) Transcriptomic profiles from genes expressed in the skeletal muscle tissue, showing clear RT transcripts.

The resulting list of genes was further filtered to ensure that only relevant genes to the tissue
being studied were analysed (section 2.4. Data analysis for details). For this purpose, only genes which
had a minimum FPKM of 1 in at least 25% of the samples in a given tissue were considered expressed.
The total number of remaining expressed genes (Figure 3.3.A) varied from 6954 (skeletal muscle) up to
13084 (testicles).
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A significant increase in read counts in the intergenic region immediately downstream of several
expressed genes was observed, revealing the production of RT transcripts. The number of RT genes
varied across tissues (Figure 3.3.A) and among samples (Figure 3.3.B), making the total number of RT
genes detected higher than the average number per tissue. The number of genes that produced RT
transcripts in each tissue varied from 932 (left ventricle) up to 3082 (testicles) (refer to Appendix for the
full list of expressed genes and RT transcripts). This corresponded to approximately 19% of expressed
genes in each tissue producing RT transcripts (Figure 3.3.A), with the percentage varying in specific
tissues from roughly 13% (left ventricle) up to 27% (cerebellum).

The percentage of genes that were found to produce RT transcripts in this work is not completely
out of line with the 10% of protein-coding genes that had been estimated to produce RT transcripts in
neuroblastoma cells undergoing stress (Vilborg et al., 2015). The lower estimates obtained previously
are easily explained by the fact that a higher minimum tail length was considered (5 kb instead of the 2
kb used in this study), the data was obtained from a different type of culture (neuroblastoma cell line
instead of healthy tissue samples from various donors) and only protein-coding genes were considered
for the analysis instead of the whole genome. Additionally, due to the high number of dubious cases that
had to be filtered out, the absolute number of RT genes is probably underestimated in this work. In the
future, it would be important to obtain strand-specific transcriptome profiles to confirm how extensive
TRT is.

These results show that TRT is not a phenomenon exclusive to the mammalian cellular stress

response and it is, in fact, pervasive in healthy human tissues.
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Figure 3.3. Transcription readthrough (TRT) is pervasive in healthy human tissues. A) Barplot
showing all expressed genes classified in: RT genes, NRT genes and ambiguous genes (filtered out and not
considered for further analysis). B) Boxplot showing the number of RT genes detected for each sample and tissue.

3.2 Characterisation of RT genes

Next, the differences in the average expression levels between genes that do and do not produce
RT transcripts were analysed (Figure 3.4.A). The average expression of RT genes was found to be
slightly higher than NRT genes (Mann-Whitney U Test FDR-adjusted p-value < 0.05 for all tissues

except for the pituitary gland and oesophagus muscle). Moreover, the expression levels of RT transcripts
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showed a moderate correlation with the expression of the respective gene (Pearson's r = 0.437, p-value

< 0.001) (Figure 3.4.B).
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Figure 3.4. RT transcript production is associated with higher gene expression. A) Boxplot showing
expression levels of RT and NRT genes for every tissue. B) Scatter plot comparing RT transcript expression levels
(log2 FPKM) and gene expression levels (log2 FPKM). *Mann-Whitney U Test FDR-adjusted p-value < 0.05.

These results suggest that RT genes are slightly more expressed than NRT genes, as previously
suggested in the literature (Rosa-Mercado et al., 2021; Vilborg et al., 2015). It is possible that RT
transcripts are more often produced by highly expressed genes simply because the likelihood of an error

at the 3’ end increases with the transcription frequency. It should also be taken into account that the
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higher coverage of more highly expressed genes might allow the detection of RT transcripts on such
genes.

Though it is clear from these results that the production of RT transcripts is associated with
higher expression levels, it is very likely that other factors besides gene expression also play a role in
determining RT transcript production. Otherwise, the difference between the expression levels of NRT
and RT genes and the correlation between the expression levels of the gene and the respective transcript
tail would be much more pronounced. This is in line with previous observations that, in cells undergoing
stress, RT transcripts are produced by highly expressed genes, but high expression levels are not
sufficient for RT transcript production (Vilborg et al., 2015).

To test this possibility, different features of genes that could explain the occurrence of TRT
were explored. Analysis of the gene classifications of RT genes revealed that 85% of RT genes were
protein-coding (Figure 3.5.A). Considering all expressed genes as background (Figure 3.5.B), this
enrichment was deemed significant when Fisher’s Exact Test was employed (FDR-adjusted p-value <
0.05).

As significant overlap of RT genes had previously been reported within the same mammalian
cell line exposed to different stress conditions (Hennig et al., 2018; Vilborg et al., 2017), this possibility
was also explored here. In accordance with the literature, it was observed that 229 genes produced RT
transcripts in all 23 tissues, while only 2587 RT genes were exclusive to a single tissue (Figure 3.5.C).

Together, these results support the theory that TRT is not an entirely stochastic phenomenon
and certain gene features may play a role in determining which genes produce RT transcripts.

Considering this, gene set enrichment analyses were performed to assess if RT genes were
associated with specific biological pathways or functions. For this purpose, the ToppFun tool (Chen et
al., 2009) was used to analyse the RT genes in each tissue and the RT genes in common across all tissues
based on gene ontologies, phenotype and literature co-citation. A list of expressed genes for each tissue
and a list of expressed genes in common across all tissues were used as the background, respectively.
However, no enrichment was found for any molecular function, biological process, cellular component,
pathway or human phenotype for any of the gene sets. This is contradictory to the enrichment for
functions associated with transcriptional repression that had been previously found in cells undergoing
hyperosmotic stress (Rosa-Mercado et al., 2021), though it is possible that this difference is simply
caused by the fact that the data analysed here comes from healthy tissues.

These results suggest that gene features other than specific functions might play a role, such as a
weaker PAS, inefficient co-transcriptional splicing, chromatin structure or epigenomic changes, all of
which have been previously observed in cases of TRT (Alpert et al., 2020; Castillo-Guzman et al., 2020;
Pan & Frank Huang, 2022; Rutkowski et al., 2015; Vilborg et al., 2015). It would be interesting to check
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in the future if these and possible other features do indeed play a role in the production of RT transcripts
in healthy tissues.
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Figure 3.5. TRT is not a stochastic phenomenon. A) Pie plot showing the proportion of gene classifications
for RT genes. B) Pie plot showing the proportion of gene classifications for all expressed genes. C) Barplot
showing the number of tissues that each RT gene is expressed in.
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3.3 Characterisation of transcript tails

As mentioned before, in stress conditions, RT transcripts have been found to overlap downstream
genes (Grosso et al., 2015; Rutkowski et al., 2015). In this study, this phenomenon of read-in
transcription was also observed in healthy human tissues in roughly 2% of TRT events. TRT events
might simply be less common in healthy tissues compared to cells undergoing stress, but there is also a
possibility that this low number is, in part, caused by the filtering of ambiguous genes, as all transcripts
which overlapped genes in the opposite strand were removed from consideration. Still, even with such
a low number of transcripts overlapping downstream genes, it was possible to observe cases of read-in

where more than one gene was overlapped (Figure 3.6).
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Figure 3.6. RT transcripts overlap downstream genes. Barplot showing the number of RT transcripts that
overlapped downstream genes and how many genes were overlapped.

Read-in genes seem to mostly code for IncRNAs (Figure 3.7.A), which account for approximately
54% of these genes. This is in contrast with what was found for all expressed genes and for RT genes,
where only approximately 14% and 10% of genes coded for IncRNAs, respectively (Figure 3.5.A and
3.5.B). When Mann-Whitney U Test was employed (FDR-adjusted p-value < 0.05), this difference in
the proportion of INcCRNAs was deemed significant. A possible explanation is the fact that these genes
are significantly less expressed (Mann-Whitney U Test FDR-adjusted p-value < 0.05 for all tissues) than
protein-coding genes (Figure 3.7.B). This difference in expression means that genes that code for
IncRNAs probably are not as often blocked by the transcription machinery, which might make it slightly

easier for RNAP Il to continue propagating transcription over these genes.
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Like with RT genes, gene set enrichment analyses were performed on read-in genes, but no
enrichment for any particular function was found.
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Figure 3.7. Read-in genes are enriched for INncCRNAs. A) Pie plot showing the proportion of gene

classifications for read-in genes. B) Boxplot showing expression levels of IncRNA and protein-coding genes.
*Mann-Whitney U Test FDR-adjusted p-value < 0.05.

To characterise the flanking regions at the 3* end of RT genes, the length of RT transcripts tails
was analysed. This varies quite a lot among transcripts (Figure 3.8.A), with the minimum being 2 kb in
all tissues (the set threshold for ARTDeco) and the reported maximum for each tissue ranging from 30
kb (skeletal muscle) up to 95 kb (breast tissue). The average length of the tail, however, is much more

consistent, varying between 4491 bp (left ventricle) and 5978 bp (cerebellum). The length of the tail
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seems to be neither correlated with the expression level of the transcript-producing gene (Pearson's r =
0.007, p-value = 0.154) nor with the expression level of the tail itself (Pearson's r = 0.105, p-value <
0.001). This suggests that expression level does not heavily influence TRT termination, which must
instead be related to other features.

Next, the possibility that the transcription machinery of downstream genes could possibly act as
a roadblock for TRT events, which was suggested by the enrichment of non-coding genes in read-in
genes, was explored. For this, the distance between the 3° end of the RT transcript and the closest
downstream expressed gene (that is not overlapped) was analysed. This distance is very heterogeneous,
ranging between as little as 0 bp and more than 20000 kb (Figure 3.8.B). There is an observable
difference in the number of closest genes belonging to the opposite or same strand in the 500 bp cohort,
which is most probably caused by the filter applied to remove ambiguous genes. Still, the distribution
of the distances between the RT transcript and the closest genes is not significantly different based on
if the gene belongs to the same strand or not (Mann-Whitney U Test FDR-adjusted p-value > 0.91).

There was also no significant correlation between the tail length and the distance between the
respective RT transcript and the closest downstream gene, whether that be in general (Pearson's
r = 0.000, p-value = 0.938) or when taking into account which strand the closest gene belonged to
(Pearson's r = 0.003, p-value = 0.763 for downstream genes in the same strand as the RT gene; Pearson's

r = -0.003, p-value = 0.755 for those in the opposite strand).
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Figure 3.8. Distribution of RT transcript tail length and length of intergenic regions. A) Boxplot
showecasing the length of RT transcript tails for every tissue. B) Barplot showing the distribution of the distance
between the 3° end of RT transcripts and the closest downstream gene.

To understand if the distances between the RT gene and respective closest downstream genes
were a feature that impacts TRT, the distance between the 3° end of all expressed genes and the closest
expressed downstream gene was analysed (Figure 3.9.A). No significant differences were observed
between the distance of NRT and RT genes to the respective closest downstream genes (Mann-Whitney
U Test FDR-adjusted p-value > 0.05 for all tissues except testis). This goes against previous

observations (Vilborg et al., 2017), where RT genes had been found to have closer downstream genes
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than NRT genes. It is possible that this difference is due to the fact that the study focused on cells under
pan-stress, as opposed to healthy tissues, but lab experiments comparing this metric in cells before and
after undergoing stress would have to be performed to ascertain that.

A difference was observed between the distribution of these distances when downstream genes
belonged to the same or opposite strand as the RT gene for the 500 bp cohort (Figure 3.9.B), most likely
due to the filter applied to removed ambiguous genes, but this was not deemed significant (Mann-
Whitney U Test FDR-adjusted p-value > 0.93).

Taken together with the detection of read-in transcription (Figure 3.6), these results seem to
suggest that the existence of downstream genes in close proximity does not prevent the elongation of
the RT transcript tail. This implies that other gene features must be involved in the termination of TRT.
One possibility to study in the future would be an enrichment in the presence of PAS in the 3’ end region
of the transcript tails, which might lead to transcription termination. It would also be interesting to
explore the chromatin structure near the 3’ end of the transcript, as structures such as R-loops have
already been shown to lead to RNAP Il pausing (Skourti-Stathaki & Proudfoot, 2014), and so might be

another player in the termination of TRT.
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Figure 3.9. Distance between expressed genes. A) Boxplot showing the distance between NRT and RT
genes and the respective closest downstream genes. B) Barplot showing the distribution of the distance between
the 3” end of genes and the closest downstream gene. *Mann-Whitney U Test FDR-adjusted p-value < 0.05.




CONCLUSION

In recent years, TRT has emerged as a hallmark of the mammalian cellular stress response,
having been detected in cancer cells and under cellular stress conditions (e.g., viral infection, hypoxia,
hyperosmotic stress, heat shock, and oxidative stress). This phenomenon is caused by inefficient 3* end
cleavage of nascent RNAs, which leads to the synthesis of ncRNAs with long 3° UTR called RT
transcripts. It has been speculated that these RT transcripts, which are retained in the nucleus, might
serve the function of reinforcing the nuclear scaffold or altering the expression of other genes through
transcriptional interference.

Until now, despite the growing research interest in this topic, TRT had not yet been studied in
healthy tissues. Hence, this work focused on uncovering and assessing the prevalence of TRT across
human healthy tissues, to better understand this phenomenon and its potential role in human health.

This work successfully showed that TRT is indeed pervasive in healthy human tissues, not only
a characteristic of cells under stress conditions. Furthermore, genes that produced readthrough
transcripts were found to be more highly expressed than those that did not and their expression was
found to be slightly correlated with the coverage of the readthrough tail.

Also highlighted was the fact that most RT genes were present in more than one tissue and that
RT genes were enriched for protein-coding genes comparatively to all expressed genes. However, gene
set enrichment analyses revealed no enrichment for any pathways or functions, which suggests the
existence of not yet known gene features that affect the production of RT transcripts.

It was also ascertained that TRT termination is neither influenced by expression levels nor the
presence of expressed genes downstream, which would mean that termination must be determined by
other gene features.

The next stage of research should be identifying the gene features that determine RT transcript
production and TRT termination. It would also be important to determine if TRT levels are affected by

demographics such as age, ethnic background and gender.
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A

APPENDIX

The script used in this work, as well as the lists of genes and transcripts detected (both expressed

in each tissue and in all tissues), can be found here: https://github.com/mpluz/mluzmgmb2022thesis.
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