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“What we know is a drop, what we don’t know is an ocean”

Isaac Newton
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SUMMARY

Transfer RNAs (tRNAs) play a fundamental role in protein synthesis. They mediate the decoding of
messenger RNA into specific amino acids through codon-anticodon interactions, according to the genetic
code. The cellular tRNA pool is mainly determined by the transcription rate of tRNA genes (tDNAs),
which is governed by many regulatory layers. Besides being transcribed, to be fully active, tRNAs
undergo several post-transcriptional processing steps that include the addition of chemical modifications.
Alterations in any of those steps have been implicated in diseases such as cancer and neurological
disorders. Nevertheless, due to the complexity of tRNA biology, characterizing the cellular tRNA pool is
quite complex and is often accompanied by methodological challenges. Therefore, many aspects of
tRNA biology remain unknown and require further research to understand their full impact on diseases.
For this reason, in this thesis, we focus on the application and development of bioinformatic strategies

to decipher different aspects of tRNA biology.

Currently, one of the most used techniques for analyzing the tRNA pool is small RNA sequencing (tRNA-
Seq). However, the analysis of tRNA-Seq data requires the adaptation of the computational workflow
from standard approaches. For this reason, we first developed tRNAstudio, an integrative pipeline that
includes a mapping strategy that allows the characterization of tRNA processing and modification
landscape, as well as the implementation of tRNA differential expression analysis. All pipeline
components were integrated into a graphical user interface (GUI) that eases the analysis of tRNA-Seq

data for non-computational users.

Next, we focused on the functional relevance of the modification of adenine (A) to inosine (I) at position
34 of tRNA anticodons (I34-tRNAs), a maodification crucial for the expansion of the decoding capacity of
tRNAs. In Eukarya, this modification is catalyzed by Adenosine Deaminase Acting on tRNA (ADAT),
composed of ADAT2 and ADAT3. Mutations in genes encoding ADAT have been associated with
neurological disorders. To comprehend the impact of changes in the levels of 134-tRNAs, a knockdown
model of ADAT2 (KD) was generated by our group. Using tRNAstudio, we analyzed the impact of ADAT2
KD on the tRNA pool. The results validated the model by verifying a reduction of 134-tRNAs in the context
of ADAT2 KD. Moreover, we observed that the cell is unable to compensate for its loss by upregulating

the expression of alternative tRNAs, highlighting the critical role of 134-tRNAs.

Lastly, given that many factors can regulate tDNA transcription and that tDNAs are not randomly
distributed within the genome, we wanted to assess whether their organization within the genome may
impact their transcriptional activity. To investigate this, we first characterized the localization of tDNAs in
the latest human genome assembly (T2T-CHM13), identifying patterns of tDNA clustering. We then
determined that these clusters are associated with increased transcriptional activity. Building on these
findings, we explored whether the transcriptional activity of tDNAs also influences their susceptibility to
somatic mutagenesis. Our analysis revealed that tDNAs are exceptionally prone to accumulate somatic
mutations, with mutation rates up to nine-fold higher than those of protein-coding genes. Moreover,
mutation rate at tDNAs increased with transcriptional activity, and mutational loads were tumor-type and

age-dependent. The analysis of mutational signatures identified APOBEC3 activity as the main



contributor to tDNA somatic mutagenesis. Notably, Mutations at structurally conserved tRNA positions
appear to be under negative selection, preventing mutation accumulation at these critical sites. By
contrast, other positions were hypermutated, which could disrupt tRNA biogenesis and impair tRNA
function, potentially contributing to cellular dysfunction. We propose that the accumulation of somatic
mutagenesis at tDNAs could cause proteome heterogeneity and compromise proteostasis, factors that

could contribute both to tissue aging and to the development or progression of cancer.

Keywords: tRNAs, biogenesis, genomics, somatic mutations, mistranslation



RESUM

Els ARN de transferéncia (tRNAs) tenen un paper fonamental en la sintesi de proteines. Descodifiquen
I’ARN missatger en aminoacids mitjangant les interaccions codé-anticodd, en base el codi genétic. El
conjunt de tRNAs cel-lulars estan determinats principalment per la transcripcié dels gens de tRNA
(tDNAs), controlada per diversos mecanismes reguladors. A més de ser transcrits, per ser completament
actius, els tRNA experimenten un processament post-transcripcional, incloent I'addicié de modificacions
quimiques. Alteracions en la biogénesi dels tRNAs s’han associat amb malalties com el cancer i
trastorns neurologics. Degut a la complexitat de la seva biologia, la caracteritzacié del repertori cel-lular
de tRNAs sovint comporta reptes metodologics. En consequiéncia, la biologia dels tRNA presenta encara
multiples incognites que cal resoldre mitjangant estudis més detallats per entendre la seva participacid
en els mecanismes moleculars de les malalties. Per aquest motiu, en aquesta tesi, ens centrem en
I'aplicacio i el desenvolupament d’estratégies bioinformatiques per desxifrar diferents aspectes de la
biologia dels tRNAs.

Actualment, una de les técniques més utilitzades per I'analisis de tRNAs es la sequenciacio d’ARN petit
(tRNA-Seq). Tanmateix, l'analisi de dades de tRNA-Seq requereix l'adaptacié de procediments
computacionals estandard. Per aquest motiu, primer vam desenvolupar tRNAstudio, una pipeline
integrativa que inclou una estratégia de mapatge que permet la caracteritzacié del processament i la
identificacié de modificacions de tRNA, aixi com la implementacié de I'analisi d'expressioé diferencial de
tRNAs. Tots els components es van integrar en una interficie grafica d'usuari (GUI) que facilita I'analisi

de dades de tRNA-Seq per a usuaris no computacionals.

A continuacio, ens vam centrar en la rellevancia funcional de la modificacié d'adenina (A) a inosina () a
la posicié 34 dels anticodons de tRNA (I134-tRNAs). Una modificacié crucial per a l'expansio de la
capacitat de descodificacid dels tRNAs. En Eukarya, aquesta modificacio esta catalitzada per
I'adenosina desaminasa especifica per tRNA (ADAT), composta per ADAT2 i ADAT3. Les mutacions en
els gens que codifiquen per ADAT s'han relacionat amb trastorns neurologics. Per comprendre I'impacte
dels canvis en els nivells d'134-tRNAs, el nostre grup va generar un model de d'ADAT2 knockdown (KD).
Utilitzant tRNAstudio, vam analitzar I'impacte de 'ADAT2 KD en el conjunt de tRNAs. Els resultats van
validar el model verificant una reduccié dels 134-tRNAs. A més, vam observar que la cél-lula no pot
compensar la pérdua regulant I'expressié de tRNAs alternatius, destacant el paper critic dels 134-tRNAs.

Finalment, considerant que molts factors poden regular la transcripcié dels tDNAs i que els tDNAs no
es distribueixen aleatdoriament dins del genoma, vam voler avaluar si la seva organitzacié dins del
genoma pot afectar la seva activitat transcripcional. Per examinar aquesta questié, primer vam
caracteritzar la localitzacié dels tDNAs en el darrer assemblatge del genoma huma (T2T-CHM13),
identificant clusters de tDNAs. Després vam determinar que aquests clisters estan associats amb una
major activitat transcripcional. A partir d'aquestes troballes, vam explorar si I'activitat transcripcional dels
tDNAs també influeix en la seva susceptibilitat a la mutagénesi somatica. Els resultats van revelar que
els tRNAs son excepcionalment propensos a acumular mutacions somatiques, amb taxes de mutacio

fins a nou vegades superiors a les dels gens que codifiquen per a proteines. A més, les taxes de mutacié



dels tRNAs augmenten amb I'activitat transcripcional, i els nivells de mutacié depenen del tipus tumoral
i de I'edat. L'analisi de les signatures mutacionals va identificar I'activitat 'APOBEC3 com el principal
contribuent a la mutagénesi somatica dels tDNAs. Cal destacar que les mutacions en posicions
estructuralment conservades semblen estar sota seleccidé negativa. En canvi, altres posicions estan
hipermutades, cosa que podria afectar la funcié dels tRNAs, contribuint potencialment a alteracions en
la sintesi de proteines. Proposem que I'acumulacié de mutagénesi somatica als tDNAs podria causar
heterogeneitat del proteoma i comprometre la protedstasi, factors que podrien contribuir tant a

I'envelliment dels teixits com al desenvolupament o la progressié del cancer.

Paraules clau: tRNAs, biogénesi, gendmica, mutacions somatiques, proteostasi



ABBREVIATIONS

A Adenine

A3A APOBEC3A (Apolipoprotein B mRNA Editing Catalytic Polypeptide-like 3A)
A3B APOBEC3B (Apolipoprotein B mRNA Editing Catalytic Polypeptide-like 3B)
A3G APOBEC3G (Apolipoprotein B mRNA Editing Catalytic Polypeptide-like 3G)
A3H APOBEC3H (Apolipoprotein B mRNA Editing Catalytic Polypeptide-like 3H)
A34 Adenosine at position 34

aa Amino acid

aa-AMP Aminoacyl-adenylate

aaRS Aminoacyl-tRNA Synthetase

aa-tRNA Aminoacyl-tRNA

ADAT Adenosine Deaminase Acting on tRNA

ADAT1 Adenosine Deaminase tRNA specific 1

ADAT2 Adenosine Deaminase tRNA specific 2

ADAT3 Adenosine Deaminase tRNA specific 3

ADP Adenosine Diphosphate

Ago Argonaute

ANG Angiogenin
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ATP Adenosine Triphosphate

BER Base excision DNA repair

BLCA Bladder Cancer (Bladder Urothelial Carcinoma)

C Cytosine
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Chr Chromosome

cDNA Complementary DNA

COPD Chronic Obstructive Pulmonary Disease

DNA Deoxyribonucleic Acid

ECM Extracellular matrix

eEFs Eukaryotic Elongation Factors

elFs Eukaryotic Initiation Factors

eRFs Eukaryotic Release Factors

E-site Exit site (ribosome)

ELAC2 ElaC Ribonuclease Z 2

G Guanine

GtRNAdb Genomic tRNA Database
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INTRODUCTION

The central dogma of molecular biology describes the flow of genetic information. It involves two major
processes: transcription and translation (F. Crick, 1970) (Fig. 1). Both processes are used by the cell in
order to obtain proteins from the information contained in the genome (DNA). During transcription, the
information in DNA is transferred into an RNA molecule. This is followed by translation, where the
resulting messenger RNA (mRNA) from protein-coding genes is delivered to the ribosome for
decoding. During this decoding process, transfer RNAs (tRNAs) are used as adaptor molecules that,

following the genetic code, translate the mRNA sequence into amino acids for protein synthesis.

DNA Replication RNA Replication
Transcription Translation
— —_— ->
—
Reverse
transcription
DNA RNA Amino acid Folded
chain protein

Figure 1. The central dogma of molecular biology. The central dogma describes the process by
which genetic information flows from DNA to RNA through transcription and from RNA to amino acids
through translation (F. Crick, 1970). Created with BioRender.

The genetic code (Fig. 2) is the bridge between nucleic acids and amino acids, providing the set of
instructions that enables cells to translate mMRNA sequences into functional proteins. This code is nearly
universal among all living organisms, reflecting a deep evolutionary conservation with only rare and
minor exceptions (Vetsigian et al., 2006). The genetic code is based on codons, that are specific
sequences of three consecutive nucleotides in mRNA, each of which corresponds to a particular amino
acid (F. H. Crick et al., 1961; Nirenberg & Matthaei, 1961). In DNA, these nucleotides are, guanine (G),
cytosine (C), thymine (T), and adenine (A). In RNA, uracil (U) replaces thymine, which results in the
nucleotides A, C, U, and G. One of the main characteristics of the genetic code is its unambiguous
nature, as each codon defines only one amino acid in order to ensure precise translation (e.g., the codon
CUA always codes for leucine). However, there are a total of 61 codons that code for the 20 amino
acids, denoting that the code is also redundant or degenerate. This means that multiple codons can
code for the same amino acid. For instance, leucine can be coded by six codons: UUA, UUG, CUU,
CUC, CUA, and CUG. Furthermore, the genetic code includes specific start and stop signals. The codon
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AUG serves as both the code for methionine and the start signal for protein synthesis, whereas 3 specific
stop codons (UAA, UAG, UGA) are used to trigger the end of protein synthesis (Alberts et al., 2002).

Second base in codon

u c A G

UUU Jppe | UCU UAU gy | UGU oy 2

u | Ve UCC |gqr UAC UGC c

UUA UCA UAA UGA STOP A

wue Jtev | uce | Es. SR |l Trp 5

. cuu CCU CAU This CGU u
S c |CuC | o, CCC |pro CAC CGC |\, c B
8 CUA CCA CAA cea [ 9 Al 2
£ cuG CCG | caG |Gin CGG = 8
7] -
3 = - u =
5 AU T ACU ANU s |AGU g, - g
£ A |AUC ACC | |AaC AGC g

AUA ACA AAA Juys AGA ‘arg A

AUG Met (start) | ACG | AAG AGG G

GUU 7 GCU 7 GAU Jagp | GQU J

e | ouC |, GCC |\ GAC GGC | c

GUA GCA GAA Jau GGA A

GUG | GCe | GAG cee =

Figure 2. The standard genetic code. Universal set of rules represented as a comprehensive
dictionary. lllustrates the translation of each of the 64 possible codons into their corresponding amino
acid or a stop signal. Created with BioRender.

The process of translating these codons into their corresponding amino acids depends on tRNAs.
Therefore, tRNAs play a fundamental role in protein synthesis, working as genetic code decoders,
recognized as ancient, universal molecules essential in all domains of life (Eigen et al., 1989). In addition
to their role in translation, tRNAs are involved in other cellular processes, highlighting the relevance and

complexity of their biology (Su et al., 2020).

In the following sections, we will describe key concepts of tRNA biology and the theoretical background

on which this thesis is based.
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1.1 tRNA sequence and structure

tRNAs play a fundamental role in protein synthesis, and both their sequence and structure are essential
for this function (Fig. 3). Each tRNA molecule carries its specific cognate amino acid and contains the
three-base anticodon sequence that recognizes the appropriate codon on the mRNA. To ensure the
correct amino acid is incorporated into the growing polypeptide chain, the anticodon of the tRNA pairs
with the mRNA codon via canonical Watson-Crick base-pairing (A:U and G:C) (F. H. Crick, 1958).
Furthermore, non-canonical Watson-Crick base-pairing can occur at the first position of the tRNA

anticodon (position 34), to allow the expansion of their decoding capacity (F. H. Crick, 1966).

Cloverleaf secondary structure ‘ L-shaped tertiary structure

Amino acid
attachment site

Acceptor stem

TWC stem-loop |

L-shaped tertiary structure
representation

Amino acid

Anticodon
stem-loop

Position 34  Anticodon

Figure 3. Schematic representation of the tRNA structure. (a) Consensus cloverleaf-shaped
representation, with the key distinctive regions indicated in the figure. (b) L-shaped 3D structure.
Created with BioRender.

The primary structure of tRNA is characterized by a single-stranded RNA sequence of around 76
nucleotides (with variations observed between 75-95 nucleotides) (Sprinzl et al., 1998). The secondary
tRNA structure is defined by a hydrogen-bonded stem-loop conformation, which is commonly
represented by the well-known cloverleaf shape (Fig. 3a). The stem-loops define five distinct regions
with different functions (Berg & Brandl, 2021; Giegé et al., 2012; Holley et al., 1965). First, from the
base-pairing between the tRNA 5' and 3' terminal regions, results the acceptor stem that serves as the
attachment site for the amino acid as it incorporates the essential 3'-CCA sequence required for the
reaction of aminoacylation. Following is the dihydrouridine (D) stem-loop, named for its dihydrouridine
base that plays a crucial role in stabilizing the tRNA tertiary structure. Next, on the opposite end of the
acceptor stem is the anticodon stem-loop containing the anticodon sequence (position 34-36) that base-

pairs with the cognate mRNA codon. Finally, the thymidine-pseudouridine-cytidine (TWC) stem-loop is
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essential for the interaction between tRNA and the ribosome, among other components of the
translational machinery (Feinberg & Joseph, 2001). Between the anticodon stem and the TWYC stem-
loop larger eukaryotic tRNAs for serine (Ser), selenocysteine (Sec), and leucine (Leu) have a variable
loop with diverse sizes and structures (Giegé et al., 2012). By stabilized intramolecular interactions
primarily between the TWC- and D-arms the secondary configuration folds into an L-shaped tertiary
structure (Fig. 3b) (Kim et al., 1974).

Furthermore, along the tRNA sequence, there are several nucleotide positions that are highly
conserved, highlighting their functional and structural importance. For instance, U8, A14, G18, G19,
A21, U33, G53, T54, U55, C56, A58, C61, C74, C75, and A76 are the most conserved nucleotides
within tRNAs and Y11, R15, R24, Y32, R37, Y48, R57, and Y60 (R = purine; Y = pyrimidine) are also
identified as semiconserved nucleotides present in numerous tRNA sequences (Biela et al., 2023; Giegé
etal., 2012).

tRNAs can be further classified into groups of isoacceptors and isodecoders according to their sequence
similarities (Goodenbour & Pan, 2006). Isoacceptors are tRNAs charged with the same amino acid but
with different anticodon sequences (e.g., the isoacceptor group for valine (Val) include: tRNA-Val-AAC,
tRNA-Val-GAC, tRNA-Val-CAC, and tRNA-Val-TAC). Whereas, isodecoders have the same anticodon
but have differences in other regions of the sequence (e.g., tRNA-Val-AAC-1, tRNA-Val-AAC-2)
(Goodenbour & Pan, 2006).
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1.2 Transfer RNA genes (tDNAs)

tRNAs genes (tDNAs) are encoded in both the nucleus and mitochondrial genomes (P. P. Chan et al.,
2021; Ojala et al., 1981). While nuclear tRNAs participate in cytoplasmic protein synthesis, mitochondrial
tRNAs (mt-tRNAs) participate specifically in mitochondrial translation (Ojala et al., 1981). In the human
mitochondrial genome, each tRNA isoacceptor is represented by a single-copy gene, with a total of 22
mt-tRNAs genes (mt-tDNAs) (S. Anderson et al., 1981). In contrast, the nuclear genome contains
multiple copies, and some of them with identical sequences that can be grouped into families based on
100% sequence similarity. For instance, five tRNA-Val-AAC-1 genes share identical sequences.
However, other tDNAs have unique sequences and do not belong to a family but still contribute to the
diversity of the tRNAome (P. P. Chan & Lowe, 2016).

The number of nuclear-encoded tDNAs varies widely among species, even between eukaryotes
(Bermudez-Santana et al., 2010; Goodenbour & Pan, 2006). In humans, tDNA detection tools like
tRNAscan-SE 2.0 have predicted around 600 nuclear-encoded tDNAs (P. P. Chan & Lowe, 2016;
Geslain & Pan, 2010).

1.2.1 Genomic organization of tDNAs

Nuclear-encoded tDNAs are dispersed throughout the human genome across multiple loci and are found
in all chromosomes except chromosome Y (P. P. Chan & Lowe, 2016). Although tDNAs are scattered
throughout the genome, studies on the genomic arrangement of the set of tDNAs indicate an unexpected
prevalence of proximate tDNAs and that most are linearly grouped in tDNA clusters (Bermudez-Santana
et al., 2010; Dieci et al., 2013; Iben & Maraia, 2014; Mungall et al., 2003; Van Bortle & Corces, 2012).
tDNA clusters are prevalent across various domains of life, having evolved independently in each
domain and are more abundant in eukaryotes (Bermudez-Santana et al., 2010; Morgado & Vicente,
2019). Previous studies in humans using the genome reference assemblies GRCh38/hg38 and
GRCh37/hg19 identified many tDNA clusters localized in different chromosomes. For example, a cluster
located on chromosome 6 is composed of 157 tDNAs, including almost all tDNA species except for
asparagine (tDNA-Asn) and cysteine (tDNA-Cys) (Acton et al., 2021; Mungall et al., 2003). Additionally,
other tDNA clusters have been found on chromosomes 1, 5, 7, 14, 16, and 17 (Gao et al., 2024; Iben &
Maraia, 2014; Mungall et al., 2003). This non-random organization of tDNAs suggests that the genomic
context may play an important role in their function, regulation and evolution (Bermudez-Santana et al.,
2010; Van Bortle et al., 2017).
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1.2.2 Genetic variability and mutagenesis in tDNAs

tDNAs are subject to genetic variability between individuals. In this context, tDNAs can exhibit copy
number variations (tgCNVs) that refer to structural variations in the genome, where sections of DNA are
duplicated or deleted, resulting in differences in the number of tDNAs copies (lben & Maraia, 2012,
2014). tgCNV is of great interest because of its potential impact on tRNA availability, which can affect
the translation efficiency of specific MRNAs (Iben & Maraia, 2014; Novoa et al., 2012). For example, the
loss of only one gene for tRNA phenylalanine (tRNA-Phe) has been previously described to affect
neuronal function in mice (Hughes et al., 2023). Also, in mice, the lack of tRNA lysine (Lys-UUU) in
chromosome 7 was associated with type 2 diabetes, but in humans, it did not have an associated
phenotype linked with diseases (Lant et al., 2019; P. Yang et al., 2019).

tgCNV is not limited to single genes but also affects larger tDNAs clusters. For instance, a cluster located
on chromosome 1 (Chr1:161,413,094-161,440,995; hg19) exhibits tgCNV across individuals (Iben &
Maraia, 2014). This locus is described as a tandem repeat of four units, each unit containing a set of
five tDNAs for glutamine (tRNA-GIu-CTC), glycine (tRNA-Gly-TCC and tRNA-Gly-GCC), asparagine
(tRNA-Asp-GTC), and leucine (tRNA-Leu-CAG) (Gao et al., 2024; Iben & Maraia, 2014). In some cases,
the repeats or portions of them have undergone varying degrees of duplication across different
individuals. This leads to variable number tandem repeats that produce differences in the number of
tDNAs copies within this cluster, as observed in both humans and mice (Darrow & Chadwick, 2014; Iben
& Maraia, 2014). However, tgCNVs are still overlooked, and their characterization and association with

specific disease phenotypes are still lacking.

Genetic variability among individuals at the nucleotide level has also been observed in both nuclear and
mitochondrial tDNAs (Berg et al., 2019; Lant et al., 2019; Orellana et al., 2022; Parisien et al., 2013;
Seplyarskiy et al., 2023; Suzuki et al.,, 2011). Approximately 200 mt-tDNA single nucleotide
polymorphisms (SNPs) have been linked to various pathologies related to mitochondrial dysfunction
(Richter et al., 2021; Suzuki et al., 2011). The fact that mt-tRNAs are encoded by a single gene copy for
each isoacceptor facilitates the study of these genes and their association with diseases. In contrast,
the multicopy nature of nuclear-encoded tDNAs makes such research more challenging. Although
nuclear-encoded tDNAs are under strong purifying selection in human germline cells, studies have
demonstrated that these genes exhibit mutation rates 7 to 10 times higher than the genome average,
resulting in variation between individuals (Berg et al., 2019; Lant et al., 2019; Seplyarskiy et al., 2023;
Thornlow et al., 2018). This high conservation rate in germinal cells suggests that mutations in nuclear-
encoded tDNAs can have deleterious effects. In fact, some studies have associated SNPs in nuclear
tDNAs with disease. A SNP (T>C; rs46447118) in one gene for tRNA arginine induces ribosome stalling,
resulting in a neurological phenotype that leads to neurodegeneration in mice (Ishimura et al., 2014).
Another case is an SNP identified in the human gene for selenocysteine, which has been associated

with symptoms such as abdominal pain and fatigue (Schoenmakers et al., 2016).




INTRODUCTION

Beyond germline variation, tDNAs have also been identified as hotspots for somatic mutagenesis in
yeast, bacteria, and human (Saini et al., 2017; Sakhtemani et al., 2019; Sui et al., 2020). The
mechanism behind tDNA mutagenesis has been linked with the activity of Apolipoprotein B mRNA
Editing Catalytic Polypeptide-like 3 (APOBEC3) enzymes (Saini et al., 2017; Sakhtemani et al., 2019;
Thornlow et al., 2018). APOBEC3 enzymes are cytidine deaminases that mutate C-to-U in single-
stranded DNA (ssDNA), leading to C-to-T or C-to-G mutations when repaired (Fig. 4) (Butler & Banday,
2023). They act on TCN context (where N is any nucleotide), and have a preference for TCW maotifs
(where Wis A or T) (Petljak et al., 2022; Roberts et al., 2013). The main function of APOBEC3 members
is to defend the organism against viral infections by inducing mutations in viral genomes. However,
APOBEC3 enzymes can be off-target and produce mutations in the host genome (Roberts et al., 2013).
From the APOBEC3 members, APOBEC3A (A3A) and APOBEC3B (A3B) have been repeatedly related
with cancer mutagenesis (Behjati et al., 2014; Burns et al., 2013b; Petljak et al., 2022; Roberts et al.,

2013; Supek & Lehner, 2017).
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Figure 4. Mechanism of APOBEC3-mediated mutagenesis. APOBEC enzymes catalyze the
deamination of C-to-U in ssDNA. In most cases replication occurs leading to C-to-T mutations.
Alternatively, when uracil-DNA glycosylase (UNG) recognizes and removes uracil, it creates an abasic
site that, when repaired leads to C-to-G mutations. As a result, APOBEC activity is associated with two
patterns of DNA mutations (mutational signatures): SBS2 (C-to-T) and SBS13 (C-to-G), both occurring
in a TCN sequence context (where N is any nucleotide) with a preference for TCW motifs (where W is
A or T) (Alexandrov et al., 2020). Adapted from (Butler & Banday, 2023).

APOBEC3 mutagenesis increases with the presence of ssDNA secondary structures (Fig. 5). For
instance, during transcription, the RNA transcript that is being produced can bind to the DNA transcribed
strand, producing DNA:RNA hybrids, also known as R-loops. This secondary DNA structure increases
the exposure of the non-transcribed strand, making it more susceptible to APOBEC3 mutagenesis
(McCann et al., 2023). Moreover, ssDNA regions contain inverted repeat sequences that can fold into
DNA hairpins (stem-loop structures). The loops in these DNA hairpins can contain TCN motifs, providing
high-affinity sites for the APOBEC3 enzymes (Buisson et al., 2019; Butt et al., 2024; Langenbucher et
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al., 2021; Sakhtemani et al., 2019). In bacteria and yeast, the overexpression of A3A and A3B has been
identified as a major cause of DNA damage and somatic mutagenesis in tDNAs (Saini et al., 2017;
Sakhtemani et al., 2019). As previously mentioned, tDNAs have been reported to be hotspots of somatic
mutagenesis in human samples. However, a deeper characterization of their mutagenic profile, the

somatic mutational mechanisms acting upon tDNAs, and their tissue-specific impact is still lacking.

Mutagenic
activity
Mutagenic
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} DNA
) YNOIO] NOSOIGR
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transcript transcript
APOBEC3-mediated mutagenesis APOBEC3-mediated mutagenesis enhanced
during transcription by ssDNA secondary structures

Figure 5. ssDNA secondary structures that enhance APOBEC3 mutagenesis. Schematic
representation of the ssDNA secondary structures produced during transcription that can increase the
mutagenic activity of APOBECS3.

1.2.3 Computational identification of tDNAs

Identifying genomic regions that encode tDNAs presents significant challenges. Some of these
challenges involve the fact that tDNAs are typically very short and are found in highly repetitive regions
(Lowe & Eddy, 1997). Additionally, there are sequences that reassemble tDNA genes, which include
short interspersed nuclear elements (SINEs) that derive from tDNAs (P. P. Chan et al., 2021; Kramerov
& Vassetzky, 2011; Lowe & Eddy, 1997), and other nuclear and mitochondrial "tDNA-lookalike"
sequences found in the human genome (Telonis et al., 2014). In most cases, those sequences conserve
functional motifs common of tDNAs, such as the internal promoter regions, but often have mutations
that do not allow them to produce a functional secondary structure (P. P. Chan et al., 2021). Therefore,
simply identifying a genomic sequence that matches a potential tDNA is not sufficient and can introduce

false positives.

In this regard, different computational approaches have been developed to predict and identify bona
fide tDNA loci within a genome. Among all of them the tDNA predictor most widely used is tRNAscan-
SE (P. P. Chan et al., 2021). The original algorithm of tRNAscan-SE was first developed in 1991 by
Fichant and Burks (Fichant & Burks, 1991), followed by the release of tRNAscan-SE in 1997 by Lowe
and Eddy (Lowe & Eddy, 1997), which integrated multiple search algorithms that improved accuracy.
Between 2019 and 2021, the last version of tRNAscan-SE incorporated significant upgrades in
sensitivity and false-positive reduction (P. P. Chan et al., 2021; P. P. Chan & Lowe, 2019).
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The default search of tRNAscan-SE identifies and classifies tDNAs from nuclear and mitochondrial
genomic sequences by focusing on conservation and structural tRNA properties. To improve structural
alignment accuracy, tRNAscan-SE 2 uses Infernal (INFERence of RNA ALignment) (Nawrocki & Eddy,
2013), a covariance model based approach that enhances tDNA detection. It evaluates the tDNA
sequence conservation and ensures that it is able to produce a tRNA with the characteristic cloverleaf
structure, including the formation of the corresponding stems and loops. This step allows for the filtering
of potential tRNA-lookalike sequences. In addition, the predicted genes are aligned against isodecoder-
specific covariance models for better classifying their functions in relation to the consensus tRNA

isodecoder group.

tRNAscan-SE applies specific models for Eukarya, Bacteria, and Archaea to ensure an accurate
identification of tDNAs unique for each domain. Furthermore, tRNAscan-SE 2.0 distinguishes between
functional tDNAs and those that are non-functional or of uncertain function. tDNAs classified as
functional are termed high-confident tDNAs, that correspond to predictions that exhibit sequence and
structural features that align with known active tDNA sequences (P. P. Chan et al., 2021). In contrast,
tRNA pseudogenes are sequences that resemble tDNAs sequences but have lost their ability to produce
a functional tRNA. This is because they may arise from gene duplication events and contain sequence
defects that prevent them from being transcribed or properly folded into functional tRNAs. Additionally,
tDNAs reported as uncertain-function, correspond to sequences whose identity is not clearly
established. They may not produce canonical tRNA structures or have sequences that deviate from
known functional tRNAs, making their role in protein synthesis ambiguous (P. P. Chan et al., 2021). The
final output of tRNAscan-SE is a full description of each of the tDNAs that have been identified, including
genomic localization, genomic sequence, secondary structure prediction and in some cases the intronic
regions (P. P. Chan et al., 2021). Therefore, tools like tRNAscan-SE that allow the prediction of tDNAs

are essential for understanding tRNA biology.

Moreover, tRNAscan-SE tDNAs predictions are available for over 4,000 genomes in the Genomic tRNA
Database (GtRNAdDb), including human tDNA predictions for GRCh37/hg19 and GRCh38/hg38 genome
assemblies (P. P. Chan & Lowe, 2016). All the tDNAs annotations are based on a consensus

nomenclature, with the aim of providing a universal standardized naming system (Fig. 6).
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Figure 6. tDNA consensus nomenclature of GtRNAdb. The naming system uses identifiers such as
tRNA-Arg-ACG-2-3. Isotype: Corresponds to a three-letter abbreviation for the isoacceptor based on
the identified anticodon in the predicted gene sequence; in this example, arginine (Arg). Anticodon:
Indicates the anticodon sequence in the predicted gene sequences. Transcript ID: Numeric ID of a
unique tDNA transcript used to distinguish between different tDNA copies. All tDNAs with that number
will have the exact same sequence and will be considered to be from the same gene family. Gene locus
ID: For tDNAs that belong to the same family, this ID determines each particular gene copy in the
genome. Adapted from (P. P. Chan & Lowe, 2016).
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1.3 tRNA Biogenesis

tRNA biogenesis (Fig. 7) starts with the transcription of tDNA to produce a precursor tRNA (pre-tRNA).
Then, the pre-tRNA is processed, post-transcriptionally modified and aminoacylated to become a mature
and functional tRNA able to perform its main role in translation. Additionally, both pre-tRNA and mature
tRNA molecules can be cleaved into tRNA-derived small RNAs (tsRNAs) that are involved in non-
canonical functions beyond protein synthesis. The following sections will describe the different

processes involved in human tRNA biogenesis.
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Figure 7. Schematic representation of tRNA processing. Transfer RNA (tRNA) biogenesis involves
several key steps: (1) tDNA transcription by RNA polymerase 1l (Pol Ill) to produce a precursor tRNA
(pre-tRNA) sequence. (2) Cleavage of the 5’ leader, 3’ trailer, and intron sequences from the pre-tRNA.
(3) Addition of chemical modifications and the 3’-CCA tail. (4) Attachment of the corresponding amino
acid (aa) to the tRNA by aminoacyl-tRNA synthetases (aaRS) to produce a fully mature tRNA. (A) The
mature tRNA then goes to the ribosome to perform its main function in protein synthesis. (B) Both pre-
tRNA and processed/mature tRNA sequences can be cleaved into tRNA-derived small RNAs (tsRNAs),
which have many functions beyond protein synthesis. Created with BioRender.
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1.3.1 tDNA transcription

The biogenesis of cytoplasmic tRNAs begins with the transcription of nuclear-encoded tDNAs by RNA
polymerase Il (Pol Ill) (Fig. 8). Pol Ill is not only responsible for the transcription of tDNAs but also for
the transcription of other essential small non-coding RNAs, including 5S ribosomal RNA genes (5S
rDNA) and small nuclear RNA genes (RNUs) (Dieci et al., 2013; Turowski & Tollervey, 2016). Pol Ill-
mediated transcription in tDNAs first requires the recognition of two internal conserved promoter
sequences that are located at positions 8-19 (box A) and 52-62 (box B) within the tDNA sequence
(Goodenbour & Pan, 2006). Both sequences are first recognized by the transcription factor TFIIIC (a
six-subunit complex), which then recruits TFIIIB (composed of BRF1 and BDP1). The formation of this
pre-initiation complex facilitates the recruitment of Pol lll, allowing it to initiate transcription and produce
a pre-tRNA (Male et al., 2015; Schramm & Hernandez, 2002). Another well-conserved regulatory feature
is the poly-T tract, found downstream of the tDNA sequences, that consist of a stretch of thymine

residues involved in pre-tRNA transcription termination and stabilization (Hummel et al., 2019).

TFIIB TFIIC

Poly-T tract

| Internal I

promoters

Figure 8. tDNA transcription. This figure illustrates tDNA transcription, highlighting the genomic
regions and enzymes essential for this process. Note that tDNAs refer to DNA sequences that encode
mature tRNA. Created with BioRender.

Unlike nuclear-encoded tDNAs that are transcribed individually, the 22 human mt-tRNAs are transcribed
as a part of two polycistronic transcripts that also contain ribosomal coding sequences. The transcription
is performed by the mitochondrial RNA polymerase (POLRMT) using just two bidirectional promoters
(HSP and LSP). The long polycistronic transcripts from both strands are processed to generate separate
rRNAs, mt-mRNAs, and tRNAs, to then undergo maturation (Ojala et al., 1981; Suzuki et al., 2011).

Regulation of tDNA transcription

The cell has the ability to optimize their tRNA content to match protein synthesis demands or to produce
specific tsRNAs involved in cellular processes beyond protein synthesis (Dittmar et al., 2006; Novoa &
Ribas de Pouplana, 2012; Torres et al., 2019).

In this regard, nuclear tDNA transcription is modulated under different environmental conditions such as
cellular proliferation (Goodarzi et al., 2016), differentiation (Gingold et al., 2014; Van Bortle et al., 2017),
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stress or in a disease context like cancer (Pavon-Eternod et al., 2009; Torrent et al., 2018). Moreover,
the transcriptional activity of tDNAs is cell type- and tissue-specific (Dittmar et al., 2006; Gogakos et al.,
2017; Torres et al., 2019). Interestingly, half of human nuclear-encoded tDNAs were identified as genes
constitutively inactive (Gogakos et al., 2017; Thornlow et al., 2018; Torres, 2019; Torres et al., 2019).
This indicates that even if a tDNA has all the constitutive elements to be transcribed, it will not
necessarily be active (Thornlow et al., 2020). Altogether, these findings underscore the relevance of

understanding the regulatory mechanisms behind tDNA transcription.

Some of the regulatory mechanisms controlling nuclear-encoded tDNA transcription will be explained

below:

Pol lll-dependent regulation

Besides direct regulatory mechanisms such as the interaction between Pol lll, transcription factors and
promoter regions, other indirect factors can also control Pol Ill-mediated transcription. For example, it
has been described how MAF1 represses Pol lll transcription in response to a variety of stresses,
including nutrient deficiency (Gao et al., 2024; Hummel et al., 2019). Furthermore, oncogenic signaling
pathways like AKT-mTOR, RAS-MAPK, NOTCH1, Ras, and MYC can promote Pol Il transcription. By
contrast, the tumor suppressors p53 and Rb are known to negatively regulate Pol Il transcription. In
most cases, this positive and negative regulation of Pol Il is TFIlIB-mediated (Orellana et al., 2022). In
addition, some subunits of Pol Il can be post-transcriptional modified to regulate its transcriptional

activity (Hummel et al., 2019).

Genomic context

The position effect describes how besides the genomic sequence of a gene its expression can be
influenced by its genomic location (Hummel et al., 2019). In this regard, the expression levels of tDNAs
are strongly correlated with CpG (C immediately followed by a G) content in their neighboring regions
(Thornlow et al., 2020). tDNAs located in CG-rich areas are more likely to be expressed, since these
regions often correspond to open chromatin states that facilitate Pol Il binding (Thornlow et al., 2020).
By contrast, inactive tDNAs can contain poly-T stretches in the upstream regions that act as constitutive
Pol 11l termination signals inhibiting transcription (Gao et al., 2024). Altogether, this evidence suggests
that the surrounding context is an important factor in tDNA transcription and can even be used to predict
tDNA activity (Thornlow et al., 2020). Furthermore, recent studies have suggested that as human tDNAs
can be linearly organized into clusters, their proximity could favor tDNA expression through the formation
of ‘transcription factories’ (Gao et al., 2024). This may occur because such proximity facilitates the
recruitment of Pol Il and its corresponding transcription factors to multiple tDNAs simultaneously (Gao
et al., 2024). However, further analyses are needed in order to characterize tDNA clustering and
understand the link between tDNA proximity and tDNA transcription.

Epigenetic context

Epigenetic mechanism influence gene activity without changing the DNA sequence. These mechanisms

include processes such as chromatin remodeling and DNA methylation.
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Chromatin consists of nucleosomes that are segments of DNA wrapped around histone proteins. These
nucleosomes are organized into chromatin fibers, which fold into local short-range interacting structures
named Topologically Associating Domains (TADs) (Dixon et al., 2012). TADs are self-interacting
genomic units that help organize the genome into functional compartments. Furthermore, regions that
are more distant from each other can interact through long-range interactions shaping the 3D
organization of the genome (Rowley & Corces, 2018). These physical contacts can influence many
cellular processes, such as DNA replication, transcription and repair (Supek & Lehner, 2015). For
instance, according to the chromatin configuration the genome is divided into replication domains. Each
of these domains duplicates the DNA at a specific point during the S phase (Synthesis phase) of the cell
cycle. This temporal regulation of DNA replication is tightly linked to transcriptional activity, as studies
have consistently shown that early-replicating regions are often associated with active gene expression
(Maric & Prioleau, 2010; Mdaller & Nieduszynski, 2017; Rhind & Gilbert, 2013). These regions are
characterized by open chromatin (euchromatin), which is less condensed to be more accessible for
replication and transcription machinery. In contrast, late-replicating regions are frequently linked to
repressed gene expression with closed chromatin (heterochromatin) structures. This relationship also

shows how replication timing can be used as a proxy for gene activity (Supek & Lehner, 2015).

Evidence supports that the transcription of tDNAs can be regulated in different ways based on their
three-dimensional chromatin organization. For instance, in Saccharomyces cerevisiae, although tDNAs
are dispersed around the genome, the tDNAs appear clustered at the nucleolus together with other Pol
lll-transcribed genes to promote tDNA transcription (Good et al., 2013; Thompson et al., 2003). The
topological association of tDNAs has been observed in humans, particularly in a study on human
macrophages differentiation (Van Bortle et al., 2017). They reported that the organization of tDNAs into
TADs contributes to the regulation of tDNA transcription during macrophage differentiation.
Furthermore, tDNAs undergo long-range interaction, and changes in their 3D organization influence
their transcriptional levels, highlighting the role of chromatin architecture in adjusting tRNA pools to meet

protein synthesis needs (Van Bortle et al., 2017).

DNA methylation is a gene silencing mechanism that represses the transcription of genes through the
addition of a methyl group, typically at cytosine bases in CpG (Moore et al., 2013). In cattle, alterations
in the methylation patterns of tDNA clusters alter tRNA abundance, which affects protein synthesis and
correlates with large offspring syndrome (Goldkamp et al., 2022). In plants, tDNA clusters expression is
silenced via CpG methylation (Hummel et al., 2019). In humans, changes in tDNA expression controlled
by methylation processes are related to cancer progression and aging. For example, it has been
reported that hypermethylation at tDNA loci increases with age in humans, which leads to transcriptional
repression of specific tDNAs (Acton et al., 2021). As well, shifts in tDNAs methylation levels contribute

to changes in tRNA abundances observed in cancer cells (Rossello-Tortella et al., 2022).

In summary, the regulation of nuclear-encoded tDNA transcription is a complex, multi-layered process
that go from the regulation of individual genes to short-range interactions and long-range coordination
of dynamic tDNA expression (Gao et al., 2024; Torres et al., 2019; Van Bortle et al., 2017).
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1.3.2 Pre-tRNA processing

After transcription the obtained pre-tRNA molecules are processed to obtain a mature and active tRNA
(Fig. 9). The processing of pre-tRNAs begins in the nucleus with the removal of non-functional
sequences for mature tRNA. These sequences are the 5' leader and the 3' trailer, which consist of
sequences with an average length of 10 and 6 nucleotides, respectively. In some tRNAs the trailer
lengths show a broader distribution that can extend to 40 nucleotides (Gogakos et al., 2017). First, the
5’ leader sequence is cleaved by the enzyme Ribonuclease P (RNase P). Then, ElaC Ribonuclease Z
2 (ELAC2), the human homolog of Ribonuclease Z (RNase Z), trims the 3' trailer sequence (Xue et al.,
2024). Additionally, in humans, approximately 30 tRNAs have introns that need to be removed (C. A.
Schmidt & Matera, 2020; Yoshihisa, 2014). Introns vary in length from 6 to 133 nucleotides and always
start at the canonical site between nucleotides 37 and 38 (P. P. Chan & Lowe, 2016; Yoshihisa, 2014).
The removal of the intron is carried out by the tRNA splicing endonuclease complex (TSEN) (Yuan et
al., 2023). Additionally, a guanosine is added to the 5’ end only in tRNAs for histidine (tRNA-His), which
is a modification essential the aminoacylation of those tRNAs (Rudinger et al., 1994). Finally, a CCA
sequence is added to the 3' end by tRNA nucleotidyltransferase, commonly known as the CCA-adding

enzyme. This modification is crucial for amino acid attachment to tRNA (Betat & Morl, 2015).

Precursor tRNA Processed tRNA
(pre-tRNA) ® 3
3' Trailer (©)
5' Leader

ELAC2/ © addi
8 RNase Z Q C%ﬁfy%jlen 9

Figure 9. Processing of the precursor tRNA (pre-tRNA) sequence. The illustration shows the
processing of pre-tRNA sequence. Processing includes the cleavage of the 5’ leader and 3’ trailer, as
well as the removal of intron sequences. Created with BioRender.
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1.3.3 tRNA chemical modifications

tRNAs are known as the most chemically modified RNAs in the cell, with over 100 different types of
chemical modifications identified across all domains of life (Pan, 2018). While some modifications are
conserved and found universally in Bacteria, Archaea, and Eukarya, others are domain-specific,
highlighting their diverse functional roles (de Crécy-Lagard & Jaroch, 2021; Machnicka et al., 2014). In
human cells, nuclear tRNAs contain an average of 13 modifications (Fig. 10), whereas mitochondrial
tRNAs are less modified, with an average of 5 modifications per molecule (Pan, 2018). The functional
impact of tRNA modifications varies depending on their location. Modifications in the anticodon loop are
essential for codon recognition and translation efficiency, while those in the tRNA body contribute to
tRNA structure, stability, localization, interaction with the ribosome and efficient aminoacylation (Pan,
2018; Suzuki, 2021; Torres et al., 2014a).

The complexity of tRNA modifications ranges from simple to complex and large base
hypermodifications, whose synthesis often requires a whole cascade of enzymatic reactions. The set of
modifications that can be found in a tRNA molecule include methylation, acetylation, deamination,
isomerization, glycosylation, thiolation and pseudouridylation (Suzuki, 2021), each of them produced by
a specific enzyme (Boccaletto et al., 2022; de Crécy-Lagard et al., 2019).

i mecm®Um  Q : LA mll :
i mem’s?U manQ | (m°t°A  OHyW |
ol galQ | (ms’t’A o yW |

Figure 10. Post-transcriptional chemical modifications in human tRNAs. The positions reported to
be modified are numbered, and the corresponding modifications are indicated with the corresponding
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symbol. The modification at position -1 is specific of tRNA-His. Modification abbreviations are: ac*C (N4-
acetylcytidine), acpU (3-amino-3-carboxypropyluridine), Cm (2'-O-methylcytidine), D (dihydrouridine),
f*Cm (5-formyl-2'-O-methylcytidine), galQ (galactosyl-queuosine), Gm (2-O-methylguanosine), hm°>C
(5-hydroxymethylcytidine), hm®*Cm (2'-O-methyl-5-hydroxymethylcytidine), | (inosine), i®A (N6-
isopentenyladenosine), m'A (1-methyladenosine), manQ (mannosyl-queuosine), m3C (3-
methylcytidine), m®C (5-methylcytidine), mchm®U ((carboxyhydroxymethyl)uridine methyl ester),
mcm?®s2U  (methoxycarbonylmethyl-2-thiouridine), mcm®U (methoxycarbonylmethyluridine), m'G (1-
methylguanosine), m?G (N2-methylguanosine), m22G (N2,N2-dimethylguanosine), m’G (7-
methylguanosine), m'l (1-methylinosine), mpG (5-methylphosphoguanosine), ms?°A (2-methylthio-N6-
isopentenyladenosine), ms?t°A (2-methylthio-N6-threonylcarbamoyladenosine), mét®A (N6-methyl-N6-
threonylcarbamoyladenosine), m®U (5-methyluridine), m®*Um (2'-O-methyl-5-methyluridine), ncm°U
(carbamoylmethyluridine), OHyW (hydroxywybutosine), 02yW (peroxywybutosine), Q (queuosine), t°A
(N6-threonylcarbamoyladenosine), Um (2-O-methyluridine), Y (pseudouridine), W¥m (2'-O-
methylpseudouridine). Adapted from (Suzuki, 2021).

134 and decoding expansion

As aforementioned, modifications in the anticodon of tRNAs play a crucial role in translation fidelity and
efficiency. One of the most important modifications in tRNAs is the deamination of adenosine (A34) to
inosine (134) at the first position of the anticodon (Gerber & Keller, 1999; Srinivasan et al., 2021), referred
to as the "wobble position" (Crick, 1966). This A-to-1 editing expands the decoding capacity of tRNAs by
enabling non-Watson-Crick codon-anticodon pairing. Specifically, tRNAs with A34 (A34-tRNAs) can
only decode U-ended codons, whereas tRNAs with 134 (134-tRNAs) can decode U-, A- and C-ended
codons, allowing a single tRNA to be able to pair with multiple mRNA codons (F. H. Crick, 1966).

In Bacteria, 134 is commonly found in tRNA-Arg-ACG and less frequently, in tRNA-Leu-AAG as observed
in Oenococcus oeni and Streptococcus pyogenes (Rafels-Ybern et al., 2019, 2018; Srinivasan et al.,
2021; Wulff et al., 2024). In contrast, in Eukarya 134 is found in eight tRNA isoacceptors, including
threonine (T), alanine (A), proline (P), serine (S), leucine (L), isoleucine (l), valine (V), and arginine (R),
referred as ‘TAPSLIVR'. Specifically in the isodecoders tRNA-Thr-AGT(IGU), tRNA-Ala-AGC(IGC),
tRNA-Pro-AGG(IGG), tRNA-Ser-AGA(IGA), tRNA-Leu-AAG(IAG), tRNA-lle-AAT(IGU), tRNA-Val-
AAC(IAC), and tRNA-Arg-ACG(ICG) (Rafels-Ybern et al., 2015). The enzyme responsible for A-to-I
editing in Bacteria is a homodimeric tRNA-specific deaminase, known as TadA. In eukaryotes, A-to-I
editing is catalyzed by the enzyme adenosine deaminase acting on tRNA (ADAT). ADAT is a
heterodimer that emerged early in eukaryotic evolution from the bacterial TadA through a gene
duplication event, resulting in the heterodimeric ADAT composed by ADAT2 and ADAT3 (Gerber &
Keller, 1999; Torres et al., 2014b; Wolf et al., 2002). While ADAT2, is considered the catalytic subunit,
ADATS3 provides binding and structural support (Srinivasan et al., 2021).

Bacteria commonly use G34-tRNAs to decode TAPSLIVR codons, while Eukarya primarily use 134-
tRNAs (Maraia & Arimbasseri, 2017; Rafels-Ybern et al., 2015, 2019, 2018). The widespread use of 134

in eukaryotes influenced genome evolution, particularly in the context of codon usage and tDNA
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abundance. Because this modification enables a single tRNA to recognize multiple codons, Eukaryotic

genomes favor codons that correspond to A34, contributing to codon bias (Novoa et al., 2012).

Inosine can also be found at other positions in tRNA. For example, m'I37 (1-methylinosine at position
37) has been identified exclusively in eukaryotic tRNA-Ala. Although m'I37 is not located in the
anticodon itself, it is situated within the anticodon loop and plays a role in ensuring accurate decoding
by stabilizing codon-anticodon pairing (Han & Phizicky, 2018; Suzuki, 2021). This modification is
catalyzed by the homodimeric enzyme ADAT1 (Torres et al., 2014b).

1.3.4 tRNA aminoacylation

Aminoacylation refers to the attachment of the cognate amino acid at the 3’ end of the tRNA to produce
aminoacyl-tRNA (aa-tRNA). This reaction is produced by aminoacyl-tRNA synthetases (aaRS) and
takes place in the cytoplasm after the export of processed tRNA from the nucleus. The aminoacylation
of the tRNA involves two major steps (Alberts et al., 2002) (Fig. 11).

First, the amino acid is attached to the aaRS through an ATP-dependent reaction that allows the
formation of aminoacyl-adenylate (aa-AMP). The aa-AMP works as an intermediate molecule for aaRS
to attach the amino acid to the corresponding tRNA. For a limited number of aaRS, tRNA binding is
required prior to aa-AMP formation (Rubio Gomez & Ibba, 2020). The recognition of the tRNA by aaRS
is guided by identity elements that can be located in different regions of the tRNA such as the acceptor
stem, the anticodon loop, or the D-loop. This implies that each of the 20 amino acids has a specific
synthetase that recognizes both the cognate amino acid and its corresponding tRNA to ensure an
accurate and specific pairing (Giegé & Eriani, 2023; Ibba & Séll, 2000). Whereas the anticodon bases
are the primary identity element for many tRNAs, the nucleotide in the acceptor stem at position 73 is

considered a “discriminator base” that also determines the recognition by aaRS (Giege et al., 1998).

Second, after the recognition of the specific tRNA by the aminoacyl-tRNA synthetase and thanks to the
reactivity properties of the 3’-CCA tail, the amino acid is transferred from the aa-AMP to the tRNA
producing an aminoacyl-tRNA (aa-tRNA). As a result, AMP is released from aaRS and the aa-tRNA
dissociates from the aaRS, ready to be delivered to the ribosome for protein synthesis (Alberts et al.,
2002).
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Aminoacyl-tRNA

Aminoacid + ATP + aaRS

@) 08
'

Figure 11. Aminoacylation reaction. Schematic representation of the aminoacylation of the tRNA, in
which the tRNA is paired with its cognhate amino acid by aminoacyl tRNA synthetase (aaRS). Created
with BioRender.

1.3.5 tsRNAs processing

tRNAs have another layer of complexity, as they can be further processed into tsSRNAs. tsRNAs can be
divided into two main subgroups: tRNA-derived fragments (tRFs) and tRNA halves (also known as
stress-induced RNAs or tiRNAs) (P. Anderson & Ivanov, 2014; Y. S. Lee et al., 2009; Oberbauer &
Schaefer, 2018; Telonis et al., 2015) (Fig. 12).

tRFs (~12-30 nt) can be categorized based on their origin within the precursor and mature tRNA
molecule (P. Anderson & Ivanov, 2014; Y. S. Lee et al., 2009; Oberbauer & Schaefer, 2018; Telonis et
al., 2015). These categories include tRF-1 (or 3' U-tRFs), derived from precursor tRNA ftrailer
sequences; 5' leader-exon tRFs, which contain both leader and exon sequences from pre-tRNA; tRF-2,
produced by cleavage of the anticodon loop; internal tRFs (i-tRFs), derived from sequences within the
mature tRNA, specifically containing part of the sequence of the anticodon loop; and finally, tRF-3 and
tRF-5, which originate from the 3' and 5' ends of mature tRNAs. As well, tiRNAs (~30-50 nt) can be
classified into two primary types based on their origin from the mature tRNA: 5' halves (5' tiRNAs), which
derive from the 5' end of the tRNA up to the anticodon loop, and 3' halves (3' tiRNAs), which originate
from the anticodon loop to the 3' end. Furthermore, a specialized type, SHOT-RNAs (Sex HOrmone-
dependent TRNA-derived RNAs) , is recognized as a subset of tiRNAs whose production is specifically

regulated by sex hormones (Honda et al., 2015).
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Figure 12. Biogenesis and classification of tRNA-derived small RNAs (tsRNAs). The schema
describes the classification of tsRNAs from both pre-tRNA and mature sequences. Enzymes involved
in tRNA molecule cleavage are also included. The enzymes that participate in pre-tRNA cleavage and
the production of tsRNAs containing precursor sequences are RNase P, TSEN, and ELAC2 (also named
RNase Z). The enzymes that participate in the production of tsSRNAs derived from mature sequences
are Dicer and angiogenin (ANG). Created with BioRender.

The production of tsRNAs is orchestrated by different ribonucleases (RNases), including RNase
Z/ELAC2 (Y. S. Lee et al., 2009), Dicer, and angiogenin (ANG) (lvanov et al., 2011; Kumar et al., 2014,
2016; Su et al., 2019) (Fig. 12). In humans tRF-1 is produced during the processing of pre-tRNA
sequences by ELAC2 (Y. S. Lee et al., 2009). Then, the fragments derived from mature sequences (i-
tRF, tRF-2, tRF-3, and tRF-5) result from the cleavage produced by ANG and Dicer. tiRNAs are divided
into two major subtypes, 5' tiRNA and 3' tiRNA, which are derived from mature tRNAs cleaved by ANG
at the anticodon loop (P. Anderson & Ivanov, 2014). Although tsRNAs seem to be extensively described,
in some cases the enzyme or mechanism responsible for the cleavage of specific tsSRNAs is still

unknown.

tRNA Modifications can influence the cleavage of tsRNAs. In most cases, modifications prevent the
formation of tRFs, offering protection from cleavage. For example, m5C38 maodification, prevents the
cleavage produced by ANG under oxidative damage (Schaefer et al., 2010). In that sense, hypo-
modified tRNAs can become more vulnerable to degradation or fragmentation by various ribonucleases
(Su et al., 2020).
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1.4 Canonical function of tRNAs: Translation

After achieving its mature and active form through several processing steps, tRNA is ready to perform
its main role in translation. Translation occurs in three main steps: initiation, elongation, and termination
(Alberts et al., 2002).

Translation initiation is mediated by eukaryotic translation initiation factors (elFs) that promote the
recognition of the start codon (AUG) on the mRNA by a specialized initiator methionine tRNA (tRNA-
iMet). This signals the recruitment of the ribosomal subunits (60s and 40s) to produce a functional

ribosome (80s) ready to begin protein synthesis (Sonenberg & Hinnebusch, 2009).

Next, elongation begins with the recruitment of eukaryotic translation elongation factors (eEFs) (Rodnina
& Wintermeyer, 2016). The polypeptide chain elongates as the ribosome moves along the mRNA one
codon at a time. In this process, tRNA anticodon base-pair with the cognate mRNA codon and enter the
ribosomal acceptor aminoacyl site (A-site) (Fig. 13). The amino acid carried by the tRNA is then
transferred to the growing polypeptide chain located at the peptidyl site (P-site), a reaction catalyzed by
the ribosome. The now uncharged tRNA shifts to the exit site (E-site) and leaves the ribosome (Beringer
& Rodnina, 2007). The ribosome then moves to the next codon and the A-site is empty and available
for the next aa-tRNA.

The final step, termination, occurs when the ribosome encounters one of the stop codons (UAA, UAG,
or UGA) in the mRNA. Release factors (eRFs) bind to the stop codon, signaling the ribosome to stop
translation. This promotes the hydrolysis of the bond between the polypeptide chain and tRNA in the P

site, leading to the release of the synthesized protein (Schuller & Green, 2018).
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Figure 13. Translation machinery. Schematic representation of the decoding process of mRNA
produced in the ribosome. The representation includes the sites for tRNA binding and release, including
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the aminoacyl site (A-site), where the aminoacyl-tRNA is located; the peptidyl site (P-site), which
contains the growing polypeptide chain; and the exit site (E-site), where the deacylated tRNA leaves.
Created with Biorender.

Codon usage bias, tRNAs, translation efficiency and fidelity

Codon usage bias is the phenomenon where genomes, genes, and even localized mRNA regions exhibit
a non-random preference for specific synonymous codons (i.e., codons coding for the same amino acid)
(Ikemura, 1985; Parvathy et al., 2022). The preference for particular codons, directly influences the
speed, efficiency and accuracy of protein synthesis (Novoa & Ribas de Pouplana, 2012; Quax et al.,
2015; Weinberg et al., 2016). The core of this influence stems from the interplay with tRNA availability,
as the specific codons within a gene sequence dictate which tRNAs are going to be needed. Although
a strong correlation between tRNA abundance, tRNA gene copy number, and codon usage is well
established in eubacteria, it is still uncertain how much this relationship holds true in eukaryotic genomes
(Bermudez-Santana et al., 2010; Ikemura, 1985; Sabi & Tuller, 2014; Spencer et al., 2012). The
widespread use and functional relevance of inosine in eukaryotes helps explain why the correlation
between tDNA copy number and codon usage is often weaker. This is because inosine at the wobble
position expands the decoding capacity, which enables a single tRNA to pair with multiple codons, so
fewer distinct tRNA genes are required to decode the entire set of codons (Novoa et al., 2012; Rafels-
Ybern et al., 2018).

Furthermore, cells often increase the supply of tRNAs that match frequently used, or optimal codons,
leading to faster and more efficient protein synthesis, especially in highly expressed genes (Novoa &
Ribas de Pouplana, 2012). To speed translation some regions of the gene present the same codon in
close proximity to allow tRNA recycling (Ingolia et al., 2009). Interestingly, it has been observed that
proteins with similar functions or related to the same biological pathway can be enriched in the same
type of codons. This highlights how codon bias can be used as a strategy to optimize the translation of
a specific set of MRNAs (Novoa & Ribas de Pouplana, 2012; Presnyak et al., 2015). In contrast, non-
optimal codons, characterized by lower tRNA availability, can slowdown translation. In some scenarios,
the slowdown of translation is needed to facilitate co-translational folding by allowing nascent proteins
more time to form correct structures in order to prevent misfolding (Novoa & Ribas de Pouplana, 2012).
In other instances, non-optimal codons can decrease translation fidelity leading to the erroneous
incorporation of an amino acid (i.e., mistranslation) (Akashi, 1994; Drummond & Wilke, 2008; Hanson &
Coller, 2018). In this scenario, mistranslation will occur because if the cognate tRNA is not available,
the translation machinery will be forced to use a non-cognate tRNA, adding to the polypeptide an
incorrect amino acid (Akashi, 1994).

There are proteins with a highly biased or repetitive composition of amino acids in specific regions, that
are known as ‘low-complexity’ domains (Mier et al., 2020). The mRNA region from low-complexity
domains corresponds to codon stretches with a strong codon bias that can impair translation, acting as

non-optimal codons. When specific regions of an mRNA are enriched in particular codons, the
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corresponding cognate tRNA may not be available at the necessary speed, which leads to ribosomal
stalling and the consequently slowdown of in translation (Frugier et al., 2010; Lassak et al., 2016). Low-

complexity domains can also produce mistranslation (Davies & Rubinsztein, 2006).

Altogether, these observations underscore that, especially in Eukarya, ensuring an efficient translation
of all codons to promote stable protein synthesis depends on maintaining the interplay between tDNA
copy number, tDNA transcription, codon usage bias, and decoding expansion through base
modifications (Novoa & Ribas de Pouplana, 2012; Quax et al., 2015; Rafels-Ybern et al., 2019, 2018;
Torres et al., 2019). As previously noted, changes in any of these factors can result in mistranslation.
However, mistranslation can occur through multiple mechanisms, including the reduced availability of
cognate tRNAs, mis-aminoacylation of tRNAs by aaRSs or ribosome-induced mRNA misreading
(Schuntermann et al., 2024).

Interestingly, tRNA-mediated mistranslation can be genetically encoded. While both the acceptor stem
and the anticodon are an identity element in most tRNAs, for tRNA-Ala, tRNA-Leu, tRNA-Ser and tRNA-
Tyr, their respective aaRS recognize the acceptor stem rather than the anticodon (Giegé & Eriani, 2023;
Ibba & Soll, 2000). If mutations occur in the anticodon of these isoacceptors, they can still be
aminoacylated with the corresponding amino acid, producing a ‘chimeric tRNA’ (i.e., tRNA that carries
a specific amino acid but recognizes a different mMRNA codon) (Geslain et al., 2010). Therefore, chimeric
tRNAs can produce amino acid substitutions across the proteome, resulting in widespread
mistranslation (Geslain et al., 2010; M. Santos et al., 2018). Surprisingly, tDNA anticodon variants exist
within the population, and among these, variants for tRNA-Ala, tRNA-Ser, and tRNA-Leu produce
nonsynonymous anticodons, which results in the presence of genetically encoded chimeric tRNAs (Lant
et al., 2019; Schuntermann et al., 2024). An analysis of 1000 Genomes Project data revealed 14 unique
nonsynonymous anticodon variants within these tRNAs. While most of these nonsynonymous anticodon
variants were rare (present in less than 1% of the individual), one tRNA-Ala variant, which contains a
mutation that leads to a Gly anticodon, was found in more than 6% of 1000 individuals. However,

evidence linking these chimeric tRNAs with protein synthesis alterations is still lacking (Lant et al., 2019).

The biological impact of mistranslation depends on the specific codon that is mistranslated and the
amino acid that is misincorporated. Moreover, tDNA copy number can “buffer” the effects of chimeric
tRNAs and mitigate mistranslation (Lant et al., 2019). Additionally, mistranslation tolerance can be
determined by the inherent characteristics of the species in which it takes place (Schuntermann et al.,
2024). For example, in bacteria, Pro-to-Thr mistranslation, is significantly more detrimental to cellular
function than either Pro-to-Ala or Pro-to-Asn (Schuntermann et al., 2023). Whereas, in yeast, the degree

of toxicity relies on the specific Ala codon that undergoes mistranslation (Cozma et al., 2023).

Mistranslation events can lead to deleterious alterations. For instance, in mice, Ala-to-Ser mistranslation
produces the accumulation of misfolded proteins that lead to neurodegeneration and
cardioproteinopathies (J. W. Lee et al., 2006; Y. Liu et al., 2014). In zebrafish, chimeric tRNAs that
misincorporate Ser at non-cognate codon sites were shown to alter protein synthesis. Those specific

tRNAs were proposed to be drivers of progressive cellular degeneration and disease through
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mechanisms that involve protein aggregation, mitochondrial dysfunction, and genome instability
(Reverendo et al., 2014).

In other instances, mistranslation may be used as a mechanism to overcome unfavorable environmental
or physiological changes (Correia et al., 2024; Miranda et al., 2007; Mohler & Ibba, 2017; Netzer et al.,
2009; Pan, 2013; Ribas de Pouplana et al., 2014; Schuntermann et al., 2024). Certain organisms can
tolerate high degrees of mistranslation and use mistranslation as a source of proteome diversity. In this
regard, mistranslation can be used under cellular stresses, such as nutrient deprivation, exposure to
antibiotics, or chemical and immune-related stressors, by organisms to adapt to new cellular demands
(Ribas de Pouplana et al., 2014). For example, in mammalian cells, exposure to oxidative stress can
induce mistranslation by promoting the incorporation of Met at non-cognate sites. Given that Met has
antioxidant properties, it could be used to protect proteins from oxidative damage (Netzer et al., 2009).
A different type of adaptive strategy is found in Candida albicans, where a unique form of controlled
mistranslation serves as an adaptive strategy. In most organisms, the CUG codon is translated to the
amino acid Leu. However, in C. albicans, the CUG codon is translated as a mix of Ser and Leu (M. A.
S. Santos & Tuite, 1995). This generates diverse protein forms from a single gene, providing a
mechanism for proteome plasticity (Miranda et al., 2013). This ability to create protein variety allows C.
albicans to quickly adapt to environmental stresses, including the development of drug resistance, such
as fluconazole (Bezerra et al., 2013; Weil et al., 2017). Another example of mistranslation has been
described for chimeric tRNAs that produce Ser-to-Ala misincorporation, which increases cell
proliferation, producing faster-growing tumors in mice, suggesting that mistranslation can be
advantageous in the context of cancer (M. Santos et al., 2018). In this regard, aberrant peptides
produced by mistranslation may enable cancer cells to acquire new properties that support tumor

progression (M. Santos et al., 2019; Weller et al., 2025).
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1.5 Non-canonical functions of tRNAs: Beyond translation

Beyond their role as genetic code decoders, tRNAs are implicated in multiple biological processes.
Some of these processes can be attributed to full-length tRNAs, including the control of apoptosis
pathways, modification of proteins through arginylation or acting as sensors for amino acid starvation
(Avcilar-Kucukgoze & Kashina, 2020; R. Gupta & Laxman, 2020). tRNAs can be processed into tsRNAs
that are also involved in a wide range of functions, including gene silencing, translational regulation, cell
signaling, cell survival, apoptosis, and amino acid metabolism (P. Anderson & Ivanov, 2014; Raina &
Ibba, 2014; Schimmel, 2018; Sheppard et al., 2008; Soares & Santos, 2017; Su et al., 2020).
Furthermore, tDNAs are involved in other cellular processes related to genome organization (Raab et
al., 2012).

1.5.1 The roles of tsRNAs

As mentioned previously, both pre-tRNA and mature tRNAs can be cleaved into tsRNAs (P. Anderson
& Ivanov, 2014; Y. S. Lee et al., 2009; Pandey et al., 2021). Those tRNA-derived products have non-
related mRNA decoding functions and are implicated in different biological contexts (lvanov et al., 2011;
Raina & Ibba, 2014; Su et al., 2020).

For instance, tsRNAs have emerged as potential regulators of gene silencing, mimicking the functions
of microRNAs (Kumar et al., 2014; Kuscu et al., 2018). Like microRNAs counterparts, tsSRNAs are able
to associate with argonaute (Ago) proteins or PIWI proteins, to produce the core of gene-silencing
complexes (Raina & Ibba, 2014). In those gene-silencing complexes, tsRNAs act as guides to identify
specific MRNAs based on sequence complementarity. This targeting can effectively silence or repress
mRNA, avoiding the production of the corresponding protein. This mechanism is particularly used by
the cell under stress conditions, where tsRNAs can contribute to reprogramming gene expression, which
can help cells to deal with new protein demands. Besides silencing mRNAs, tsRNAs can also regulate

translation initiation and inhibit ribosome biogenesis (Ivanov et al., 2011; Prehn & Jirstrém, 2020).

Beyond their role in translation regulation, tsSRNAs are involved in a variety of cellular processes,
including cell cycle control, apoptosis inhibition, and cell-cell communication, mediated by tsRNAs found
within extracellular vesicles (Kumar et al., 2016; Oberbauer & Schaefer, 2018; Raina & Ibba, 2014; Su
et al., 2020). Furthermore, many tRFs have been described to be involved in disease (P. Anderson &

Ivanov, 2014). To date, new functions continue to be attributed to tsRNAs.
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1.5.2 tDNAs in genome organization

As described previously, numerous tDNAs are conserved within the genome despite remaining
untranscribed and functionally inactive (Torres, 2019). Altogether, these observations suggest that
nuclear-encoded tDNAs (both transcriptionally active and silent ones) may be playing other roles.
Indeed, multiple studies have demonstrated that tDNAs play important roles in genomic organization,
regulation, and stability (Guimaraes et al., 2021; Hamdani et al., 2019; lwasaki et al., 2020; McFarlane
& Whitehall, 2009; Raab et al., 2012; Sizer et al., 2022; Van Bortle & Corces, 2012; Van Bortle et al.,
2017).

Regions containing tDNAs are described as conserved genomic boundary elements, which separate
chromatin into domains, preventing one domain from influencing its neighbors (McFarlane & Whitehall,
2009; Raab et al., 2012; Sizer et al., 2022). tDNAs can behave as chromatin insulators, also known as
heterochromatin barriers (McFarlane & Whitehall, 2009; Raab et al., 2012; Sizer et al., 2022). For
example, in tDNAs the Pol Ill transcription machinery can recruit protein complexes that organize and
condense DNA (e.g. cohesin and condensin), blocking the spread of heterochromatin in yeast
(Guimaraes et al., 2021). Additionally, tDNAs participate in the spatial organization of the genome. In
many organisms, despite being linearly dispersed, tDNAs can be found clustered together in the three-
dimensional space and can present local and long-range interactions (Dixon et al., 2012; Hamdani et
al., 2019; lwasaki et al., 2020; Van Bortle et al., 2017).

Under specific conditions, tRNAs may influence recombination events and contribute to genomic
instability. As tDNAs are multi-copy genes spread through the genome, they can generate homologous
regions that can act as substrates for recombination, acting similarly as SINEs, which are derived from
tDNAs (Kramerov & Vassetzky, 2011; McFarlane & Whitehall, 2009). Furthermore, tDNA transcription
by Pol lll can interfere with the progression of DNA replication forks, contributing to genome instability
and the formation of genomic fragile sites (Bermudez-Santana et al., 2010; McFarlane & Whitehall,
2009; Yeung & Smith, 2020).
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1.6 tRNAs in disease

Alterations in tRNAs, occurring at any point of tRNA biogenesis, including transcription, pre-tRNA
processing, aminoacylation, chemical modifications, and tsRNA production have been linked to many
diseases including diabetes, cancer and neurological disorders (P. Anderson & Ivanov, 2014; Orellana

et al., 2022; Torres et al., 2014a). In this thesis, we mainly focus on the following diseases:

1.6.1 134 in human disease

As previously mentioned, inosine at position 34 (134) is an essential modification that enables the
decoding expansion of tRNAs. Alterations in the subunits of ADAT (Gerber & Keller, 1999; Torres et al.,
2014b), the enzyme responsible for this modification, have been linked to neurological disorders (Torres
et al., 2014a). For instance, a mutation in ADAT3 that produces a change between valine to methionine
at position 144 (V144M), was previously associated with intellectual disability and strabismus (Alazami
et al., 2013; Salehi Chaleshtori et al., 2018; Thomas et al., 2019). Another ADAT3 mutation consists of
an 8-nucleotide duplication that leads to altered protein structure and is associated with intellectual
disability and hyperactivity (Salehi Chaleshtori et al. 2018). Furthermore, mutations affecting the
deaminase domain of ADAT3 were detected in two siblings who exhibited developmental delay,
abnormal brain structure, and intellectual disability, among other disorders (Thomas et al., 2019).
Alterations in any of the subunits of ADAT could impair A-to-l editing, reducing the availability of 134-
tRNAs within the cell.

Given that genes exhibit specific codon usage bias, a deficiency of I134-tRNAs could selectively impact
proteins enriched in codons that are preferentially decoded by 134-tRNAs, referred to as ADAT-sensitive
codons or TAPSLIVR codons (Rafels-Ybern et al., 2015). Those proteins could be linked to specific
pathways that when altered produce phenotypes related to neurological diseases. However, the full

functional relevance of I134-tRNAs in human cells is still not completely understood.

1.6.2 tRNAs in cancer

Cancer is a multifaceted disease characterized by uncontrolled cell proliferation. In order to support their
rapid division, cancer cells require a constant supply of proteins. Consequently, cancer cells frequently
upregulate the expression of tDNAs to ensure an efficient translation of the mRNAs required for
continued cell growth and cell division (Goodarzi et al., 2016; T. Gupta et al., 2022; Pavon-Eternod et
al., 2009; Pinzaru & Tavazoie, 2023; Z. Zhang et al., 2018). As mentioned previously, overexpression

of tRNA levels via Pol Il regulation is an important mechanism in the control of tumorigenesis, as several
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well-known oncoproteins and tumor suppressors can modulate Pol Il activity (Hummel et al., 2019;
Orellana et al., 2022).

Changes in the biogenesis of tRNAs are also related with tumor development and progression. For
instance, alterations in tRNA modifications, in most cases produced by aberrant expression of
modification enzymes have been linked to cancer (Torres et al., 2014a). Specific tRNA isoacceptors and
post-transcriptional base modifications regulate cancer cell survival and influence metastatic potential
by controlling the translation of genes related with proliferation (Earnest-Noble et al., 2022; Garcia-
Vilchez et al., 2023). Furthermore, tsRNAs have emerged as significant players in almost all major
cancers (P. Anderson & lvanov, 2014; Pekarsky et al., 2023; Soares & Santos, 2017). As an example,
a well-known 3' U-tRF (identified as tRF-1001), which is processed from pre-tRNA-Ser, is prevalent in
various cancer cells and appears to play a significant role in promoting proliferation in prostate cancer
(Y. S. Leeetal., 2009). This underscores that the overexpression of tRNAs in cancer can also be related

to non-canonical tRNA functions (Cabrelle et al., 2024; Huang et al., 2018).

As mentioned previously, cancer cells can benefit from mistranslation (Kochavi et al., 2024; M. Santos
et al., 2018). This phenomenon allows cancer cells to acquire aberrant proteins, increasing proteome
diversity produced by non-genetic alterations of protein-coding genes (Weller et al., 2025). Therefore,
mistranslation could enable the production of oncoproteins (e.g., modifying the polypeptide sequence of
signaling or regulatory proteins). Mistranslation can occur due to a dysregulation of the tRNA pool, which
can increases the provability to introduce non-cognate amino acids during translation (M. Santos et al.,
2019; Weller et al., 2025). For example, metabolic and therapeutic stresses, such as chemotherapy,
induce aberrant protein production through altered tRNA pool (Kochavi et al., 2024; Wernaart et al.,
2024; C. Yang et al., 2024). Therefore, alterations in the tRNA pool could be used by cancer cells as a
mechanism for adaptive mistranslation to reshape the cancer proteome and support tumor adaptation

and therapy resistance.
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1.7 Experimental and computational challenges in tRNA

analysis

To fully understand tRNA biology and its role in disease, several tools have been developed to analyze
the tRNA pool. However, due to the inherent complexity of tRNA biology characterizing the tRNA pool

is quite complex and is often followed by numerous experimental and computational challenges.

Nowadays, the detection of tRNA modifications and the quantification of tRNAs can be achieved through
different methodologies. For instance, tRNA modifications can be identified and quantified using liquid
chromatography coupled with mass spectrometry (LC/MS) (C. T. Y. Chan et al., 2010), whereas tRNA
quantification can be achieved through microarrays (Dittmar et al., 2005; Pavon-Eternod et al., 2010).
However, the gold standard methodology used to characterize the tRNA pool is high-throughput
sequencing of small RNA sequences (tRNA-Seq) (Cozen et al., 2015; Gogakos et al., 2017; Hu et al.,
2021; Shigematsu et al., 2017; Zheng et al., 2015). This is because tRNA-Seq can quantify tRNA
abundance and detect tRNA modifications simultaneously. However, several experimental caveats
need to be addressed when working with tRNA-Seq data. Those caveats come from the tRNA biology
itself. For instance, post-transcriptional modifications in tRNAs can hinder the reverse transcription step,
which is crucial to obtain complementary DNA (cDNA) from tRNA for sequencing (Fig. 14). These
modifications can cause the reverse transcriptase (RT) enzyme to stall or stop prematurely, leading to
"RT-blocks", which results in truncated cDNA fragments that produce short sequencing reads that do
not represent full length tRNAs (Torres et al., 2019). In other cases, instead of pausing RT, some
modifications can cause the reverse transcriptase to insert an incorrect nucleotide, leading to
misincorporations (W. Zhang et al., 2022) (Fig. 14). Furthermore, the stable L-shaped tertiary structure
of tRNAs can act as a physical roadblock during RT, which results in sequencing bias and reduces tRNA

reads content (Torres et al., 2019).

To overcome these caveats, different methods have focused on the development of specific
experimental protocol variations (Cabrelle et al., 2024; W. Zhang et al., 2022). Some strategies include
the circularization of cDNA previous to DNA amplification, to allow the detection of those short
sequences produced due to RT-blocks (e.g., CircRNA-Seq) (Zheng et al., 2015). The hydrolysis or
fragmentation of tRNAs to avoid issues coming from their secondary structure (e.g., Hydro-tRNA-Seq
(Gogakos et al., 2017)). The removal of specific post-transcriptional modifications like methylations (e.qg.,
DM-tRNA-Seq (Zheng et al., 2015), ARM-seq (Cozen et al., 2015)) or other modifications (e.g., RNA
bisulfite sequencing (Schaefer et al., 2009), DM-W-seq (Song et al., 2020), HAC-seq (Cui et al., 2021)
or PANDORA-Seq (J. Shi et al., 2021)). Other approaches involve the use of highly processive reverse
transcriptase enzymes (e.g., mim-tRNA-Seq (Behrens et al., 2021)), or the optimization of library
construction via the ligation of specific adapters (e.g., YAMAT-seq (Shigematsu et al., 2017), QuantM-
tRNAseq (Pinkard et al., 2021), AQRNA-seq (Hu et al., 2021), LOTTE-seq (Erber et al., 2020), ALL-
tRNAseq (Scheepbouwer et al., 2023)).
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However, those strategies still face significant caveats. These methods still introduce biases during
library preparation, which leads to inaccurate representations of tRNA populations. Consequently,
Nanopore sequencing emerges as a promising alternative, as it directly sequences native RNA
overcoming the problematic cDNA synthesis step, allowing the unbiased detection of tRNA abundance
and tRNA modifications (Lucas et al., 2024). Nevertheless, Nanopore sequencing is not yet widely
adopted for tRNA analysis. This is because the adaptation of standard Nanopore protocols is needed
to efficiently handle tRNAs. For example, specific protocols are needed to handle RNA molecules
shorter than 200 nt, such as tRNAs, and to accurately interpret complex basecalling errors as genuine
modification signals (Lucas et al., 2024). Such specialized experimental and computational approaches
are not yet available in all laboratories interested in tRNA analysis. For that reason, many laboratories
still use small RNA-Seq to analyze the tRNA pool. As well, many datasets of small RNA-seq data are
available in different repositories which can be reused to analyze the tRNA pool once new bioinformatic

strategies and tools to study tRNAs are developed.
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Figure 14. Experimental and computational challenges associated with tRNA-Seq analysis. First,
during reverse transcription, if the tRNA sequence contains modifications, reverse transcriptase (RT)
can stop the synthesis of complementary DNA (cDNA), producing RT-blocks and leading to truncated
reads. If synthesis continues, it can produce base changes, leading to reads containing mismatches.
Such truncated fragments do not represent the full-length tRNA sequence, and if specific experimental
approaches are not used, such as the circularization of DNA, these truncated reads can be lost. During
the mapping of tRNA-derived reads, reads containing a high rate of base modifications can be
unmapped because of a high mismatch rate. Moreover, sequence similarity between tDNAs (multicopy
tDNAs) can produce ambiguous read assignments, leading to multimapping. Created with Biorender.
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The computational analysis of tRNA-Seq data presents several challenges that compromise the
alignment of tRNA-related reads and complicates the interpretation of the data (A. Hoffmann et al., 2018;
Padhiar et al., 2024). These challenges include the previously mentioned RT-blocks and RT
misincorporations caused by the chemical modifications of tRNAs. By analyzing each of the signatures
of RT-blocks (indicated by a drop in coverage immediately after a known modification site) or RT
misincorporations (mismatches in the alignment at specific positions), it is possible to detect the
presence of certain tRNA modifications (Motorin & Helm, 2019, 2024; Ryvkin et al., 2013). Examples of
modifications that can produce these signatures include methylations such as m*C, m'A, m'l, m*2G, and
m'G. For instance, inosine frequently changes to guanosine during RT, leading to characteristic A-to-G
changes in the resulting reads (W. Zhang et al., 2022). Consequently, standard mapping strategies can
classify bona fide tRNA reads as unmapped, as tRNA-derived reads can contain base changes that
lead to several mismatches within only 76 nucleotides, frequently exceeding the typical thresholds for
mapping accuracy.

The complexity of tRNA biology further complicates the accurate assignment of the biological origin of
the reads. The sequencing biases produced due to the experimental procedures can complicate the
differentiation between pre-tRNAs, mature tRNAs and tsRNAs (Torres et al., 2019). Moreover, as
mentioned, tDNAs are highly conserved, often with multiple identical sequences, this leads to
multimapping as tRNA reads can map to multiple tDNA locations (Fig. 14). As a result, specific
approaches are required to identify and control for multimapping (A. Hoffmann et al., 2018; Torres et al.,
2019). Additionally, the short length of the resulting reads, the presence of introns and the post-
transcriptional addition of the 3’-CCA tail further contributes to making tRNA-related reads a particular
difficult case for read mapping algorithms. Beyond alignment, there is also the essential need to further
computationally process the data to classify tRNA-related reads according to their nature, such as
distinguishing reads that come from mitochondrially encoded or nuclear-encoded tDNAs, as well as pre-

tRNAs and mature/processed tRNAs sequences.

As a consequence, specific mapping strategies are required to analyze expression levels and chemical
modifications produced in tRNAs. Different approaches have been tested in order to achieve those
goals, such as mapping against native genome further extended with mature tRNA sequences (Cozen
et al., 2015; A. Hoffmann et al., 2018), or directly mapping against custom genomes with only tRNA
sequences (Behrens et al., 2021; Clark et al., 2016; Hauenschild et al., 2015; Selitsky & Sethupathy,
2015). Most of the pipelines do not include pre-tRNA data and only focus on the analysis of mature or
processed sequences (Behrens et al., 2021; P. P. Chan et al., 2025; Clark et al., 2016; Hauenschild et
al., 2015; Holmes et al., 2022; Selitsky & Sethupathy, 2015). Other strategies focus on the detection of
tsRNAs (P. P. Chan et al., 2025; Donovan et al., 2021; La Ferlita et al., 2025; Loher et al., 2017; Zahra
et al., 2023). While others focus on the differential expression analysis of tRNAs (Holmes et al., 2022;
J.-O. Lee et al., 2022; Scheepbouwer et al., 2023; Torres et al., 2019). Additionally, there are other
approaches developed in order to detect more effectively modifications in tRNA sequences (Behrens et
al., 2021; Cozen et al., 2015; A. Hoffmann et al., 2018; Selitsky & Sethupathy, 2015).
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Each of the described strategies for tRNA-Seq analyses focuses on a specific outcome (e.g., analyzing
only mature sequences). However, phenotypes related to tRNA alterations can arise from disruptions at
any step during tRNA biogenesis. Additionally, the analysis of tRNA-Seq data requires strong
bioinformatics and programming skills. Therefore, developing integrated pipelines that enable the
characterization of the tRNA pool from multiple perspectives, alongside user-friendly tools that facilitate
tRNA-Seq analysis for a broader range of researchers without computational expertise, will facilitate the

analysis of tRNA-Seq data.
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OBJECTIVES

The main goal of this thesis is to provide new insights into different aspects of tRNA biology by
developing and applying diverse bioinformatic approaches. To address this objective, the following aims

were pursued:

1. To develop an integrated bioinformatics pipeline specifically designed to tackle challenges
in tRNA-seq data analysis and extract information on tRNA gene expression, processing

and modification patterns.

2. To apply the tool developed in Objective 1 for the detailed study of a highly relevant process
in tRNA biology such as the importance of 134-tRNAs.

3. To characterize the genomic localization and organization of tDNAs across the human

genome and investigate how their genomic organization may influence tDNA transcription.

4. To analyze the somatic mutational landscape of tDNAs in order to elucidate the

mechanisms and potential effects of tDNAs mutagenesis.
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Report on Marina Murillo Recio's Research Contributions

As supervisors of Marina’s Ph.D. thesis, we are pleased to report that Marina has made very
significant contributions across several key projects in our lab. First, she constructed tRNAstudio,
a pipeline to study the presence of tRNA and tsRNA reads in sequencing datasets that now we
use routinely to analyze the dynamics of tRNA populations. At the same time, she has helped in
interpreting the tRNA-seq data from several projects in our group and those of collaborators. Once
she had produced tRNAstudio she focused on the mapping of tRNA genes in the human genome,
which resulted in a high-resolution map that has become the basis for many future projects in the
group. She continued to use this data to study the distribution of somatic mutations at human
tRNA genes, an exercise that has produced a very exciting result that will be the basis for our
future research in the years to come. So, to summarize, Marina’s scientific contribution is
outstanding, and has and will have a lasting impact in the understanding of the dynamics of the
populations of human tRNAs in cancer and aging.

Published and submitted articles related to this thesis:

3.1. tRNAstudio: facilitating the study of human mature tRNAs from deep sequencing
datasets.

Analyzing tRNA-seq data is challenging due to the inherent complexity of tRNA biology. To
address this, we developed tRNAstudio, a pipeline designed to provide the scientific community
with a comprehensive tool for extensive analysis of the tRNA pool within a specific biological
context. Marina was the core developer of this pipeline, including the crucial task of writing code
for both the bioinformatics and statistical analyses, as well as generating all associated plots and
figures. Furthermore, she contributed significantly to the writing of the manuscript describing
tRNAstudio.

*Note that the supplementary tables generated in this work are available online. Due to their large size, they
are not included in this thesis.

Authors: Murillo-Recio, M., Martinez de Lejarza Samper, I. M., Tufii | Dominguez, C., Ribas de
Pouplana, L., & Torres, A. G.

Publication date: 7 April 2022

Journal: Bioinformatics

Impact factor: 4.4 (2023) Quartile 1 (Q1)

Publisher: Oxford Academic DOI: https://doi.org/10.1093/bioinformatics/btac198

3.2. Human tRNAs with inosine 34 are essential to efficiently translate eukarya-specific
low-complexity proteins.

tRNAs harbor numerous modifications, with Inosine at position 34 (134) being essential for tRNAs
decoding expansion. This study focused on elucidating the biological relevance of 134-tRNAs.
Marina conducted several key bioinformatics analyses for this project. She applied tRNAstudio
pipeline to determine tRNA modification levels (Fig. S2B) and to run differential expression
analyses of tRNAs (Fig. 2C and Fig. S2C). On top of that, she contributed on generating the plots
for analyzing how 134-tRNAs connect with eukaryotic systems (Fig. 10C, Fig. 10E, Fig. S7). The
experimental work underlying this Project was not conducted by Marina. As a bioinformatician,
the contribution of Marina was centered on the design, implementation, and interpretation of
computational analyses, which complement the experimental results.
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*Note that the supplementary tables generated in this work are available online. Due to their large size, they
are not included in this thesis.

Publication date: 14 June 2021

Authors: Torres, A. G., Rodriguez-Escriba, M., Marcet-Houben, M., Santos Vieira, H. G.,
Camacho, N., Catena, H., Murillo-Recio, M., Rafels-Ybern, A., Reina, O., Torres, F. M., Pardo-
Saganta, A., Gabaldon, T., Novoa, E. M., & Ribas de Pouplana, L.

Journal: Nucleic Acids Research

Impact Factor: 16.6 (2023) Quartile 1 (Q1)

Publisher: Oxford Academic DOI: https://doi.org/10.1093/nar/gkab461

Project 3.3: Genomic Organization, Transcription, and Somatic Mutagenesis of tRNA
Genes: Implications for Proteome Integrity and Disease

This study aimed to understand several fundamental aspects related to the genomics of tRNA
genes (tDNAs). These included: (i) The characterization of the genomic distribution of tDNAs and
its correlation with their expression levels. (i) The analysis of the mutational landscape of tDNAs.
For the first part of the study, Marina developed all the necessary code for the bioinformatics and
statistical analyses and generated all associated plots and figures. For the second part, which
involved the analysis of somatic mutations, we collaborated with Fran Supek's group (Genome
Data Science - IRB Barcelona) and she worked under the supervision of Marina Salvadores. In
this context, she applied the previously developed code and made the necessary adaptations for
tDNA analysis, performing comprehensive statistical analyses and generating the relevant plots
and figures. Beyond these substantial technical contributions, Marina also had major contributions
to the conceptualization, interpretation, and writing of the manuscript for this study. Note that in
this thesis this is included as a chapter that consist on an expanded version of a paper currently
submitted for publication.

Publication date: Submitted to Genome Research — 2025
Authors: Murillo-Recio, M., Salvadores, M., Vaquer-Pico, A., Tsapanou, L., Torres, A. G., Supek,
F., & Ribas de Pouplana, L.
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Abstract

Summary: High-throughput sequencing of transfer RNAs (tRNA-Seq) is a powerful approach to characterize the cellular
tRNA pool. Currently, however, analyzing tRNA-Seq datasets requires strong bioinformatics and programming skills.
tRNAstudio facilitates the analysis of tRNA-Seq datasets and extracts information on tRNA gene expression, post-
transcriptional tRNA modification levels, and tRNA processing steps. Users need only running a few simple bash com-
mands to activate a graphical user interface that allows the easy processing of tRNA-Seq datasets in local mode. Output
files include extensive graphical representations and associated numerical tables, and an interactive html summary report
to help interpret the data. We have validated tRNAstudio using datasets generated by different experimental methods and
derived from human cell lines and tissues that present distinct patterns of tRNA expression, modification and processing.
Availability and implementation: Freely available at https://github.com/GeneTranslationLab-IRB/tRNAstudio under
an open-source GNU GPL v3.0 license.

Contact: adriangabriel.torres@irbbarcelona.org or lluis.ribas@irbbarcelona.org.

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction publicly available datasets, we show that tRNAstudio can extract in-
) ) formation on tRNA expression, processing and post-transcriptional
Transfer RNAs (tRNAs) are small non-coding RNAs that bring modification status. The pipeline output includes an interactive html

amino acids to the ribosome for protein synthesis. They are tran-
scribed as longer precursor tRNAs (pre-tRNAs) that need to be
processed and chemically modified in order to become fully active.
Mature tRNAs can also be further processed into tRNA-derived
fragments (tRFs) that perform a wide range of non-canonical tRNA 2 Description and implementation

functions (Su et al., 2020).

High-throughput sequencing of tRNAs is a powerful approach tRNAstudio is implemented as a GUI (Fig. 1), built with the Python
to study tRNA biology (Torres et al., 2015, 2019). Several methods library Tkinter, prepared to run in Mac (OS X EI Capitan or higher)
have been developed to sequence tRNAs, ranging from standard and Linux-based platforms, and designed for the analysis of human
small RNA-Seq to specialized methods such as DM-tRNA-Seq tRNAs using, as input, tRNA-Seq datasets generated by single- or
(Zheng et al., 2015), Arm-Seq (Cozen et al., 2015), YAMAT-Seq paired-end sequencing. The code was primarily written in Python3
(Shigematsu et al., 2017), mim-tRNA-Seq (Behrens e al., 2021), and R. tRNAstudio uses a Conda environment that includes the in-

summary report, extensive graphical data representations, and
spreadsheets useful for custom analyses.

AQRNA-Seq (Hu ez al., 2021), among others (we herein refer to any stallation of R package, python modules and all the requirements
deep sequencing method that can detect tRNA reads as ‘tRNA- and dependencies needed to perform tRNA analyses (Bowtie2,
Seq’). However, analyzing tRNA-Seq datasets is computationally Samtools, Bedtools, Pysam, Pysamstats and Picard). To run
challenging and requires specialized bioinformatics and program- tRNAstudio, the user will need to be familiar with a command-line
ming skills (Hoffmann et al., 2018). interface and simple bash commands. The installation of Conda and

Here, we present tRNAstudio, an integrative pipeline to analyze the creation of the environment is executed by running the require-
human tRNA-Seq datasets that is packaged into a user-friendly ments script (‘bash requirements.sh’). To activate the Conda envir-
graphical user interface (GUI) implemented in local mode. Using onment and to launch the GUI the user needs to run only two
©The Author(s) 2022. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com 2934
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Fig. 1. tRNAstudio GUI visualized in macOS systems

commands: ‘conda activate tRNAstudioEnv’ and ‘python3
tRNAstudioGUD, respectively. Detailed methodological descrip-
tions of tRNAstudio are available in Supplementary Methods.
tRNAstudio can be run in standard computers but we recommend
at least 8 cores, 16 Gb of RAM and 100 Gb of available ROM.
Under these conditions, four samples (around 10 Gb of information
per sample) can be analyzed in 2-3 h.

Processing of tRNA-Seq datasets is achieved in six simple steps.
The first time tRNAstudio is implemented, the user will download
the reference Human Genome hg38 (Fig. 1A). Next, samples (data-
sets: Fastq files) of interest are directly downloaded from the Gene
Expression Omnibus public repository (https://www.ncbi.nlm.nih.
gov/gds/) by providing the run accession ID (prefixes SRR ...,
ERR ..., DRR...) (Fig. 1B). Users can also analyze manually down-
loaded datasets from other repositories, or their own datasets, upon
incorporating the desired Fastq files into the ‘Fastq_downloaded’
folder of tRNAstudio. Samples that are to be aligned against the ref-
erence genomes are selected and labeled in a metadata file that is
required for comparative analyses among samples (Fig. 1C).
Labeling information includes the group to where the sample
belongs to (e.g. ‘Control’ samples and ‘Treated’ samples) and
whether the selected datasets have been generated by single- or
paired-end sequencing. The alignment pipeline is then executed
(Fig. 1D) and a pop-up dialogue will inform when the alignments
are done. The user can choose which of the aligned samples will be
used for data analysis (Fig. 1E). Previously aligned samples can also
be selected. Last, the data analysis is performed (Fig. 1F), results are
saved, and an html summary report is generated to help the user in-
terpret the data. tRNAstudio and detailed instructions of use can be
found at https://github.com/GeneTranslationLab-IRB/tRNAstudio.

3 Results

tRNAstudio performs serial alignments against the whole human
genome and against custom genomes as depicted in Supplementary
Figure S1. Custom genomes are built with all unique human tRNA
sequences, either in the form of pre-tRNAs (genomic sequences with
§’- and 3'-flanking regions; only applicable for nuclear-encoded
tRNAs) or mature tRNAs (tRNA sequences without flanking and in-
tronic regions, with 3'-CCA trinucleotide addition, and, in the case
of tRNA™® with a 5-G addition; applicable to nuclear- and
mitochondrial-encoded tRNAs). To aid in the identification of
tRNA genes, we provide a file that links each tRNA gene analyzed
by tRNAstudio using hg38 to its corresponding gene in hgl9, its
tRNA ‘license plate’ (Pliatsika et al., 2016), and a hyperlink to add-
itional gene expression information from MINTbase (Pliatsika
et al., 2016; Supplementary Table S1).
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Datasets are first aligned against the whole human genome.
Reads mapping to non-tRNA genes are discarded and reads map-
ping to tRNA genes are classified as ‘mitochondrial’ (if mapped to
mitochondrial-encoded tRNA genes) or ‘cytosolic’ (if mapped to
nuclear-encoded tRNA genes). Given the polycistronic nature of
mitochondrial transcripts (Ojala ef al., 1981), reads classified as
derived from mitochondrial tRNAs (mt-tRNA) are then aligned
against a custom mature mt-tRNA genome to remove unprocessed
mitochondrial transcripts that may partially overlap with mt-tRNA
genes. Remaining mapped reads are kept for further analyses. Reads
classified as derived from cytosolic tRNAs, and unmapped reads
resulting from the initial mapping against the whole genome under-
go serial alignments against custom tRNA genomes as described in
Supplementary Methods (Supplementary Fig. S1). As a virtue of
these serial alignment strategy, tRNAstudio improves both the re-
covery of reads mapped to nuclear-encoded tRNA genes and the
alignment quality of the reads when compared against alignment
strategies that use single reference genomes (Supplementary
Fig. S2A). Users of tRNAstudio obtain absolute read counts for
every nuclear- and mitochondrial-encoded tRNA genes, and their
corresponding mapping quality score (MAPQ; Supplementary
Methods and Fig. S2B). Of note, tRNAstudio considers all mapped
tRNA reads for analysis, regardless of their MAPQ or whether they
are derived from tRNAs with or without natural post-
transcriptional nucleotide additions (i.e. tRNA™ 5'-G or partial or
full 3'-CCA) (further details in Supplementary Methods).

Mapped reads are then used for differential tRNA gene expres-
sion analyses using two complementary methods: DESeq2 (Love
et al., 2014) and iso-tRNA-CP (Torres et al., 2019). Iso-tRNA-CP
evaluates the proportional contribution of each tRNA gene to its
corresponding isodecoder tRNA set (i.e. individual analyses among
all genes having the same tRNA anticodon sequence). Given that
mt-tRNA genes are represented by a single isodecoder gene (Juhling
et al., 2009), iso-tRNA-CP is only applicable to nuclear-encoded
(i.e. cytosolic) tRNAs. Results are accompanied by a principal com-
ponent analysis and can be visualized through heatmaps and inter-
active graphs and tables (Supplementary Fig. S3).

tRNAstudio also classifies reads derived from cytosolic pre-tRNAs
or processed tRNAs. We validated this function by analyzing datasets
enriched in reads derived from pre-tRNAs (Torres et al., 2015) or ma-
ture tRNAs (Zheng et al., 2015; Supplementary Fig. S4). The custom
tool for the trimming of soft-clipped bases implemented by
tRNAstudio aids in the correct assignment of reads to each category,
as it specifically detects reads bearing post-transcriptional 3’-CCA
additions, or tRNAM® 5'-G addition. These modifications are present
on processed tRNAs but may otherwise be confused as nucleotides
derived from pre-tRNA 3'-trailer or 5'-leader sequences, respectively
(further details in Supplementary Methods). We benchmarked this
function against a standard tool for trimming soft-clipped bases
(Biostar84452 from JVarkit). We find that both 3’-CCA and 5'-G
additions are removed from the reads when using JVarkit but are
retained when using tRNAstudio’s customized tool (Supplementary
Fig. SSA and B). Furthermore, tRNAstudio classifies reads as ‘likely
derived from pre-tRNAs’ or ‘likely derived from mature tRNASs’ (i.e.
processed tRNAs), based on the genomic coordinates of the mapped
tRNA reads and on the presence or absence of post-transcriptional nu-
cleotide additions (see Supplementary Methods). Using datasets
enriched in reads derived from mature tRNAs (Zheng et al., 2015),
we find that tRNAstudio assigns 99.3% of tRNA reads to the proc-
essed tRNA set when applying its custom classification strategy, while
only 68.5% of tRNA reads are classified into this group when using a
standard  genomic  coordinates-based  classification  method
(Supplementary Fig. S5C).

tRNAstudio uses a base-calling function to evaluate tRNA modifi-
cation levels. Reverse transcriptases generate mutations in the
obtained cDNA (and hence, in their derived sequencing reads) when
encountering modified tRNA bases. Analyses of datasets with
tRNAstudio revealed sequence variations that coincide with tRNA
positions known to undergo post-transcriptional modifications such
as positions 9 (m'G), 26 (m3G), 32 (m>C), 34 (I: inosine), 37 (m'I)
and 58 (m'A: 1-methyladenosine; de Crecy-Lagard et al., 2019
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Supplementary Fig. S6). Furthermore, analyses of datasets derived
from human cell lines depleted of ADAT2, the catalytic subunit of the
enzyme that catalyzes A-to-I conversion at positions 34 of tRNAs
(Torres et al., 2015), revealed a quantitative decrease in the modifica-
tion ratio at these positions without changes in the modification ratio
of unrelated positions such as 58 (m'A) (Supplementary Fig. S7A).
Likewise, we detected a specific decrease in the modification ratio at
positions 58 (m'A) when analyzing datasets derived from artificially
demethylated RNAs (Zheng et al., 2015), without alterations in the
modification ratio at positions 34 (I) (Supplementary Fig. S7B).
Interactive heatmaps aid in visualizing global base-calling results for
each position in every tRNA gene, and evaluating changes in modifi-
cation ratios at specific tRNA positions when samples are compared
(see Supplementary Discussion and Fig. S8).

tRNAstudio also reports on tRNA gene sequence coverages,
which can aid in the identification of bona fide tRFs. tRFs derived
from the 3/-arm of tRNAéré‘U and tRNAﬁ?G , and from the 5’-arm of
tRNA(C;YCSA were shown to be abundant in human brain (Torres et al.,
2019). Using tRNAstudio, we analyzed datasets from human brain
and found that tRNA sequence coverages mapped to the abovemen-
tioned tRFs (Supplementary Fig. S9).

We show that tRNAstudio can extract biologically relevant infor-
mation from tRNA-Seq datasets, while allowing the analyses to be per-
formed in local mode and with a user-friendly GUL This work brings
bioinformatics closer to experimental laboratories and will be useful to
accelerate the pace at which knowledge on canonical and non-canonical
tRNA biology expands (see Supplementary Discussion).

Acknowledgements

We thank Oscar Reina from the Biostatistics and Bioinformatics Core Facility
at IRB Barcelona for technical assistance and helpful discussions.

Funding

This work was supported by the Spanish Ministry of Economy and
Competitiveness [PID2019-108037RB-100 to L.R.d.P]. M.M.-R. is funded by

47

the Ageéncia de Gesti6 d’Ajuts Universitaris i de Recerca (AGAUR) [2021
FI_B 01053].

Conflict of Interest: none declared.

References

Behrens,A. et al. (2021) High-resolution quantitative profiling of tRNA abun-
dance and modification status in eukaryotes by mim-tRNAseq. Mol. Cell,
81, 1802-1815.e1807.

Cozen,A.E. et al. (2015) ARM-seq: AlkB-facilitated RNA methylation
sequencing reveals a complex landscape of modified tRNA fragments. Nat.
Methods, 12, 879-884.

de Crecy-Lagard,V. et al. (2019) Matching tRNA modifications in humans to
their known and predicted enzymes. Nucleic Acids Res., 47,2143-2159.

Hoffmann,A. et al. (2018) Accurate mapping of tRNA reads. Bioinformatics,
34,1116-1124.

Hu,J.F. et al. (2021) Quantitative mapping of the cellular small RNA land-
scape with AQRNA-seq. Nat. Biotechnol., 39, 978-988.

Juhling,F. e al. (2009) tRNAdb 2009: compilation of tRNA sequences and
tRNA genes. Nucleic Acids Res., 37,D159-D162.

Love,M.L et al. (2014) Moderated estimation of fold change and dispersion
for RNA-seq data with DESeq2. Genome Biol., 15, 550.

Ojala,D. et al. (1981) tRNA punctuation model of RNA processing in human
mitochondria. Nature, 290, 470-474.

Pliatsika,V. et al. (2016) MINTDbase: a framework for the interactive explor-
ation of mitochondrial and nuclear tRNA fragments. Bioinformatics, 32,
2481-2489.

Shigematsu,M. et al. (2017) YAMAT-seq: an efficient method for
high-throughput sequencing of mature transfer RNAs. Nucleic Acids Res.,
45,¢e70.

Su,Z. et al. (2020) Noncanonical roles of tRNAs: tRNA fragments and be-
yond. Annu. Rev. Genet., 54,47-69.

Torres,A.G. et al. (2015) Inosine modifications in human tRNAs are incorpo-
rated at the precursor tRNA level. Nucleic Acids Res., 43, 5145-5157.

Torres,A.G. et al. (2019) Differential expression of human tRNA genes drives
the abundance of tRNA-derived fragments. Proc. Natl. Acad. Sci. USA,
116, 8451-8456.

Zheng,G. et al. (2015) Efficient and quantitative high-throughput tRNA
sequencing. Nat. Methods, 12, 835-837.

20z AINF £ U0 1s9nB Aq 85979G9/¥E€62/0 1/8E/O10IE/SONBULIOJUIOIG/WO0"dNO"0lWepED.//:SANY Wolj pepeojumoq



48



Supplemental data

tRNAstudio: facilitating the study of human mature
tRNAs from deep sequencing datasets.

Marina Murillo-Recio?, Ignacio Miguel Martinez de Lejarza Samper?, Cristina Tufii i Dominguez?, Lluis
Ribas de Pouplana? and Adrian Gabriel Torres!

! Institute for Research in Biomedicine, The Barcelona Institute of Science and Technology,
Barcelona, Catalonia, 08028, Spain.

2 Catalan Institution for Research and Advanced Studies, Barcelona, Catalonia, 08010, Spain.

Supplementary Methods
Supplementary Figures (S1-S9)
e Supplementary Table S1

e Supplementary Discussion

49



Supplementary Methods

Deep sequencing datasets

The following datasets have been used in this study: Standard lllumina-Seq of Human embryonic
kidney 293T (HEK293T) control cells (shCV) and with ADAT2 KD (shADAT2) (PRJEB8019) (Torres, et al.,
2015). Libraries prepared using cDNA circularization without demethylase treatment (CircRNA-Seq)
and with demethylase-treated RNA (DM-tRNA-Seq) (GEO: GSE66550) (Zheng, et al., 2015). Datasets
of human brain (GEO: GSE43335) (Ryvkin, et al., 2013).

Custom genomes

A total of 619 human hg38 nuclear tRNA gene predictions were downloaded from the Genomic tRNA
database (GtRNAdb; release 18.1, August 2019) (Chan and Lowe, 2016). 98 sequences were discarded
and 521 tRNA sequences were used to create custom genomes as previously done (Torres, et al.,
2019). The 22 human mitochondrial tRNA (mt-tRNA) gene sequences were obtained from
https://www.ncbi.nlm.nih.gov/nuccore/251831106 (NC_012920.1). All tRNA gene sequences were
crosschecked against a list of human nuclear tRNA-lookalike genes (Telonis, et al., 2014) to ensure that
these are not part of tRNAstudio’s internal database. However, some nuclear tRNA-lookalike genes
have the exact same sequence as that of bona fide mt-tRNA genes (Telonis, et al., 2014). Because
reads bearing these sequences cannot be unambiguously assigned to bona fide mt-tRNA genes,
tRNAstudio only evaluates mt-tRNA gene expression and report the data as “Mitochondrial tRNA
genes or mitochondrial tRNA-lookalike nuclear sequences” to warn the user that results could be
partially biased due to potential read missassignment.

The “pre-tRNA” custom genome for cytosolic tRNAs was generated with the nuclear genomic tRNA
sequence and the addition of 50 nucleotides downstream and upstream of each corresponding tRNA
gene (to mimic 5’-leader and 3’-trailer sequences), using BEDTools v2.30.0 (Quinlan and Hall, 2010).
The “mature tRNA” custom genome was generated upon removal of intronic sequences, addition of
a “CCA” at the 3’-end of all tRNA genes and incorporation of a “G” at the 5’-end of tRNA"* sequences
(G modification) (Jackman and Phizicky, 2006), using Python v3.7.10 custom scripts. Mature tRNA
and pre-tRNA sequences that had the same sequence (100% of identity) were grouped into families
(Torres, et al., 2019). This resulted in 341 unique sequences of human cytosolic mature tRNAs and 490
unique sequences of human cytosolic pre-tRNAs. None of the 22 human mt-tRNA genes were required
to be grouped into families.

tRNAstudio uses the tRNA gene name format reported by the GtRNAdb for the human hg38 genome
(i.e. tRNA-AminoAcid-Anticodon-FamilyNumber-GeneNumber). However, this nomenclature can
change in future updates of the GtRNAdb or when new assemblies of the human genome are
reported. Therefore, Supplementary Table S1 shows for each hg38 tRNA gene that tRNAstudio
analyses, their correspondence with the tRNA gene set from the hgl9 assembly (obtained using the
UCSC LiftOver tool; https://genome.ucsc.edu/cgi-bin/hgLiftOver), and tRNA “license plates” (Pliatsika,
et al., 2016). License plates are sequence-based and should remain unchanged over time. License
plates were obtained by running the license plate code available via MINTbase
(https://cm.jefferson.edu/MINTbase/)(Pliatsika, et al., 2016). Genes depicted in Supplementary Table
S1 are further hyperlinked to their corresponding entry in the MINTbase website (when available) so
that the user of tRNAstudio can obtain additional information for their tRNA gene of interest.
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Mapping and classification of tRNA reads.

The mapping strategy used by tRNAstudio is shown in Supplementary Fig. S1. When datasets
generated by paired-end sequencing are used as input for the analyses, tRNAstudio will merge pair-
end reads using PEAR v0.9.6 (Zhang, et al., 2014) and handle the generated merged dataset as one
obtained by single-end sequencing. The first time tRNAstudio is implemented by the user, the whole
human genome hg38 needs to be downloaded. This action also automatically builds the genome
indexes for this file and for all other custom reference genomes using Bowtie2 (Bowtie2-build).
Alignments against reference genomes are carried out with Bowtie2 v2.4.2 (Langmead and Salzberg,
2012) using the local alighment mode allowing 0 mismatches in the seed and using default options
(bowtie2 --local -N 0). The last mapping step is done with Bowtie2 but allowing 1 mismatch in the seed
and using default options (bowtie2 --local -N 1). This step identifies remaining reads derived from fully
modified mature tRNAs that may contain a higher degree of mismatches, insertions or deletions due
to post-transcriptional tRNA modifications that interfere with the accurate RT of tRNAs. Such reads
may contain too many discrepancies against the reference genome that can prevent their alignment
using the 0 mismatch in the seed alighment mode of bowtie2, but are more likely to map when using
the 1 mismatch in the seed alignment mode of bowtie2.

Upon aligning datasets to the full human genome, reads mapping to tRNA genes are extracted using
SAMtools v1.12 (Li, et al., 2009), while reads mapping to other portions of the genome are discarded.
Because reads derived from mature tRNAs can contain a 3’-CCA (and they may also contain a 5’-G if
derived from tRNA") that would not map when using the complete human genome, alignment tools
can interpret these bases as bases that require soft clipping and removal. To overcome this issue,
tRNAstudio performs a custom trimming of soft clipped bases (Supplementary Fig. S1A) by processing
the alignment files using the Python utility Pysam v0.15.4 (github.com/pysam-developers/pysam).
Using the genomic coordinates of tRNAs and the coordinates to which the read maps, soft clipped
bases at the 3'-end that correspond to “CCA” for all tRNA genes and soft clipped bases that correspond
to “G” at the 5'-end of tRNA"® genes, are identified and retained in the sequencing read. We have
benchmarked this function against the tool for trimming soft-clipped bases from JVarkit
(Biostar84452) (Lindenbaum, 2015) (Supplementary Fig. S5A-B). The remaining soft clipped
sequences are removed (adapters, low base quality, etc.). This approach allows the processing of
adapter sequences without the need to specify the sequence of the adapter used for library
preparations. We verified that none of the main commercially available library preparation adapters
(NEB, lllumina, Qiagen and Lexogen) starts with “CCA”. However, if the sequence of the adapters used
for library preparation would start with “CCA”, reads derived from some processed tRNAs (i.e. those
derived from tRNA transcripts after 3’-trailer removal but before 3’-CCA addition) will be misclassified
as reads derived from processed tRNAs after 3’-CCA addition. While this potential artifact could
overestimate the presence of 3’-CCA on processed tRNAs, it will not affect the classification of pre-
tRNA vs processed tRNA reads implemented by tRNAstudio (see below). After whole genome
alignments, reads are classified as mt-tRNAs (if they map to mt-tRNA genes) or cytosolic tRNAs (if they
map to nuclear-encoded tRNA genes). Reads mapping to mt-tRNA genes are then aligned against a
custom mature mt-tRNA genome (see above) to remove reads derived from unprocessed
mitochondrial polycistronic transcripts that only partially map to mt-tRNA genes. Reads mapping to
cytosolic tRNAs are then classified as likely derived from pre-tRNAs or mature tRNAs.

Given that reads mapping to mature tRNA sequences can also frequently map to pre-tRNA sequences,
we use the term “processed tRNAs” to classify reads likely derived from “mature tRNAs” (i.e. reads
that do not possess 5’-leader, 3’-trailer or intronic regions), as previously proposed (Torres, et al.,
2015). Classification of reads derived from pre-tRNAs or processed tRNAs is done using custom Python
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scripts that implement Picard v2.25.5 (http://broadinstitute.github.io/picard/) and SAMtools. For
some human tRNA genes, 3’-trailer regions (present in pre-tRNAs) can start with “C”, “CC” or “CCA”.
Mapping of reads to these genes results in a misclassification of mature tRNA-derived reads (that
contain a post-transcriptionally added 3’-CCA tail) into pre-tRNA-derived reads when using standard
methods based on the genomic coordinates of mapped tRNA reads that do not take into consideration
the presence of post-transcriptional tRNA nucleotide additions (Supplementary Fig. S5C). To
overcome this issue, tRNAstudio performs a custom evaluation of the mapping coordinates of tRNA
reads considering the potential presence of post-transcriptional tRNA nucleotide additions. This
method assumes that 3’-trailer processing by RNase Z is exact (i.e. will not leave 1-3 nucleotides of the
3’-trailer sequence on processed tRNAs). Therefore, reads that map to the mature tRNA sequence and
that only possess “C”, “CC” or “CCA” 3’-extensions that can map to their 3’-trailer pre-tRNA sequence
are considered as reads derived from mature tRNAs (with partial or full CCA addition) and thus
classified as “processed tRNAs” (Supplementary Fig. S5C). Note however that although these
instances are detected by tRNAstudio, tRNAstudio is not designed to quantitatively study the
presence/absence of full or partial 3’-CCA tails on tRNAs. We also noticed that given the alignment
algorithm of Bowtie2 that allows some degree of mismatches, the “CCA” extension could also be
mapped to trailer sequences starting with “GCA”, “TCA”, or “ACA”. The custom evaluation of the
mapping coordinates of tRNA reads implemented by tRNAstudio detects these instances and classify
these reads as derived from processed tRNAs. Of note, we did not observe cases where “CCA”
extensions would be mapped to trailer sequences starting with “CGA”, “CAA” or “CTA”. An equivalent
approach is implemented by tRNAstudio to consider 5’-G additions on reads derived from tRNA"®
genes.

Mapping quality (MAPQ) values for each tRNA gene are extracted from the Binary Alignment Map
(BAM) file using SAMtools (samtools view —c —bSqg 3). A MAPQ score above 2 is indicative of reads
assigned with high confidence to a single gene, while a MAPQ score equal or below 2 suggests that
the read is highly likely to map to multiple genes (Langmead and Salzberg, 2012). The proportion of
reads for each MAPQ score is computed with R and plots are generated using ggplot2 v3.3.5
(Wickham, 2009). When reads can map equally well to different tRNA genes, Bowtie2 will randomly
choose one of those genes to assign the reads in question, but this will be reflected in the MAPQ score
for reads mapping to that given tRNA gene (i.e. lower MAPQ). In this sense, the mapping to sequential
genomes used by tRNAstudio improves MAPQ scores by first assigning unambiguous reads using
stringent mapping parameters and only in the last mapping step uses relaxed mapping parameters to
assign remaining reads (see Supplementary Discussion, Supplementary Figs. S1 and S2). Users of
tRNAstudio receive as output the MAPQ scores of reads mapping to every tRNA gene to verify the
robustness of the alignment to their tRNA gene of interest. For reads mapping to nuclear-encoded
tRNA genes, tRNAstudio reports the MAPQ values obtained after their last mapping step (i.e. after
alignment to the custom pre-tRNA genome for pre-tRNA reads and after alignment to the custom
mature tRNA genome with relaxed parameters for processed tRNA reads). For reads mapping to mt-
tRNA genes, tRNAstudio reports the MAPQ values obtained after whole genome alignment. This is
done because i) the custom mature mt-tRNA genome contains only 22 sequences and thus MAPQ
values will artifactually be above 2 for all reads, and ii) MAPQ values below 2 obtained after whole
genome alignment can inform on reads that can potentially map to mt-tRNA lookalike nuclear
sequences (see above).

Read counts of pre-tRNAs and processed tRNAs are obtained using the function featureCounts from
the package Subread v2.0.1 (Liao, et al., 2014). Total number of reads for each tRNA gene is calculated
by aggregating both pre-tRNA and processed tRNA counts. Report plots showing the total number of
reads at isoacceptor, isodecoder, and gene level, together with plots showing the proportion between
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processed and pre-tRNAs for each tRNA gene are generated using ggplot2. Expression results for mt-
tRNA genes are represented in additional plots. When developing tRNAstudio, all steps were validated
and crosschecked by visualizing results using the Integrative Genomes Viewer (IGV) (Robinson, et al.,
2011). tRNAstudio scripts can be obtained from https://github.com/GeneTranslationLab-

IRB/tRNAstudio.

Differential expression analysis

Differential expression of tRNA genes is performed using the R package DESeqg2 v1.32.0 (Love, et al.,
2014), based on a negative binomial GLM fit and Wald significance test. Principal component analysis
(PCA) to verify the variability observed within and among samples, is also generated using DESeq2.
Normalized gene expression values are used to generate heatmaps with the R package Pheatmap
v1.0.12. Benjamini-Hochberg-adjusted Wald test p-values are used to control the false discovery rate
(FDR). Differentially expressed genes that have an adjusted p-value below 0.05 are considered to be
statistically significant. Benjamini-Hochberg-adjusted Wilcoxon signed rank test is applied to analyze
differential tRNA gene expression by iso-tRNA-CP (Torres, et al., 2019). Differentially expressed genes
that have an adjusted p-value lower than 0.05 are considered to be statistically significant. To
maximize the ability to identify differentially expressed tRNA genes, tRNAstudio does not consider
specific fold change thresholds for differential expression. The R packages Glimma v2.2.0 (Su, et al.,
2017) and ReportingTools v2.32.0 (Huntley, et al., 2013) are used to generate interactive gene
expression plots and display the obtained statistics. Given that the mitochondrial genome only
encodes a single isodecoder for each mt-tRNA (Juhling, et al., 2009), tRNAstudio reports on differential
expression of mt-tRNA genes only by means of DESeq2.

tRNA modification and sequence coverage analyses

The consensus nucleotide positions in each tRNA sequence was defined based on the tRNA secondary
structure. Secondary structures of each tRNA were obtained using tRNAscan-SE v2.0.5 (Chan, et al.,,
2021). For each isodecoder set, the most common secondary structure was chosen to define the
consensus tRNA residue positions from residues 1 to 76 (positions 74, 75 and 76 being the 3’-CCA
sequence). Using such structure as reference, corrections were applied to other tRNAs within the
same isodecoder set that presented different lengths. Nucleotides not mapping to the consensus 1-
76 positions are denoted with an upper-case letter (e.g. residues in the variable loop can be indicated
as positions 45, 45A, 45B, etc.). We further verified that the universally conserved positions U8, G10,
Al4, G18, G19, A21, U33, G53, U54, U55, C56, A58 and C61 were correctly assigned to each tRNA
sequence. A few sequences presented minor exceptions to these conserved positions consistent with
those reported in available databases (Lin, et al., 2019). Graphical representations of tRNA gene
sequence coverage obtained by tRNAstudio show mature tRNA sequences without inclusion of 3’-CCA
tails.

The base-calling function of tRNAstudio calculates the proportion of mismatches observed in
sequencing reads with respect to the genomic mature tRNA sequence (‘Modification ratio’). Base
calling analysis to estimate tRNA modification levels is carried out using the Python utility pysamstats
v1.1.2 (https://github.com/alimanfoo/pysamstats). All bases different from the reference sequence
are used to compute the mismatches. Interactive heatmaps showing modification ratios along with
the expected/observed nucleotide(s) are generated using the R package heatmaply v1.2.1 (Galili, et
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al., 2018). ggplot2 is used to illustrate the modification ratios and sequence coverage pattern plots.
For each tRNA sequence, tRNAstudio generates graphical outputs, numerical tables, and interactive
heatmaps indicating modification ratios. Data from genes with a low number of mapped reads (< 50
reads) can be filtered out to increase the robustness of the analyses.

When analysing multiple samples, an interactive heatmap is also generated to compare the changes
in modification ratios at validated tRNA modification sites (positions 9, 26, 32, 34, 37, 45F and 58) at
tRNA gene level. Position 45F refers to a residue within the variable loop, note that this nomenclature
may differ from other studies (de Crecy-Lagard, et al., 2019). To aid in heatmap visualization, changes
in modification ratios are represented as a Relative Difference [(Group2 - Groupl)/mean groups].
However, tRNAstudio also generates spreadsheets with log2FC values in modification ratios
[log2(Group2) - log2(Groupl)] and their associated statistical significance. Statistical significance is
obtained with a Fisher exact test and Bonferroni adjusted p-values. Log2FC and their associated
statistics can also be visualized in the interactive heatmap upon hoovering the mouse pointer on the
desired tRNA position (see Supplementary Fig. S8B). To avoid misleading conclusions due to low
number of mapped reads, the heatmap will show changes in modification ratio only for positions
where the coverage is greater than 50 reads in both compared groups, and the proportion of modified
reads is equal or greater than 10 % in at least one of the compared groups.
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Supplementary Figures
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Figure S1. Schematic representation of the mapping workflow of tRNAstudio. (A) Mapping against the
standard human hg38 genome. Reads mapping to tRNA genes are classified into “Mitochondrial” or
“Cytosolic” tRNA reads. Cytosolic tRNA reads are further classified into “pre-tRNA reads” if their
sequences map to 5’-leader, 3’-trailer or intronic regions of the tRNA; or into “processed tRNA reads”
if their sequences map to the expected sequence of mature tRNAs. A custom function for the trimming
of soft clipped bases aids in this classification step (see Supplementary methods). Mitochondrial tRNA
reads are further aligned against a custom mitochondrial tRNA genome that contain the expected
mature mitochondrial tRNA sequences. This step removes reads derived from unprocessed
mitochondrial transcripts that have partially overlapped with mitochondrial tRNA genes. (B)
“Processed tRNA reads” and reads left unmapped after whole genome alignment are then aligned
against a custom genome built with mature tRNA sequences. (C) Reads that still remain unmapped,
and reads previously classified as “pre-tRNA reads” are aligned against a custom genome built with
pre-tRNA sequences. (D) Unmapped reads are aligned against the mature tRNA custom genome but
reducing alignment stringency. Arrows indicate the direction of the data flow. Dark green boxes
represent data processing actions. Light green, orange and grey boxes represent accepted reads,
unmapped reads that undergo further mapping, and discarded reads, respectively. Additional
information available in Supplementary methods.
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Figure S2. Percentage of total reads aligned to tRNA genes (upper panels) and, within those reads, the
percentage of reads with high (MAPQ > 2) or low (MAPQ < 2) mapping quality (lower panels). Datasets
are aligned to single genomes (strategies A, B and C) or to multiple genomes following the tRNAstudio
workflow (D and E). Results obtained for datasets enriched in reads derived from pre-tRNAs (“Illumina-
Seq” datasets (Torres, et al., 2015); left panels) or from mature tRNAs (“CircRNA-Seq” datasets (Zheng,
et al., 2015); right panels) are shown. Abbreviations: “Whole”, whole human hg38 genome; “Mat”,
mature tRNA custom genome; “Pre”, pre-tRNA custom genome; “Matlmm”, mature tRNA custom
genome allowing 1 mismatch. (B) Examples of the graphical output for total counts of reads mapping
to nuclear-encoded tRNA-Ala-AGC genes (i.e. cytosolic tRNAs) (upper panel) and mitochondrial tRNA
(mt-tRNA) genes (lower panel) obtained for datasets enriched in reads derived from mature tRNAs
(Zheng, et al., 2015). Note that some mt-tRNA genes cannot be distinguished from mt-tRNA lookalike
nuclear sequences (see Supplementary methods). The proportion of reads with high (MAPQ > 2;
green) or low (MAPQ < 2; grey) mapping quality is indicated. Reads of low MAPQ are likely to map to
other portions of the genome.
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Figure S3. Examples of the data outputs generated for differential tRNA gene expression when
comparing datasets generated by CircRNA-Seq (Zheng, et al., 2015) and Illumina-Seq (Torres, et al.,
2015). (A) Principal component analysis (PCA) of the analyzed samples. (B) Heatmap displaying
individual mitochondrial tRNA gene expression by means of DESeq2. (C) Heatmap displaying individual
nuclear-encoded tRNA gene expression by means of DESeq2 and iso-tRNA-CP. Each line on the
heatmap represents a tRNA gene. (D) Interactive table to browse results on differential tRNA gene
expression by iso-tRNA-CP. (E) Interactive function to browse results on differential tRNA gene
expression by DESeq?2.
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Figure S4. Analyses of the proportion of tRNA reads mapping to pre-tRNA or processed tRNA
sequences. (A) Comparative analyses of detected tRNA reads from HEK293T cells when using two
methods of sequencing library preparations CircRNA-Seq (Zheng, et al.,, 2015) and lllumina-Seq
(Torres, et al., 2015). (B) An example of the graphical output generated with tRNAstudio upon
analyzing genes encoding tRNA*?,s¢ using datasets enriched in detection of processed tRNA reads
(Zheng, et al., 2015). (C) Comparative analysis of the proportion of processed tRNAs derived from
each tRNA gene depicted in (B) in CircRNA-Seq (red) (Zheng, et al., 2015) and lllumina-Seq (green)
(Torres, et al., 2015). tRNAstudio generates graphical outputs as shown in (B) and (C), to evaluate pre-
tRNA and processed tRNA proportions at isoacceptor, isodecoder and single gene levels; as well as
accompanying spreadsheets with every read count in every group so that the user can perform their

custom analyses.
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Figure S5. Benchmarking of tRNAstudio’s custom functions for trimming soft-clipped bases and
classifying tRNA reads into pre-tRNAs or processed tRNAs using datasets enriched in reads derived
from mature tRNAs (Zheng, et al., 2015). (A) Representative section of an Integrated Genome Viewer
(IGV) screenshot showing that post-transcriptional 3’-CCA additions are lost when using standard
trimming tools (i.e. JVarkit) but are retained when using the custom trimming tool implemented by
tRNAstudio. (B) Proportion of total tRNA reads containing 3’-CCA additions and proportion of tRNA"*
reads containing 5’-G additions when soft-clipped bases are trimmed with JVarkit or with tRNAstudio’s
custom trimming function. Note that reads retaining these nucleotide additions after JVarkit trimming
are reads that have been unmapped against the whole human genome (first alignment step, see
Supplementary Fig. S1A) but have been recovered upon subsequent alignments against the custom
mature genome (that contain tRNA gene sequences with 3’-CCA addition on all tRNA genes and 5’-G
addition on tRNA"® genes) (Supplementary Fig. S1B and S1D). (C) Classification of cytosolic tRNA reads
into likely derived from pre-tRNAs or from processed tRNAs using standard methods based on the
genomic coordinates where the reads map, or using tRNAstudio’s method based on the genomic
coordinates where the reads map but that take into account the presence of 3’-CCA or tRNA"* 5’-G
nucleotide additions.
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Figure S6. Base-calling method for detection of tRNA modifications by tRNAstudio. Examples of
graphical outputs for three tRNA genes upon analysis of datasets from HEK293T cells (Zheng, et al.,
2015) are shown. Residues known to be modified and their expected modification are indicated for
reference. m%,G: N2,N2 dimethylguanosine; I: inosine; m!l: 1-methylinosine; m*A: 1-methyladenosine;
m!G: 1-methylguanosine; m3C: 3-methylcytidine.
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Figure S7. Base-calling analyses on datasets obtained from (A) RNA of HEK293T cells expressing a
short-hairpin RNA against the enzyme that catalyzes 134 modifications (shADAT2; red line) or a control
vector (shCV; blue line) (Torres, et al., 2015); and (B) RNA from HEK293T cells (HEK293T; blue line) and
the same RNA treated with a demethylase to artificially remove methylations (HEK293T DM; red line)
(Zheng, et al., 2015). Residues known to be modified and their expected modification are indicated. I:
inosine; m*A: 1-methyladenosine. Shown are custom analyses based on the numerical outputs
obtained with the base-calling function of tRNAstudio for all tRNA-Val-AAC genes. Similar results were
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obtained for all other tRNAs known to present these modifications (not shown).

63



(&) s

(B) {RNA-Ser (CircRNA-Seq vs DM-tRNA-Seq)

IRNA-Ser-AGA-1-1

IRNA-Ser-AGA-2
IRNA-Ser-AGA-3-1
{RNA-Ser-CGA-1-1
IRNA-Ser-CGA-2-1
1RNA-Ser-CGA-3-1
IRNA-Ser-CGA-4-1 L
L (RNASer-GOT-1-1
P
{RNA-Ser-GCT-3-1
{RNA-Ser-GCT-4
IRNA-Ser-GCT-5-1

tRNA-Ser-GCT-6-1

IRNA-Ser-TGA-1-1

tRNA-Ser-TGA-2-1

IRNA-Ser-TGA-3-1

tRNA-Ser-TGA-4-1

o4
Paosition

Figure S8. (A) Screenshot of the interactive heatmap obtained in the summary report generated by
tRNAstudio. Mouse pointer is hovering position A34 on the tRNA-Ala-AGC-4-1 gene showing that 97
% of the reads are detected as a guanosine at this position, consistent with 134 detection (Torres, et
al., 2015). (B) Interactive heatmap showing changes in modification ratios at positions 9, 26, 32, 34,
37, 45F and 58 of tRNA-Ser genes when comparing RNA extracted from HEK293T cells (CircRNA-Seq)
and the same RNA upon demethylation (DM-tRNA-Seq) (Zheng, et al., 2015). The colouring scale
adapts to the obtained values and goes from blue (down-regulated) to red (up-regulated). White
colour represents undetected modification, unchanged modification levels between samples or lack
of a sufficient number of mapped reads to obtain reliable results (see Supplementary methods). Note
that, as expected, in this example there are no modifications up-regulated (red colouring) in DM-tRNA-
Seq as compared to CircRNA-Seq. Mouse pointer hoovers on tRNA-Ser-GCT-2 and shows a statistically
significant Log2FC = -2.39 at position 32. This represents a depletion of the modification ratio at this
position upon RNA demethylation, and is consistent with a reduction in 3-methylcytidine (m3C32) (de
Crecy-Lagard, et al., 2019).
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Figure S9. Examples of graphical outputs on tRNA gene coverage analyses obtained from human brain
datasets (Ryvkin, et al., 2013). Shown tRNA genes are known to generate 3’-tRFs (tRNA*®, and
tRNAA8cc) or 5’-tRFs (tRNA“Ssca) in human brain (Torres, et al., 2019). We recommend employing the
patterns of tRNA gene sequence coverage to detect bona fide tRFs only when analyzing tRNA-Seq
libraries prepared with methods that do not sequence truncated transcripts due to tRNA modifications
causing RT-blocks (i.e. standard small RNA-Seq library preparations) (Torres, et al., 2019).
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Supplementary Discussion

tRNAstudio is a fully-automated pipeline that allow users to extract information on tRNA gene
expression, tRNA processing and tRNA modification patterns by analyzing tRNA-Seq datasets through
a user-friendly GUI. Because of the complexity of the process, tRNAstudio does not give users options
to customize the analysis pipeline. We have thus made every effort to validate the performance of
tRNAstudio through the analysis of several different datasets.

We show that the tRNAstudio pipeline (Supplementary Fig. S1) outperforms the mapping strategies
that rely on mapping reads to single genomes (Supplementary Fig. S2). Importantly, this holds true
regardless of the experimental method used to generate tRNA-Seq libraries, thus validating
tRNAstudio for the general analysis of tRNA-Seq datasets. When applied to lllumina-Seq datasets,
tRNAstudio did not increase the number of reads mapped to tRNA genes, but their mapping quality
was improved. We observed 87 % of reads with a MAPQ > 2 (strategy E) as opposed to only ~50 % of
genes having these MAPQ scores when a single-mapping step is done (strategies A, B and C)
(Supplementary Fig. S2A left panels). Interestingly, the final mapping step performed with relaxed
mapping parameters (strategy D) did not influence the outcome, consistent with most reads in this
library originating from poorly modified tRNAs (i.e. pre-tRNAs and tRFs) (Torres, et al., 2015). Of note,
aligning these datasets only to a custom pre-tRNA genome (strategy C) did increase the number of
reads aligned to tRNA genes, but their poor mapping quality, and the fact that whole genome mapping
leads to these reads being discarded (compare with strategy A) suggest that these reads are
multimappers derived from non-bona fide tRNA genes (i.e. ‘tRNA-lookalikes’), a known artifact
(Telonis, et al., 2015; Telonis, et al., 2014; Telonis, et al., 2016). When analyzing the CircRNA-Seq
datasets, tRNAstudio increased both the number of aligned reads and their mapping quality
(Supplementary Fig. S2A right panels). Here, equivalent MAPQ scores were also obtained when
aligning reads to a custom mature tRNA genome (compare strategies B, D and E), but relaxation of
mapping parameters (strategy E) led to an increase in the number of aligned reads. This is consistent
with reads in this library mostly deriving from post-transcriptionally modified mature tRNAs (Zheng,
et al., 2015). There are several algorithms available that have proven useful for tRNA mapping such as
Segemehl (Hoffmann, et al., 2018), tDRmapper (Selitsky and Sethupathy, 2015) or SHRiMP2
(Shigematsu, et al., 2017), among others. tRNAstudio uses bowtie2 (Langmead and Salzberg, 2012) as
the alighnment algorithm, which has its strengths and limitations (Behrens, et al., 2021). It remains to
be seen whether tRNA-Seq analyses using alternative alignment algorithms will also benefit from a
multi-genome mapping workflow of similar characteristics to that of tRNAstudio.

tRNAstudio can be used to study differential tRNA gene expression among samples (Supplementary
Fig. S3). tRNAstudio implements two complementary approaches for differential tRNA gene
expression: the widely used DESeq2 (Love, et al., 2014) and the tRNA-specific method iso-tRNA-CP
(Torres, et al., 2019). ‘Isodecoder-specific tRNA gene contribution profiling’ (iso-tRNA-CP) compares
the expression of tRNA genes within isodecoder sets, which are likely to have similar structure and
modifications patterns and are thus subject to similar quantification biases. Importantly, given that
iso-tRNA-CP compares the expression of tRNA genes relative to other tRNA genes within the same
sample, this approach can also be applied to single samples. This could be relevant to identify tRNA
genes that are silent or poorly expressed. We have previously proposed that tRNA genes that appear
to contribute less than 1 % of their isodecoder pool are likely to be silent (Torres, 2019).

tRNAstudio can also effectively identify reads derived from pre-tRNAs or from processed tRNAs
(Supplementary Fig. S4). This is primarily due to the custom trimming of soft-clipped bases
implemented by tRNAstudio, which can accurately detect reads containing post-transcriptionally
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added 3’-CCA tails (present in processed tRNAs) (Supplementary Fig. S5A-B), and that are further
distinguished from reads containing 3’-trailer extensions (present in pre-tRNAs) by tRNAstudio’s
custom tRNA read classification function (Supplementary Fig. S5C). This classification may facilitate
the study of tRNA biogenesis, including the order of tRNA processing events (Su, et al., 2013). We
detected cases where pre-tRNA to processed tRNA ratios appear to be tRNA gene-specific
(Supplementary Fig. S4B), suggesting that tRNA transcripts may be differentially processed. This
observation is consistent with previous reports (Gogakos, et al., 2017; Torres, et al., 2015), but care
must be taken when interpreting these results as a low number of reads mapping particular tRNA
genes or the presence of modifications in individual mature tRNAs that may be hindering their
detection, could be causing quantification artifacts leading to result misinterpretation.

The base-calling function of tRNAstudio can detect a subset of modified residues on tRNAs, and this
detection can be used for relative quantification of post-transcriptional tRNA modifications in
different samples (Supplementary Figs. S6, S7 and S8). Given that some tRNA modifications are
introduced as the tRNA matures (Gaston, et al., 2007; Jiang, et al., 1997; Li, et al., 2021; Torres, et al.,
2015), combining this feature with the pre-tRNA vs processed tRNA classification provided by
tRNAstudio may inform on tRNA modifications incorporated early during tRNA biogenesis and their
potential structural requirements (e.g. removal of leader and/or trailer sequences, presence or
absence of introns, post-transcriptional modifications required to incorporate other tRNA
modifications, etc.). Of note, tRNAstudio does not apply a base quality filter when calling pysamstats
for modification detection, which could lead to false positive errors. Thus, we do not recommend the
use of tRNAstudio to evaluate potential modifications at novel tRNA positions. However, when
different samples are compared to evaluate modifications at known tRNA positions (Supplementary
Fig. S8B) tRNAstudio applies several thresholds to prevent potential false positive errors (see ‘tRNA
modification and sequence coverage analyses’ section on Supplementary Methods).

The profiles of tRNA gene coverage provided by tRNAstudio can be used as a tool to screen for
potential tRFs (Supplementary Fig. S9). Importantly, tRNA gene coverages reported by tRNAstudio are
limited to the expected mature tRNA sequence; thus, with its current set-up, tRNAstudio is not a
suitable tool to examine pre-tRNA-derived tRFs. In fact, reads (potential tRFs) derived from pre-tRNAs
may extend beyond the expected mature tRNA sequence shown in sequence coverage plots. This is
important as the biological length of tRFs derived from pre-tRNAs may differ from the tRF length that
can be inferred from the sequence coverage graphical outputs of tRNAstudio.

Although tRNAstudio is primarily oriented to the analysis of cytosolic tRNAs, it does also report on mt-
tRNA gene expression. A number of mt-tRNA genes have identical counterparts encoded in the nuclear
genome (i.e. mt-tRNA-lookalikes) (Telonis, et al., 2014). Thus, reads mapping to these genes cannot
be unambiguously assigned to bona fide mt-tRNA genes. The MAPQ scores reported by tRNAstudio
for mt-tRNA genes (Supplementary Fig. S2B, lower panel) can aid in the identification of mt-tRNA
genes whose expression may be biased by the presence of mt-tRNA-lookalike nuclear sequences. In
addition, mt-tRNA-lookalike reads can affect the analyses of mt-tRNA gene coverage or bona fide mt-
tRNA modification patterns. Thus, tRNAstudio does not report on these parameters and we refer users
of tRNAstudio to established databases such as MINTbase (Pliatsika, et al., 2016) (Supplementary
Table S1) to extract additional information on mt-tRNA genes from their sequencing datasets.
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We note that, currently, tRNAstudio can only analyse human datasets, although the pipeline could be
adapted to other organisms through the generation of custom genomes for the species of interest.
Adapting tRNAstudio to study other organisms does require programming skills, and we strongly
recommend users to validate the pipeline thoroughly before attempting to use it in a fully-automated
manner. Instructions for experienced bioinformaticians on how to generate custom genomes of
reference and adapt tRNAstudio accordingly can be found in GitHub
(https://github.com/GeneTranslationLab-IRB/tRNAstudio). Finally, tRNAstudio is computationally
demanding, and it is particularly suited for low-throughput analyses of tRNA-seq data. However, with
appropriate computational resources, tRNAstudio can be used to analyze datasets at larger scale.
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ABSTRACT

The modification of adenosine to inosine at the wob-
ble position (134) of tRNA anticodons is an abundant
and essential feature of eukaryotic tRNAs. The ex-
pansion of inosine-containing tRNAs in eukaryotes
followed the transformation of the homodimeric bac-
terial enzyme TadA, which generates 134 in tRNAA"®
and tRNA®Y, into the heterodimeric eukaryotic en-
zyme ADAT, which modifies up to eight different tR-
NAs. The emergence of ADAT and its larger set of
substrates, strongly influenced the tRNA composi-
tion and codon usage of eukaryotic genomes. How-
ever, the selective advantages that drove the expan-
sion of I34-tRNAs remain unknown. Here we investi-
gate the functional relevance of 134-tRNAs in human
cells and show that a full complement of these tRNAs
is necessary for the translation of low-complexity
protein domains enriched in amino acids cognate for
134-tRNAs. The coding sequences for these domains
require codons translated by I134-tRNAs, in detri-
ment of synonymous codons that use other tRNAs.
134-tRNA-dependent low-complexity proteins are en-
riched in functional categories related to cell adhe-
sion, and depletion in I34-tRNAs leads to cellular phe-
notypes consistent with these roles. We show that
the distribution of these low-complexity proteins mir-
rors the distribution of 134-tRNAs in the phylogenetic
tree.

INTRODUCTION

Transfer RNAs (tRNAs) are essential components of the
translation machinery that physically connect amino acids
to their cognate nucleotide triplets (anticodons) according
to the Genetic Code. Regulation of tRNA pools is a well-
known adaptive mechanism that acts in combination with
codon usage to implement translational responses to inter-
nal or external cues (1). Codon-anticodon interactions are
optimized and modulated by post-transcriptional chemical
RNA modifications such as inosine (2,3) that are species-
specific, and vary greatly across the phylogenetic tree (4,5).
Thus, although the genetic code is essentially universal, the
mechanisms that decode it are not.

Inosine at position 34 of the tRNA (I34; first nucleotide
of the tRNA anticodon) is produced in Bacteria and Eu-
karya through the deamination of adenosine (A34) (6,7)
(Figure 1). Whereas tRNAs with A34 can only efficiently
decode U-ended codons, tRNAs with 134 can decode U-,
A- and C-ended codons (8) by wobble pairing (Figure
1A). In Bacteria 134 is produced by the homodimeric en-
zyme tRNA adenosine deaminase A (TadA), and, in Eu-
karya, by the heterodimeric adenosine deaminase acting
on tRNA (ADAT). ADAT evolved from TadA early in
eukaryotic evolution, through a duplication of the bacte-
rial radA gene that gave rise to the two genes coding for
the two ADAT subunits (4DAT2 and ADAT3) (6,9) (Fig-
ure 1B). In Bacteria, 134 can be found in two different
tRNAs (almost universally on tRNA”® g and rarely on
tRNAMY5 1) (10,11). In contrast, eukaryotic 134 is found
in eight tRNAs (tRNAThrAGT, tRNAAlaAGc, tRNAPrOAGG,
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Figure 1. (A) Schematic representation of adenosine deamination to inosine at position 34 of eukaryotic tRNAs (A34-to-134 editing), and the preferential
codon:anticodon pairing for unmodified (left) and modified (right) tRNAs. ‘AA’: amino acid Thr, Ala, Pro, Ser, Leu, Ile, Val or Arg (TAPSLIVR). The
anticodon region within the cloverleaf structure of tRNAs is indicated (see also Supplementary Figure S2B for a detailed example of anticodon structure).
(B) 134 in Bacteria is catalysed by the homodimeric TadA enzyme, from which the eukaryotic ADAT2/ADATS3 heterodimeric enzyme evolved. 134-tRNAs
are absent in Archaea, present in two substrates in Bacteria (*to date bacterial I34-tRNAL" has been reported only on Oenococcus oeni (10)), and present

in eight substrates in Eukarya.

tRNASer AGA tRNALeu AAG> tRNAle AAT> tRNAVa aac and
tRNAA ) (6,10,12-20) that are highly enriched in eu-
karyotic genomes (10,21) (Figure 1B). Interestingly, addi-
tional A34-tRNAs have been reported in Bacteria but they
are not modified to 134-tRNAs, suggesting that the expan-
sion of 134-tRNAs began with the emergence of unmodified
A34-tRNAs (10).

In Bacteria, G34-tRNAs (with the exception of tRNAA™,
see above) are globally used as the major isoacceptors to de-
code threonine, alanine, proline, serine, leucine, isoleucine,
valine and arginine (TAPSLIVR). In Eukarya, however,
the expansion of eukaryotic 134-containing tRNAs (134-
tRNAs) replaced G34-tRNAs as the preferred mechanism
to decode these amino acids (4,5,10,22-25), and played a
major role in defining the structure and codon composi-
tion of eukaryotic genomes (21). Structure-based hypothe-
ses have been put forward to explain the eukaryotic expan-
sion of 134-tRNAs that affected all three-, four-, and six-
codon boxes of the Genetic Code (with the exception of
glycine) (26,27). However, the selection forces that drove
this phenomenon at the root of eukaryotic evolution remain
unclear. Nevertheless, it stands to reason that selection of
134-tRNAs was linked to the mechanisms involved in the
translation of codons for TAPSLIVR.

Protein regions of low amino acid diversity are com-
monly referred to as ‘low-complexity’ domains (28). Low-
complexity domains may or may not be structured, depend-
ing on their amino acid composition (29-32), and are often
important components of structural, extracellular matrix
(ECM) and cell adhesion proteins (33-37). Translating low-
complexity coding sequences is a challenge because their
highly biased codon composition can slow down translation
(38), induce frameshifts leading to mistranslation (39), or
cause ribosome stalling and translational arrest (40). Both
universal and species-specific adaptations exist to overcome

these challenges and expand the protein repertoire (33,40
42), and it is possible that the selection and enrichment of
134-tRNAs in eukaryotic genomes is connected to the con-
tribution of these tRNAs to the efficient translation of low-
complexity TAPSLIVR-rich proteins.

Here, we investigate the functional relevance of 134-
tRNAs in human cells. The complete elimination of 134
in tRNAs is lethal in all the species where this has been
attempted (6,14,16,17,19,20). Thus, generating a cellular
model completely devoid of I34-tRNAs is not possible.
However, we find that partial 134-tRNA depletion is tol-
erated in human cells and does not affect translational ef-
ficiency or accuracy at global scale. Under these experi-
mental conditions, pathways particularly sensitive to 134-
tRNA levels may be identified. Indeed, we find that the im-
pact upon gene translation of a partial reduction in 134-
tRNA levels is codon-dependent, and mostly affects low-
complexity TAPSLIVR-rich proteins that are prevalent in
functional categories linked to cell-cell interactions and
ECM-associated pathways. Chief among these proteins are
polypeptides containing mucin-like domains. Consistently,
134-tRNA depletion results in abnormal cell morphology
and impaired adhesion caused by the deficient translation
of membrane proteins exposed to the extracellular environ-
ment.

Phylogenetic analyses reveal that TAPSLIVR-rich low-
complexity proteins are essentially absent in Bacteria and
Archaea, but are abundant in eukaryotes. Moreover, and
consistent with their roles in cell adhesion, we find that these
proteins are significantly enriched in multicellular species.
Our results indicate that 134-tRNAs improve the translation
efficiency of genes with highly biased codon compositions
that would, otherwise, be inaccessible to the translation ap-
paratus. We propose that the eukaryotic expansion of 134-
tRNAs, and of related codons in eukaryotic genomes, was
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driven by the increase in proteome diversity afforded by the
modified tRNAs.

MATERIALS AND METHODS
Cell lines and cell culture

Human cell lines HEK293T (female; RRID:CVCL_0063),
HeLa (female; RRID:CVCL_0030) and HT-29 M6 (female;
RRID:CVCL_GO077) were maintained in Dulbecco’s modi-
fied Eagle’s medium (DMEM) (41966029, Thermo Fisher),
and NCI-H292 (female; RRID:CVCL_0030) cells were
maintained in Roswell Park Memorial Institute (RPMI)
1640 Medium (ATCC modification) (A1049101, Thermo
Fisher). All media were supplemented with 10% fetal
bovine serum (FBS) (10270106, Thermo Fisher), 100 U/ml
Penicillin-Streptomycin (15140122, Thermo Fisher) and
25 pg/ml plasmocin (ant-mpp, InvivoGen); herein ‘Full
media’. Cells were grown at 37°C in a humidified atmo-
sphere with 5% CO, (37°C/5% CO,), and were periodi-
cally checked for mycoplasma contamination by PCR. The
cell line HT-29 M6 was a gift from Dr Eduard Batlle (IRB
Barcelona), and the cell line NCI-H292 was provided by Dr
Ana Pardo (CIMA, University of Navarra).

Generation of CRISPR-ADAT KD cell lines

Guide strands were designed using public resources (http:
/[crispr.mit.edu) (see Supplementary Table S1 for detailed
oligonucleotide sequences), and were cloned into px330
SV40-GFP vector (gift from Dr Eduard Batlle, IRB
Barcelona) (43) as described in (44).

HEK?293T cells growing in six-well plate format were
transfected with 3 pg px330 SV40-GFP (CTRL), px330
SV40-GFP ADAT2 (ADAT2 KD) or px330 SV40-GFP
ADAT3 (ADAT3 KD) constructs using lipofectamine 2000
(L2K) (11668027, Thermo Fisher) following the manu-
facturer’s protocol (250 wl plasmid/lipid reaction in 2 ml
DMEM Full Media). Forty-eight hours later, GFP-positive
cells were sorted using a FacsAria I SORP sorter (Beck-
ton Sickinson). Sorting on 96-well plates was done using
an ACDU system, and one cell per well was sorted in wells
containing 100 wl DMEM Full Media (see Supplementary
methods). Out of 96 clones analysed per cell line, 55 and
74 were inviable when they were derived from px330 SV40-
GFP ADAT?2 or px330 SV40-GFP ADAT3 treated cells, re-
spectively. Out of the viable clones, none presented a full KO
of the targeted gene, suggesting that full ablation of ADAT2
or ADATS3 is lethal in this cell line. 100% of the single cell
seeded clones derived from px330 SV40-GFP treated cells
(CTRL) were viable. DNA edition was confirmed by se-
quencing.

Cell line generation by lentiviral infection

shCV and shADAT?2 stable cell lines were generated as
previously described (17). Plasmid for hADAT2 over ex-
pression was generated by Gateway cloning system follow-
ing the manufacturer’s protocol (hADAT2-pDONR221)
using specific oligonucleotides (Supplementary Table S1;
and see Supplementary methods). hADAT2 gene was
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amplified from HEK293T ¢cDNA. hADAT2-pLenti con-
struct was generated by performing an LR reaction us-
ing hADAT2-pDONR221 and pLenti vector (Adgene plas-
mid 19068: pLenti PGK Puro DEST W529-2) following
the manufacturer’s protocol. Plasmids for DOX-inducible
shRNA expression (shNonTarget and shADAT2) were gen-
erated by cloning the respective sh sequences (see Sup-
plementary methods) into pTRIPZ vector (Thermo Scien-
tific Open Biosystems Expression Arrest TRIPZ Lentiviral
shRNAmir) following the design guidelines reported previ-
ously (495).

All shCV, shADAT2, pLenti-hADAT2, and DOX-
inducible shRNA cell lines were generated by lentiviral in-
fection using the aforementioned plasmids as described in
(17) (see also Supplementary methods). For the transduc-
tion of NCI-H292 cells, viral supernatants obtained from
HEK?293T cells were collected, cleared with a 0.45 pm fil-
ter and concentrated by ultracentrifugation through a 20%
sucrose cushion at 26 000 g for 2 h at 4°C using a Beckman
SW-28 rotor. Purified lentiviral particles were re-suspended
in PBS, aliquoted and stored at —80°C. Lentiviral titer was
determined using QuickTiter Lentivirus Quantitation Kit
(Cell Biolabs, VPK-107). NCI-H292 cells were infected at a
MOI of 6 for 24 h, and puromycin at 2 pg/ml was added to
culture medium for selection of transduced cells two days
later.

Protein extraction

Unless stated otherwise, all protein extractions were per-
formed with ‘RIPA buffer’: 50 mM Tris pH 7.5, 150 mM
NaCl, 1% NP-40, 0.1% SDS, 1x ‘cOmplete’ EDTA-free
Protease Inhibitor Cocktail (PIC) (11873580001, Merck)
(see Supplementary methods). Quantification of protein ex-
tracts was performed using Pierce BCA Protein Assay Kit
(23227, Thermo Fisher) and measuring absorbance at 562
nm with a Synergy HTX Multi-Mode reader (BioTek). For
differential extraction of RIPA-soluble and RIPA-insoluble
proteins, a pellet of 16 x 10° cells was re-suspended in 250
pl of RIPA buffer, and RIPA-soluble fractions were ob-
tained. The remaining pellet was washed once with 1 ml
RIPA buffer and was then re-suspended in 250 pl of ‘Sol-
ubilisation buffer’: 50 mM Tris pH 7.4, 150 mM NaCl, 50
mM DTT, 2% SDS, 8 M urea, 1x PIC. The re-suspended
pellet was incubated for 10 min at 95°C, centrifuged at maxi-
mum speed for 2 min at room temperature (RT°), and super-
natant was recovered (RIPA-insoluble fraction). For Figure
3E, 250 pl of ‘insoluble protein loading buffer 2x’ (100 mM
Tris pH 6.8, 0.1% Bromophenol blue, 20% glycerol) was
added to each RIPA-soluble and RIPA insoluble fractions.
Then, 20 p.l of each sample was resolved by 10% PAGE and
the gel was stained with BlueSafe (MB15201, NZYtech).

RNA extraction

Total RNA was isolated from cells with TR1zol (15596026,
Thermo Fisher) and ethanol re-precipitated as described
(17). For RNA extraction from high polysome fractions,
samples were combined and concentrated using an Amicon
Ultra-15mL 100K Da (UFC910024, Merck) to a volume of
approximately 200 .l and RNA was extracted using 500 pl
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TRIzol LS (10296010, Thermo Fisher) following the man-
ufacturer’s protocol. Extracted RNA was quantified using
a Nanodrop ND1000 spectrophotometer (Thermo Fisher).
RNA integrity was evaluated with a 2100 Bioanalyzer In-
strument (Agilent).

Western blots

Western blotting was performed by standard procedures as
previously described (46). See Supplementary methods for
details on antibodies used in this study. Blots were devel-
oped using an Odyssey Fc Imaging System (LI-COR) and
analysed using Image Studio Lite v5.2. Raw Odyssey FC
image files available upon request.

Real-Time quantitative PCR

RT-qPCR was performed as previously described (17,46)
in a StepOnePlus Real-time PCR System (Applied Biosys-
tems). Details on primers used are shown in Supplementary
Table S1 (17,47-49).

Analyses of tRNA-Seq datasets

Inosine and 1-methylinosine quantifications by tRNA-Seq
were performed as previously described (17), except that
reads were aligned against the human reference genome
hg38. Quantification of tRNA gene expression at tRNA
isodecoder level was performed with DESeq2 v1.18 (50)
as previously described (51). Datasets used in this study
GSE114904 (51) and PRJEB8019 (17).

Pulse-chase analyses

Pulse-chase experiments were performed with cells at ap-
proximately 80% confluence. Growing media was removed,
cells were washed twice with PBS, and incubated at
37°C/5% CO, for 30 min in Starvation media: DMEM No
Cys, No Met, No Glu (21013024, Thermo Fisher), 10%
FBS, 4 mM L-glutamine (25030024, Thermo Fisher). Me-
dia was then removed and cells were incubated for 30 min
at 37°C/5% CO, with Pulse media: Starvation media con-
taining 300 p.Ci/ml of **S-Met/**S-Cys (EasyTag™ EX-
PRESS35S Protein Labeling Mix, NEG772007MC, Perkin
Elmer) or ¥S-Met (NEG 0091005 MC, Perkin Elmer) and
0.2 mM L-Cys (non-radioactive) (C6852, Merck). Cells
were washed twice with PBS and were incubated for 5
min at RT° with Chase media: DMEM Full media, 5 mM
L-Cys (non-radioactive), 5 mM L-Met (non-radioactive)
(M9625, Merck). Cells were then washed twice with PBS
and harvested with PBS. When cycloheximide (CHX) treat-
ments were required, Starvation, Pulse and Chase media
contained 100 pwg/ml CHX (C4859, Merck). Proteins were
extracted with RIPA buffer and 10 pg of obtained pro-
teins were resolved by 10% SDS-PAGE. The gel was stained
with Coomassie (A1092, Panreac AppliChem), dried us-
ing a Slab Gel Dryer GD2000, and exposed to a Typhoon
Screen for radioactivity detection.

Quantitative metabolic labeling was performed as previ-
ously described (52). Pulse-labeling medium contained 50
wCi/ml of 3*S-Met/*S-Cys (EasyTag™ EXPRESS35S Pro-
tein Labeling Mix, NEG772007MC, Perkin Elmer). Cells

were incubated with pulse-labeling medium for 15, 30 and
60 min, were washed and collected as described (52). Cell
pellets were resuspended in 100 pl ice-cold PBS and 15 pl
of cell suspension were spotted on 2.5 cm glass microfiber
filter disks (Whatman GF/C; WHA1822025) (to measure
total radioactivity) or to perform TCA precipitation (to
measure TCA-precipitable label) as described (52). When
CHX treatments were required, Starvation media, Pulse-
labeling media and PBS contained 100 pg/ml CHX (C4859,
Merck). Scintillation counting was measured in a Tri-Carb
2900 TR (Perkin Elmer) as described (52).

Analyses of cell growth

1 x 10° cells in 8 ml Full Media (time point Day 0) were
seeded on a 10 cm Petri dish. Two days later, cells were
washed once with PBS, and harvested with 2 ml Trypsin-
EDTA (0.05%) (25300054, Thermo Fisher) that was later
quenched with 2 ml Full Media. Total number of cells was
counted (time point Day 2) using a Countess Automatic
Cell Counter (Invitrogen). Then, 1 x 10° harvested cells
were plated on a new 10 cm Petri dish and the process was
repeated up until the last time point. Results represent the
cumulative counting of cells from Day 0 to the last time
point.

Cell cycle analyses

Cells were synchronised by a double thymidine block: 2 mM
thymidine (T1895, Merck) in DMEM Full Media for 13 h,
release (media without thymidine) for 8 h, and second block
for 17 h. Determination of cell cycle stages were performed
in an Epics Cyan ADP flow cytometer (Beckman Coulter)
as previously described (46).

Cellular treatments with stress reagents

1 x 10° cells in DMEM Full Media were seeded in six-
well plate format. Forty-eight hours later, media was re-
placed by 2 ml DMEM Full Media containing a either 700
wg/ml hygromycin B (HygroB) (10687010, Thermo Fisher),
700 nM emetine (E2375, Merck), 100 pwg/ml blasticidin
S (BlaS) (R21001, Thermo Fisher), 100 pg/ml cyclohex-
imide (CHX), 50 mM CaCl, (1.02391, Merck), 0.45 M Su-
crose (84097, Merck), or DMEM only (no FBS; starva-
tion). Cells were visualised in an Eclipse Ts2-FL microscope
(Nikon). Results depicted on Figure SA were obtained at 2
h (Sucrose), 18 h (BlaS and CHX), 20 h (Emetine and Hy-
groB) and 24 h (CaCl, and starvation) of treatment. Ev-
ery condition had its own ‘untreated control’ per cell line;
Figure SA shows a representative untreated control. Acti-
vation of the UPR (Figure 3D) was performed by treat-
ing cells with 2 wM thapsigargin (T9033, Merck) for 3 h.
Proteins were then extracted with RIPA buffer containing
1 mM Na3;VQOy,, 5 mM NayzP,0O7 and 50 mM NaF to retain
their phosphorylation status.

Cell viability assays

To prevent ADAT KD cells to detach upon treatments with
stress reagents, 96-well culture plates were coated with 100
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wg/ml rat-tail collagen type I (A1048301, Thermo Fisher).
1 x 10* cells were seeded per well and 48 h later were
treated with stress reagents for 12 h. Cell viability was mea-
sured with reagent WST-1 (5015944001, Merck) following
the manufacturer’s protocol in a Synergy HTX Multi-Mode
reader (BioTek).

Cellular adhesion to ECM components

Cells were harvested using Trypsin and re-plated in 175 cm?
flasks. Twenty-four hours after plating, cells were washed
once with pre-warmed PBS and harvested with pre-warmed
PBS/2 mM EDTA (131026.1209, Panreac Quimica). 1.5
x 103 harvested cells in 100 wl Assay Buffer were plated
for 2 h at 37°C/5% CO, on an ECM Array Plate (ECM
cell adhesion array kit colorimetric, ECM540, Merck).
Wells in ECM Array Plates are pre-coated with individ-
ual ECM components to test the binding preferences of
seeded cells. The following steps of the assay were per-
formed as described by the manufacturer’s protocol. For
control experiments depicted in Supplementary Figure S3E,
cells were harvested with Trypsin instead of PBS/2 mM
EDTA.

Polysome profiling

Cells growing in 175 cm? flasks were trypsinised and plated
in three 10 cm Petri dishes. Each dish contained 1 x 107
cells (for experiments carried out 24 h after plating; Fig-
ure 6A) or 1 x 10° cells (for experiments carried out 72 h
after plating; Supplementary Figure S4A). At 24 or 72 h
after plating, cells were lysed following a protocol adapted
from (53). All solutions were prepared fresh on the day to
be used. Cells in each Petri dish were treated with 7 ml of
100 pg/ml CHX in DMEM Full Media at 37°C/5% CO,
for 3 min. Cells were then washed with 4 ml ice-cold PBS
containing 100 pg/ml CHX (PBS/CHX). PBS/CHX was
removed, cells from all three Petri dishes were harvested by
scrapping, combined to generate a single cell lysate, and
kept on ice at all times. Cells were centrifuged at 1000
x g for 5 min at 4°C and the supernatant was discarded.
Cell pellets were gently washed (one pipette ‘up and down’
stroke) with 1 mL PBS/CHX, and were centrifuged and
the supernatant was removed as before. Cell pellets were re-
suspended (five pipette strokes) in 500 pl ‘Polysome extrac-
tion buffer’ (PEB) (20 mM Tris pH 7.4, 100 mM KCI, 10
mM MgCl,, 0.5% NP-40,2mM DTT, 100 pg/ml CHX, 100
U/ml RNasin (N2615, Promega), 1 x PIC). Cells were incu-
bated on ice for 10 min, vortexing briefly every 2 min. Cell
lysate was then centrifuged at maximum speed for 10 min
at 4°C and supernatant (approximately 600 wl) was recov-
ered. 10% of this lysate was used for total RNA extraction,
and the rest was used to obtain polysome profiles. Polysome
profiling was carried out as described in (54) using a 10—
50% linear sucrose gradient, with minor modifications (see
Supplementary methods). P/M ratios were obtained from
three independent replicates, after integrating the area un-
der the curve of monosomes (peak corresponding to the 80S
fraction) and polysomes (peaks corresponding to low- and
high-polysome fractions).
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RNA-Seq

Library preparations for RNA-Seq studies (total RNA and
HP fractions, in biological triplicates, for both HEK293T
CTRL and HEK293T ADAT?2 KD cell lines) were prepared
using the TruSeq mRNA library preparation kit (single in-
dexes set A; 20020492, Illumina), following manufacturer’s
recommendations. Libraries were indexed, pooled, and then
sequenced in a NextSeq Flow Cell machine as 2 x 150 bp
paired-end reads. Datasets have been deposited at NCBI
GEO, accession GSE150860.

Reads were aligned to the human genome (hg38) using
STAR 2.3.0e with default options. Reads counts at gene
level were generated with the featureCounts function from
the Rsubread package version 1.28.1 using options an-
not.inbuilt = ‘hg38’, isPairedEnd = TRUE, requireBoth-
EndsMapped = TRUE, checkFraglength = TRUE. Only
protein coding genes (Ensembl biomart v97 July 2019) hav-
ing >10 reads in at least half of the samples were considered
for differential expression analyses. DESeq2 1.18 was used
to detect differentially expressed genes with default options
and using the following thresholds: Benjamini-Hochberg
adjusted P-value < 0.1, IFCI > 1.5. The ROAST method
(55) was used to perform Gene Set Enrichment Analyses
using the MaxMean statistic (56). All gene set mapping was
performed at Gene Symbol level (org.Hs.eg.db v3.0.0). Sta-
tistically significant categories were defined as those having
an adjusted P-value < 0.05.

Statistical significance of the differences between empiri-
cal distributions of global TE was computed using the mded
package version 0.1-2. (57) (Figure 6C). Downregulated
genes for the interaction analysis (HP ADAT2 KD/HP
CTRL)/(Total RNA ADAT2 KD/ Total RNA CTRL) were
detected using DESeq2 with FC HP versus Total < 1.5;
P-value <0.05. Statistical significance of the enrichment of
transcripts encoding low-complexity TAPSLIVR-rich pro-
teins among those down-regulated in the interaction analy-
sis was assessed via Fisher Exact Test. (Supplementary Ta-
ble S4). Enrichment in proportion of transcripts encoding
low-complexity TAPSLIVR-rich proteins with decreased
TE in ADAT2 KD cells, among transcripts with TE CTRL
>1.5 was assessed via permutation test (n = 31, B = 10000)
(Figure 8B). P-values are computed as the proportion of
permutations with more extreme statistics than the ob-
served.

Construction of ADAT eGFP reporters

eGFP ADAT and eGFP nonADAT sequences flanked by
EcoRI, Xhol and Xbal restriction sites (5-end) and Pmel,
Agel and EcoRI restriction sites (3’-end) were ordered from
GenScript (GenScript HK Inc) and were cloned into a cus-
tom pLV-CMV-SV40-Puro plasmid. Correct sequence in-
sertion for all constructs was verified by Sanger sequencing
using the CMV-F universal primer (GATC Biotech). De-
tails on eGFP ADAT sequence and eGFP nonADAT se-
quence are depicted in Supplementary methods. The eGFP
open reading frame contains 239 codons, 88 of which en-
code for TAPSLIVR and are uniformly distributed across
the gene. Thus codon differences between the reporters af-
fected 36.8% of the eGFP sequence. Importantly, these dif-
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ferences did not significantly affect the Codon Adaptation
Index (CAI) of the genes (CAI-eGFP ADAT = 0.761; CAI-
eGFP nonADAT = 0.759). In addition, since all TAP-
SLIVR codons were modified to either C-ended (eGFP
ADAT) or G-ended (eGFP non-ADAT) triplets, the overall
GC content of the genes remained unaltered (GC content
for both eGFP sequences = 61.8%). Conservation of CAI
and GC-content is important to rule out potential non-I134-
tRNA dependent effects on eGFP expression.

Evaluation of ADAT eGFP production

Cells growing on 6-well plate format at approximately 80%
confluence were transfected with 2.5 pg of eGFP ADAT or
eGFP nonADAT plasmids using L2K (250 w1 plasmid/lipid
reaction in 2 ml DMEM Full Media), following the manu-
facturer’s protocol. Negative control cells (‘L2K only’) re-
ceived the same amount of lipid formulation without plas-
mids. Proteins were extracted with RIPA buffer 48 h after
transfection and western blots were carried out as described
above. For FACS analyses, 24 h after lipofection, cells were
washed twice with PBS and the cell suspension was analysed
in a Cytomics FC500 MPL flow cytometer (Beckman Coul-
ter) (see also Supplementary methods). Data was analysed
with Summit v4.3 or FlowJo v10.5.3.

In silico detection of low-complexity TAPSLIVR-rich genes

In this work we refer to ‘low-complexity regions’ as sec-
tions of a protein sequence bearing low amino acid diver-
sity, a widely used definition (28). Based on the concept
of a TAPSLIVR-rich region defined by Rafels-Ybern et
al. (23), we consider that a low-complexity region is rich
in TAPSLIVR if at least 80% of its amino acids (in any
combination) belong to the TAPSLIVR category. Bioin-
formatics identification of low-complexity TAPSLIVR-rich
regions were performed on the Human CCDS release 22
(14 June 2018), using a running window strategy as pre-
viously described (23), but the window size was modified
to include regions of 30 or more amino acids to evaluate a
larger number of proteins. Based on the reported H. sapi-
ens codon usage (58), we applied a threshold of 65.743% to
define a genetic sequence as significantly enriched in ADAT-
dependent codons. Gene ontology analyses were performed
with DAVID (Database for Annotation, Visualization and
Integrated Discovery) v6.8 (59) using default options. Sta-
tistically significant categories were defined as those with
a FDR <0.25 and Benjamini-Hochberg adjusted P-value
<0.05. For the Functional Annotation Clustering sets, only
those with an Enrichment Score >4 were included.

Construction of ADAT luciferase reporters

SDC3-RLuc and SDC3(G-end)-RLuc plasmids were gen-
erated using the backbone vector psiCHECK-2 (C8021,
Promega). The psiCHECK-2 RLuc gene was PCR am-
plified from the vector and the desired portion of SDC3
was PCR amplified from HEK293T cDNA (or from a cus-
tom made SDC3(G-end) sequence, GeneArt, Life Tech-
nologies). A linker (reported in Promega’s NanoLuc re-
porter plasmids) that serves as a spacer between the SDC3

section and the RLuc gene was present in the reverse (RVR)
primer used to amplify SDC3/SDC3(G-end). The obtained
SDC3/SDC3(G-end) and RLuc products were ligated and
inserted into the psiCHECK-2 vector resulting in replace-
ment of the original RLuc gene. Oligonucleotides used are
depicted in Supplementary Table S1 (see Supplementary
methods for further details).

Luciferase assays

6 x 10* cells in 100 wl DMEM Full Media per well were
plated in a 96-well black plate with clear bottom (CLS
3603, Merck), and were lipofected with 100 ng plasmids
on the next day following the manufacturer’s protocol (50
wl of plasmid/lipid reaction in 100 wl DMEM Full Media
per well). Cells were left at 37°C/5% CO, until luciferase
measurements. Luciferase activity was monitored using the
Dual-Glo Luciferase Assay System (E2920, Promega), fol-
lowing the manufacturer’s protocol using a MicroLumat
Plus LB96V luminometer (Berthold).

Purification of reporter proteins

Reporter proteins were purified following standard proce-
dures. SDC3-RLuc and SDC3(G-end)-RLuc were purified
using magnetic Dynabeads Protein A (10002D, Thermo
Fisher) incubated with a Renilla luciferase antibody (PAS-
32210, Thermo Fisher) and cross-linked with 5 mM BS3
(21580, Thermo Fisher) in Conjugation Buffer (20 mM
NaP, 150 mM NaCl). eGFP ADAT and eGFP nonA-
DAT were purified using Protein G sepharose beads (17-
0618-01, VWR) incubated with Green Fluorescent Pro-
tein antibody (DSHB-GFP-12A6, Developmental Studies
Hybridoma Bank) using magnetic Dynabeads Protein A
(10002D, Thermo Fisher), following the manufacturer’s
protocol. Purified proteins were visualized by SDS- PAGE,
and confirmed by western blotting. See Supplementary
methods for further details.

Mass Spectrometry analyses

Protein samples were reduced, alkylated and overnight tryp-
tic digested (60). Digested peptide mixtures were desalted
and clean-up using polyLC C18 and strong cation-exchange
(SCX) filters. Samples were subject to nano-LC-MS/MS
analysis. The nanochromatographic system used was either
a Nanoacquity (Waters) or a Dionex Ultimate (Thermo
Scientific). The Advion Triversa NanoMate (Advion Bio-
scieneces) was used as the nanosource and it was fitted on
an LTQ-FT Ultra (Thermo Fisher) or an Orbitrap Fusion
Lumos mass spectrometer (Thermo Fisher). The mass spec-
trometer was operated in a DDA mode, with survey scans
acquired at 120 k and MS2 scans at 30 k in the orbitrap or
IT resolution.

Data processing was performed with Proteome Discov-
erer software v2.1 or Bioworks v3.1.1 SP1 (Thermo Fisher)
using Sequest HT search engine and SwissProt HUMAN,
contaminants and the proteins of interest (SDC3-RLuc or
eGFP) fasta databases. Search parameters included trypsin
as enzyme, carbamidomethylation in cysteine as fixed mod-
ification and oxidation in methionine as variable mod-
ification. Peptide mass tolerance was 10 ppm and the
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MS/MS tolerance was 0.6 Da (MS2 in the IT) or 0.02 Da
(MS2 in the Orbitrap). Peptides with FDR <1% were con-
sidered as positive identifications with a high confidence
level.

To identify possible mistranslation in SDC3-RLuc we
performed de novo, database and homology searches using
PEAKS v8.5 with search parameters as described above. De
novo score (ALC %) threshold was set to 15 and peptide
hit threshold (-10logP) was 30.0. De novo hits that did not
match any database or homology searches and that have an
ALC >90% were used in a BLAST (The Basic Local Align-
ment Search Tool) search against SDC3-RLuc protein in
order to find regions of local similarity between sequences
and highlight possible mutations.

Whole proteomics analyses was performed in biological
triplicates. HEK293T CTRL and ADAT2 KD cells growing
in 10 cm Petri dishes and at ~80% confluence were washed
once with PBS and harvested by cell scrapping with 0.5
ml proteomics extraction buffer (0.1 M Tris—-HCI pH 7.5;
0.1 M DTT; 4% SDS). The lysate was further processed
through a 20 G needle 20 times and then through a 15 G
needle 15 times to shear DNA, and was quantified using the
Bradford reagent (B6916, Merck). 100 wg of protein sample
were then processed following the filter-aided sample prepa-
ration (FASP) method (61). Before trypsin digestion, urea
buffer was removed and exchanged with triethylammonium
bicarbonate (TEAB) buffer. Digested solutions were acidi-
fied to a final concentration of 0.1% formic acid. Samples
were then dried in a speedvac and reconstituted in 46 pl
TEAB 500 mM. 30 pl of sample was labeled with iTRAQ
Reagent-8PLEX Multiplex Kit (4390812, Sciex) following
the manufacturer’s protocol. In addition, 11 pl of each sam-
ple were combined to generate 2 pools of all samples and
were also labeled. The combined iTRAQ-labeled sample
was cleaned up using polyLC C18 and SXC filters. Cleaned-
up combined iTR AQ-labeled sample was fractionated using
the Pierce High pH Reversed-Phased Peptide Fractionation
kit (84868, Thermo Scientific) following the manufacturer’s
protocol. Fractions were dried with a speedvac and recon-
stituted in 58.8 pl 2% acetonitrile and 0.1% formic acid.
LC-MS/MS analysis was done with the Advion Triversa
Nanomate (Advion Bioscieneces) fitted on an Orbitrap Fu-
sion Lumos mass spectrometer (Thermo Fisher). Data pro-
cessing was performed with Proteome Discoverer v2.1 as
described above.

iTRAQ reporter ion intensities were used for protein
quantifications. Contaminant sequences were removed.
Unique and razor peptides with an average reporter ion sig-
nal to noise >1 were considered for further quantitative and
statistical analysis. Within each iTRAQ experiment, peptide
quantitation was normalized by summing the abundance
values for each channel over all peptides identified within
fractions. For each protein a linear model was fitted with or
without random effects depending on available data. Con-
dition was selected as fixed effect and peptide, fraction and
replicate were set as random effects. Model fitting was ac-
complished with the Ime4 R package version 1.1-23. Differ-
entially expressed proteins were defined as those with IFCI
> 1.5 and Benjamini & Hochberg adj. P-value <0.1.

The mass spectrometry proteomics data have been de-
posited to the ProteomeXchange Consortium via the

79

Nucleic Acids Research, 2021, Vol. 49, No. 12 7017

PRIDE (62) partner repository with the dataset identifier
PXD025024.

Evaluation of MUC5AC production

For induction of mucous cell differentiation, NCI-H292
shCV and shADAT?2 cells were seeded in six-well plates at
6 x 10° cells per well and incubated at 37°C/5% CO, in
RPMI Full Media containing 2 p.g/ml puromycin for 3 days
or until confluent. Cells were then washed with PBS and
incubated in puromycin-free fresh media containing either
50 nM amphiregulin (AREG) (A7080, Thermo Fisher) or
PBS for 2 days. Treatment was then repeated for another
2 days. Immunofluorescence was performed on cells grown
on glass coverslips. Cells were fixed with 4% paraformalde-
hyde for 15 min at RT°, washed twice with PBS, and perme-
abilised in Blocking buffer (0.3% Triton-X100, 1% BSA, 1X
PBS) for 20 min at RT®. Cells were stained with MUCS5AC
(45M1) primary antibody (MA1-38223, Thermo Fisher) di-
luted 1:200 in blocking buffer overnight at 4°C, cells were
then washed twice with PBS and incubated with 1:400 dilu-
tion of Anti-Mouse Alexa Fluor 555-conjugated secondary
antibody (A-31570, Thermo Fisher) in the dark for 1 h
at room temperature. Slides were then stained with DAPI
(D9542, Merck), and were mounted with Vectashield (H-
1000, Vector Laboratories). Images were acquired with a
Zeiss LSM 780 confocal microscope and analysed using Im-
agel software (63). All image adjustments were applied to
all images equally for direct comparison. Quantification of
MUCSAC signal was performed on at least 31 different im-
ages per condition taken with a Plan-Apochromat 10x /0.45
M27 objective, and using custom-made macros in Imagel.
For FACS analyses, NCI-H292 cells were harvested us-
ing Ca*?-free PBS/0.02% EDTA to avoid enzymatic degra-
dation of extracellular proteins, washed in PBS, and re-
suspended in Flow cytometry buffer (PBS containing 0.1%
(w/v) saponin (57900, Merck), 1% (w/v) sodium azide
(52002, Merck), and 10% FBS). Aliquots of 5 x 10> cells
were then stained with MUCS5AC (45M1) primary antibody
(dilution 1:200 in flow cytometry buffer) at 4°C for 30 min,
washed twice in flow cytometry buffer, and incubated with
1:250 dilution of Anti-Mouse Alexa Fluor 488-conjugated
secondary antibody (A-21202, Thermo Fisher) in the dark
at 4°C for 30 min. Cells were then washed twice in flow cy-
tometry buffer, re-suspended in cold PBS and analysed on
a FACSAria Fusion flow cytometer (BD Biosciences). Cells
stained only with secondary antibody were used as negative
control to set the gate. Representative plots showing the gat-
ing strategy are shown in Supplementary Figure S6D and E.

Homology search

The search for homologous sequences was performed using
the OMA database (64) of 152 archaeal, 1674 bacterial, and
462 eukaryotic genomes. For consistency, we used the same
version of the Homo sapiens genome (see 'In silico detec-
tion of low-complexity TAPSLIVR-rich genes’). A BlastP
(v2.5.0) (65) search was performed with each human protein
containing low-complexity TAPSLIVR-rich regions (2218
proteins: TAPSLIVR-set), and with the rest of the human
proteins, against the OMA database. The number of ac-
cepted hits was 10 000. Blast results were filtered using an
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e-value cut-off of 0.01 and an overlap threshold of 20%.
Average number of hits per species was obtained by calcu-
lating, for each human protein, the number of hits in each
group (prokaryotes and eukaryotes) divided by the number
of genomes searched in each group. The average number
of hits in prokaryotic species was then divided by the av-
erage number of hits in eukaryotic species to obtain ‘av-
erage ratios’. Permutation tests were done by generating
5000 groups of 2218 proteins randomly selected from the
whole human proteome. The average ratios for each group
of proteins was calculated and their distribution compared
to the average ratios obtained for the TAPSLIVR-set (Fig-
ure 10A), obtaining the z-score which was then used to cal-
culate the P-value.

Protein sequences homologous to the TAPSLIVR-
set were screened for the presence of low-complexity
TAPSLIVR-rich regions as described above (see ’In sil-
ico detection of low-complexity of TAPSLIVR-rich genes’).
Protein sequences containing TAPSLIVR-rich regions were
used to generate the heatmap shown in Figure 10B. For
data normalization, species were allocated to different tax-
onomic groups according to their phylum, and the num-
ber of species with at least one homolog sequence was di-
vided by the number of species in the phylum. Species were
also grouped based on whether they are unicellular or mul-
ticellular. R v3.5.3 was used to generate Boxplots (pack-
age ggplot2 v3.3.2) and calculate statistical significances the
Mann-Whitney U test.

Analyses of A34-tRINA gene content

Total tRNA gene content for each species was obtained
from the Genomic tRNA database v2.0 (58) and from (10),
acquiring information for 168 of the eukaryotic species
used for homology search (see above). The relationship be-
tween A34-tRNA gene content and abundance of found
TAPSLIVR-rich homologs per species was evaluated by a
Spearman’s rank correlation coefficient using R v3.5.3 and
the package ggpubr v0.2.5. For correlation tests reported in
Figure 10C, seven species with an unusual number of A34-
tRNA genes (>400 genes) were excluded from the analyses
and are reported in Supplementary Table S6. Of note, the
correlation strength reported in Figure 10C (R = 0.53; P-
value = 3.7e-13) was maintained when the seven excluded
eukaryotic species were included in the analyses (R = 0.53,
P-value = le-13). For results depicted in Supplementary
Figure S7, 1324 species from Bacteria and 114 species from
Archaea were analysed (Supplementary Table S6).

Statistical analyses

Statistical analyses were performed with GraphPad Prism
software v6.0 and R v3.5.3. Unless stated otherwise, data
shows mean + SD of at least three biological replicates. Sta-
tistical significance was obtained by a two-tailed 7 test (P-
value < 0.05). For RNA-Seq and tRNA-Seq data, statis-
tical significance was defined by Benjamini-Hochberg ad-
justed P-values (adj P-value < 0.1, and adj P-value < 0.05,
respectively). For whole proteomics analyses (iTRAQ), sta-
tistical significance was defined by Benjamini-Hochberg adj

P-value < 0.1). For the analyses of homolog proteins, sta-
tistical significance when comparing average ratios was ob-
tained using the z-score. Correlation analyses were per-
formed with a Spearman’s rank correlation coefficient. Sta-
tistical significance for Figure 10E was obtained by Mann—
Whitney U test. Statistical significance of the enrichment for
candidate genes among gene lists was done via Fisher Exact
Test and permutation analysis.

RESULTS

ADAT2 KD reduces 134 levels without affecting general pro-
tein synthesis

To study the biological relevance of I34-tRNAs in
HEK?293T cells we used CRISPR /Cas9 technology to dis-
rupt the ADAT2 or ADAT3 genes. Both genes are essen-
tial in all model organisms studied to date, and eukary-
otic 134-tRNAs are absolutely required to translate C-
ended codons for TAPSLIVR in species that lack G34-
tRNA isoacceptors (6,14,16,17,19,20) (see also Introduc-
tion). Thus, as expected, we were unable to obtain full
ADAT?2 or ADAT3 knockout clones (see Materials and
methods), but we did obtain heterozygous clones carrying
wild type (WT) and edited alleles (HEK293T ADAT2 KD’
or ‘HEK293T ADAT3 KD’) (Supplementary Figure S1).
Editing of the ADAT?2 allele resulted in the generation of a
premature stop codon eight amino acids downstream of the
edited site (Supplementary Figure S1A); while editing of the
ADATS3 allele resulted in the elimination of seven residues
mapping to the deaminase domain of the protein without
changes in the translation reading frame (Supplementary
Figure S1B).

Both KD cell lines presented reduced levels of the pro-
tein coded by the targeted gene (Figure 2A). ADAT2 KD
did not affect the levels of ADAT3, but we observed a mild
decrease in ADAT?2 protein abundance upon ADAT3 KD
(Supplementary Figure S2A). We did not detect changes in
ADAT?2 or ADAT3 mRNA levels in either cell line (Figure
2A). This is consistent with the effects of CRISPR/Cas9
targeting, and suggests that the artificially edited ADAT2
transcript with a premature stop codon can escape the
nonsense-mediated decay pathway (66). HEK293T ADAT?2
KD cells were stable in culture, but HEK293T ADAT3
KD cells rapidly reverted to the WT sequence (not
shown).

Upon ADAT2 KD, we detected reduced levels of 134 on
all its tRINA substrates, as seen by next generation sequenc-
ing of tRNAs (Figure 2B), without significant variations in
tRNA transcript abundance (Figure 2C and Supplemen-
tary Table S2). As a control, we verified that the amount
of the unrelated tRNA modification 1-methylinosine (m'I)
present at position 37 of tRNA”2, and catalysed by ADAT1
(67), was not affected (Supplementary Figure S2B). Sim-
ilar results were observed upon shRNA-mediated KD of
ADAT?2 (17) (Supplementary Figure S2B-C). Because com-
plete depletion of 134 is not possible, our cellular models
allow us to identify cellular processes most sensitive to a re-
duction of 134-tRNAs.

Reduced levels of 134-tRNAs would be expected to im-
pair cellular translation. However, pulse-chase analyses of
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Figure 2. (A) Upper panel: ADAT2 and ADAT3 protein levels. Quantification of gel bands have been normalized to GAPDH and relative to HEK293T
CTRL cells. Lower panel: ADAT2 and ADATS3 transcript levels in the indicated cell lines, relative to GAPDH. Shown are biological triplicates, their
mean and standard deviations (SD). n.s.: not statistically significant (z-test). See also Supplementary Figure S2A. (B) 134 levels in HEK293T CTRL (blue)
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represents log2 DESeq2 normalized expression values based on two biological replicates calculated as in (51). No statistically significant differences were
found (Benjamini-Hochberg, Fisher Exact Test, adj. P-value < 0.05). See also Supplementary Figure S2C and Supplementary Table S2.

general protein synthesis did not reveal defects in overall
translation efficiency in ADAT2 KD and shADAT?2 cells
(Figure 3A and Supplementary Figure S2D). Quantitative
metabolic labeling demonstrated that the amount of syn-
thesized protein over time is similar in CTRL and ADAT?2
KD cells (Figure 3B), and that the incorporation of free ra-
diolabeled amino acid into proteins occurs at similar rates
in both cell lines (Figure 3C). As a control, cycloheximide
(CHX) treatment abolished the incorporation of radiola-
beled amino acid into proteins in both cell lines (Supple-
mentary Figure S2E).

As a proxy for studying mistranslation, we monitored
activation of the unfolded protein response (UPR) (68),
formation of RIPA-insoluble protein aggregates (69), and
ubiquitination levels in whole protein extracts (70). Based
on these parameters, we were unable to detect signs of mis-
translation in ADAT2 KD cells (Figure 3D-F). We also per-
formed mass spectrometry-based whole proteomics analy-
ses (iTRAQ) and found only 7 differentially expressed pro-
teins (IFCl > 1.5; adj. P-value < 0.1) among 2280 detected
proteins (Figure 3G and Supplementary Table S3), indicat-
ing that 99.7% of detected proteins present unaltered lev-
els under these conditions. Mass spectrometry data also
showed that all detected peptides presented their expected
mass for identification in all samples, indicating lack of mis-
translation. Thus, depletion in 134-tR NAs caused by the in-
activation of a single ADAT?2 allele (or by shRNA-mediated
KD) does not cause appreciable defects in global translation
efficiency or accuracy.
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Reduced 134 levels affect cell growth, and cause morphology
defects

We measured cell growth to assess the general physiologi-
cal state of the cell after silencing ADAT2 or ADAT3, and
found a reduced growth rate caused by a general decelera-
tion of the cell cycle (Figure 4A, B and Supplementary Fig-
ure S3A). We observed similar phenotypes in different shA-
DAT?2 human cell lines (Supplementary Figure S3B and C),
and we were able to fully recover growth rates in ADAT2
KD cells by introduction of a lentiviral ADAT2 expression
system (HEK293T ADAT2 KD pLenti-hADAT?2’) (Figure
4C). Thus, the observed phenotypes are due to reduced lev-
els of [34-tRNAs caused by ADAT depletion. We noticed
that cells depleted of 134-tRNAs presented an abnormal
morphology after being detached by trypsin treatment and
re-plated in clean culture plates. This phenotype was tran-
sient (Figure 4D), and absent in cells detached using PBS-
EDTA (Supplementary Figure S3D). This suggests that the
silencing of ADAT?2, and the resulting reduction in levels
of 134-tRNAs, impair the ability of cells to recover from
the proteolytic elimination of membrane proteins exposed
to the extracellular milieu.

Depletion of 134-tRNAs impairs cell adhesion and sensitises
cells to translation inhibitors

We then tested whether translation machinery inhibitors
would have a synergistic effect with ADAT silencing. We
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Figure 3. (A) Pulse-chase analyses on HEK293T CTRL and ADAT2 KD cells in the presence (+) or absence (—) of cycloheximide (CHX), that inhibits
cytosolic translation. Coomassie staining is used as gel loading control. See also Supplementary Figure S2D. (B) Kinetics of protein synthesis in HEK293T
CTRL (blue) and ADAT2 KD (red) cells upon monitoring the amount of TCA-precipitable label (**S-Met/Cys) from each cell lysate at the indicated time-
points. Shown are the mean and standard deviations from biological triplicates. n.s.: not statistically significant (z-test) (C) Quantitative evaluation of
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soluble and RIPA-insoluble protein abundance in HEK293T CTRL and ADAT2 KD cells by BlueSafe staining. (F) Evaluation of ubiquitination levels in
total protein lysates from HEK293T CTRL and ADAT2 KD cell lines. Note that under these conditions free ubiquitin (6 KDa) runs with the front dye
(~ 17 KDa). GAPDH is used as gel loading control and ADAT?2 levels are shown for reference. (G) Volcano plot showing differentially expressed proteins
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Supplementary Table S3.
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images of trypsin-treated HEK293T CTRL and ADAT2 KD cells at 24 (upper
S3D.

found that both ADAT2 KD and ADAT3 KD cells, but not
CTRL cells, spontaneously detached from culture plates
upon treatment with antibiotics such as Hygromycin B (Hy-
groB), Emetine, Blasticidin S (BlaS) and Cycloheximide
(CHX) (Figure 5A). In contrast, all three cell lines remained
adhered to culture plates when exposed to insults that do
not directly affect translation, such as calcium chloride
(CaCly), starvation, or incubation in hyperosmotic media
(0.45 M Sucrose) (Figure 5A). We further found that de-
tached cells treated with antibiotics were viable, grew nor-
mally if re-plated in clean culture plates (not shown), and
were metabolically equal to CTRL cells (Figure 5B), indi-
cating that their detachment was not due to a differential
sensitivity to antibiotic toxicity. Thus, although our data
shows that global translation is not affected in cells with re-
duced 134-tRNAs, we observe phenotypes consistent with
impaired translation of specific functional protein families.

These results prompted us to investigate whether 134-
tRNA depletion quantitatively impairs the adhesion capac-
ity of cells. Furthermore, because cellular morphology and
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panels) and 48 (lower panels) h after plating. See also Supplementary Figure

proliferation depends upon cellular adhesion (71,72), com-
promised cell adhesion can also explain the phenotypes ob-
served in trypsin-treated ADAT2 KD cells (Figure 4). We
reasoned that the observed phenotypes could be caused by
impairment in the de novo synthesis of membrane proteins
necessary for cell attachment. To evaluate the adhesion ca-
pacity of 134-depleted cells in a context where de novo trans-
lation is required for this function we: (i) treated ADAT?2
KD and CTRL cells with trypsin to degrade plasma mem-
brane proteins and stimulate their synthesis; (ii) plated the
cells in standard culture plates for 24 h; (iii) harvested
the cells with PBS-EDTA (preserving all newly synthesized
membrane proteins) and (iv) placed the cells in plates pre-
viously coated with individual components of the extracel-
lular cell matrix (ECM) to test the ability of the cells to
bind to physiological substrates. We found that ADAT2 KD
cells display impaired adhesion to collagens (Col II, Col IV)
and vitronectin (VN), but not to fibronectin (FN), laminin
(LN) or tenascin (TN) (Figure 5C and Supplementary Fig-
ure S3E). These results indicate that upon degradation of
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membrane proteins cells depleted from 134-tRNAs fail to
efficiently resynthesize proteins required for cellular attach-
ment to specific components of the ECM.

Depletion of 134-tRNAs reduces ribosome occupancy on a
subset of transcripts

To explore the impact of I34-tRNAs on the translatome we
performed polysome profiling at 24 h after trypsin treat-

ment and plating. We detected reduced levels of mRNAs in
the high polysomal fractions and a consequent increase of
mRNA abundance present in the low polysomal fractions
in ADAT2 KD cells (Figure 6A), indicating reduced ribo-
some occupancy on transcripts. In addition, we found an
increase in the 80S ribosomal fraction and a shift in the
40S-to-60S ribosomal fraction ratio (Figure 6A). At 72 h
after trypsin treatment and plating, we observed these dif-
ferences substantially reduced, consistent with proteome
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normalization after protease treatment (Supplementary
Figure S4A).

To quantitatively assess these differences, we calculated
polysome to monosome ratios (P/M ratio). We found that
ADAT?2 KD cells presented a significant depletion in the
P/M ratio at 24 h after trypsin treatment (Figure 6B), a
difference that disappeared at 72 h after treatment (Sup-
plementary Figure S4B). This data is consistent with the
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hypothesis that the modest effects on ribosome occupancy
observed are due to translation impairment of a subset of
genes, while global translation is generally not affected.

To characterize transcripts differentially translated in
ADAT?2 KD cells, we performed RNA-Seq at 24 h after
trypsin treatment and plating, both from input RNA (‘To-
tal RNA’ to assess transcriptomic changes) as well as from
RNA obtained from the high polysome (HP) fractions. We



7024 Nucleic Acids Research, 2021, Vol. 49, No. 12

detected a significant depletion of ADAT?2 transcripts (FC
< 1.5; adj. P-value < 0.1) in the HP fraction of the ADAT?2
KD cell line without significant changes in total RNA (Sup-
plementary Figure S4C), indicating translational impair-
ment. This is consistent with ribosomal drop-off caused
by the premature stop codon introduced in this gene by
CRISPR/Cas9 editing (Supplementary Figure SIA, see
also Figure 2A). In agreement with previous observations,
we did not observe alterations of ADAT3 transcript levels in
total RNA or HP fractions in this cell line (Supplementary
Figure S4C, see also Figure 2A and Supplementary Figure
S2A).

Although we found 726 differentially enriched or de-
pleted (IFCI > 1.5; adj. P-value < 0.1) protein-coding genes
in the HP fractions of ADAT2 KD cells (Supplementary
Table S4), a global analysis of translation efficiency (TE)
(cumulative log, FC HP versus total) found no major dif-
ferences in ADAT2 KD cells compared to CTRL cells (P-
value = 0.49; Figure 6C). This is in agreement with our pre-
vious observations that general translation is not affected
in ADAT?2 KD cells, and indicates that most of the differ-
ential expression observed in HP fractions can be explained
by changes in transcriptional rates.

Despite the fact that general translation efficiency is
not affected by depletion of 134-tRNAs, gene ontology
(GO) analyses revealed compositional differences in the HP
fractions of ADAT2 KD cells. Indeed, HP fractions after
ADAT?2 KD are significantly depleted in transcripts asso-
ciated to cellular proliferation, cell adhesion, cell-cell sig-
nalling, response to extracellular stimuli, protein transport
and peptide secretion functions. On the other hand, HP
fractions after ADAT2 KD are significantly enriched in
transcripts linked to cellular differentiation, calcium sig-
nalling, protein and mRNA stabilization, telomere mainte-
nance, and protein ubiquitination (Figure 6D, E and Sup-
plementary Table S4). Thus, the depletion of 134-tRNAs
does not affect general translation efficiency, but induces
changes in the composition of transcript populations asso-
ciated to ribosomes.

Impact of 134-tRNA depletion upon translation depends on
codon composition and distribution

To gauge the relationship between codon composition
and I34-tRNA dependence, we first assessed the impact
of ADAT depletion upon translation of proteins with an
even distribution of TAPSLIVR in their sequences. To
that end we engineered two eGFP genes where codons for
TAPSLIVR were cither C-ended (ADAT-sensitive; ‘eGFP
ADAT’), or G-ended (ADAT-insensitive; ‘¢GFP nonA-
DAT’) (Figure 7A, see also Materials and methods). GFP
reporters are frequently used for the analysis of codon-
biased translation (73). Importantly, to prevent differences
in translation rates caused simply by the changes in codon
usage, we ensured that these two eGFP sequences would
share a similar Codon Adaptation Index (CAI) (74).

We observed similar levels of total eGFP protein and
fluorescence in ADAT2 KD and CTRL cells when trans-
fected with either eGFP variant by western blotting and
FACS analyses (Figure 7B, C, respectively). This indicates
that both eGFP variants are translated at a similar rate and

that they fold into their active form to produce fluorescence
in both cell lines. Likewise, we detected equivalent eGFP
production in HEK293T shCV and shADAT?2 cells, and for
both expression constructs (Supplementary Figure SSA and
B). Thus, eGFP translation is not sensitive to partial 134-
tRNA depletion, even if codon composition is maximally
biased towards I34-tRNA use. In addition, we did not find
signs of mistranslation based on peptide analysis by mass
spectrometry (Supplementary Figure S5C). Therefore, a re-
duction in 134 levels had no effect upon the efficiency or
the fidelity of translation of a soluble protein containing
evenly distributed TAPSLIVR. This is consistent with the
observation that translation of soluble proteins of average
amino acid composition remains unaffected upon ADAT2
KD (Figure 3).

We have previously shown that the frequency of codons
recognised by I34-tRNAs in eukaryotic genes positively
correlates with the number of consecutive TAPSLIVR-
encoding codons in the corresponding proteins (10,23,24).
We therefore asked whether 134 levels are important for
the synthesis of proteins with low-complexity TAPSLIVR-
rich regions. First, we identified human transcripts encod-
ing proteins with low-complexity TAPSLIVR-rich regions,
and ranked them according to the size of these regions,
and their relative enrichment in TAPSLIVR codons cognate
for 134-tRNAs (Supplementary Table S5). Next, we per-
formed an in silico functional characterization of the iden-
tified low-complexity TAPSLIVR-rich proteins. We found
that this subset of the human proteome is associated to cel-
lular structure, morphology, adhesion, cell signalling, and
interaction with the extracellular space (Supplementary Ta-
ble S5). We further found that these low-complexity regions
are characteristic of mucin-like domains (MLDs) (75), and
are abundant in Mucins (MUC) and other proteins in-
volved in ECM regulation and adhesion (Supplementary
Table S5).

We monitored endogenous levels of the MLD-containing
protein Syndecan 3 (gene SDC3) (76) (Figure 7D), as a
function of ADAT?2 levels. We found that cells depleted of
134-tRNAs produce less SDC3 compared to CTRL cells,
without significant changes in SDC3 transcript abundance
(Figure 7E and F). To test if this effect was due to trans-
lation impairment of the low-complexity MLD region of
SDC3 we generated a reporter gene where this section of the
SDC3 transcript (Figure 7D) was cloned at the N-terminus
of a Renilla luciferase (RLuc) gene (SDC3-RLuc). We also
generated an equivalent construct (SDC3(G-end)-RLuc)
where all ADAT-sensitive codons (U-, C- and A-ended
codons) of the cloned region of SDC3 were replaced by G-
ended codons, thus rendering them 134-tRNA-insensitive
(decoded by C34-tRNAs) (see Materials and methods).
Both constructs contain a Firefly luciferase (FLuc) that acts
as an internal control for normalization of expression (Fig-
ure 7G).

We found a 20% reduction in SDC3-RLuc expression,
but not of SDC3(G-end)-RLuc, in ADAT2 KD cells at 48
h after transfection (Figure 7H). A time-course analysis re-
vealed a continued decrease of SDC3-RLuc in ADAT2 KD
cells relative to CTRL cells (Figure 71). We purified SDC3-
RLuc and SDC3(G-end)-R Luc from all cell lines and found
their protein sequences to be identical by mass spectrome-
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try (Supplementary Figure S5D). Thus, in contrast to tran-
scripts with evenly distributed TAPSLIVR codons, a par-
tial depletion of 134-tRNAs impairs the translation of low-
complexity TAPSLIVR-rich transcripts.

In light of this evidence we revisited our polysome profil-
ing data to evaluate the specific synthesis of low-complexity
TAPSLIVR-rich proteins in ADAT2 KD cells. Using an in-
teraction analysis (see Materials and methods) we found
that 7 out of the 36 genes with impaired TE in ADAT2
KD cells (FC HP versus total < 1.5; P-value < 0.05) en-
coded proteins with TAPSLIVR-rich low-complexity re-
gions (Figure 8A and Supplementary Table S4). Notably,
we found that under these conditions, these transcripts are
highly translated in CTRL cells (i.e. FC HP CTRL versus
total CTRL > 1.5; P-value < 0.05) (Figure 8A). A permu-
tation test revealed that the fraction of translationally im-
paired transcripts in ADAT2 KD cells that are highly trans-
lated in CTRL cells (31 genes) is enriched in low-complexity
TAPSLIVR-rich coding sequences (10 000 sets of 31 ran-
dom genes detected in the polysome profiling experiment,
P-value = 0.0121; Figure 8B). These results suggest that
ADAT?2 KD causes impaired translation of transcripts that
require 134-tRNAs and are under high translational de-
mand.

To extend this analysis to a larger set of transcripts we
relaxed the statistical constraints imposed on the above-
mentioned interaction analysis, and evaluated the TE (i.e.
upregulated (FC > 0) or downregulated (FC < 0)) upon
ADAT2 KD without setting up a FC or P-value thresh-
old. We found 989 transcripts encoding proteins with
low-complexity TAPSLIVR-rich regions with downregu-
lated TE, representing a statistically significant enrichment
among all detected transcripts with downregulated TE (P-
value = 0.03036; Fisher exact test). This significance is in-
creased when the analysis is restricted to highly translated
transcripts in CTRL cells (i.e. FC HP CTRL versus To-
tal CTRL > 0) (550 transcripts encoding low-complexity
TAPSLIVR regions; P-value = 4.985¢-14; Fisher exact
test) (Supplementary Table S4). These analyses support the
observation that transcripts encoding proteins with low-
complexity TAPSLIVR-rich regions are enriched among
those translationally impaired upon ADAT2 KD, partic-
ularly if such transcripts are under high translational de-
mand.

Depletion of I34-tRNAs impairs translation of MLD-
containing proteins in different cell lines

To rule out cell-specific effects we evaluated the endogenous
levels of two additional low-complexity MLD-containing
proteins in different cellular model systems. First, we exam-
ined the expression of Dystroglycan 1 (coded by the gene
DAGI) (Figure 9A) in HT29-M6 shCV and shADAT?2 cells
(Supplementary Figure S3B, C and Supplementary Figure
S6A). Dystroglycan 1 is translated from a single transcript
as a propeptide that is post-translationally cleaved into
two subunits: alpha-dystroglycan («a-DG) that has a low-
complexity TAPSLIVR-rich MLD, and beta-dystroglycan
(B-DG) (77) (Figure 9A). Therefore, defects in translation
of a-DG should also impact translation of -DG. We found
that ADAT2 KD reduced the levels of both proteins (Fig-

ure 9B) without affecting DAG1 mRNA abundance (Figure
90).

To investigate translation of mucins (MUC) in ADAT-
silenced cells, we used a line of human pulmonary mucoepi-
dermoid carcinoma cells (NCI-H292) where MUC produc-
tion is induced by the epidermal growth factor-like protein
amphiregulin (AREG) (78). Interestingly, AREG treatment
induced ADAT?2 expression in both NCI-H292 shCV and
shADAT?2 cells, although the latter continued to present re-
duced ADAT?2 abundance compared to shCV cells (Figure
9D). This is consistent with the notion that ADAT activity
is linked to the efficient synthesis of mucins. We evaluated a
number of molecular markers of AREG-induced signalling
and found that ADAT?2 depletion did not generally affect
the cellular response to AREG treatment (Supplementary
Figure S6B-C).

We next examined the expression of mucin-5 Subtype AC
(MUC5A4C) (Figure 9E). As expected, AREG treatment
sharply increased the levels of MUCSAC mRNAs (78).
This activation was of ~ 1000-fold and similar for shCV
and shADAT?2 cells (Figure 9F). However, we detected a
strong reduction in MUCSAC protein levels in shADAT?2
cells, both by FACS analyses (~ 30% reduction, Figure 9G
and Supplementary Figure S6D-E) and immunohistochem-
istry (~70% reduction, Figure 9H), consistent with a severe
translational defect.

Low-complexity TAPSLIVR-rich proteins are primarily
Eukarya-specific and enriched in multicellular organisms

The enrichment of 134-tRNAs in Eukarya (4,10,21), and
the fact that MLDs are found mostly in eukaryotes (75),
prompted us to ask whether low-complexity TAPSLIVR-
rich proteins are overrepresented in Eukaryotes. Using es-
tablished methods (79) we searched for homologous se-
quences to these human TAPSLIVR-rich proteins in all
three domains of life. Evaluating homology on the basis of
low-complexity regions is subject to numerous biases (80),
thus we first identified homologs using the full sequence of
human proteins containing TAPSLIVR-rich regions. In this
way we were able to identify all proteins evolutionary re-
lated to the human query set, independently of their low-
complexity TAPSLIVR-rich region.

We found that the average per-species abundance
of homologous sequences to low-complexity human
TAPSLIVR-rich proteins is 66-fold higher in eukaryotes
than in prokaryotes (homologs in prokaryotes/homologs
in eukaryotes = 0.015; see Materials and methods) (Fig-
ure 10A). To evaluate the significance of this result, we
performed a permutation test with 5000 sets of ran-
domly chosen human sequences. This confirmed that
low-complexity TAPSLIVR-rich protein homologs are
exceedingly rare in prokaryotic organisms (P-value <
le-10) (Figure 10A). We then examined the presence
of low-complexity TAPSLIVR-rich regions within these
proteins to find that they are almost absent in prokaryotes
(Figure 10B).

Interestingly, we found an uneven distribution of ho-
mologs of these sequences within eukaryotes (Figure 10B).
We asked whether this could correlate with the number of
tRNA genes coding for precursors of 134-tRNAs (i.e. A34-
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tRNA genes) present in these species. We found a positive
trend (R = 0.53, P-value = 3.7¢-13, Spearman) between
the abundance of low-complexity TASPLIVR-rich proteins
and A34-tRNA gene content (Figure 10C and Supplemen-
tary Table S6). Furthermore, eukaryotes that lack A34-
tRNA genes for any of the TAPSLIVR (i.e. reduced A34-
tRNA gene diversity) are also depleted in low-complexity
TAPSLIVR-rich homologs (Figure 10C). Of note and as ex-
pected, proteins with low-complexity TAPSLIVR-rich re-
gions are rare in bacterial and archaeal genomes (Figure
10B), which are depleted of 134-tRNAs (Supplementary
Figure S7).

The capacity to synthesize cell adhesion molecules
was instrumental for the origin of multicellularity (81—
84), and low-complexity TAPSLIVR-rich proteins are in-
volved in cell adhesion and extracellular matrix interac-
tions (Supplementary Table S5). We calculated the aver-
age per-species abundance of homologs to human low-
complexity TAPSLIVR-rich proteins in unicellular and
multicellular eukaryotes and found that they are severely
depleted in unicellular species (homologs in unicellular
eukaryotes/homologs in multicellular eukaryotes = 0.096;
P-value < 1e-34 compared to 5000 sets of randomly chosen
human sequences) (Figure 10D). We further evaluated the
presence of low-complexity TAPSLIVR-rich regions within
these proteins and detected a 7.3-fold enrichment in multi-
cellular species (Figure 10E and Supplementary Table S7).

These results show that the scarcity or abundance of
I34-tRNAs in eukaryotes correlate with the capacity of
these species to synthesize proteins with low-complexity
TAPSLIVR-rich regions involved in cell adhesion, and with
their unicellular or multicellular condition. Interestingly, we
found four unicellular eukaryotic species with an unusually
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high number of proteins with low-complexity TASPLIVR-
rich stretches (i.e. Capsaspora owczarzaki, Salpingoeca
rosetta, Monosiga brevicollis and Spizellomyces punctatus)
(Figure 10E). All these species are considered model organ-
isms to study the transition towards metazoan multicellu-
larity (25,83-86).

DISCUSSION

The selective pressures that drove the evolution of the trans-
lation apparatus, and their impact upon the functional
and structural diversity of proteomes are unknown. More
specifically, the replacement of G34-tRNAs for 134-tRNAs
in eukaryotic genomes is a major event during early eu-
karyotic evolution that remains unexplained (4,5,21). Ex-
tant eukaryotic 134-tRNAs are essential to translate C-
ended codons due to the lack of genes coding for isoaccep-
tor G34-tRNAs (6,14,16,19,20,58). However, although this
highlights an essential function of these tRNAs, it does not
inform on the selective advantage that drove their expansion
early in eukaryote evolution.

The expansion of 134-tRNAs during eukaryotic emer-
gence needs to be considered in the context of the physi-
cal constraints surrounding codon-anticodon interactions.
G34-tRNAs generate high-energy codon-anticodon pair-
ings (87) which, in bacteria, require an internal base pairing
between bases 32 and 38 of the anticodon loop to reduce the
codon anticodon affinity through structural strains upon
the loop structure (26). In eukaryotic translation systems,
G34-tRNAs induce miscoding and are toxic, presumably
because of non-cognate pairing of G34-tRNA anticodons
with C-ended codons (26). It is conceivable that bacterial
G34-tRNAs would cause a fitness conflict when used by an
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*HEE: Povalue < 0.0001 (7-test).
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archaeal-type translation machinery, leading to the substi-
tution of G34-tRNAs by an alternative tRNA. However,
this scenario does not explain why 134-tRNAs would be
the preferred solution to this conflict. The toxicity of G34-
tRNAs in human cells could be alleviated by single base
changes at positions 32 or 38 (26), moreover, [34-tRNAs
may impose other constraints upon tRNA sequences. For
example, eukaryotic tRNAAR , presents peculiar tertiary
structures unique to this kingdom (88). Thus, additional se-
lective forces may have contributed to the dramatic expan-
sion of 134-tRNAs in nucleated cells.

In this work we use cellular models that are partially
depleted from I134-tRNAs to levels equivalent or lower
than those previously reported in human cell lines or other
species upon ADAT downregulation (13,15-17,20,49,89).
This depletion is achieved without causing additional al-
terations to the tRNA pool, and the resulting cells are
still viable (Figures 2 and 4, Supplementary Figure S2B-
C and Supplementary Table S2). Under these conditions,
we might expect to identify cellular processes particularly
sensitive to 134 depletion. We find that depletion of 134-
tRNAs impairs cell adhesion (Figure 5C), and ADAT KD
cells tend to detach when exposed to protein synthesis in-
hibitors, but not to other cellular insults (Figure 5A and B).
Moreover, we observe that reduced 134 levels cause an ab-
normal cellular morphology upon trypsin treatments (Fig-
ure 4D and Supplementary Figure S3D), indicating that
134-tRNAs are required for the de novo synthesis of mem-
brane proteins involved in interactions with the extracellu-
lar environment. We also observe reduced proliferation and
a slower cell cycle (Figure 4A-C), two phenotypes com-
monly caused by defects in cellular adhesion (71,72) and
previously reported in other cellular systems upon ADAT
depletion (6,15,16,19,20). Silencing of ADAT?2 also causes
a notable decrease in transcripts with high ribosomal occu-
pancy after trypsin treatment (Figure 6A), and within this
group, we find an overrepresentation of genes linked to cell
adhesion, response to extracellular stimuli and cell-cell sig-
nalling (Figure 6D and Supplementary Table S4), indicating
that extracellular polypeptides predominate among those
affected by a partial depletion of 134-tRNAs.

These observations are consistent with the hypothesis
that partial I134-tRNA depletion leads to translational im-
pairment of a specific subset of transcripts. Indeed, we do
not find translation to be generally compromised when 134-
tRNA levels are reduced, as shown by monitoring protein
synthesis rates through metabolic labelling, analysing sol-
uble and insoluble protein fractions, and evaluating UPR
markers and levels of protein ubiquitination (Figure 3A-F
and Supplementary Figure S2D). Furthermore, whole pro-
teome mass spectrometry analyses revealed only 7 proteins
out of 2280 to be differentially expressed (2 proteins upreg-
ulated and 5 downregulated) (Figure 3G and Supplemen-
tary Table S3). We favour the hypothesis that these changes
are due to modulation of transcriptional rates. Likewise, no
global alterations in translation efficiency were observed in
ADAT?2 KD cells by RNA-Seq in polysome profiling exper-
iments (Figure 6C), and only 36 genes out of 12 447 were
found to be translationally impaired (Figure 8A, and see
below). This indicates that the majority of the differential
abundance of transcripts associated to ribosomes found in

ADAT?2 KD cells could be explained by changes in tran-
scriptional rates (Figure 6 and Supplementary Table S4).

On the other hand, we do find impaired translation of
low-complexity TAPSLIVR-rich proteins that are encoded
by transcripts enriched in codons cognate for 134-tRNAs.
An in silico analysis of low-complexity TAPSLIVR-rich
proteins functionally links this subset of the human pro-
teome to cellular integrity, adhesion, and generation of, and
interaction with the ECM, among others (Supplementary
Table S5). We analysed endogenous expression of human
transcripts encoding low-complexity TAPSLIVR-rich pro-
teins in three different cellular systems. We detected trans-
lational defects in membrane-associated proteins such as
LIPE, SPNS2, ORAI3, PIANP and SEMAG6C (Figure 8A
and Supplementary Table S4) (90), and in proteins con-
taining MLDs (75-77) such as SDC3, Dystroglycan and
MUCSAC (Figures 7D-F and Figure 9). Notably, not all
low-complexity TAPSLIVR-rich proteins are transmem-
brane or secretory proteins (Supplementary Table S5), thus
[34-tRNA depletion may affect translation of proteins both
in the cytosol and the endoplasmic reticulum (91). The most
striking translational phenotype caused by ADAT?2 silenc-
ing was the reduction in the de novo synthesis of MUCS5AC
protein in NCI-H292 cells stimulated with AREG, despite a
~1000-fold transcriptional activation of the MUC5AC gene
(Figure 9D-H and Supplementary Figure S6B-E).

We also find that transcripts encoding low-complexity
TAPSLIVR-rich proteins under high translational demand
are more sensitive to 134-tRNA depletion. Our polysome
profiling data detects translational impairment on tran-
scripts encoding low-complexity TAPSLIVR-rich proteins
that are highly translated in CTRL cells (Figure 8 and Sup-
plementary Table S4). Likewise, we observe severe trans-
lational defects for MUCSAC in a cellular context where
MUCSAC is required to be highly translated (i.e. upon
AREG stimulation) (Figure 9D-H). On the other hand,
translational impairment of SDC3 or Dystroglycan under
standard growth conditions is milder (Figures 7D-F and
9A-C).

We determined that depletion of 134-tRNAs primarily
affects translational efficiency, but not accuracy, of low-
complexity TAPSLIVR-rich proteins, as seen by the time-
dependent recovery of phenotypes (Figures 4D and 6A-
B and Supplementary Figure S4A-B), time-course analy-
sis of translation (Figure 7I), and mass spectrometry analy-
ses (Supplementary Figure S5D). Furthermore, we showed
that translation impairment is codon-dependent, as defects
are not detected when TAPSLIVR codons are mutated to
triplets not recognized by 134-tRNAs (Figure 7G-I). These
results do not question a general role for [34-tRNAs in ef-
ficient translation (13,15), particularly because 134-tRNAs
are required to decode all C-ended codons for TAPSLIVR
(see Discussion above), a fact that explains why a full deple-
tion of ADAT is lethal in all eukaryotic models (also this
work, Figure 2A, B and see Materials and methods). Rather,
our data support the hypothesis that a full complement of
134-tRNAs is essential for the efficient translation of low-
complexity TAPSLIVR-rich coding sequences.

The fact that a partial downregulation of ADAT?2 af-
fects the translation of a specific subset of proteins with-
out affecting overall protein fidelity or abundance could be
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used to develop new therapies designed to treat conditions
caused by the accumulation of low-complexity TAPSLIVR-
rich proteins, such as asthma or chronic obstructive pul-
monary disease (92); or to control infection by viruses that
may use MLDs for immunoevasion (93,94). Mutations in
human ADAT have been associated to a complex syndrome
that includes intellectual disability, microcephaly, and stra-
bismus (95-100). The depletion of 134-tRNAs in our cel-
lular models (Figure 2B and (17)) is similar to the re-
ported levels of 134-tRNAs in patients carrying mutations
in ADAT (97). Our results suggest that a defective synthe-
sis of low-complexity TAPSLIVR-rich proteins might con-
tribute to these phenotypes.

We characterized the phylogenetic distribution of
homologs to human proteins with low-complexity
TAPSLIVR-rich regions that depend on I34-tRNAs
for their synthesis, and found that they are almost limited
to eukaryotic species that abundantly utilize 134-tRNAs
(Figure 10A, B and Supplementary Figure S7). It has
previously been shown that tRNA genes encoding for
134-tRNA precursors (i.e. A34-tRNAs) are more abundant
in eukaryotes than prokaryotes, a fact accompanied by a
concomitant enrichment in eukaryotic codon usage bias
towards codons cognate for 134-tRNAs (4,5,10,21,24,25).
In addition, the abundance of A34-tRNA genes also
correlates with the presence of TadA/ADAT required
for A34-to-134 editing (10,101-103). Here we show that,
although I34-tRNAs exist in deeply-rooted eukaryotic
groups (10,24,25), their abundance correlates with that
of proteins with low-complexity TAPSLIVR-rich regions
(Figure 10C, Supplementary Table S6 and Supplementary
Figure S7). Strikingly, we find such proteins to be scarce in
unicellular eukaryotes, with the sole exception of holozoan
protists (the closest known relatives of metazoans (25)),
where the abundance of low-complexity TAPSLIVR-rich
proteins is comparable to that of multicellular species
(Figure 10D-E and Supplementary Table S7)

Our data supports the hypothesis that 134-tRNAs con-
tributed to expand eukaryotic proteome diversity, facilitat-
ing the synthesis of a specific set of low-complexity proteins
involved in cellular interactions with the extracellular en-
vironment. There is evidence for adaptations of the trans-
lation machinery required for the synthesis of proteins of
highly biased amino acid content. For example, the bacte-
rial EF-P (eukaryotic eIF5A) is an elongation factor that
allows the synthesis of poly-proline stretches (40). Likewise,
in the salivary glands of certain arthropods, modulation of
the tRNA pool is essential for the production of silk fibres
that are alanine, glycine and serine rich (33). Other tRNA
modifications have been reported important for decoding
short stretches of consecutive codons (104,105). However,
134 is the first example of a translation machinery adapta-
tion linked to the emergence of a new set of functionally-
related proteins. We posit that the enrichment in [34-tRNAs
provided organisms with the opportunity to translate low-
complexity TAPSLIVR-rich proteins, which were then se-
lected and expanded because of the functional advantages
they provide in extracellular functions such as cellular ad-
hesion. This is consistent with the proposal that unicellu-
lar ancestors to extant metazoans already possessed genetic
features required for multicellularity (81-84). It is tempting
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to speculate that I34-tR NAs contributed to the burst of low-
complexity TAPSLIVR-rich proteins in holozoan protists,
which may have facilitated the advent of metazoan multi-
cellularity.
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Supplementary Methods
Additional information on the generation of CRISPR-ADAT KD cell lines

Sorting of GFP-positive cells was done by excitation of the sample using a 488 nm laser for forward
scatter (FSC) and GFP (530nm); a 561 nm laser was used for the excitation of side scatter (SSC) signal.
Single GFP expressing cells were selected according to the scatter and fluorescence parameters;

doublets were excluded using the FSC-W signal.

To validate CRISPR cell lines (Figure S1).DNA was extracted using the DNeasy Blood and Tissue kit
(69504, Qiagen) following the manufacturer’s protocol. Obtained DNA was quantified using a Nanodrop
ND1000 and was used to PCR amplify ADAT genes. PCR amplifications were carried out using the
Phusion High-Fidelity DNA Polymerase (F530S, Thermo Fisher) using primers depicted in
Supplementary Table S1, and an annealing temperature of 60°C for both set of primers. The obtained
PCR products were gel-purified and sent for sequencing using as sequencing primers for the ADAT2
gene the same primers used for PCR amplification, and for ADAT3 another set of internal primers (see

Supplementary Table S1).

Additional information on the cell line generation by lentiviral infection

For hADAT2-pDONR221 plasmid generation, hADAT2 gene was amplified using oligonucleotides
depicted in Supplementary Table S1 (hADAT2 with attB sites) following a standard PCR reaction with
pfu ultra polymerase (600384, Agilent). All PCR reactions described in this work were done in a
MyCycler Thermal Cycler System (Bio-Rad). hADAT2 attB PCR product was purified and cloned into
pDONR 221 vector (12536017, Invitrogen) following the manufacturer’s protocol (BP reaction).

For DOX-inducible shRNA expressing vectors the shRNA sequences were as follows:

shNonTarget sequence: 5-
TGCTGTTGACAGTGAGCGACCTCCACCCTCACTCTGCCATTAGTGAAGCCACAGATGTAATGGC
AGAGTGAGGGTGGAGGGTGCCTACTGCCTCGGA-3'.

shADAT2 sequence: 5’-
TGCTGTTGACAGTGAGCGCACACACTGTGTTGTATGTCACTAGTGAAGCCACAGATGTAGTGACA
TACAACACAGTGTGTTTGCCTACTGCCTCGGA-3'.
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Lentivirus were produced in HEK293T cells growing in T75 flask format. Cells at approximately 80 %
confluence were transfected with 75 uL of polyethylenimine (PEI) (23966-1, Polysciences), 1.5 ug
envelope vector (VSVG), 1.5 ug Rev-expressing vector (RTR2), 4.5 pg packaging vector (PKG-PIR),
7.5 pg transfer vector and 1.5 mL 150 mM NaCl that was added to the cell culture media. 16 h later,
cells were washed with PBS (14190094, Thermo Fisher), fresh Full Media was added and cells were
left growing at 33 °C/5 % COz. 48 hours post-transfection, viral supernatants were collected, cleared
using a 0.45 um filter, supplemented with 10 % FBS and 8 ug/mL polybrene (hexadimethrine bromide)
(H9268, Sigma-Aldrich), and added to the cell line to be infected. Infected cells were left growing at 37
°C/5 % COz. Fresh Full Media was added to the virus-producing HEK293T cells and were left growing
at 33 °C/5 % CO:2 for an additional day. The next day (72 hours post-transfection) viral supernatants
were collected as before and were used to infect a second time the targeted cell line; at this point virus-
producing cells were disposed. 24 hour after the second viral infection, cells were washed once with
PBS and fresh Full Media was added. On the next day, 2 yg/mL puromycin (ant-pr-1, Invivogen) was

added to culture medium for selection of transduced cells.

Additional information on protein extraction

Cells were harvested and washed once with 1 mL cold PBS. The cell pellet was re-suspended with an
appropriate volume of RIPA buffer (50-250 pL). Cells were vortexed and incubated on ice for 30
minutes, followed by centrifugation at maximum speed at 4 °C for 30 minutes. Supernatant (protein

extract) was recovered and the remaining pellet was disposed.

Antibodies used in this study

Antibody used for western blotting and performed dilutions: PERK (C33E10) (3192, Cell Signaling
Technology; RRID:AB_2095847) 1:500; IRE1 (phospho S724) (ab48187, Abcam; RRID:AB_873899)
1:1000; Phospho-elF2a (Ser51) (9721, Cell Signaling Technology; RRID:AB_330951) 1:1000; eiF2a
(9722, Cell Signaling Technology; RRID:AB_2230924) 1:1000; Actin (JLA20, Developmental Studies
Hybridoma Bank; RRID:AB_528068) 1:1000; BiP (C50B12) (3177, Cell Signaling Technology;
RRID:AB_2119845) 1:1000; ADAT2 (C-13) (sc-107385, Santa Cruz Biotechnology;
RRID:AB_2273604) 1:1000; ADAT3 (N-term) (AP17369a, Abgent/Abcepta; RRID:AB_11136249)
1:200; Vinculin (SPM227) (ab18058, Abcam; RRID:AB_444215) 1:5000; GAPDH (G3PDH) (2275-PC-
100, Trevigen; RRID:AB_2107456) 1:10000; Syndecan-3 (G-2) (sc-398194, Santa Cruz Biotechnology;
RRID:AB_2732022) 1:500; Green Fluorescent Protein (06-896, Merck; RRID:AB_11214044) 1:1000;
a-Dystroglycan  (IIH6C4)  (05-593, Merck; RRID:AB_309828)  1:250;  B-Dystroglycan
(MANDAGZ2(7D11)), Developmental Studies Hybridoma Bank; RRID:AB_2618140) 1:500; B-Tubulin
(E7, Developmental Studies Hybridoma Bank; RRID:AB_528499) 1:1000; Phospho-EGF Receptor
(Tyr1045) (2237, Cell Signaling Technology; RRID:AB_331710) 1:100; EGFR Antibody Cocktail
(AHR5062, Thermo Fisher; RRID:AB_2536360) 1:250; Renilla Luciferase (PA5-32210, Thermo Fisher;
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RRID:AB_2549683) 1:1000; Ubiquitin (Ub (P4D1)) (sc-8017, Santa Cruz Biotechnology;
RRID:AB_628423) 1:1600. Secondary antibodies: Donkey Anti-Goat IgG H&L (HRP) (ab6885, Abcam;
RRID:AB_955423) 1:10000; Sheep Anti-Mouse IgG (HRP) (NA931, VWR; RRID:AB_772210) 1:10000;
Donkey Anti-Rabbit IgG (HRP) (NA934, VWR; RRID:AB_772206) 1:10000; Donkey Anti-Chicken IgY
(HRP) (AP194P, Merck; RRID:AB_92682) 1:10000.

Antibodies used for protein purifications: Renilla luciferase antibody (PA5-32210, Thermo Fisher;
RRID:AB_2549683); Green Fluorescent Protein antibody (DSHB-GFP-12A6, Developmental Studies
Hybridoma Bank; RRID:AB_2617417).

Antibodies used for MUC5AC detection: MUC5AC (45M1) primary antibody (MA1-38223, Thermo
Fisher; RRID:AB_2266697) diluted 1:200 and Anti-Mouse Alexa Fluor 555-conjugated secondary
antibody (A-31570, Thermo Fisher; RRID:AB_2536180) for immunohistochemistry or Anti-Mouse Alexa
Fluor 488-conjugated secondary antibody (A-21202, Thermo Fisher; RRID:AB_141607) for FACS

analyses.

Additional information on cell cycle analyses

Cells growing on 10 cm Petri dish format at approximately 60 % confluence were incubated with 7 mL
DMEM Full Media containing 2 mM Thymidine (T1895, Merck) for 13 hours at 37 °C/5 % COz2 (first
thymidine cell cycle block). Media was then removed, cells were washed twice with 4 mL PBS, and
were left growing in DMEM Full Media for 8 hours at 37 °C/5 % CO.. Media was then replaced by 7 mL
DMEM Full Media containing 2 mM Thymidine and cells were left at 37 °C/5 % COz2 for 17hours (second
thymidine cell cycle block). Cells were then washed twice with 4 mL PBS and were left growing on 6
mL of DMEM Full Media at 37 °C/5 % COz until harvesting time point.

Cells were harvested at time 0, 4, 8, and 12 hours after removal of the second thymidine block. Cells
were detached using 5 mL PBS. Cell suspension was centrifuged for 3 minutes at 800 xg, the
supernatant was removed and cells were re-suspended in 0.5 mL PBS. Then 4.5 mL ethanol 70 % was

added to fix the cells and they were left at 4 °C overnight.

The next day, the fixing solution was removed, cells were washed once with 5 mL PBS, and were re-
suspended in 550 pL propidium iodide (Pl) staining solution: 0.1 % Triton-X100, 2 mg/mL RNase A
(Qiagen), 40 pg/mL PI1 (P4864), 1x PBS. Cells were incubated with staining solution for 3 hours at 37
°C and were then analysed by FACS.

Additional information on polysome profiling

Sucrose gradients were generated in Open-top ultra clean tubes (344059, Beckman Coulter) with a

Biocomp Gradient Station. 300 uL of cell lysate was loaded on top of the gradient and was centrifuged
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using an SW41 rotor (Beckman Coulter) for 2 hours 30 minutes at 4 °C at 35,000 RPM. After
centrifugation the gradient was placed in the Gradient Station, scanned at 260 nm, and 20 fractions
were collected per gradient. Gradient plots (Figure 6A and Supplementary Figure S4A) were
normalized to the total 260 nm signal of the gradient to compensate for minor differences derived from
unequal loading of cell lysates onto the gradient.

Additional information on construction of ADAT eGFP reporters
eGFP ADAT sequence:

GAATTCCTCGAGTCTAGAATGGTCAGCAAGGGCGAGGAGCTCTTCACCGGGGTCGTCCCCATCC
TCGTCGAGCTCGACGGCGACGTCAACGGCCACAAGTTCAGCGTCTCCGGCGAGGGCGAGGGC
GATGCCACCTACGGCAAGCTCACCCTCAAGTTCATCTGCACCACCGGCAAGCTCCCCGTCCCCT
GGCCCACCCTCGTCACCACCCTCACCTACGGCGTCCAGTGCTTCAGCCGCTACCCCGACCACAT
GAAGCAGCACGACTTCTTCAAGTCCGCCATGCCCGAAGGCTACGTCCAGGAGCGCACCATCTTC
TTCAAGGACGACGGCAACTACAAGACCCGCGCCGAGGTCAAGTTCGAGGGCGACACCCTCGTC
AACCGCATCGAGCTCAAGGGCATCGACTTCAAGGAGGACGGCAACATCCTCGGGCACAAGCTC
GAGTACAACTACAACAGCCACAACGTCTATATCATGGCCGACAAGCAGAAGAACGGCATCAAGG
TCAACTTCAAGATCCGCCACAACATCGAGGACGGCAGCGTCCAGCTCGCCGACCACTACCAGCA
GAACACCCCCATCGGCGACGGCCCCGTCCTCCTCCCCGACAACCACTACCTCAGCACCCAGTC
CGCCCTCAGCAAAGACCCCAACGAGAAGCGCGATCACATGGTCCTCCTCGAGTTCGTCACCGC
CGCCGGGATCACCCTCGGCATGGACGAGCTCTACAAGTAAGTTTAAACACCGGTGAATTC

eGFP nonADAT sequence:

GAATTCCTCGAGTCTAGAATGGTGAGCAAGGGCGAGGAGCTGTTCACGGGGGTGGTGCCGATC
CTGGTGGAGCTGGACGGCGACGTGAACGGCCACAAGTTCAGCGTGTCGGGCGAGGGCGAGGG
CGATGCGACGTACGGCAAGCTGACGCTGAAGTTCATCTGCACGACGGGCAAGCTGCCGGTGCC
GTGGCCGACGCTGGTGACGACGCTGACGTACGGCGTGCAGTGCTTCAGCCGGTACCCGGACCA
CATGAAGCAGCACGACTTCTTCAAGTCGGCGATGCCGGAAGGCTACGTGCAGGAGCGGACGAT
CTTCTTCAAGGACGACGGCAACTACAAGACGCGGGCGGAGGTGAAGTTCGAGGGCGACACGCT
GGTGAACCGGATCGAGCTGAAGGGCATCGACTTCAAGGAGGACGGCAACATCCTGGGGCACAA
GCTGGAGTACAACTACAACAGCCACAACGTGTATATCATGGCGGACAAGCAGAAGAACGGCATC
AAGGTGAACTTCAAGATCCGGCACAACATCGAGGACGGCAGCGTGCAGCTGGCGGACCACTAC
CAGCAGAACACGCCGATCGGCGACGGCCCGGTGCTGCTGCCGGACAACCACTACCTGAGCACG
CAGTCGGCGCTGAGCAAAGACCCGAACGAGAAGCGGGATCACATGGTGCTGCTGGAGTTCGTG
ACGGCGGCGGGGATCACGCTGGGCATGGACGAGCTGTACAAGTAAGTTTAAACACCGGTGAAT
TC
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Additional information on evaluation of ADAT eGFP production

For FACS analyses, excitation of the sample was done using a 488 nm air-cooled argon-ion laser at 15
mW power. The instrument was set up with the standard configuration: Forward scatter (FS), side
scatter (SS), and green (525 nm) fluorescence for GFP. Fluorescence was collected in logarithmic
scale. Optical alignment was checked using 10 nm fluorescent beads (Flow-Check fluorospheres,
Catalog number 6605359; Beckman Coulter). Cell population was selected gating in a FS vs. SS dot
plot, excluding aggregates and cell debris. To determine the percentage of GFP cells, a non-transfected

control was used as negative reference.

Experiments depicted on Supplementary Figure S5A-C were performed on HEK293T DOX-inducible
sh cell lines given that eGFP ADAT and eGFP nonADAT plasmids presented variable transfection
efficiencies on HEK293T shCV and HEK293T shADAT2 cell lines. Cells were grown in DMEM Full
Media with or without 1 ug/mL doxycycline (DOX) (D9891, Merck). At the time of lipofection, media from
all cells was replaced and lipofection of eGFP ADAT and eGFP nonADAT plasmids was done without
DOX. 4 hours after lipofection, cells were washed once with PBS and media was replaced by DMEM
Full Media with or without DOX accordingly. 48 hours later cells were visualised in an Eclipse Ts2-FL

microscope (Nikon).

Additional information on construction of ADAT luciferase reporters

First, the desired portion of SDC3/SDC3(G-end) was PCR amplified using a forward (FWD) primer
containing a Nhel restriction site and a start codon; and a reverse (RVR) primer containing a BamHI
restriction site and the NanoLuc linker. Next, the psiCHECK-2 RLuc gene was PCR amplified from the
vector using a FWD primer containing a BamHI restriction site and a deletion of the ATG-start codon of
the RLuc gene; and a RVR primer having a Xhol restriction site. All PCR amplifications were carried
out using high-fidelity polymerases (e.g. pfu ultra polymerase). Both amplicons were gel-purified,
digested with BamHI and ligated following standard procedures. The ligated product (insert) was further
PCR amplified to obtain more material using primers SDC3 (or SDC3(G-end)) FWD and RLuc RVR,
and the amplicon was gel-purified. The amplified insert and the parental psiCHECK-2 plasmid were
digested with Nhel and Xhol, and gel-purified (note that this digestion removes the RLuc gene from the
psiCHECK-2 plasmid). Digested vector and insert where then ligated using standard procedures to
incorporate the SDC3-RLuc or SDC3(G-end)-RLuc insert into the vector.

SDC3 wild type low-complexity TAPSLIVR-rich region nucleotide sequence:

GAAGAGCTCCCCTCTGAGCGCCCCACCCTGGAGCCAGCCACCAGCCCCCTGGTGGTGACAGAA
GTCCCGGAAGAGCCCAGCCAGAGAGCCACCACCGTCTCCACTACCATGGCTACCACTGCTGCC
ACAAGCACAGGGGACCCGACTGTGGCCACAGTGCCTGCCACAGTGGCCACCGCCACCCCCAGC
ACCCCTGCAGCACCCCCTTTTACGGCCACCACTGCTGTTATAAGGACCACTGGCGTACGGAGGC
TTCTGCCTCTCCCACTGACCACAGTGGCTACGGCACGGGCCACTACCCCCGAGGLGLCCTCCC
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CGCCCACCACGGCGGCTGTCTTGGACACCGAGGCCCCAACACCCAGGCTGGTCAGCACAGCTA
CCTCCCGGCCAAGAGCCCTTCCCAGGCCGGCCACCACCCAGGAGCCTGACATCCCTGAGAGGA
GCACCCTGCCCCTGGGGACCACTGCCCCTGGACCCACAGAGGTGGCTCAGACCCCAACTCCAG
AGACCTTCCTGACCACA

SDC3(G-end) low-complexity TAPSLIVR-rich region nucleotide sequence:

GAAGAGCTGCCGTCGGAGCGGCCGACGCTGGAGCCGGCGACGAGCCCGCTGGTGGTGACGGA
AGTGCCGGAAGAGCCGAGCCAGAGAGCGACGACGGTGTCGACGACGATGGCGACGACGGCGG
CGACGAGCACGGGGGACCCGACGGTGGCGACGGTGCCGGCGACGGTGGCGACGGCGALCGCC
GAGCACGCCGGCGGCGCCGCCGTTTACGGCGACGACGGCGGTGATAAGGACGACGGGCGTGC
GGAGGCTGCTGCCGCTGCCGCTGACGACGGTGGCGACGGCGCGGGCGACGACGCCGGAGGC
GCCGTCGCCGCCGACGACGGCGGCGGTGTTGGACACGGAGGCGCCGACGCCGAGGCTGGTG
AGCACGGCGACGTCGCGGCCGAGAGCGCTGCCGAGGCCGGCGACGACGCAGGAGCCGGACA
TACCGGAGAGGAGCACGCTGCCGCTGGGGACGACGGCGCCGGGACCGACGGAGGTGGCGCA
GACGCCGACGCCGGAGACGTTCCTGACGACG

Additional information on purification of reporter proteins

HEK293T cells growing in 150 mm Petri dish format at around 90 % confluence were transfected with
10 ug SDC3-RLuc or SDC3(G-end)-RLuc constructs using L2K following the manufacturer’s protocol
(500 pL plasmid/lipid reaction in 21 mL DMEM Full Media). 48 hours after lipofection, cells were washed
once with 5 mL cold PBS and were then collected into a pre-chilled 10 mL Falcon tube, by cell-scrapping
using 3 mL cold PBS. Cells were then centrifuged at 500 xg for 3 minutes at 4 °C, supernatant was
removed and cell pellets were washed once with 3 mL cold PBS. Cells were centrifuged again,
supernatant was removed and cell pellets were re-suspended in 500 pL Lysis buffer (20 mM Tris pH 8,
2 mM EDTA, 1 % NP-40, 150 mM NaCl, 0.1 mM NaVaO, 1X PIC), and incubated in a rotating wheel
for 30 minutes at 4 °C. Cells were then centrifuged at maximum speed at 4 °C for 30 minutes and the
supernatant was recovered and transferred to a new pre-chilled tube (“cell lysate”). Cell lysate was
incubated with 20 L magnetic Dynabeads Protein A (10002D, Thermo Fisher) in a rotating wheel for
2 hours at 4 °C. Beads were separated using a magnet and the supernatant was recovered and
transferred to a new pre-chilled tube (“pre-cleared cell lysate”). 50 uL dynabeads A were incubated for
10 minutes in a rotating wheel at RT® with 5 pg Renilla luciferase antibody (PA5-32210, Thermo Fisher)
in 200 uL Wash Buffer (100 mM Tris pH 7.5, 1 mM EDTA, 1 mM EGTA, 1 % NP-40, 350 mM NaCl, 0.2
mM NaVaO, 1x PIC) (“lg-Dynabeads”). Supernatant was removed and Ig-Dynabeads were washed
twice with 200 pL Wash Buffer. Ig-Dynabeads were then washed twice with 200 yL Conjugation Buffer
and were then cross-linked by re-suspending them in freshly prepared 250 yL 5 mM BS?3 (21580,
Thermo Fisher) in Conjugation Buffer, and incubating them for 30 minutes at RT® in a rotating wheel.
Then, 12.5 yL of 1 M Tris pH 7.5 was added to the reaction, which was further incubated for 15 minutes

at RT? in a rotating wheel to quench it. Cross-linked Ig-Dynabeads were then washed 3 times with 200
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uL Wash Buffer and were left overnight incubating with pre-cleared cell lysate at 4 °C in a rotating wheel.
The next day, beads were recovered and washed twice with 500 uL Wash Buffer. Elution was performed
by incubating beads with 40 pyL 0.25 % trifluoroacetic acid (TFA) for 5 minutes at RT°. The solution was
then neutralized with Tris pH 8. Eluted samples were mixed with Protein Loading Buffer (100 mM Tris
pH 6.8, 4 % SDS, 0.1 % Bromophenol Blue, 20 % Glycerol, 100 mM DTT) and resolved in a 10 %
PAGE that was further stained with BlueSafe. Protein bands corresponding to the SDC3-RLuc and

SDC(G-end)-RLuc were gel purified and submitted to mass spectrometry analyses.

Purification of eGFP reporter proteins was performed essentially as described above but using Protein
G sepharose beads (17-0618-01, VWR). Cells in lysis buffer were kept in ice and were disrupted by
passing them through a 27G syringe five times. Cells were then centrifuged for 20 minutes at maximum
speed at 4 °C and the supernatant was recovered (“cell lysate”). 100 puL Protein G sepharose beads
were equilibrated with 2 volumes of lysis buffer, centrifuged for 2 minutes at 700 xg at 4 °C and re-
suspended in lysis buffer for a final 50 % vol/vol. Cell lysate was incubated with 30 uL of equilibrated
Protein G sepharose beads (eqProtG) in a rotating wheel for 2 hours at 4 °C, and was then centrifuged
for 20 minutes at 700 xg at 4 °C. Supernatant was recovered (“pre-cleared cell lysate”). 50 pL eqProtG
were incubated for 1 hour in a rotating wheel at RT® with 5 yg Green Fluorescent Protein antibody
(DSHB-GFP-12A6, Developmental Studies Hybridoma Bank) in 200 pL lysis buffer (“Ig-eqProtG”). Ig-
egProtG were then incubated with pre-cleared cell lysate overnight at 4 °C in a rotating wheel. The next
day, samples were centrifuged for 10 minutes at 400 xg at 4 °C, and beads were washed twice with 1
mL ice-cold lysis buffer. Elution was carried out by re-suspending the beads in 40 uL SDS sample buffer
1x (50 mM Tris pH 6.8, 2 % SDS, 0.1 % Bromophenol blue, 10 % glycerol) and incubating them for 15
minutes at 50 °C. Samples were then centrifuged for 1 minute at 1000 xg at RT° and 10 % DTT was
added to the eluted samples. Proteins were resolved in a 10 % PAGE, gel was stained with BlueSafe

and bands corresponding to eGFP were gel purified and submitted to mass spectrometry analyses.
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Supplementary Figure S1. (A) and (B) Upper panels: Sanger-sequencing spectra for amplified genes
in HEK293T CTRL, and HEK293T ADAT2 KD (A) or HEK293T ADAT3 KD (B) cells. Centre panels:
Sequence alignments of wild type and CRISPR/Cas9-edited alleles. Shaded sequence correspond to
the section targeted by the guide strands. Lower panels: predicted translation of wild type and
CRISPR/Cas9-edited alleles. Affected regions are highlighted in yellow. The deletion in the ADAT2
gene causes a frame-shift leading to a premature STOP codon. The deletion in the ADAT3 gene

removes part of the deaminase domain.
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Supplementary Figure S2. (A) ADAT2 and ADAT3 protein levels evaluated by western blotting in the
indicated cell lines. GAPDH is used as gel loading control. Quantification of gel bands relative to
GAPDH and normalized to HEK293T CTRL cells are shown. (B) Left panel: schematic representation
of the anticodon stem-loop structure of Homo sapiens tRNAAaxcc depicting known modified residues.
Modifications detected (green) and not detected (orange) by tRNA-Seq are shown. Numbers indicate
the tRNA base position. Anticodon position and sequence (AGC) is shown for reference (purple). The
first anticodon position (A34) is deaminated to 134 (see also Figure 1A). Um (2'-O-methyluridine); |
(Inosine); m'l (1-methylinosine); ¥ (Pseudouridine); Gm (2'-O-methylguanosine). Centre and Right
panels: modification ratio (proportion of sequencing mismatches relative to base sequencing coverage)
observed in sequencing reads mapping to human tRNA”A2xcc genes as seen by tRNA-Seq in the
indicated cell lines. The expected tRNA modification at the indicated base position (134 and m'137) is

shown in green for reference (see also left panel). Centre panel: modification ratio in HEK293T CTRL
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(blue) and HEK293T ADAT2 KD (red) cells. Right panel: modification ratio in HEK293T shCV (blue)
and HEK293T shADAT2 (red) cells (see also (17)). n.s.: not statistically significant. ***: adj. p-val <
0.001 (Benjamini-Hochberg, Fisher Exact test). (C) Heatmap visualization of tRNA gene expression at
isodecoder level (tRNAs with the same anticodon) in HEK293T shCV and shADAT?2 cells as evaluated
by tRNA-Seq. Colouring scale represents log2 DESeq2 normalized expression values based on two
biological replicates calculated as in (51). No statistically significant differences were found (Benjamini-
Hochberg). (D) Pulse-chase analyses on HEK293T shCV and shADAT2 cells. Coomassie staining of
the same gel is used as loading control. (E) Quantitative evaluation of 35S-Met/Cys incorporation into
proteins in the presence of cycloheximide (CHX) upon monitoring the ratio between the total
radioactivity (cpm) of the cell lysate and the amount of radioactivity (cpm) in TCA-precipitable fractions.
Shown are the mean and standard deviations from biological triplicates. n.s.: not statistically significant
(t-test). See also Figure 3C.
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Supplementary Figure S3. (A) Comparative analysis of cell growth at Day 12, represented as total cell
counts, for the indicated cell lines. Shown are biological duplicates, their mean and SD. n.s.: not
statistically significant. *: p-val < 0.05 (t-test). (B) Growth curves of HEK293T, HelLa and HT-29 M6
shCV (blue) and shADAT2 (red) cells represented as total counts of living cells over time. Y-axis is set
in logarithmic scale and an exponential trendline was fit to the data points. Data points correspond to
the mean and SD of three biological replicates. ***: p-val < 0.001 (t-test). (C) ADAT2 protein levels
evaluated by western blotting in the indicated cell lines. GAPDH or Tubulin is used as gel loading
control. Quantification of ADAT2 bands relative to GAPDH or Tubulin and normalized to shCV cells is
shown (D) Representative light microscopy images of HEK293T CTRL and ADAT2 KD cells harvested
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with PBS-EDTA (left panels) or Trypsin (right panels) at 24 hours after plating them in clean culture
plates. (E) Evaluation of cell adhesion capacity to components of the extracellular matrix when cells are
collected for this analysis with trypsin instead of PBS-EDTA (cell adhesion profiles are expected to be
similar for both cell lines because newly synthesised adhesion proteins are removed using trypsin). Col
[, Iand IV: collagen I, Il and IV respectively. FN: fibronectin. LN: laminin. TN: tenascin. VN: vitronectin.
Data shows the mean and SD of the obtained absorbance at 560 nm (OD 560 nm) for HEK293T CTRL
(blue) and ADAT2 KD (red) cells. Experiments were done in biological duplicates. n.s.: not statistically
significant (t-test).

108



A

Absorbance (260 nm)
MNormalized to total gradient absorbance

O

ADAT2

Log2{Mormalized counts +1)

— HEK293T CTRL — HEK293T ADAT2 KD
0,0012 -
72 hr
0,0010 - after plating
0,0008 A
0,0006 A
0,0004 A
0,0002
0,0000 T T T !
0 20 40 60 80
Position (mm)
n.s.
12 e _ 12 e
10 66— = 210 ns @
[
5 @]
8 2 8
o~ i o3
8 ° L3 6
1z
4 5 4
=
2 S 2
[s)]
RE |
0 0
a b a b a b a b
Total High Pal Total High Pal
RNA RNA RNA RNA
@ Replicate 1
a- HEK293T CTRL @ Replicate 2
b- HEK293T ADAT2 KD @ Replicate 3

Polysome/hMonosome

72 hr
after plating

B HEK293T CTRL
l HEK293T ADAT2 KD

Supplementary Figure S4. (A) Representative polysome profile of trypsin-treated HEK293T CTRL

(blue) and ADAT2 KD (red) cells at 72 hours after plating. Experiments were done in biological

triplicates. (B) Polysome to Monosome ratio (P/M) obtained from experiments as in (A). Shown are the

mean and standard deviations of biological triplicates. n.s.: not statistically significant (t-test). (C)

Quantification of ADAT2 (left panel) and ADATS (right panel) transcript abundance (sequencing reads:

log2(normalized counts + 1)) in Total RNA and the HP fractions on the indicated cell lines. Dots

represent the obtained quantification for each biological triplicate. The line connects the means of the

compared groups. n.s.: not statistically significant. *: adj. p-val < 0.1 (DESeq2, Benjamini-Hochberg).
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Supplementary Figure S5. (A) Transmittance light (TL) and epifluorescence (Red Fluorescent Protein,
RFP, and Green Fluorescent Protein, GFP) microscopy images of doxycycline (DOX)-inducible ADAT
KD cell lines transfected with eGFP ADAT or eGFP-nonADAT constructs. Addition of DOX (+) activates
the generation of the inducible shRNA coupled to production of RFP. (B) ADAT2 protein levels
evaluated by western blotting in the indicated cell lines in the presence (+) or absence (-) of doxycycline
(DOX). GAPDH is used as gel loading control. Quantification of ADAT2 bands relative to GAPDH and
normalized to WT cells with DOX (for (+) DOX treatments) or without DOX (for (-) DOX treatments) is
shown. (C) Percentage of eGFP peptide sequence coverage as detected by mass spectrometry of
purified eGFPs obtained upon expression of eGFP ADAT or eGFP nonADAT constructs in the indicated
cell lines. (D) Evaluation of mistranslation of the low-complexity TAPSLIVR-rich region of SDC3 by de
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novo protein sequencing of purified SDC3-RLuc or SDC3(G-end)-RLuc expressed in HEK293T CTRL
or ADAT2 KD cells. The wheel represents the full sequence of the TAPSLIVR-rich region of SDC3.
Amino acids covered by the obtained peptides by mass spectrometry in each sample are color-coded.

Grey circles are undetected residues. Percentages of sequence coverage for each sample are shown.

111



A Rk

HT-29 M6 HT-29 M6
shCV shADAT2

Replicate 1 2 3 1 2 3

L . e

0.42 0.42 0.36 0.17 0.18 0.17

o
%]
1

ADAT2 protein levels
(normalized to GAPDH)

-
1

GAPDH

|

0 -
mHT-29 M6 shCV mHT-28 M8 shADAT2

B NCI-H292 shCV (-) AREG
E NCI-H292 shCV (+) AREG
H NCI-H292 shADAT2 (-)AREG
E NCI-H292 shADAT2 (+) AREG

mRNA levels relative to GAPDH
Normalized toshCW (-) AREG

SPDEF ERN1 GCNT3 AREG

E

) — NCI-H282 Meg Ctrl
- — NCI-H292 shCV 2 Pt
— NCI-H292 shADAT2 5 1500
- - P |E
4 5 1000
= 300 &
2 £ =
= 3 2004 MUCBAC(#) -
o 8 Midbediciins 1 3 :
& 500 =
100 -4
B = §
0?4 e e e 5 o0
A e o 1 10" 107 10° 10° 10° Ry 3
[ e 1005 o 200 o 0K 00K (= K 250K r}\o o
" MUCS5AC-Alexa Fluor 488 1 <§9
FSCA FSC-A ,'9 "L"
S
& g

Supplementary Figure S6. (A) ADAT2 protein levels in extracts depicted in Figure 9B. Quantification
of ADAT2 bands relative to GAPDH is shown. Bar plot represents the mean and SD obtained from
quantifying the shown blots (biological triplicates). ***: p-val < 0.001 (t-test) (B) Evaluation by western
blotting of the expression of markers of AREG stimulation in the indicated cell lines treated (+) or not
(-) with AREG. GAPDH is used as gel loading control. (C) Real time gPCR of markers of AREG
stimulation relative to GAPDH in the indicated cell lines treated (+) or not (-) with AREG. Data is
normalized to untreated NCI-H292 shCV cells for each target gene. Shown are biological triplicates,
their mean and SD. Statistical significance is shown only for the comparisons between NCI-H292 shCV
and shADAT?2 in the presence of AREG (both cell lines show similar transcriptional activation of the
evaluated targets upon AREG treatments). n.s.: not statistically significant (t-test). (D) Flow cytometry
analysis of the experiments depicted in Figure 9G showing representative pseudocolor plots
exemplifying the gating strategy used, and including both MUC5AC(+) and MUC5AC(-) cells. (E) Left
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panel: NCI-H292 negative control cells (black line; cells incubated only with the secondary antibody)
was used to set up the MUC5AC(+) gating (shown in figure). NCI-H292 shCV cells shown in blue and
NCI-H292 shADAT2 cells shown in red. Right panel: quantification of MUC5AC signal intensity as

shown in Figure 9G but including the signal obtained for the whole live/single cell suspension (i.e.

without MUC5AC(+) gating).
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Archaea (dark orange) based on the total number of A34-tRNA genes and the number of homologs to
low-complexity TAPSLIVR-rich human proteins present in their genomes. Note that the data on

eukaryotic species is the same one depicted on Figure 10C, and is used here for reference.
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Legends for Supplementary Tables

Supplementary Table S1. Oligonucleotides used in this study.

Supplementary Table S2. Differential tRNA gene expression analyses in HEK293T CTRL, HEK293T
ADAT2 KD, HEK293T shCV, and HEK293T shADAT2 cell lines.

Supplementary Table S3. Proteomic analyses on HEK293T CTRL and HEK293T ADAT2 KD (iTRAQ).

Table with fold changes, p-values, mean estimates and confidence intervals.

Supplementary Table S4. Differential transcript expression in Total RNA and RNA from High Polysome
fractions between HEK293T CTRL and HEK293T ADAT2 KD cells; GSEA (GO Biological Process);
Interaction analysis and Fisher Exact Test for proportion of transcripts encoding low-complexity
TAPSLIVR-rich regions with impaired translation upon ADAT2 KD.

Supplementary Table S5. Identified human proteins containing low-complexity TAPSLIVR-rich regions,
and GO analyses obtained by DAVID (59).

Supplementary Table S6. Abundance of A34-tRNA genes and number of low-complexity TAPSLIVR-
rich human proteins with homologs in eukaryotic and prokaryotic species. Highlighted eukaryotic
species contain an unusually large (> 400) number of A34-tRNA genes and were removed from the
analyses (See also Materials and methods).

Supplementary Table S7. Abundance of homologous sequences to human low-complexity TAPSLIVR-

rich proteins in unicellular and multicellular organisms.
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Abstract:
Transfer RNA genes (tRNAs) are essential non-coding RNAs that safeguard translational fidelity. tRNA

genes (tDNAs) form a unique class of hyper-abundant essential loci in most organisms. In this study,
we mapped and characterized tDNA distribution in the gapless human reference genome (T2T-CHM13)
and analyzed their individual transcriptional activities. Our analysis revealed that tDNA clustering may
positively influence tDNA transcriptional activity. Then we have characterized the impact of somatic
mutations in human tDNAs and its relationship to the transcriptional status of each gene. We confirm
that tDNAs are hotspots for somatic mutagenesis and show that they display mutational loads that are
directly proportional to their transcription rates. We demonstrated that tDNAs are hotspots for somatic
mutagenesis in both tumor and healthy tissues. Mutational loads at tDNAs are tumor-specific and
increase with patient age. Analysis of mutational signatures identified APOBEC activity as the main
contributor to tDNA somatic mutagenesis. Mutations at structurally conserved tRNA positions appear to
be under negative selection. Strikingly, other hypermutated positions could lead to alterations in tRNA
biogenesis and impair tRNA functions, which could alter translation by systematically introducing amino
acid substitutions across the proteome. Our results reveal a previously unrecognized source of somatic
heterogeneity in human cancer and aging tissues that may directly impact translation efficiency and

fidelity and cause cell-specific proteostasis degeneration.
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Introduction

The translational machinery of cells is finely tuned to maintain proteostasis, a key factor in cellular
survival and proliferation (Gingold et al., 2014; Goodarzi et al., 2016; Torrent et al., 2018). Transfer
RNAs (tRNAs) are central to translation, pairing their anticodons to codons in messenger RNAs and
delivering the corresponding amino acids during translation. The human genome encodes over 600
tDNAs (Chan & Lowe, 2016), which are transcribed by RNA polymerase Ill (Pol Ill) via the recognition
of two internal promoter regions that are highly conserved among all tDNAs (Fig. 1) (R. Giegé et al.,
1998). It is now well established that, despite containing suitable promoter structures, not all tDNAs are
equally expressed, and even many tDNAs are constitutively silent (Torres et al., 2019). Moreover,
identified cis-elements and trans-factors regulating Pol IlI-dependent tDNA transcription are insufficient
to fully explain the cell type- or tissue-specific expression of individual tDNAs (Hummel et al., 2019;
Ishimura et al., 2014; Torres et al., 2019). Indeed, there is evidence suggesting a link between tDNA
expression regulation and their genomic distribution (Van Bortle et al., 2017), supporting the idea that

tDNA proximity and clustering of active tDNAs may enhance Pol lll-transcription (Gao et al., 2024).
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Figure 1. Schematic representation of tDNA biology. Including tDNA transcription by Pol Ill, tRNA
processing, tRNA structure and tRNA canonical function in translation. The diagram illustrates the
conserved internal promoter regions (A box and B box), which are essential for RNA Polymerase llI-
mediated transcription. These regions facilitate the recruitment of transcription factors TFIlIB and TFIIIC.
The resulting precursor tRNA undergoes several processing steps, including the addition of a 3' CCA
tail required for amino acid attachment by aminoacyl-tRNA synthetases, along with post-transcriptional
chemical modifications. In the cytoplasm, mature tRNA participates in translation by base-pairing the
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anticodon (positions 34 to 36) with complementary mRNA codons and delivering the correct amino acid
to the ribosome for protein synthesis.

Alterations in tRNA populations are linked to numerous human diseases (Orellana et al., 2022). For
example, quantitative and qualitative alterations in tRNA populations, including tRNA-derived small
RNAs (tsRNAs), are widespread in human cancers (Cabrelle et al., 2024; Huang et al., 2018), which
adapt their tRNA expression to optimize the translation of specific genetic programs (Goodarzi et al.,
2016; Gupta et al., 2022; Pinzaru & Tavazoie, 2023; Zhang et al., 2018). Specific tRNA isoacceptors
and post-transcriptional base modifications regulate cancer cell survival and influence metastatic
potential by controlling the translation of proliferation-related genes (Earnest-Noble et al., 2022; Garcia-
Vilchez et al., 2023). Stress conditions can disrupt components of the translation machinery, including
tRNAs, resulting in errors during protein synthesis (mistranslation) (Mohler & Ibba, 2017; Ribas de
Pouplana et al., 2014; Schuntermann et al., 2024). For example, metabolic and therapeutic stresses,
such as chemotherapy, induce codon-biased aberrant protein production through altered tRNA function
and decoding. Thus, variations in tRNA populations reshape the cancer proteome and support tumor

adaptation and therapy resistance (Kochavi et al., 2024; Wernaart et al., 2024; Yang et al., 2024).

Somatic mutagenesis causes changes in the DNA sequence of somatic cells, drives the emergence of
cancers, and is an important contributor to the aging process (Vijg & Dong, 2020). The nature and
dynamics of human somatic mutagenesis has been studied mostly in protein-coding genes, and its
impact upon non-coding RNA genes is less understood. The activity of members of the APOBEC3
subfamily of cytidine deaminase enzymes is an important contributor to somatic mutagenesis
(Langenbucher et al., 2021; Mas-Ponte & Supek, 2020; Sanchez et al., 2024; Taylor et al., 2013).
APOBEC3 enzymes function, primarily, as an innate immunity mechanism to defend against viruses
and mobile genetic elements but, in some cancers, APOBEC3A and APOBEC3B paralogs can generate
a high mutational burden (Burns et al., 2013; Petljak et al., 2022; Roberts et al., 2013; Supek & Lehner,
2017). APOBECs can access only single-stranded nucleic acids and are known to act upon ssDNA
intermediates during DNA repair, as well as ssDNA segments within structured, stem-loop DNA (Buisson
et al., 2019; Mas-Ponte & Supek, 2020; Roberts et al., 2013).

Studies in bacteria and yeast have reported that non-coding genes can accumulate mutations also
caused by the activity of APOBEC3 enzymes. In an E. coli model, mutational impact of heterologous
expressed APOBEC3A is highest in genes transcribed by Pol Ill, such as tDNAs (Sakhtemani et al.,
2019). Mutational studies in a yeast model also suggested that human APOBEC3B overexpression
causes severe DNA damage in Pol lll-transcribed genes (Saini et al., 2017), suggesting a transcription-
related mechanism. In human germline cells, mutations in nuclear tDNAs are subject to strong purifying
selection (Thornlow et al., 2018), but analysis of tRNA sequences obtained from the plasma of healthy
human volunteers revealed significant levels of human heterogeneity (Berg et al., 2019; Parisien et al.,
2013). Human tDNAs are known to accumulate somatic mutations at high rates, and APOBEC has been

identified as a major contributor to this phenomenon (Sakhtemani et al., 2019). However, a detailed
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analysis of tDNA somatic mutations, including their distribution at single-base resolution and their

potential physiological impact is lacking.

Therefore, to elucidate the multifaceted roles of tRNAs in the pathogenesis of human diseases, further
research into tDNA genomics and transcriptomic dynamics is needed. This includes characterizing
genomic localization and organization, transcriptional regulation, and vulnerability to somatic
mutagenesis. Here we first mapped all tDNAs in the latest human genome assembly, T2T-CHM13 (Nurk
et al., 2022), and used this information to study the relationship between tDNA distribution and tDNA
expression. As previously reported, tDNAs can be found as isolated genes or as part of large gene
clusters (Bermudez-Santana et al., 2010; Van Bortle et al., 2017). Combining our data with POLR3D
ChlP-seq and ‘biotin-capture of nascent RNA’ data, we find that both isolated and clustered tRNAs can
be actively transcribed, but tDNAs in clusters exhibit higher activity levels than isolated genes. We
additionally found that tDNA cluster composition can result from tandem repetitions of specific sets of
tDNAs, pointing to a potential tDNA cluster that may be subjected to tDNA copy number variation
(tgCNV) between individuals.

We then characterized in detail the somatic mutations affecting tDNAs in human tissues, which are
prevalent both in tumors and in healthy tissues. Indeed, tDNAs constitute hotspots of somatic
mutagenesis whose intensity is directly linked to the transcriptional activity of each gene. Mutational
load at tDNAs accumulate at rates up to nine-fold higher than in protein coding genes and are higher
than in other genes transcribed by Pol lll. Mutational loads at tDNAs vary greatly between tumor types,
display mutational signatures that are different in cancer or in healthy tissues, and readily accumulate
with age. Nucleotides important for tRNA structure accumulate mutations at rates lower than expected,
but all three anticodon positions have average mutational frequencies. Somatic mutations at anticodon
bases at highly transcribed tDNAs may result in mutant chimeric tRNAs capable of introducing specific

and ubiquitous amino acid substitutions throughout the proteome.
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Results

Genome-wide identification of tDNAs in the human genome

Genome assemblies previously used to identify tDNAs, such as hg19 and hg38, were constructed using
short-read sequencing technologies, which fail to resolve repetitive regions (Hoyt et al., 2022). However,
the telomere-to-telomere (T2T) assembly (Nurk et al., 2022), was generated using long-read
sequencing, provides a complete and gapless representation of the human genome and reveals
genomic regions that were incomplete. To obtain an accurate picture of the set of human tDNAs, we
first mapped the positions of these genes in the most recent version of the human genome assembly
generated with long-read sequencing (T2T-CHM13 v2.0/hs1) (Hoyt et al., 2022) (Fig. 2a). Our analysis
sets the total number of identified tDNAs by tRNAscan-SE to 733, of which 521 were confidently
predicted as functional tRNAs (~112 more high-confidence genes than previously reported with older
assemblies) (Fig. 2b) (Chan et al., 2021). We successfully localized all known tDNAs and removed

previous uncertainties regarding the localization of some of these genes (Fig. 2b).

Human tDNAs frequently group in specific genomic locations (Bermudez-Santana et al., 2010; Mungall
etal., 2003; Van Bortle et al., 2017) (Fig. 2a). In the T2T-CHM13 assembly, two regions with the highest
concentration of tDNAs were located on chromosome 1 (Chr 1) and Chr 6, which together account for
more than 60% of all human tDNAs: 34.1% (250/733 tDNAs) and 25.38% (186/733 tDNAs), respectively
(Fig. 2a and Supp. Fig. 1a). Notably, Chr 1 harbors the highest number of tDNAs in the T2T-CHM13
assembly, whereas in older assemblies Chr 6 had the highest tDNA count (Mungall et al., 2003), which
is consistent with our analysis of the hg38 and hg19 assemblies (e.g., in hg38, Chr 6 has 187 tDNAs
compared to 147 on Chr 1) (Supp. Fig. 1a). These discrepancies suggest that previous assemblies
likely underestimated the number of tDNAs on Chr 1. We also observed a decrease in tDNA counts on
Chr X and Chr 6 in the T2T-CHM13 assembly compared to older assemblies. For other chromosomes,
the number of tDNAs remained consistent across assemblies. Interestingly, some chromosomes are
still nearly devoid of tDNAs, such as Chr 4, Chr 18, Chr 20, Chr 21, Chr 22 and Chr Y (Fig. 2a and
Supp. Fig. 1a).
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Figure 2. Localization of tDNAs in the genome. (a) Ideogram showing the chromosomal distribution
and localization of human tDNAs in the T2T-CHM13 genome assembly, including tRNA-scan-SE 2.0
prediction classification (high-confidence, pseudogenes, and tDNAs with uncertain function). Black spots
within the chromosomes indicate tDNA localization. (b) Quantification and classification of tDNAs across
different human genome assemblies (hg19, hg38, T2T) based on analyses conducted using tRNAscan-
SE 2.0. tDNAs identified within the unplaced or unlocalized sequences of the reference genome are
shown in grey. In the most recent human genome assembly (Jan. 2022, T2T-CHM13 v2.0/hs1), a total
of 733 tDNAs were identified, including 521 high-confidence tDNAs, 112 pseudo-tDNAs, and 100 tDNAs
with uncertain functions. The Dec. 2013 assembly (GRCh38/hg38) reported 637 localized tDNAs,
comprising 409 high-confidence, 107 pseudo, and 121 uncertain function tDNAs, along with 215
unlocalized tDNAs. The Feb. 2009 assembly (GRCh37/hg19) included 614 localized tDNAs, with 402
high-confidence, 102 pseudo, 110 uncertain function, and 215 unlocalized tDNAs. (c) Distribution and
number of tDNAs across different chromosomes in the T2T-CHM13 genome for each isoacceptor.
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Next, we examined the tDNA distribution by isoacceptor groups (set of tRNAs that carry the same amino
acid). When comparing different genome assemblies, we found that the number of detected tDNAs for
Gly, Leu, Glu, and Asp was higher in the T2T-CHM13 assembly than in hg38 and hg19 (Supp. Fig. 1b).
Focusing specifically on the T2T-CHM13 genome, we detected that for some isoacceptor families,
tDNAs are often enriched in one specific chromosome (Fig. 2c and Supp. Fig. 2). For example, the Gly
isoacceptor family is the largest one with 75 tDNAs, and ~80 % of them localize at Chr 1, then we have
Leu with 59 tDNAs, with 44 % in Chr 1 and 20% in Chr 6. Notably, Cys isoacceptors were predominantly
concentrated on Chr 7q (the long arm of Chr 7). Other isoacceptor families are as well strongly
represented at the high tDNA density regions 6p (the short arm of Chr 6) and 1q (the long arm of Chr
1), but several of their tDNA members further group at additional chromosomal sites. For example, Pro
and Lys tDNAs are enriched at 16p, Leu and Val tDNAs populate the 5p region, and Tyr and Asp tDNAs
are the strongest represented at 14p and 12p, respectively (Supp. Fig. 2). As expected, we do find a
positive correlation between the amount of tDNAs within an isoacceptor family and the presence of tDNA
members of the family in different chromosomes (Pearson correlation coefficient = 0.61; P-value =
0.0026, Supp. Fig. 3).

tDNAs genomic organization

tDNAs can either accumulate in specific chromosomal regions, organized in clusters, or be more
dispersed across the genome (Bermudez-Santana et al., 2010; Van Bortle et al., 2017). To characterize
the clusters distribution in the T2T-CHM13 genome, we first evaluated the genomic distance between
consecutive tDNAs and plotted their cumulative distribution (Supp. Fig. 4a). Inflection points on the
curve were observed when tDNAs are separated by a maximum of 1 kilobase (kb) and 20 kb. A previous
study compared the genomic organization of tDNA pairs for several species and concluded that it is not
expected to have tDNA pairs when the distance between tDNAs is less than 1 kb. The authors thus
defined two adjacent tDNAs to be clustered if their distance was within this limit (Bermudez-Santana et
al., 2010). Another study defined adjacent tDNAs located within a 20 kb distance from each other (Van
Bortle et al., 2017). These two tDNA cluster definitions are in agreement with our cumulative distribution
profiles (Supp. Fig. 4a). Therefore, we decided to perform identical analyses in parallel, defining a tDNA
cluster when adjacent tDNAs are within a 1 kb (“1 kb cluster”) or a 20 kb (“20 kb cluster”) distance (Fig.
3a). Note that this terminology refers to the maximum distance between two adjacent tDNAs and not
the total size in kb of the cluster (e.g., three tDNAs separated each by 1 kb will form one “1 kb cluster”
with a total size of ~3 kb). For each analysis, tDNAs that did not fall within a cluster were identified as
isolated tDNAs.

Notably, the number of tDNAs within each cluster varied considerably: 1 kb clusters typically contain 2-
5 tDNA genes, while most of the 20 kb clusters also fell within the 2-5 tDNA range, they contained larger
clusters composed of 23, 29, or even 112 tDNAs (Fig. 3b). Notably, the cluster of 112 tDNAs was

previously reported in older assemblies but with a smaller number of genes (Fig. 4b).
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Figure 3. Clusters definition and characterization. (a) Definition of tDNA clusters based on two
distance thresholds: 1 and 20 kb. tDNAs that did not fall within these thresholds were classified as
isolated. The pie charts for each cluster definition illustrate the percentage of tDNAs classified within
clusters and the percentage of isolated tDNAs (b) Distribution of tDNA clusters categorized by the
number of tDNAs in each cluster. The red line indicates the average number of tDNAs in each cluster
size. (c) Percentage of tDNA in clusters (orange) and tDNAs isolated (blue) by isoacceptor. (d)
Chromosomal distribution of tDNAs classified by isoacceptor. For each isoacceptor, the percentage of
tDNAs found in clusters (not necessarily the same cluster) is indicated.

When examining the length of these clusters, we observed, as expected, a correlation between cluster
length and the number of tDNAs (Spearman correlation coefficient = 0.84, P-value < 2.2x10-16 for both
1 kb and 20 kb distances) (Supp. Fig. 4b). However, in some cases, we observed variations in tDNA

density, indicating that certain regions of the genome have a higher concentration of tDNAs packed into
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a smaller space. For example, the cluster containing 112 tDNAs is shorter in length than the clusters
with 23 or 29 tDNAs, indicating a much higher tDNA density within a more compact genomic region
(Supp. Fig. 4b). Interestingly, there are some isoacceptors that are found mostly in clusters (Fig. 3c),

while some others are more isolated, in the case of SeC, which is always found to be isolated.

Some of these clusters can be heterogeneous (composed by one isoacceptor type) or homogeneous
(composed by more than one isoacceptor type). The proportion of homogeneous clusters is higher
among 20 kb clusters (21%) than among 1 kb clusters (16%) (Supp. Fig. 4c). By randomization the
chance to have tDNA clusters homogeneous is lower than what we observe (Supp. Fig. 4d). This
provides insights into tDNA evolution and the generation of tDNA copies since the presence of
homogeneous tDNA clusters could be tandem duplications, where copies or duplications of the same
gene are placed in close proximity. Over time, evolutionary changes in one of the gene copies may result

in slight modifications, leading to clustered regions with either identical or similar tDNAs.

Upon closer examination of the cluster in the T2T-CHM13 genome, we detected some clusters that
seemed to be composed of a repetition of a set of genes. These events often involve duplication,

inversion, and reinsertion in cis (occurring nearby on the same chromosome) (Fig. 4a).
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Figure 4. Tandem repetitions in tDNA clusters. (a) Representation of the tandem repetitions found
on Chr 1 and 6. The first tandem repetition represented in the image, Chr1:160,577,243-160,733,822,
is found in the large cluster of 112 tDNAs described previously. Consists of 21 tandem repetitions, each
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containing the tDNA set Gly-TCC, Asp-GTC, Leu-CAG, Gly-GCC, and GIu-CTC. Each repeat unit is
separated by only ~200 nucleotides, and the genomic distances between the tDNAs are conserved
across repeats, indicating that the entire gene array was duplicated as a unit. We also found other
examples of tandem duplications in Chr 1, such as in Chr1:160,802,867-160,957,130, where we
detected two tandem repeats comprising the gene set Asn-GTT, Asp-GTC, Cys-GCA, Leu-CAA, and
Glu-TCC. These repeats were separated by approximately 8 kb, representing tandem repeats with short
intergenic spacing. Additionally, on Chr 1, the tDNA set Asn-GTT, Glu-TTC, Asn-GTT, Phe-GAA, Gly-
CCC, and Val-CAC is located at Chr1:120,961,682-121,030,185 and again at Chr1:142,808,043-
142,876,098, with the two occurrences separated by approximately 21,000 kb. Furthermore, another
tandem repeat composed of ten tDNAs, Ala-AGC, Ala-AGC, Ala-AGC, Met-CAT, Ala-AGC, Ala-AGC,
lle-AAT, Ala-AGC, Ala-AGC, and Met-CAT is present on Chr6:26,541,774-26,696,641. This set of genes
is also found in an inverted orientation approximately 44 kb away at Chr6:26,639,436—26,696,641, and
another copy is located approximately 30,000 kb away at Chr6:57,647,398-57,709,136. (b)
Microsynteny analysis between the human T2T-CHM13 and hg38 reference genomes. The region on
Chr 1, specifically the large cluster 24 of 112 tDNAs (Chr1:160,577,243-160,733,822) in the T2T-CHM13
genome, matched cluster 20 in the hg38 genome.

The distribution and content of tDNA clusters are strongly conserved among certain primates
(Bermudez-Santana et al., 2010), as we found in human, chimpanzee, and lemur (Supp. Fig. 5). Despite
this conservation, previous research has found significant variation in the abundance across Eukarya
(Bermudez-Santana et al., 2010).

The genomic organization of tDNAs and their transcriptional activity

Evidence suggests that chromosomal localization of tDNAs can influence their transcriptional activity
(Gao et al., 2024; Mungall et al., 2003; Van Bortle et al., 2017). We further examined the relationship
between tDNA localization and transcription using our initial cluster characterization in the T2T-CHM13
genome assembly, to test the hypothesis that clustered tDNAs in close proximity to other tDNAs may

exhibit higher expression levels than isolated tDNAs.

tDNA transcriptional activity can be estimated by combining RNA Pol Il occupancy (POLR3D) ChIP-seq
data with biotin-capture of nascent RNA (Van Bortle et al., 2017). Building upon this approach (see
Methods), we found that while both isolated and clustered tDNAs can be actively transcribed, the tDNAs
located within clusters show higher expression levels than those located within isolated genes (Fig. 5a).
For most isoacceptors, higher expression levels corresponded to tDNAs located in clusters (Supp. Fig.
6¢c and Supp. Fig. 6d). Taken together, our results suggest that tDNA proximity and, consequently,
tDNA clustering can favor tDNA expression (Gao et al., 2024; Van Bortle et al., 2017).
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Figure 5. tDNAs localization and transcription. (a) Left scatter plots showing the correlation between

POLR3D and biotin-capture expression values for tDNAs classified as either clustered (orange) or

isolated (blue). The plots include Spearman’s correlation (R) and the associated P-values (p). On the

right, the violin plots show the log2 integrated tDNA expression for clustered and isolated tDNAs, with

one-sided Wilcoxon rank-sum test (one-sided, alternative greater) significance levels indicated as ***, P
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<0.001. For the 20 kb clusters, P-value < 2.2x10-16, and for the 1 kb clusters, P-value = 1.714 x 107"°,
Top row: Analysis based on clusters within 20 kb. Bottom row: Analysis based on clusters within 1 kb
window. (b) Plots showing the variability of integrated tDNA expression values within each tDNA cluster.
Each dot represents the expression value of one tDNA. Clusters were classified as either homogeneous
(composed of the same isoacceptor) or heterogeneous (composed of different isoacceptors). The two
plots at the top show the clusters within a 1 kb window, whereas the bottom plots show those within a
20 kb window. For both types of clusters, the data were divided into clusters containing two tDNAs (i.e.,
tDNA pairs) and clusters containing more than two genes.

To investigate whether tDNAs within these clusters exhibit coordinated expression, that is, whether
genes within a cluster exhibit similar expression levels, we analyzed the variability and dispersion of
expression values within each cluster (Fig. 5b), with lower variability suggesting more uniform
expression among tDNAs within a cluster. We classified the clusters by size, distinguishing between
those with two genes (i.e., tDNA pairs) and those with more than two. Furthermore, we categorized the
clusters into two types: homogeneous clusters containing tDNAs encoding the same isoacceptor and
heterogeneous clusters comprising tDNAs encoding different isoacceptors, to account for the impact of
sequence similarity on the results. Our analysis revealed that for tDNA pairs, both 20 kb and 1 kb clusters
tended to exhibit similar expression levels or expression levels within the same range (Fig. 5b), a
phenomenon observed in both heterogeneous and homogeneous clusters. We observed a similar trend
for clusters containing more than two genes. This pattern was notably more pronounced in the 1 kb
clusters, whereas the 20 kb clusters tended towards greater variability (Fig. 5b).

Altogether, this result indicates that tDNA proximity can help coordinate tDNA expression, but distances
greater than 1 kb might be insufficient to consistently promote a uniform expression level between
tDNAs. It is crucial to note that the tDNA sequence itself, its genomic and epigenetic context, and other

factors also play a key role in defining tDNA expression.

tDNAs are located in early-replicating regions

Another important factor influenced by genomic localization that provides insight into gene activity is the
order of DNA replication, which occurs specifically during the S phase (synthesis phase) of the cell cycle
(Maric & Prioleau, 2010; Mdller & Nieduszynski, 2017; Rhind & Gilbert, 2013). According to the
transcriptional activity, genomic regions replicate either early or late during S phase. Regions containing
actively transcribed genes typically exhibit open chromatin (euchromatin), which is less condensed and
more accessible to both the transcription and replication machinery, and thus are replicated early. In
contrast, late-replicating regions are often associated with repressed gene expression and are
characterized by closed chromatin (heterochromatin) that delays access to the replication machinery.
This relationship suggests that replication timing can serve as a proxy for gene activity (Supek & Lehner,
2015).

To determine the replication timing of specific genomic regions, sequencing-based methods such as

Repli-Seq (Hansen et al., 2010) are employed. This approach involves labeling and sequencing newly
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synthesized DNA during S phase. Replication timing values are then calculated based on the relative
abundance of nascent DNA in early versus late fractions, typically ranging from 0O (late-replicating) to
100 (early-replicating), providing a quantitative measure of replication timing (Supek & Lehner, 2015).
By analyzing Repli-Seq data (Hansen et al., 2010), we found that most tDNAs are located in regions
with Repli-Seq values characteristic of mid and early-replicating regions (Fig. 6) (96% of the tRNAs with
values higher than 40).

Replication timing was calculated by dividing the genome in 200 kb (see Methods). Therefore, tDNAs
that are in the same cluster fall within the same domain and share the same replication timing. Moreover,
individual tDNA clusters display different replication times (Supp. Fig. 7a). Consistent with the
established link between replication regions and transcriptional activity, our analysis of tDNAs revealed

that their transcription levels indeed align with their replication timing (Supp. Fig. 7b).

M DNAs

0.02

Density

20 40 60 80

RepliSeq signal .
Late-replicating Early-replicating

Figure 6. Replication timing of tDNAs. Distribution of Repli-Seq signal values for all tDNAs, with a
higher signal indicating an earlier replication timing.

One of the characteristics of early-replicating regions is their tendency to exhibit a lower mutational rate
compared to late-replicating regions (Gonzalez-Perez et al., 2019). This difference in mutational burden
is partly explained by the fact that early-replicating regions tend to be more accessible and
transcriptionally active, which facilitates more efficient DNA repair mechanisms, as described for protein-
coding genes (Supek & Lehner, 2015). This pattern does not align with observations in tDNAs, as they
have been previously reported to present high levels of mutagenesis (Saini et al., 2017; Sakhtemani et
al., 2019; Seplyarskiy et al., 2023; Thornlow et al., 2018), and are located in early-replicating regions.
However, most studies have focused on the analysis of germline cells and little is known about somatic
mutagenesis in tDNAs. These observations prompted us to further investigate the somatic mutational

patterns in tDNAs and the mechanisms underlying their mutagenesis.
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tDNAs are hotspots of somatic mutagenesis

To quantify the extent of somatic mutagenesis in tDNAs, we used whole-genome sequencing (WGS)
data from 9596 samples of cancerous tissues. Variant calling data was previously obtained using the
hg19 genome. To confirm tDNA variation, we used LiftOver to convert T2T-CHM13 tDNAs coordinates
to hg19, and we were able to localize 537 tDNAs. We analyzed the mutation density in tDNAs and their
flanking regions by dividing the sequence into windows, where the tDNA itself is designated as window

0, and the flanking regions are divided into 100-nts windows.

We confirm that tDNAs in somatic cells are mutational hotspots in tumor samples (Fig. 7a) (Sakhtemani
et al., 2019). tDNAs are not located in broadly hypermutated regions of the genome, the mutations are
specifically concentrated within the tDNAs. However, we observed that mutations accumulated in tDNAs
and, to a lesser extent, in their immediately adjacent flanking regions, corresponding to the 100-nts
windows -1 and 1 (Fig. 7b). We examined whether tDNAs categorized by their integrated tDNA
expression levels exhibited differential accumulation of somatic mutations (see Methods). Our analysis
revealed that the internal mutational burden of tDNAs correlated directly with their transcriptional activity
(Spearman correlation coefficient = 0.58, P-value < 2.2x10-16) (Fig. 8a, Fig. 8c and Supp. Fig. 8).
This suggests that tDNAs experience transcription-associated mutagenesis (TAM) (Saini et al., 2017;
Seplyarskiy et al., 2023; Thornlow et al., 2018).
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Figure 7. Somatic mutational profile in tDNAs. (a) Normalized mutation density in tDNAs and their
flanking regions (10 kb downstream and upstream divided into windows of 100-nts) of cancer samples
and (b) Close-up of normalized mutation density in tDNAs and their flanking regions (1 kb upstream and
downstream, divided into 100-nts windows). The adjacent flanking regions to the tDNA correspond to
windows -1 (downstrem) and 1 (upstream).

Protein-coding genes exhibit the opposite pattern to the one observed in tDNAs, with highly expressed
genes showing the lowest level of mutagenesis (Fig. 8b and Fig. 8d). Notably, highly transcribed tDNAs
accumulate internal mutations at rates up to nine times higher than those observed in highly transcribed
protein-coding genes. Moreover, tDNAs always exhibit higher mutational rates compared to protein-
coding genes in all the different expression scenarios (Fig. 8e). This difference suggests a direct link
between Pol Il activity and the mutation accumulation in tDNA genes. While tDNAs transcription is
driven by Pol Ill, protein-coding genes are transcribed by RNA polymerase Il (Pol 1), which recruits DNA

repair mechanisms such as transcription-coupled repair (TCR) (Hanawalt & Spivak, 2008). In
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comparison, Pol lll transcription lacks known coupled-repair, lacking mechanisms to deal with the TAM

phenomena (Dammann & Pfeifer, 1997; Seplyarskiy et al., 2023).
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(a) Normalized mutation density in tDNAs classified by transcription activity with expression levels from
highest (Level 4) to lowest (Level 1), including flanking regions (3 kb upstream and downstream divided
into 100 nt windows). (b) Normalized mutation density in protein-coding genes classified by expression
levels, including flanking regions (3 kb upstream and downstream divided into 100 nt windows). (c) Fold
changes (FC) between mutation density in tDNAs and each 100-nts window in the flanking regions of
10 kb. The data is divided by gene expression level. (d) FC between mutation density in protein-coding
genes and each 100-nts window in the flanking regions of 10 kb. The data is divided by gene expression
level. (e) Comparison of mutational densities in tDNAs and protein-coding genes. Each dot represents
the fold change (FC) between the mutation density in each gene type (tDNAs or protein-coding genes)
and their corresponding 100-nts window in the flanking regions. Statistical significance in all plots was
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obtained using the Wilcoxon rank-sum test (one-sided with alternative hypothesis: greater) with
Benjamini-Hochberg adjusted P-values (***: P-value < 0.001).

We asked whether the observed somatic mutation load at tDNAs was also detectable in other Pol Ill-
transcribed genes, as was reported for human germline mutations (Seplyarskiy et al., 2023). We found
that other Pol lll-transcribed genes, including small nuclear RNA genes (RNUs), 5S ribosomal RNA gene
(rDNA) and unclassified/miscellaneous RNA genes (miscRNA genes), also accumulated mutations (Fig.
9a), but at significantly lower rates than tDNAs (Fig. 9b). Moreover, these Pol lll-transcribed genes
exhibit distinct mutational profiles compared to tDNAs, as the adjacent flanking regions (windows -1 and

1) show a higher mutational rate than the gene itself.

Among these biotypes, RNUs showed a higher mutation density than their flanking regions, with most
flanking-to-gene mutation density ratios exceeding 1 (Fig. 9b). Notably, the accumulation of mutations
in RNUs genes has also been described in germline cells (Seplyarskiy et al., 2023). However, among
Pol lll-transcribed genes, tDNAs appear to experience a higher somatic mutation rate, suggesting that
they may possess specific characteristics that make them particularly prone to mutagenesis during

transcription (Fig. 9b).
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Figure 9. Somatic mutational profile in other Pol-lll transcribed genes. (a) Normalized mutation
density in other Pol lll-transcribed genes across cancer samples. The flanking regions are 10 kb
upstream and downstream, divided into 100-nts windows. Genes previously identified as Pol IlI-
transcribed genes are classified by biotype, including 5S ribosomal RNA genes (5S rDNA), small nuclear
RNA genes (RNUs), and unclassified or miscellaneous RNA genes (miscRNA genes). (b) Normalized
mutation density in Pol IlI-transcribed genes in cancer samples. Each dot represent the fold change (FC)
between the mutation density in each gene type (and their corresponding 100-nts window in the flanking
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regions (10 kb nts upstream and downstream). Statistical significance was obtained using the Wilcoxon
rank-sum test (one-sided with alternative hypothesis: greater) with Benjamini-Hochberg adjusted P-
values (***: P-value < 0.001).

Tumor type- and age-dependence of tDNA somatic mutagenic rates

The overexpression of tDNAs in human cancers has been repeatedly reported (Goodarzi et al., 2016;
Gupta et al., 2022; Orellana et al., 2022; Pinzaru & Tavazoie, 2023; Zhang et al., 2018), and linked to
adaptive mechanisms of codon-anticodon optimization that prioritize the translation of genetic programs
important for tumor growth (Goodarzi et al., 2016). Moreover, tDNA expression can be cell type- or
tissue-specific, often resulting in differential expression of not only mature tRNAs but also of tRNA
fragments (Dittmar et al., 2006; Torres et al., 2019). To test whether somatic tDNA mutagenesis is a
distinguishing feature of different human tissues, we compared tDNA somatic mutagenesis by cancer
type, analyzing a total of 24 tissues (Supp. Fig. 9). First, to determine whether tDNAs are mutagenesis
hotspots, we normalized the mutation density in tDNAs of each cancer type relative to their flanking
regions (Fig. 10a). We then calculated the percentage of samples that had at least one mutated tDNA
per cancer type to determine the prevalence of tDNA mutations across different tumor contexts (Supp.
Fig. 10).

These analyses revealed that tDNA mutation rates varied by cancer type and tissue (Fig. 10a and Supp.
Fig. 10). Bladder cancer (BLCA) exhibited the highest rates of tDNA mutagenesis, with more than 50%
of the samples having at least one mutated tDNA (Fig. 10a and Supp. Fig. 10). In agreement with our
previous finding that high levels of transcription correlate with mutational levels at tDNAs, cancer types
characterized by upregulated levels of tDNA expression (including cancer types from the bladder, uterus,
breast, lung, esophagus, head and neck, and prostate) (Zhang et al., 2018), also exhibit the highest
mutational burdens in tDNAs (Fig. 10a). Among all the tissues analyzed, over 5% of samples in most
cases exhibited at least one mutated tDNA. Interestingly, brain and lymphoid samples showed the lowest

percentage of mutated tDNAs (Supp. Fig. 10).

As expected, uterus and colorectal samples from patients with previously described genomic instability
patterns, such as DNA polymerase epsilon, catalytic subunit (POLE) proofreading deficiency
(hypermutated samples defined as HYPER), or DNA mismatch repair (MMR) deficiency leading to
microsatellite instability (MSI) (Haradhvala et al., 2018; Kim et al., 2013), did not show a higher
accumulation of mutations in tDNAs than in their flanking regions (Fig. 10a). This is likely because the
causative mutagenic agents, in this case POLE-deficient and MMR-deficient, affect both the gene itself

and its flanking region in the same way.

Next, we investigated whether mutational loads in tDNAs accumulate with age by comparing samples
from cancer patients across different age groups. While it is well established that somatic mutations
accumulate with age throughout the genome (Cagan et al., 2022), our analysis revealed that tDNA
mutation rates not only follow this age-related trend but also remain consistently higher than those in

the flanking regions, as observed in multiple tissue types, including the breast, colorectum, esophagus,
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kidney, liver, lung, pancreas, prostate, and lymphoid tissues (Fig. 10b). These results suggest that the
accumulation of somatic mutations in tDNAs is a characteristic of aging human tissues and that tDNAs

may exhibit accelerated mutational aging compared to other genomic regions.

To investigate whether somatic mutagenesis in tDNAs also occurs in healthy tissues, we quantified the
mutational burden in tDNAs in 1192 samples of clonal healthy tissues (including brain, colon, liver, and
lung) using WGS data, and again found a significant accumulation of somatic mutations in tDNAs (Supp.
Fig. 11). Thus, somatic tDNA mutations are also prevalent in healthy tissues, where their time-wise
accumulation may contribute to the proteostasis defects characteristic of aging individuals. The available
data from healthy human tissues are insufficient to determine the age-related distribution of somatic
mutations in tDNAs. However, the behavior observed in tumors and the fact that the datasets from
healthy tissues reveal somatic mutations in tDNAs suggest that these mutations could accumulate in

healthy cells as humans age.
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Figure 10. Age-related and tissue-specific somatic mutational burdens in tDNAs. (a) Mutation
profiles in tDNAs across tissue types (including tissues with n > 20) relative to the flaking regions. Each
dot represents the mean FC between the mutation density values for tDNAs and the flanking regions
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(see Methods). tDNAs were categorized based on their expression levels. For colorectal and uterine
samples, we categorized them into subgroups based on previously described genomic instability:
hypermutated samples (HYPER) due to POLE deficiency, microsatellite instability (MSI) samples, or
microsatellite stable (MSS) samples. For the remaining samples, the original tissue names, uterus and
colorectum, were retained. (b) Correlation between the mutational density in tDNAs and age. The data
was grouped by tissue and age range (including tissues with n > 200). Each dot represents the FC
between the mutational densities of tDNAs and a flanking 10-window set (see Methods). The plots
include values for the slope, Spearman correlation coefficient (R), and statistical significance of the
correlation (***: P-value < 0.001; **: P-value < 0.01; *: P-value < 0.05; ns: P-value > 0.05).

Mutational signatures and role of APOBEC3 in tDNA Mutagenesis

The nature and frequency of somatic mutations generate a signature that can be used to identify the
agents responsible for the observed mutations, based on the frequencies of the trinucleotide contexts
of the mutations. Over hundred mutational signatures exist in human samples, and mutational agents
have been identified for approximately half of them (Alexandrov et al., 2020; Degasperi et al., 2022). All
mutational signatures that have been identified and associated with a mutagenic agent are annotated
in the curated COSMIC mutational signature catalogue reference (Alexandrov et al., 2020; Sondka et
al., 2024). Because tDNA somatic mutagenesis is underexplored, we performed a de novo Non-
negative Matrix Factorization (NMF) analysis to identify novel signatures that were not previously
reported and annotated in the COSMIC reference and were thus unique or characteristic of tDNAs.
NMF is a dimensionality reduction technique that decomposes a matrix of observed trinucleotide
mutation counts into two reduced matrices: one representing a set of distinct mutational signatures and
another quantifying the sample exposure or contribution of each signature to the mutational burden of

individual samples (Alexandrov et al., 2020) (see Methods).

As a result, we obtained 12 NMF-extracted signatures, which we denoted by letters A to L (e.g.,
Signature A). Subsequently, we determined the resemblance between the NMF-extracted signatures
and COSMIC reference signatures (Fig. 11a). If an NMF-extracted signature exhibits a high cosine
similarity (e.g., typically = 0.85) to a COSMIC reference signature, it indicates that the underlying
mutational process or agent associated with that COSMIC signature is also represented by the NMF-
extracted signature. All 12 signatures matched at least one known COSMIC signature, indicating that
our analysis did not reveal any novel signatures. Nevertheless, this comparison allowed us to validate
the results and subsequently characterize these 12 signatures to identify the mutational mechanisms
underlying tDNAs mutagenesis (Fig. 11a).

From this analysis, we identified that signatures L and C correspond to COSMIC signatures associated
with sequencing artifacts (Fig. 11a). Signatures D, H, |, and J are very sparse, nearly single-peak
signatures that do not match the spectrum profile (distribution of the 96 possible trinucleotide mutation
types) of their corresponding COSMIC signatures (Supp. Fig. 15). In addition, signature K had a low
cosine similarity of 0.50 (Fig. 11a). Consequently, signatures L, C, D, H, |, J, and K were classified as

non-relevant signatures, and we further explored signatures E, B, F, G, and A.
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We identified signatures that were specifically enriched in tDNAs using sample exposures (Fig. 11b). In
protein-coding genes, we observed that nearly all mutational signatures affect both the coding
sequences and their flanking regions similarly (Fig. 11b), and in some cases, the exposure in protein-
coding genes was slightly lower than that in the flanking regions. As a control, this observation
acknowledges that coding regions and their flanking sequences commonly face the same endogenous
and exogenous mutagenic pressures. However, it is important to note that protein-coding genes can
experience lower mutation levels owing to protective mechanisms, such as TCR (Seplyarskiy et al.,
2023). In contrast, some signatures were more prevalent in tDNAs (Fig. 11b). Strikingly, the exposure
levels of signatures E and B increased with tDNA expression in cancer samples, aligning with the

previous association of the mutagenic process with TAM (Fig. 11b).

Furthermore, we identified the mutational signatures for each cancer/tissue type (Fig. 11c and Supp.
Fig. 13), demonstrating that the underlying mechanism driving mutations in tDNAs can vary between
different cancer types and can affect healthy tissues.

NMF-extracted signature E corresponds to COSMIC signatures SBS13 and SBS2 (SBS13 + SBS2,
cosine similarity = 0.94) (Fig. 11a), which are associated with the activity of AID/APOBEC family
enzymes (Sondka et al., 2024). Upon analyzing the sample exposures for signature E, we observed that
exposure levels increased with tDNA expression in cancer samples (Fig. 11b), aligning with our previous
findings on the association between tDNAs mutagenesis and TAM (the exposure levels were 3.28 times
higher in highly transcribed tDNAs). APOBEC mutations generate a clear signature of C>T and C>G
changes acting on TCN motifs (where N is any nucleotide) with a preference for TCW contexts (where
W is T or A) (Roberts et al., 2013), as observed in the spectrum for signature E (Supp. Fig. 14). Under
normal conditions, the APOBEC enzymes function in antiviral defense. However, members of the
APOBEC3 subfamily, particularly APOBEC3A (A3A) and APOBEC3B (A3B), have been implicated in
cancer mutagenesis. Their activity can become off-target toward the host genome, particularly under
conditions of replication stress or when DNA is highly exposed during transcription (Langenbucher et
al., 2021). We also observed this signature in tDNAs in both tumors and healthy non-cancerous tissues
(Fig. 11b).

Therefore, high transcription rates and/or other factors contributing to ssDNA occurrence must act at
tDNA loci to facilitate APOBEC3 mutagenesis therein. Other genes transcribed by Pol lll display different
mutational loads, indicating that APOBEC3-driven mutagenesis at tDNAs is not driven only by high levels
of transcription, but likely requires additional factors specific to tDNAs. We suspected secondary
structure prone DNA sequences (Buisson et al., 2019; McCann et al., 2023; Roberts et al., 2013; Sui et
al., 2020), and we used hairpin-localization algorithms to determine the presence of APOBEC3-preferred
mutational sites in tDNAs (Buisson et al., 2019). This analysis revealed a significant enrichment of DNA
hairpin formations in tDNAs compared to the rest of the genome (Chi-squared test p = 0.01578) or to
other Pol lll-transcribed genes (Chi-squared test p = 0.03653).

When examining the exposures by tissue type from cancer samples (Fig. 11¢ and Supp. Fig. 13), we

identified this APOBEC3 mutational signature in tissues such as bladder, breast, uterus, head and neck,
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and lung (Fig. 11c and Supp. Fig. 13), which aligns with previous findings where enriched APOBEC3
activity was reported for these cancer types (Alexandrov et al., 2020; Burns et al., 2013). Our data
indicate that although APOBEC3 activity has been reported in these tissues, its activity appears to be
increased in tDNAs (Supp. Fig. 13). The mutational signature was also present in other tissues, such
as the esophagus, intestine, liver, pancreas, sarcoma, ovary, and uterus (Fig. 11c); however, the
association with expression levels was less pronounced (Supp. Fig. 13).
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Figure 11. Mutational signatures in tDNAs. (a) Comparison of NMF-extracted signatures with
COSMIC signatures. Heatmap showing cosine similarity values between the trinucleotide spectra of our
de novo NMF-extracted signatures (rows) and the reference COSMIC signatures (columns). Only
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COSMIC signatures with a cosine similarity = 0.5 are shown. A COSMIC signature was assigned when
the cosine similarity was = 0.85, indicated by an asterisk (*). (b) Sample exposure FC between genes
(stratified by type into tDNAs or protein-coding genes) and their flanking regions for each NMF-extracted
signature. Exposures were analyzed for tDNAs and protein-coding genes in cancer samples and for
tDNAs in healthy samples. Data for both gene types in cancer samples were stratified by expression
levels, from low (level 1) to high (level 4). (c) Tissue-specific mutational processes found in tDNAs. Red
indicates the activity of each NMF-extracted signature in the tDNAs. This activity was quantified by
calculating the fold change (FC) between sample exposures in tDNAs and their flanking regions in
different cancer types. A detailed analysis of sample exposure by cancer type is presented in
Supplementary Figure 13.

Among the NMF-extracted signatures, Signature E, corresponding to APOBEC3, exhibited the most
robust profile. Although other signatures were ambiguous in some cases (Fig. 11a), we analyzed them

to extract all possible information.

Signature F: Matches SBS17b with a cosine similarity of 0.88 (we note a similarity with SBS9, below
the 0.85 threshold) (Fig. 11a). Previous studies have associated SBS17b with prior treatment using
alkylating agents such as 5-Fluorouracil (5-FU) chemotherapy and damage caused by reactive oxygen
species (Sondka et al., 2024). The chemotherapy drug 5-FU has been used to treat various solid
cancers, particularly colorectal and breast cancers (Christensen et al., 2019). However, we did not
observe this signature in tDNAs neither in colorectal nor breast cancers. Therefore, as SBS17b has
been associated with both 5-FU and oxidative stress damage, it is more likely that this signature is the
result of oxidative damage. In this regard, we observed that this signature was more prevalent in the
esophagus (Supp. Fig. 13), a tissue type associated with high oxidative damage caused by
gastroesophageal reflux, increasing the risk of esophageal adenocarcinoma (ESAD) (Killcoyne &
Fitzgerald, 2021).

Interestingly, this signature shows decreased activity in highly-transcribed tDNA genes (Fig. 11b). This
suggests a protective effect of active, open chromatin at highly-transcribed tDNAs, possibly through
recruiting DNA repair (Polak et al., 2014). Even though tDNA mutations cannot be repaired by TCR
mechanisms, based on previously reported experiments, base excision DNA repair (BER) may be

enriched in this situation (Saini et al., 2017).

Signature G: This signature matches SBS10b (cosine similarity = 0.95) (Fig. 11a), which is associated
with DNA Polymerase epsilon (POLE) exonuclease domain mutations that lead to an increased rate of
base substitution errors during DNA replication (Sondka et al., 2024). The SBS10b signature is common
in colon and uterus tissues exhibiting hypermutation caused by POLE (Alexandrov et al., 2020). We also
detected these signatures in samples previously reported to have POLE deficiency (Colorectum HYPER
and Uterus HYPER) (Fig. 11c and Supp. Fig. 13). However, this signature is also present in other
tissues, such as the esophagus, brain, bladder, and head and neck (Fig. 11b and Supp. Fig. 13). This
mutational signature was identified in human tumors but was absent in healthy cells, corresponding to

cancer-related processes, and was negatively correlated with transcriptional intensity (Fig. 11b). Similar
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to Signature F, this also could suggests the activity of other repair mechanisms, such as BER, in highly

transcribed genes (Saini et al., 2017).

Signature A: This signature matched multiple COSMIC signatures, with a cosine similarity of all of them
below 0.85 (Fig. 11a). Interestingly, three of these signatures (SBS26, SBS21, and SBS44) are
associated with defective DNA mismatch repair (MMR). This signature also matches SBS92 (associated
with tobacco smoking), SBS46 (possibly a sequencing artifact, commonly found in earlier TCGA
colorectal cancer data released before 2013), and SBS37, SBS12, and SBS5 (of unknown etiology)
(Sondka et al., 2024). This signature was also active in healthy samples (Fig. 11b). Given that MMR is
a known feature of cancers and is expected to be largely absent in healthy cells, together with its

ambiguous source, our data suggest that this signature originates from another, currently unclear cause.

Signature B: This signature resembled SBS11 (cosine similarity = 0.92), SBS7b (cosine similarity =
0.91) and correlated with other signatures but with a cosine similarity lower than 0.85 (Fig. 11a). SBS11
is associated with previous chemotherapy treatments using temozolomide, whereas SBS7b is linked to
ultraviolet light exposure (Sondka et al., 2024). Temozolomide is commonly used to treat brain cancer,
particularly high-grade gliomas (Ortiz et al., 2021). Notably, this signature was clearly observed in the
brain (Fig. 11c and Supp. Fig. 13), consistent with the origin of the treatment. However, this signature
was observed not only in brain cancers but also in several other cancer types, such as intestinal,

sarcoma, colorectal, and liver cancers (Fig. 11c and Supp. Fig. 13).

Distribution of somatic mutations within tDNAs and evidence for negative
selection

While negative selection acting on mutations in somatic cells is overall quite subtle, some essential
genes and oncogenes do display lower mutation rates than expected (Besedina & Supek, 2024;
Martincorena et al., 2018). We reasoned that the increased rate of somatic mutagenesis at tDNA loci,
coupled with the fact that hundreds of tDNA genes can be easily aligned to compare variation at
individual nucleotides, might provide good statistical power to search for evidence of negative selection

acting against somatic mutations at critical positions of the tRNA molecule.

Thus, we quantified tDNA mutational rates at single-base resolution for human tDNAs to search for
negative selection acting upon mutations at specific sites. This analysis revealed that most universally
conserved positions in tRNA sequences (Beuning & Musier-Forsyth, 1999; Biela et al., 2023; Richard
Giegé et al., 2012), display mutation rates significantly lower than the rest of nucleotides in tRNAs (Fig.
12a, Fig. 12b ad Supp. Fig. 16a), indicating that these positions experience negative selection that
eliminates mutations at these sites. Interestingly, this analysis revealed other positions that, while not
universally conserved, also display lower than expected mutagenic rates, suggesting that these
nucleotides play important, but as yet unidentified, functional roles in tRNAs (Fig. 12a and Supp. Fig.
16a).
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Strikingly, positions critical for translation elongation such as the anticodon triplet, where mutations can
severely disrupt the efficiency and fidelity of protein synthesis (Geslain et al., 2010; Pinzaru & Tavazoie,
2023; Reverendo et al., 2014), showed no evidence of decreased mutation rates (Fig. 12a and Fig.

12b), and we identified several instances of mutations at anticodon positions (see below).

In order to analyze the regional mutation load in structural domains of the tRNA, or at the two internal
promoters of tDNAs, we used a rolling windows method to calculate the relative mutation load in ten-
nucleotide sections of these molecules. This revealed that tDNA genes experience higher mutational
loads at their 3’ halves (Supp. Fig. 16b). Interestingly, the second promotor region (B-box) is where
most mutations accumulate (Fig. 12a and Fig. 12b). This mutational distribution might reflect a locally
protective effect of the Pol Il complex of the transcription factor TFIIIB over a section of tDNA positive
strands during their transcription. Alternatively, the presence of sequences or motifs required for the
activity of APOBEC3 in the 3’ half of tDNAs could be responsible for the relative accumulation of
mutations in these regions of tDNAs (Fig. 12a). Consistent with this second possibility, we find that
position 56, within the region of the B box, is the highest mutated position in all tDNAs and is occupied

by a highly conserved cytosine in all human tRNAs.
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rates at single-base resolution across tRNA sequences, highlighting universally conserved positions
(U8, A14, G18, G19, A21, U33, G53, T54, U55, C56, A58, C61, C74, C75), internal promoter regions
such as the A-box (positions 8-19), the B-box (positions 52-62), and the anticodon (positions 34-36).
Statistically significant positions are indicated by red dots. Specific tDNA positions were considered
significant when adj. p < 0.01 and if the mean mutation density exceeded the 0.95 quantile or fell below
the 0.05 quantile of the overall distribution (quantile thresholds are indicated by red dashed lines). The
upper panel shows the percentage of tDNAs with APOBEC3-associated TCN motifs (where N =T, C,
G, or A) across the tDNA gene sequences. (b) Comparison of mutation densities in functionally and
structurally important tRNA positions versus other positions. Wilcoxon significance levels are indicated
in the plot: A-box vs. rest (adj. P-value = 0.025 ), conserved positions vs. rest (adj. P-value = 0.025 ),
anticodon vs rest (adj. P-value = 0.971, ns), and B-box vs. the rest (adj. P-value = 0.541, ns).

Interestingly, conserved positions that show little to no mutagenesis across most tRNAs tend to lack
APOBEC3 motifs. From an evolutionary perspective, it is possible that these regions were selected
against containing APOBEC3 motifs, as mutations in these critical areas would have a major negative
impact on tDNA function. This suggests that there may have been evolutionary pressure to avoid
APOBECS3 target motifs in key tDNA regions.

Somatic mutations at tDNAs generate chimeric tRNAs

The attachment of amino acids to their cognate tRNA molecules by aminoacyl-tRNA synthetases (ARS)
is a crucial step for accurate protein translation. For the majority of ARS, tRNA recognition requires
interactions with both the acceptor stem and anticodon loop motifs (R. Giegé et al., 1998; Richard Giegé
& Eriani, 2023; Hou & Schimmel, 1988; Park & Schimmel, 1988; Rubio Gomez & Ibba, 2020). However,
ARS cognate for amino acids alanine (Ala), leucine (Leu), serine (Ser), and tyrosine (Tyr) recognize only
the acceptor stem of their cognate tRNA substrates (Richard Giegé & Eriani, 2023). In these cases,
somatic mutations at tRNA anticodons can lead to ‘chimeric tRNAs’ whose anticodon ftriplet will
recognize codons that do not correspond to the amino acid carried by the chimeric tRNA. Such
molecules lead to translation errors throughout the proteome, caused by the misincorporation of Ala,
Ser, Leu, or Tyr at non-cognate codons within the ribosome. Strikingly, in the datasets used in this study
we could identify numerous examples of somatic mutations leading to the generation of chimeric tRNAs
previously shown to induce proteome-wide amino acid substitutions (Fig. 13d) (Geslain et al., 2010;
Pinzaru & Tavazoie, 2023; Santos et al.,, 2018). For example, we detected several examples of
mutations at position 35 of tRNA-Ser-CGA that result in Leu to Ser substitutions through the proteome
(Fig.13d). The detection of mutations that compromise the fidelity of the Genetic Code at intensely
transcribed tDNAs suggests that tumor human cells could produce chimeric tRNAs capable of

introducing widespread amino acid changes throughout the proteome.
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Figure 13. Characterization of mutational profiles in the anticodon region of potential chimeric
tRNAs. (a) The heatmap shows the mean mutation density at each anticodon position, classified by
isodecoders for alanine (Ala), serine (Ser), leucine (Leu), and tyrosine (Tyr). (b) The heatmap on the
right illustrates the number of times specific mutational changes were observed in the anticodon region
for specific isodecoders of Ala, Ser, Leu, and Tyr. Position 34 is highlighted in green because mutations
at this position are always synonymous. Next to each mutation (observed nucleotide change), the codon
recognized by the resulting chimeric tRNA is indicated in the table. For example, tRNA Ala-AGC mutates
to Ala-AAC, resulting in a tRNA that still transports alanine but now binds the codon for valine.
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Discussion

Proteome variability can have both negative and positive impacts upon cellular homeostasis. In
microbes, for example, several adaptive mechanisms based on the induction of widespread proteome
variation have been described, several of which are based on the use of mistranslating tRNAs (Ribas
de Pouplana et al., 2014). In animals, adaptive proteome variations aided by changes in cellular tRNA
populations are well known, and always linked to adaptive genetic switches that are important for both
healthy tissues and tumor development (Earnest-Noble et al., 2022; Gingold et al., 2014; Pavon-
Eternod et al., 2013). Adaptive mistranslation (the deliberate induction of translation errors during
protein synthesis) has not been reported in animals, and it is assumed that such errors will always be

deleterious to human health.

Frailty, sarcopenia, and many forms of neurodegeneration common during the aging process are linked
to losses in proteome quality (Anisimova et al., 2018). Similarly, human neoplasies that develop
resistance to existing chemotherapies often do so through point mutations that thwart drug-recognition
sites, but the possibility that such modifications arise through mistranslation events has not been

explored (Roszkowska, 2024).

We have studied in detail the dynamics of somatic mutagenesis in human tDNAs, a phenomenon
previously observed in several model organisms and in human datasets (Saini et al., 2017; Sakhtemani
et al., 2019; Seplyarskiy et al., 2016; Sui et al., 2020). Our data shows that human tRNA genes, but not
other genes transcribed by Pol Ill, are hotspots of somatic mutagenesis that accumulate genetic
changes directly as a function of their transcriptional rate. The fact that other Pol lll-transcribed genes
behave differently in terms of somatic mutagenesis indicates that some tDNA-specific factors drive

these mutational events.

In agreement with previous studies, our mutational signature analysis indicates that members of the
APOBEC3 family are the main contributors to this mutational load. Our topological analyses, together
with published interactome data (Jang et al., 2024), indicate that the recognition of sequence motifs
within tDNAs, coupled to interactions between APOBEC3 enzymes and tRNA modification enzymes,
may be driving the specific mutational process at tDNAs. Given that tRNA transcription and processing
occur simultaneously, the specificity of somatic mutations at tDNA loci may be the result of specific
interactions of APOBEC3 enzymes with components of the tRNA processing machinery in the vicinity

of positive strands of tDNAs during transcription.

Analysis of the mutational load within tDNAs at single-nucleotide resolution shows that universally
conserved positions in tRNAs display significantly reduced heterogeneity, indicating that these sites
may be under negative (purifying) selection in somatic cells. Unexpectedly, we find anticodon positions
to experience mutational loads no different from the average values in the whole sequence of tDNAs.
This fact leads to the remarkable conclusion that somatic mutagenesis at actively transcribed tDNAs

generate chimeric tRNAs with anticodon mutations previously shown to cause generalized substitutions
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in the human proteome. It stands to reason that age-related accumulation of mutations at tDNAs will

result in an increase of such chimeric tRNAs in aging cells and tissues.

Our analysis of tDNA somatic mutations in different human tumors shows tumor-specific differences in
the levels of mutation accumulation. Bladder cancer (BLCA), which displays the highest accumulation
of such mutations, is characterized by highly augmented levels of APOBEC3A activity, and a several
APOBEC3-associated driver hotspot mutations have been identified in this malignancy (Lindskrog et
al.,, 2021; Shi et al., 2020). This suggests that the high levels of tDNA mutations in BLCA are the
consequence of the high levels of APOBEC3 activity in these tumors and opens the possibility of a
functional relationship between mutated tRNAs and BLCA development. Interestingly, brain cancer lays
at the opposite spectrum in terms of tDNA somatic mutations, which are almost absent in the datasets

from these tumors.

Whether tDNA mutations play a general role in carcinogenesis is an important question. This could
happen, first, at the level of proteome variations that might compromise the activity of tumor suppressors
or generate proteins that favor tumor growth, such as oncoproteins produced by translational variations
in existing transcription factors. Secondly, mutant tRNAs with defective sequences or aberrant post-
transcriptional modification patterns could alter the population of tRNA fragments (tRFs) in cells. It has
been described that a dysregulation in the levels of specific tRFs is related with the aggressiveness of
BLCA tumors (Papadimitriou et al., 2020). Finally, proteome variability induced by mutagenic tRNAs
may provide tumoral cells with fitness advantages such as avoidance of immune recognition. Although
such possibility has not been explored in human cells, in Candida albicans proteome variability induced
by mistranslating tRNAs induces morphology changes that shield this organism against the immune

response of its human host (Bezerra et al., 2013).

The extent to which tDNA somatic mutations accumulate in healthy tissues, their mutational signatures,
and their physiological impact remain to be determined. However, the accumulation of defective tRNAs
can rationally be linked to the many functional connections between tRNA dynamics and cancer (Gupta
et al., 2022; Santos et al., 2019). The age-dependent accumulation of mutations at tDNAs is apparent
from the analysis of cancer datasets stratified by patient age, a factor that may directly impact upon the
proteostasis of aging tissues (Anisimova et al., 2018; Lopez-Otin et al., 2023; Schmidt & Schimmel,
1993). Inactive tRNAs in aging cells may induce an attenuation of protein synthesis efficiency and
fidelity, either through their interference with components of the translation machinery. On the other
hand, chimeric tRNAs would lead to mistranslation, possibly causing more acute problems such as
protein aggregation, stress responses and inflammation, or the generation of aberrant antigenic
peptides.

* Note that this chapter's discussion is limited to the findings from the original manuscript prepared for
publication on tDNA mutagenesis. A broader discussion of all the topics is presented in the General
Discussion.
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Methods

tDNAs prediction

Reference human genomes were obtained from the UCSC Genome Browser. The assemblies
analyzed included Jan. 2022 (T2T-CHM13 v2.0/hs1), Dec. 2013 (GRCh38/hg38), and Feb. 2009
(GRCh37/hg19). The tDNAs for each assembly were predicted and annotated using tRNAscan-SE
2.0 (v2.0.9, July 2021) (Chan et al., 2021), with parameters set to search for eukaryotic tRNAs and to
display both primary and secondary structure components in the covariance model bit scores to
distinguish functional tRNAs from potential pseudogenes. For the hg38 and hg19 assemblies, tDNAs
that mapped to unplaced sequences (DNA fragments associated with a specific chromosome but
whose order or orientation could not be determined) or unassigned sequences (DNA fragments not
assigned to any chromosome) were identified and designated as unlocalized tDNAs. Subsequently,
for the remaining tDNAs, the EukHighConfidenceFilter script from tRNAscan-SE 2.0 was used to
assess the fidelity of tDNA predictions. This step classified the predicted tDNAs into several
categories: high confidence (predictions that exhibit strong sequence and structural alignment with
known active tRNA profiles), pseudogenes (which encode inactive products due to sequence
alterations, such as deletions), and uncertain function (genes whose function or identity is not clearly
established, possibly due to non-canonical structures or sequence deviations from known functional
tRNAs). Note that tDNAs refer to DNA sequences that encode mature tRNA.

tDNAs genomic distribution and clusters definition

tDNAs annotations from the most updated human genome (T2T-CHM13 v2.0/hs1) were used to
analyze tDNA distribution. To visualize the genomic coordinates of tDNAs, we used the Rldeogram
v0.2.2 package from R. The genomic distances between consecutive tDNAs were computed and used
to plot their cumulative distribution using the empirical cumulative distribution function (ecdf) (Supp.
Fig. 4a). Considering the profile obtained from the ecdf and previous definitions of tDNA clusters
(Alexandrov et al., 2020; Bermudez-Santana et al., 2010), tDNA clusters were defined as groups of
consecutive tDNAs separated by a specific genomic distance of either 1 kb (“1 kb cluster”) or 20 kb
(“20 kb cluster”).

Synteny analysis

Reference genomes for human, chimpanzee, were obtained from the UCSC Genome Browser. For
the human genome (Homo sapiens) T2T-CHM13 v2.0/hs1 Jan. 2022 assembly and for the
chimpanzee (Pan troglodytes) genomeClint_PTRv2/panTro6 Jan. 2018. The reference genome for
lemur (Microcebus murinus) was downloaded from NCBI, the assebly February 2017 RefSeq

(GCF_000165445.2/Mmur_3.0). To perform synteny analysis, we obtained Gene transfer format
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(GTF) files and DNA sequences for each species from the Ensembl database
(https://www.ensembl.org/Homo_sapiens/Info/Index). These files were modified by removing existing
tDNA annotations and incorporating data for 20 kb tDNA clusters, including the start and end
coordinates of each cluster and the full nucleotide sequences for each species. The Python version
of MCScanX (Wang et al., 2012) (https://github.com/tanghaibao/jcvi/wiki/Mcscan-(python-version))
was used to perform synteny analyses. Macro-and microsynteny analyses were used to compare the
tDNAs clusters distibution. The results were visualized using the karyotype format provided by

MCScanX software.

tDNAs expression data

Sequencing data for Pol Il occupancy (POLR3D ChiIP-seq) and nascent transcription profiling (biotin-
capture) assays were obtained from the Gene Expression Omnibus (GEQO) database and are accessible
through the GEO Series accession number GSE96800 (Van Bortle et al., 2017). Specifically, the subset
of samples used in this study was obtained from the monocyte dataset and corresponded to the following
GEO Sample accession numbers: POLR3D (GSM2544232, GSM2544233) and biotin capture
(GSM2544240, GSM2544241). Following the methodology outlined by Van Bortle et al. (2017),
preprocessing of the sequencing data involved trimming low-quality bases and removing adapter
sequences using CutAdapt v4.1 (Martin, 2011). The processed reads were aligned to the complete
human reference genome T2T-CHM13 using Bowtie2 v2.4.2 in paired-end and local mode with
allowance for one mismatch in the seed (-N 1) (Langmead & Salzberg, 2012). Given the repetitive nature
of tDNAs, sequencing reads frequently map to multiple genomic sites, complicating the accurate
quantification of tDNA transcription levels in the resulting data. To overcome this, multi-mapping reads
were allocated to a single “best” alignment position. This method helps reduce the risk of overestimating
tDNA transcription levels that could result from counting multiple alignments while preventing potential
underestimation by excluding all multi-mapping reads. Gene counts were obtained using featureCounts
from Subread v2.0.1 (Liao et al., 2014). In our analysis, gene annotation files in GTF format, derived
from tDNA coordinates predicted by tRNAscan-SE 2.0, were used to report tDNA counts. To simulate
the precursor tDNA sequences, tDNA coordinates were extended by adding 50 bases both upstream
and downstream. Subsequently, gene count normalization was performed using the
estimateSizeFactors function from the DESeq2 package. The log 2 mean between the biological
replicates was obtained for each experimental data POLR3D and biotin-capture.

Finally, integrated tDNA expression values were obtained by computing the average of the POLR3D
and biotin-capture results (Supp. Fig. 6a). tDNAs were categorized into four expression levels defined
by quartiles: genes with integrated tDNA expression values up to the 25th percentile were designated
as Level 1 (lowest expression); those between the 25th and 50th percentiles as Level 2; those between
the 50th and 75th percentiles as Level 3; and those with values above the 75th percentile as Level 4

(highest expression).
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To ensure the reliability of the integrated tDNA expression data, which originated from a single study on
macrophages, we verified tDNA activity. The tRNA Activity Predictor (tRAP) (Thornlow et al., 2020)
pipeline was employed to assess general tDNA activity. This tool evaluates tDNA sequences and their
genomic context to classify them as active or inactive. The tDNA predictions from tRNAscan-SE, applied
to the T2T-CHM13 genome, were used as input for the tRAP analysis. The analysis revealed that tDNAs
predicted to be active had significantly higher integrated tDNA expression values than those predicted
to be inactive (one-sided Wilcoxon rank-sum test, alternative greater, P-value < 2.2 x 107'°) (Supp. Fig.
6b).

Replication timing data

The process for obtaining replication timing data followed the approach described in a previous study
(Supek & Lehner, 2015). Briefly, Repli-Seq measurements (Hansen et al., 2010) were obtained for
ENCODE cell lines from the UCSC Genome Browser. These data are publicly available in GEO under
the accession number GSE34399. The Repli-Seq signal was calculated by dividing the genome into 200
kb genomic domains based on the average across 11 cell lines. This domain size was chosen because
replication signals typically vary within regions ranging from 200—400 kb. To identify tDNA genes within
these domains, we mapped their coordinates from the T2T-CHM13 assembly to hg19 using LiftOver to
determine the specific 200 kb domain in which each tDNA gene resided. The final Repli-Seq signal
values for each domain ranged from 0 to 100, with higher values indicating earlier replication timing.
Experimentally, this phenomenon occurs because the Repli-Seq technique involves labeling nascent
DNA with a nucleotide analog, such as bromodeoxyuridine (BrdU), followed by sequencing of the labeled
DNA. Consequently, regions that replicate earlier in the S-phase have a higher abundance of labeled
fragments. Notably, not all tDNAs fell into regions with proper signal quantification, resulting in a final

dataset of 391 tDNAs with associated Repli-Seq values.

WGS datasets for somatic mutation analysis

For the cancer samples, somatic single nucleotide variants (SNVs) were identified using WGS data
collected from six different datasets representing over 20 distinct cancer types. The datasets included
the Pan-cancer Analysis of Whole Genomes (PCAWG) study (n = 1950), Hartwig Medical Foundation
(HMF) project (n = 4823), Personal Oncogenomics (POG) project (n = 570), Cancer Genome Atlas
(TCGA) (n = 724), Clinical Proteomic Tumor Analysis Consortium (CPTAC) (n = 781), and the MMRF
COMMPASS project (n = 758). Detailed data information, somatic variant calling methodology, and data
processing are described in the Methods section ("WGS Mutation Data Collection and Processing,"
Salvadores and Supek, 2024). Somatic variants were identified using the hg19 reference genome. For
the analysis of healthy tissues, SNVs were obtained from single-cell-derived colonies from four different
datasets (including the human brain, colon, liver, and lung), with a total of 1192 samples (Blokzijl et al.,
2016; Brunner et al., 2019; Lodato et al., 2015; Yoshida et al., 2020).
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Genomic data by gene type for somatic mutation analysis

The genomic coordinates of each tDNA were obtained using the UCSC LiftOver tool
(https://genome.ucsc.edu/cgi-bin/hgLiftOver) to convert the previously obtained tRNA-scanSE 2.0
annotations from the T2T-CHM13 assembly to hg19. This approach utilizes the completeness of the
T2T-CHM13 assembly, which is gapless and corrects previous uncertainty and scaffold mistakes,
ensuring that the analysis benefits from the most accurate and comprehensive data available. A total of
537 tDNAs were identified in hg19.

The data for other Pol llI-transcribed genes (excluding tDNAs) was extracted from Pol3Base (Cai et al.,
2022). Some genes in the database appeared in multiple experimental datasets, for that reason they
were merged to maintain a set of unique genes. The Alu genes were also discarded. To convert the
coordinates from hg38 to hg19 and to classify the genes by biotypes BioMart
(https://www.ensembl.org/info/data/biomart/index.html) was used. Finally, pol lll-transcribed genes
used for the analysis were classified into specific biotypes: small nuclear RNA genes (RNUs), 5S
ribosomal RNA genes (rDNAs) and unclassified/miscellaneous RNA genes (miscRNA genes), with a

total of 106, 125, 80 genes, respectively.

Protein-coding gene coordinates for GRCh37/hg19 were retrieved from Ensembl. Gene expression
data, provided as adjusted Transcripts Per Million (TPM) values, were downloaded from Hartwig Medical
Foundation (Priestley et al., 2019). To categorize protein-coding genes according to their expression,
we divided the genes into four groups based on their adjusted TPM values. These divisions were defined
by quartiles: genes with TPM values up to the 25th percentile were designated as Level 1 (lowest
expression); those between the 25th and 50th percentiles as Level 2; genes between the 50th and 75th
percentiles as Level 3; and genes with TPM values above the 75th percentile were classified as Level

4 (highest expression).

Mutation density

Analysis was performed using the hg19 reference genome. This procedure was used to analyze the
mutational density in cancerous samples for tDNAs, protein-coding genes, and other Pol lll-transcribed
genes (rDNAs, RNUs, and miscRNA genes), as well as in non-cancerous samples for tDNAs. First, a
set of quality filters was applied to the genomic data to ensure data quality. To minimize errors due to
misalignment of short reads and select uniquely mappable regions, reducing potential mapping
ambiguities, all regions in the genome defined in the 'CRG Alignability 75' track (Derrien et al., 2012)
with an alignability < 1.0 were masked out. In addition, regions that are unstable when converting
between GRCh37 and GRCh38 (Ormond et al., 2021) and the ENCODE blacklist of problematic regions
of the genome (Amemiya et al., 2019) were removed. Somatic SNVs were analyzed for different gene
types: tDNAs, protein-coding genes, and other Pol lll-transcribed genes, along with their flanking regions
(e.g., 10 kb upstream and downstream, divided into 100-nt windows, with the gene itself designated as
'‘window 0'). To normalize mutational densities by the tri-nucleotide context, we adjusted the mutation

counts based on the local sequence composition within each window, ensuring that differences in
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mutation density reflect the underlying mutational processes rather than biases in sequence
composition. This involved calculating the frequency of each trinucleotide context and determining the
mutation count for that context within each sample. By dividing the mutation count by the context's

frequency, we obtained a context-specific mutational density.

Finally, we obtained the total mutation density for each window by adding the mutation densities across
all trinucleotide contexts. The mutational density within each group (e.g., by transcription levels or gene
type) was normalized to account for variations in the total mutation count across groups by dividing the

observed mutation density in each window by the total mutation density of that group.

Analysis for mutational density in tDNAs by tissue and age

To assess the relative mutation density in each tissue type, we calculated the fold change (FC) by
dividing the mutation density of the tDNAs (window 0) by the average mutation density in sets of 10
consecutive windows in the flanking regions (e.g., windows 1-10, 11-20, ..., 91-100), both upstream
and downstream. Only tissue types with a sample size greater than 20 (n > 20) were included in the
analysis (Supp. Fig. 10). Additionally, samples from the colorectum and uterus were stratified into
subgroups based on previously described genomic instability patterns. These subgroups included
microsatellite instability samples (MSI), microsatellite stable (MSS) samples, and hypermutated samples
(HYPER) due to POLE deficiency. For age-related analysis, we stratified the data by tissue; only tissues
with a sample size greater than 200 (n > 200) were considered (Supp. Fig. 10). We only included the
age group above 30 (<30) years for sarcoma, brain, and lymphoid cancers, as these were the only
cancers with a sample size greater than 20. To assess FC by age, the same approach was used to
compare the mutational density between tDNAs and flanking. Spearman’s correlation was used to
assess the relationship between mutation levels and age by tissue. Thyroid samples were removed from

the analysis since the data was noisy.

Mutation frequencies in tDNAs at single base resolution

To analyze mutation patterns along tRNA sequences and identify mutation hotspots (specific
nucleotides within tRNA sequences that accumulate mutations more frequently) the mutation frequency
at each position in each tDNA was calculated. This was done by dividing the number of samples
exhibiting mutations at a given position by the total number of samples analyzed. The set of tDNA
positions that did not pass the quality filters, including alignability < 1.0, regions that are unstable when
converting between GRCh37 and GRCh38, and ENCODE blacklist problematic regions, were removed
from the analysis. For each tDNA the genomic coordinates were adjusted to align with the consensus
tRNA reference positions (Amemiya et al., 2019; Derrien et al., 2012; Ormond et al., 2021), ensuring
accurate nomenclature and allowing for the effective grouping of results across different tRNAs. To
determine positions with significantly higher or lower mutation frequencies, P-values were calculated
using the Wilcoxon test, comparing mutational frequencies for each position from all the tRNAs against

all other positions, with adjustments for multiple comparisons using the Benjamini-Hochberg method.
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To assess the mutagenic load within the structural domains or regions within the tRNAs, a sliding window
approach was applied. An 11-nucleotide window was moved along the tRNA sequence one nucleotide
at a time, and the mutation frequencies within each window were combined to have a unique value by
windows. The same statistical procedure used for the comparison by position was applied to calculate
the differences by windows. In both analyses to consider a position or windows to be significant a
threshold of adj. P-value < 0.01 and a mean higher or lower than the quantiles of 0.95 and 0.05 was
considered. The mean mutational frequency at each position/windows across tDNAs was obtained and
used to represent the results. To identify chimeric tRNAs, we first calculated the mutational density at
the anticodon position (34, 35, 36) for tRNA-Ala, tRNA-Leu, tRNA-Ser, and tRNA-Tyr isodecoders. To
detect specific mutations at the anticodon, absolute mutation counts and the annotation of base changes

(e.g., C<G) were used to identify mutations occurring at the anticodon of tDNAs.

Mutational signature

To deconvolute the possible processes that cause mutations specifically at tRNAs, we applied the
standard mutational signatures methodology (Alexandrov et al., 2020; Supek & Lehner, 2015), with
several modifications. First, as input instead of calculating the mutation frequencies across the 96
trinucleotides using WGS, we calculated the tri-nucleotide mutation frequencies in subsets of specific
sites of the genome, specifically in 4 groups of tRNA genes (divided by levels of gene expression) and
their flanking regions (10 kb upstream and downstream, split in 4 chunks of 2.5 kb). As well as, 4 groups
of protein coding genes (divided by levels of gene expression) and their flanking regions (10 kb upstream
and downstream, split in 4 chunks of 2.5 kb). To account for confounders in the flanking regions, we
removed 1 kb upstream of the tRNA (TSS) and all genes overlapping the flanking regions (i.e. protein

coding exons and tRNAs).

Second, since we are studying a very small subset of the genome (e.g. tRNA genes), to gain statistical
power we merged all mutations across different samples from the same cancer type, except samples
that are MSI or POLE mutant that we kept as a different group. Additionally, we included as a separate
group all somatic mutations from healthy samples. Third, because the genomic sites are different for
each tri-nucleotide feature depending on the sample, for each sample and trinucleotide feature
combination, we normalized the counts by the tri- nucleotide composition of each specific genomic
subset.

In summary, the samples we considered for this analysis are a combination of tissue (cancer type or
healthy), gene type (protein coding or tRNA), gene expression (levels 1 to 4) and position (tRNA, flanking
upstream or downstream). To the matrix of normalized mutation frequencies across the 96 ftri-
nucleotides for these samples we applied the standard mutational signatures methodology (Alexandrov
et al., 2020; Supek & Lehner, 2015).

Specifically, we first applied bootstrap resampling (R function UPmultinomial from package sampling) to
the normalized mutation frequencies. Next, we applied the non-negative matrix factorization (NMF)

algorithm (R function nmf from package NMF) to the bootstrapped matrices, testing different values of
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the rank parameter (2 to 30), herein referred to as nFact. We repeated the bootstrapping and NMF 100
times for each nFact. We pooled all the results by nFact and performed a k-medoids clustering (R
function pam from package cluster), with different number-of-clusters k values (2 to 30). We calculated
the silhouette index value, a clustering quality score (which here measures, effectively, how reproducible
are the NMF solutions across runs), for each clustering to select the best nFact and k values.

Based on the silhouette index (Second worst S| score) we selected the results from nFact=13 and k=13
(Supp. Fig. 12). From the selected option signatures with Sl < 0.4 were removed, and 12 signatures
remained. These results include two matrices: H and W. The W matrix (our mutational signatures)
describes the weight of each tri-nucleotide for every extracted signature. By comparing our signatures
with the COSMIC database signatures (COSMIC_v3.3.1_SBS_GRCh37), we can match our signatures
with the corresponding signature from COSMIC. Of note, we merged the two APOBEC signatures from
COSMIC (SBS2+SBS13), since in our analyses they cannot be separated, likely because of our merging
of samples. The H matrix describes the exposures or activities of each specific signature in every
sample. Additionally, we stratified the exposures by tissue type and expression level to assess tissue-
dependent and transcription-associated rate differences. To select relevant NMF-extracted signatures,
different factors were examined. First, a cosine similarity threshold was applied to quantify the
resemblance between NMF-extracted signatures and COSMIC signatures: cosine similarity values
above 0.5 indicate moderate similarity, while values exceeding 0.85 denote strong similarity to COSMIC
signatures. Additionally, we examined the signatures spectrum to confirm their consistency with the
spectra reported by COSMIC Furthermore, signature sample exposures and their relevance to specific
cancer types were evaluated to ensure that the identified signatures are biologically meaningful. To
identify signatures enriched in tDNAs, we calculated the fold change (FC) in the signatures
exposure/activity levels between each gene type (tDNAs or protein-coding genes) and their respective

flanking regions.

Skin cancer samples were excluded from the analysis due to their distinct mutation profiles. Specifically,
skin cancers exhibit a high prevalence of mutations caused by ultraviolet (UV) light exposure. These
UV-induced mutations create distinctive signatures that can overshadow or confound the detection of

other mutational processes when analyzing diverse cancer types.

Detection of hairpin structures in tDNAs

To assess the abundance of hairpin loop structures in tDNA genes relative to the rest of the genome
and other Pol llI-transcribed genes, we utilized a genome-wide dataset of predicted 3-5 nucleotide
hairpin sites with APOBEC TCW maotifs (Buisson et al., 2019). Using the GenomicRanges package in
R, we identified overlaps between hairpin regions and genomic coordinates of annotated tDNAs genes
in the hg19 version, as well as with a separate dataset of other Pol lll-transcribed genes. From this, we
quantified the number of nucleotides within tDNA genes, other Pol Il genes, and the remainder of the
genome that were part of the predicted hairpin structure. To calculate the frequencies of DNA hairpin
structures in tDNAs, the number of nucleotides not involved in hairpin structures was obtained by

subtracting hairpin-associated nucleotides from the total nucleotide content of each corresponding
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genomic region (tDNA genes, other Pol lll genes, and non-tDNA regions of the genome). To determine
whether hairpin structures were statistically enriched or depleted in tDNA genes, we conducted two chi-
square tests using the chisq.test() function in R: one comparing tDNA genes to the rest of the genome
and another comparing tDNA genes to other Pol lll-transcribed genes.

Software and packages

The mutational analyses were performed using R v.4.1.2. Relevant R packages used were liftOver
v.1.18.0, GenomicRanges v.1.46.1, Biostrings v.2.62.0, sampling v.2.10, matrixStats v.1.4.1, NMF
v.0.26, ComplexHeatmap v.2.10.0, cluster v.2.1.2, dplyr v.1.1.4, tidyr v.1.3.0, ggplot2 v.3.5.1.
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Supplementary Figure 1. Chromosomal and isoacceptor distributions of tDNAs detected by
tRNAscan-SE. (a) Number of tDNAs per chromosome across the T2T-CHM13, hg38, and hg19
reference genomes. (b) Number of tDNAs by isoacceptor across the T2T-CHM13, hg38, and hg19
reference genomes.
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Supplementary Figure 2. Distribution of each tDNA isoacceptor in the human genome. The
graphical representation is based on ideograms that indicate the chromosomal location of each tDNA
for each isoacceptor across the human genome, using the T2T-CHM13 assembly as a reference.
Prediction confidence from the T2T-CHM13 annotation obtained with tRNAscan-SE is described: high-
confidence genes (green), pseudogenes (light purple), and genes of uncertain function (dark purple).

158



go | r=0.61, p=0.0026 Isoacceptors
L] Ala Leu
® Ag Lys
Asn Met
60 - ® Asp ® Phe
2] Cys Pro
= ® Gin ® SeC
(=) Glu Ser
- ® Gy @ Thr
S 404 ° z g His Trp
) & ®le @ Tyr
2 iMet @ Val
: S .
Zz 20 °
04 L]

012345678 91011121314151617 18
Number of chromosomes
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occurrence. The plots display the Spearman correlation coefficient (r) and associated P-value (p).
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Supplementary Figure 4. Characterization of tDNAs clusters in the T2T-CHM13 genome. (a)
Cumulative distribution of tDNA pair distances for Homo sapiens (human). The selected distances for
cluster definition were 1 and 20 kb. (b) Correlation between the number of tDNAs in each cluster and
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cluster length used to assess tDNA density. On the right, results for 1 kb clusters, on the left, for 20 kb
clusters. The plots include the Spearman correlation coefficient (r) and associated P-values (p). (c)
Observed percentage of heterogeneous clusters (containing more than one isoacceptor) and
homogeneous clusters (composed of the same isoacceptor). (d) Results of a randomization test
performed 1000 times: tDNAs were randomly reassigned to clusters, and the percentage of
homogeneous clusters was calculated for each test to evaluate whether the observed distribution
deviated from random chance. The purple bars show the results obtained for the observed percentage
of tDNAs in the clusters.

Pan troglodytes
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Supplementary Figure 5. Synteny analysis of tDNAs clusters between different primate species.
Synteny analysis highlighting the conservation of tDNA 20kb clusters between species Homo sapiens
(human), Pan troglodytes (chimpanzee), and Microcebus murinus (lemur). Red lines denote conserved
syntenic blocks of tDNA clusters, and gray lines indicate other homologous relationships. Chromosomal
numbers are provided for each species.
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Supplementary Figure 6. Integrated tDNA expression analysis in cluster and isolated tDNAs. (a)
Correlation between POLR3D and biotin-capture data, both representing nascent tRNA transcript levels.
The Spearman correlation coefficient (r) and associated P-value (p) are shown in the plot. Integrated
tDNA expression values reflect a combination of POLR3D and biotin capture signals (see Methods). (b)
Comparison of integrated tDNA expression values between tDNAs classified as active and inactive
based on activity predictions from tRAP. Wilcoxon rank-sum test (one-sided with alternative hypothesis:
greater; ***: P-value < 0.001). (c¢) Box plots of log2 integrated tDNA expression values, comparing
clustered and isolated tDNAs by isoacceptor; clusters of 1 and 20 kb are shown on the left and right,
respectively. Wilcoxon rank-sum test (one-sided with alternative hypothesis: greater) with Benjamini—
Hochberg adjusted P-values (***: P-value < 0.001; **: P-value < 0.01; *: P-value < 0.05; ns: P-value >
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0.05). (d) Fold change (FC) of expression values between clustered and isolated tDNAs by isoacceptor.
Orange bars indicate when expression levels are higher in clustered tDNAs than in isolated tDNAs.
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Supplementary Figure 7. Relationship between tDNA replication timing, clustering, and
expression. (a) Repli-Seq values and log2 integrated tDNA expression values across tDNAs by cluster.
(b) Repli-Seq values across tDNA expression levels, from the lowest (Level 1) to the highest (Level 4)
(see Methods). Statistical significance was assessed using the two-sided Wilcoxon rank-sum test (one-
sided with alternative hypothesis: greater) with Benjamini—-Hochberg-adjusted P-values (***: P-value <
0.001; *: P-value < 0.05; ns: P-value > 0.05).
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Supplementary Figure 8. Correlation between tDNA mutagenesis and tRNA expression. The
Spearman correlation coefficient (r) and associated P-value (p) are shown in the plot. Integrated tDNA

expression values reflect a combination of POLR3D and biotin-capture signals.
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Supplementary Figure 9. Cancer samples metadata. Metadata showing the number of cancer
samples analyzed according to tissue type. For the analysis of the mutagenesis profile in tDNAs by
cancer type, we filtered the data and selected only those cancer types with more than 20 samples. For
the tissue-age analysis, we used cancer types with at least 200 samples per type.
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Supplementary Figure 10. Somatic mutational profile in tDNAs by cancer type. Percentage of
samples that at least have one tDNA mutated for each cancer type. Only cancer types with more than
20 samples were analyzed.
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Supplementary Figure 11. Somatic mutagenesis analysis in tDNAs of healthy tissues. Normalized
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and upstream divided into windows of 100 nt).
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Supplementary Figure 12. De novo analysis of mutation signatures using NMF analysis.

Silhouette Index (SI) scores used to evaluate the quality of clustering in NMF analysis. The selected
case (nFact=13, k=13).
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Supplementary Figure 13. Sample exposures for the selected NMF-extracted signatures. The
plots include exposures for each gene type (tDNAs and protein-coding genes) and their flanking regions
(10 kb upstream and downstream, split into four chunks of 2.5 kb). The exposures for each NMF-
extracted signature were obtained for tDNAs and protein-coding genes by expression levels in cancer
samples and for tDNAs in healthy samples.
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Supplementary Figure 15. Sample exposures and mutational spectrum for the discarded NMF-
extracted signatures. The plots include exposures for each gene type (tDNAs and protein-coding
genes) and their flanking regions (10 kb upstream and downstream, split into four chunks of 2.5 kb).
The exposures for each NMF-extracted signature were obtained for tDNAs and protein-coding genes
by expression levels in cancer samples and for tDNAs in healthy samples. Mutational spectra for the
selected NMF-extracted signatures. Substitution types: C>A, C>G, C>T, T>A, T>C, and T> G, and their
context classification comprised 96 distinct mutation types.
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Supplementary Figure 16. Distribution of somatic mutations across the tRNA sequence (a)
Somatic tDNA mutations at single-base resolution represented in the tRNA cloverleaf secondary
structure. Mean somatic mutation frequency is indicated for each position. Highlighting universally
conserved positions (U8, A14, G18, G19, A21, U33, G53, T54, U55, C56, A58, C61, C74, C75), internal
promoter regions such as the A-box (positions 8-19), the B-box (positions 52-62), and the anticodon
(positions 34-36). Statistically significant positions are indicated with red numbers. Specific tDNA
positions are considered significant when adj. p £ 0.01 and if its mean mutation density exceeds the
0.95 quantile or falls below the 0.05 quantile of the overall distribution. (b) Mutation rates computed
using a sliding window of 11 nucleotides across the tDNA sequences. Statistically significant
positions are indicated with red dots. Specific tDNA positions are considered significant when adj. p <
0.01 and if its mean mutation density exceeds the 0.95 quantile or falls below the 0.05 quantile of the
overall distribution (quantile thresholds are indicated by red dashed lines).
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DISCUSSION

Given the complexity of tRNA biology, the study of the tRNAome remains a challenge for the scientific
community. Therefore, the overall aim of this thesis was to develop and apply bioinformatic approaches
to investigate previously unexplored aspects of tRNA biology, that could further provide insight into their

multifaceted roles in disease (P. Anderson & Ivanov, 2014; Orellana et al., 2022; Torres et al., 2014a).

First, we focused on the development of tRNAstudio, a pipeline that addresses the challenges
associated with studying tRNA-Seq datasets, including differential expression analysis and processing
of tRNAs (Padhiar et al., 2024; Telonis et al., 2016). tRNAstudio allows for the characterization of the
tRNA pool from different perspectives, including the report and quantification of tRNA modifications.
This functionality is extremely useful because alterations in tRNA modifications are associated with
multiple human diseases (Torres et al., 2014a). For instance, mutations in the subunits of human ADAT,
which catalyzes the modification of A-to-l at position 34, have been associated with neuropathies
(Alazami et al., 2013; Salehi Chaleshtori et al., 2018; Thomas et al., 2019; Torres et al., 2014a). In this
regard, tRNAstudio facilitated our research into understanding the biological relevance of 134-tRNAs to

elucidate how alterations within this context can be related to human diseases.

Second, we addressed several questions related to unexplored areas of tRNA biology, focusing on the
field of tDNA genomics. Evidence suggests that the local and long-range proximity of tDNAs may impact
their transcriptional activity (Gao et al., 2024; Van Bortle et al., 2017). Furthermore, studies have
reported that human tDNAs accumulate somatic mutations at high rates, and that APOBEC enzymes
are a major contributor to this event (Sakhtemani et al., 2019). However, the relationship between the
genomic proximity of tDNAs and the coordination of their transcriptional activity remains unclear. In
addition, a detailed analysis of tDNA somatic mutagenesis is still lacking, including an understanding of
the mutational mechanism and tissue-specific analyses. Therefore, in this thesis, we aimed to contribute

to expanding the knowledge in these unexplored areas.
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The computational analysis of tRNA-Seq data presents several challenges due to the inherent
complexity of tRNA biology (Padhiar et al., 2024; Telonis et al., 2016) (see 1.7). To overcome these
challenges, we successfully developed tRNAstudio, an integrated pipeline for the study of tRNA-Seq
data (see 3.1). tRNAstudio allows the exploration of tRNA biology from multiple perspectives, including
tRNA processing by the identification and classification of pre-tRNA and mature tRNA sequences, the
use of a coverage profile to identify tsSRNAs, mismatch analysis for the detection of post-transcriptional
chemical modifications, as well as the quantification of individual tRNA sequences to perform differential
expression analysis. Although there are many different variants within the pipelines developed for tRNA
analysis, we consider tRNAstudio an integrated pipeline capable of performing an in-depth tRNA

analysis from different points of view.

Unlike tRNAstudio, other pipelines developed for tRNA analysis focus on specific outcomes rather than
a general exploration of the tRNA pool (see 1.7). Examining the tRNA pool from multiple perspectives,
as tRNAstudio does, is crucial because phenotypes produced by changes in the tRNA pool can stem
from alterations at any stage of its biogenesis. In contrast, performing tRNA-Seq analysis from a narrow
perspective (e.g., only analyzing mature sequences) risks overlooking valuable insights about tRNA
processing. Furthermore, tRNAstudio is designed to be accessible to non-computational users, while
most available pipelines require advanced computational skills. The combination of its accessibility and
capacity to perform an extended tRNA pool analysis shows that it can be used as an exploratory tool by
researchers who want to explore and analyze tRNA-Seq datasets but do not have their own resources

to do so.

Different approaches have been tested to perform the mapping of tRNA-related reads. Some methods
involve mapping first against the native genome, further extended with mature tRNA sequences (P. P.
Chan et al., 2025; Clark et al., 2016; Cozen et al., 2015; Erber et al., 2020; Hauenschild et al., 2015; A.
Hoffmann et al., 2018), whereas others perform the mapping against the tRNA space alone, with only
tRNA sequences (Behrens et al., 2021; Selitsky & Sethupathy, 2015). In tRNAstudio, we use the
strategy of mapping in different steps against different genomes to ensure reliable detection and
classification of tRNA reads (see. 3.1 Supp. Fig. S1). Although some pipelines map exclusively against
the tRNA space alone, in tRNAstudio, we first align against the complete native human genome. This
strategy allows for the removal of non-tRNA reads. This is crucial because the human genome contains
both nuclear and mitochondrial 'tRNA-lookalike' sequences (Telonis et al., 2014). If mapping is
performed exclusively against tRNA sequences, it can force the alignment of these non-tRNA reads
onto tRNA sequences, resulting in false positives (Loher et al., 2017; Padhiar et al., 2024; Telonis et al.,
2014, 2016). Following this first alignment, tRNAstudio extracts, classifies and remaps tRNA reads
against customized tRNA reference genomes (e.g., a collection of unique mt-tRNAs sequences, pre-
tRNA, or mature tRNA sequences). This multi-step mapping approach allows tRNAstudio to avoid
human genome encoded tRNA-lookalikes, to classify tRNA sequences and, to capture tRNA-related

reads that are highly modified and to control for multimapping.
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Once we evaluated the performance of tRNAstudio (see 3.1), we used the pipeline to provide analytical
support for a project in our group focused on the evaluation of the biological relevance of 134-tRNAs
(see 3.2). It is worth noting that this study was carried out before tRNAstudio was published, although
the pipeline used is the one that tRNAstudio is based on. Previous experimental and computational
analyses conducted by former members of the lab showed that the reduction of 1I34-tRNAs impaired the
translation of extracellular matrix (ECM) proteins. These proteins are enriched in low-complexity
TAPSLVR-rich regions that rely on ADAT-dependent codons for their translation (Rafels-Ybern et al.,
2015; Rodriguez-Escriba, 2020). The ECM provides structural support and enables cell-to-cell
communication, which is essential for multicellular organisms (Karamanos et al., 2021). By applying
tRNAstudio pipeline, we reported that knocking down ADAT?2 results in a reduction of 134-tRNAs (see
3.2 Fig. 2B and Supp. Fig. 2B). We also showed that the expression levels of the rest of the tRNAs do
not change (see 3.2 Fig. 2C and Supp. Fig. 2C). These results indicate that eukaryotic cells are unable
to compensate for I134-tRNA deficiency through overexpression of alternative tRNA, highlighting how
essential and indispensable 134-tRNAs are. Given that the expansion of 134 to TAPSLIVR tRNAs is a
hallmark of eukaryotes, that I134-tRNAs are essential to efficiently translate ECM proteins required for
multicellularity, and that eukaryotic cells cannot compensate for the lack of 134-tRNAs with other tRNAs
to produce such proteins; it is possible that, among other crucial functions, the emergence of 134-tRNAs

was fundamental in the evolution of multicellularity.

Interestingly, some of the ECM components identified (Rodriguez-Escriba, 2020), such as Syndecan 3,
have been associated with neurological development (Bespalov et al., 2011; Hienola et al., 2006; Hudak
et al., 2022), while others components like mucins, such as MUC5AC, have been associated with
respiratory diseases, including asthma, chronic bronchitis (CB), cystic fibrosis (CF), and obstructive
pulmonary disease (COPD) (Carpenter et al., 2021; Ma et al.,, 2018). This connection provides a
possible explanation for the phenotypes observed in individuals with mutations in ADAT genes (Alazami
et al., 2013; Salehi Chaleshtori et al., 2018; Thomas et al., 2019; Torres et al., 2014a). Thus, it would
be interesting to address whether the modulation of the levels of functional ADAT could be used as a
strategy in biomedicine, either overexpressing it to compensate for the effect of such mutations in
neurological diseases or downregulating its expression to reduce mucin production in diseases like
COPD.

This analysis demonstrated that by applying tRNAstudio we can successfully analyze tRNA-Seq data,
including the quantification of tRNA modifications and tRNA differential expression analysis. However,
now we will discuss some limitations or improvements that would enhance the performance of
tRNAstudio.

All mapping steps in tRNAstudio are performed using Bowtie2 (Langmead & Salzberg, 2012). While
Bowtie2 remains widely used (P. P. Chan et al., 2025; Pinkard et al., 2021; Smith et al., 2024), there
are other aligners that also enable short-read mapping and have been employed for tRNA analysis,
such as Segemehl (A. Hoffmann et al., 2018; S. Hoffmann et al., 2009), SHRiIMP2 (David et al., 2011;
Shigematsu et al., 2017), GSNAP (Behrens et al., 2021; T. D. Wu et al., 2016) or Burrows—Wheeler
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aligner (BWA) (Erber et al., 2020; Gogakos et al., 2017; Scheepbouwer et al., 2023). Furthermore,
alignment algorithms developed specifically for tRNA-Seq analysis have been developed, like
tDRmapper (Selitsky & Sethupathy, 2015). Additionally, the parameters used to run the aligners are
usually adjusted to accommodate for mismatches, which allows for a broader detection of tRNA
modifications (Behrens et al., 2021). In fact, this methodology is implemented in the final step of
tRNAstudio pipeline by relaxing Bowtie2 parameters to enable additional mismatches in the seed (i.e.,
the matching segment between a sequencing read and a reference). Some pipelines incorporate the
information from curated databases that contain known RNA modifications (Behrens et al., 2021;
Cappannini et al., 2024; Dunin-Horkawicz et al., 2006). An example of such databases is MODOMICS,
which includes sequences with tRNA modifications (Cappannini et al., 2024; Dunin-Horkawicz et al.,
2006). The addition of MODOMICS to the pipeline helps to distinguish which mismatches or sequence
truncations observed are likely due to known modifications rather than sequencing errors (Behrens et
al., 2021). While tRNAstudio already reports tRNA modifications using as reference the consensus tRNA
sequence (Sprinzl et al., 1998), updating tRNAstudio with a similar strategy would be useful to facilitate

the report of known modifications to ease the biological interpretation of the results.

Although a comparison of all available aligners for tRNA-Seq analysis has not been performed, there
are recent benchmarking studies that compared the performance of Bowtie2, SHRiIMP2, and GSNAP
(Smith et al., 2024). Based on simulation data mimicking real tRNA-Seq reads, Bowtie2 and SHRIMP2
were found to align the highest proportion of reads (98.5% for Bowtie2, 93.0% for SHRiMP2), whereas
GSNAP had a lower mapping rate (71.3%) (Smith et al., 2024). However, both Bowtie2 and SHRiMP2
produced up to 4.0% and 3.3% fewer correct alignments at the anticodon level, compared to the GSNAP
approach. Therefore, some aligners like GSNAP lose information but are more accurate, whereas
aligners like Bowtie2 and SHRiIMP2 allow for the detection of more reads but are subject to a slightly
higher error rate than GSNAP. These results suggest that when analyzing tRNA-Seq data it may be

beneficial to integrate the results from multiple aligners to enhance the accuracy of the final output.

A current limitation of tRNAstudio is its exclusive design for the analysis of human datasets, which is
currently restricted to the GRCh38/hg38 genome. In contrast, other pipelines, such as tRAX (Holmes et
al., 2022), support the analysis of multiple species by providing a custom reference genome for each of
them. But, the number of available species is still limited. Collaborations within our group were
established to implement tRNAstudio for mouse and yeast models. This effort was successful, and the
project is currently ongoing, led by these laboratories. In each case, however, tRNAstudio had to be
adapted individually for the specific genome of each organism. For that reason, it would be interesting
to expand tRNAstudio with a feature that allows the automated generation of reference genomes. This
would allow the analysis of a broader range of species and cell lines. Furthermore, this improvement
would make the pipeline more accessible to non-computational users, since they could provide the
desired reference genome and have all the necessary custom genomes generated automatically. Such
functionality could be achieved by integrating tRNAscan-SE to predict the tDNAs loci and use this

information to automatically build custom reference genomes (P. P. Chan et al., 2021).
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A new version of the assembly of the human genome has been published (T2T-CH13), which is
considered a complete, gapless human reference genome (except for some ribosomal DNA arrays that
remain unresolved) generated using long-read sequencing technologies (Nurk et al., 2022). This
reinforces the need to update tRNAstudio with functionalities that allow the pipeline to be adapted to
other, more recent reference genomes. Nevertheless, most references for tRNA analysis studies are
still based on GRCh38/hg38; therefore, tRNAstudio remains a competent tool that allows for exhaustive

analysis of tRNA sequences.

We used the knowledge gained during the development of tRNAstudio to use other computational
approaches that enable additional analyses to explore other aspects of tRNA biology. Knowing that a
more complete assembly of the human genome was available, we analyzed the distribution of tDNAs in
the T2T-CHM13 human genome assembly using tRNAscan-SE (P. P. Chan & Lowe, 2019). We verified
that tDNA localization is non-random and that tDNAs can be linearly localized in clusters or pairs within
the genome (Bermudez-Santana et al., 2010; Van Bortle et al., 2017) (see 3.3 Fig. 2a). Similar analysis
in other species have also reported that there are more tDNA pairs than expected (Bermudez-Santana
et al., 2010). These findings suggest that tDNA evolution may favor the formation of tDNA clusters. The
fact that tDNA localization is not random provides insight into the evolutionary history of tDNAs, as the
close proximity of many tDNAs suggests that local duplication events have played a major role in the
expansion of tDNA copy number and the generation of identical tDNA copies within genomes (Ayan et
al., 2020; Bermudez-Santana et al., 2010). Importantly, we also identified tDNA copies that are located
farther apart, indicating that tDNAs can be dispersed throughout the genome by additional mechanisms
(Kramerov & Vassetzky, 2011).

Our identification of tDNAs using the T2T-CHM13 assembly represented a significant novelty. Such
characterization of tDNAs was previously conducted using reference genomes that contained
incomplete assembled regions particularly those with repetitive sequences that could not be resolved
(e.g., hg19 and hg38) (P. P. Chan & Lowe, 2016). Those caveats are now resolved in the T2T-CHM13
assembly. This is particularly relevant when characterizing tDNAs, as they often reside within repetitive
regions which are now fully resolved in the T2T-CHM13 assembly (Hoyt et al., 2022). Whereas with
T2T-CHM13 we reported a total of 733 tDNAs with around 521 classified as high-confidence, with hg19
and hg38 we reported a total of 614 and 637 tDNAs respectively with around 400 of them being high-
confidence for both assemblies (see 3.3 Fig. 2b). This suggests that the number of tDNAs have been

underestimated in older assembilies.

The difference in the number of detected tDNAs between assemblies comes mainly from a variation of
a tandem repetition inside a cluster located in Chr 1 (in the T2T Chr1:160,577,243-160,733,822) (see
3.3 Fig. 4a). While in the T2T-CHM13 assembly, we defined it as a 21-copy tandem repeat, in both hg19
and hg38, this region was defined as a 4-copy tandem repeat (Gao et al., 2024; Iben & Maraia, 2014).
Interestingly, this tandem repetition has been previously reported to present different number of copies
between individuals, leading to tgCNV (Iben & Maraia, 2014). Polymorphisms involving copy number

variations have also been reported in the homologous mouse region, also located in Chr 1 (with a
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variation of 9-43 repeat units) (Darrow & Chadwick, 2014). Altogether, these findings suggest that the
tandem repeat region on Chr 1 is more prone to genetic variability through duplication events than other
tDNA-enriched regions. Furthermore, variation of individual tDNAs have also been reported in human
genomes (Berg et al., 2019; Iben & Maraia, 2012, 2014; Lant et al., 2019; Parisien et al., 2013). This
highlights how tDNA copy number can be individual-specific and shows that relying on general reference

genomes may lead to underestimation or overestimation of the tDNA number.

Nevertheless, T2T-CHM13 does not represent genetic diversity between individuals (Liao et al., 2023;
Nurk et al., 2022). This is because the T2T-CHM13 assembly was primarily obtained only from the
CHM13 human cell line (Schneider et al., 2017). Moreover, both hg19 and hg38 are ‘mosaic genomes’,
meaning that they are composed of sequences from diverse individuals but do not take into account
human genomic variability either (Liao et al., 2023; Schneider et al., 2017). Therefore, the differences
in assembly origins can lead to variations in the number of tDNAs produced by both technical factors
and the genetic diversity of the donor samples used to obtain the assemblies. This implies that we
cannot know if the T2T-CHM13 represents most of the population, especially for tDNA-regions that are
highly variable between individuals. In this regard, any of the developed tools to analyze tRNA-Seq data,
including tRNAstudio, do not account for potential sites of tgCNV. This underscores the importance of
developing inclusive reference genomes to better capture human tDNA genetic variation, like the Human
Pangenome Reference Consortium (HPRC) that works towards the generation of a reference that
includes assemblies from genetically diverse individuals (Liao et al., 2023). However, the best-case
scenario will be to determine the specific tDNA copy number for each cell type or individual under study

in order to assigning the possible genomic origins of tRNA sequences.

Each repetition unit in the previously described tandem repeat found in Chr 1 is composed of five tDNAs:
Gly-TCC, Asp-GTC, Leu-CAG, Gly-GCC, and Glu-CTC (see 3.3 Fig. 4a). This implies that individuals
may differ in the tDNA copy number for these specific isodecoders, depending on how many tandem
units their genome contains. For instance, in the T2T-CHM13 reference genome, tDNAs for Gly are the
most abundant, with more than 70 copies. In contrast, hg19 and hg38 contain only about 40 copies
each, and tDNAs for Ala are the most abundant. While it remains unclear whether these differences
arise from technical or biological factors, these observations emphasize how the choice of the reference

genome can significantly influence the perceived composition of tDNAs.

Consequently, tgCNV could directly influence the interpretation of tDNA expression data, as observed
differences in tRNA sequences might reflect gene dosage variation rather than changes in tDNA
transcriptional activity. Hence, the selection of the human reference genome for the analysis of tRNA-
Seq datasets could influence the interpretation of the results, as we found differences in the number of
tDNAs reported for each analyzed human reference genome. Nevertheless, our studies exploring tRNA
gene expression are still informative, as regardless of whether the overexpression of a given tRNA
transcript comes from additional tDNA copy numbers or enhanced transcription of such tRNA genes,

the overall result is a physiological change in tRNA abundance resulting in observed phenotypes.
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tgCNVs could lead to gene dosage imbalances, which could alter the cellular abundance of specific
tRNA molecules. This may influence the efficiency and fidelity of protein translation, in particular for
proteins with a codon usage biased toward codons decoded by the specific tRNAs involved in tgCNV.
In a worst-case scenario such alterations could lead to disease. For example, the loss of only one gene
for tRNA-Phe has been previously described to affect neuronal function (Hughes et al., 2023). Whereas
other reported tgCNVs are not attributed to a specific phenotype or an evident contribution to disease
(Berg et al., 2019; Iben & Maraia, 2014; Lant et al., 2019; P. Yang et al., 2019). Furthermore, changes
in tDNA copy number could affect the production of tsSRNAs or even have implications in their role of
organization of the eukaryotic genome (McFarlane & Whitehall, 2009). However, the impact of tgCNV
on cellular function and disease is still underexplored. In this regard, it would be interesting to expand
our knowledge of tDNA copy number variation by analyzing human genomes from different individuals

using long-read sequencing strategies, as those used to obtain the T2T-CHM13 genome.

Gene copy-number changes that result from genomic instability can be used as an adaptive mechanism
by tumoral cells to improve their fitness (Ippolito et al., 2021; Mishra & Whetstine, 2016). With this in
mind, we hypothesize that cancer-associated genomic instability could generate tgCNV in somatic cells,
which in certain cases could provide selective advantages. For instance, an increase in tRNA transcripts
is frequently observed in cancer cells in order to compensate for the high demand in protein synthesis
that results from their high proliferative state (Goodarzi et al., 2016; T. Gupta et al., 2022; Hernandez-
Alias et al., 2020; Orellana et al., 2022; Pinzaru & Tavazoie, 2023; Z. Zhang et al., 2018). According to
our hypothesis, such increases might not only result from overexpression of specific tDNAs but also
from an increase in tDNA copy number. Nevertheless, this remains a hypothesis and further analysis
will be needed to test it, as somatic alterations in tDNA copy number have not been investigated in the

context of cancer.

This hypothesis could be supported by several studies that have shown how tgCNV undergo adaptive
changes in populations of bacteria in response to altered translational demands (Ayan et al., 2020;
Khomarbaghi et al., 2024; Nilsson et al., 2006). These changes are often driven by spontaneous large-
scale tandem duplications or amplifications involving tDNAs. A relevant example involves a large-scale
duplication containing Gly-GCC in Pseudomonas fluorescens, that occurs in order to genetically
compensate the loss of other Gly-GCC genes (Khomarbaghi et al., 2024). Surprisingly, Gly-GCC is one
of the tDNAs included in the aforementioned tandem repeat found on Chr 1 in human and mice (Darrow
& Chadwick, 2014; Gao et al., 2024; Iben & Maraia, 2014). It is worth highlighting that high amounts of
tsRNAs coming from tRNA-Gly-GCC and tRNA-GIu-CTC have been previously reported in specific
human biological contexts. For example, an upregulation of 5-tRFs derived from Gly-GCC tRNAs has
been observed during stress responses (Jin et al., 2024). Furthermore, studies have shown that tsRNAs
derived from Gly-GCC tRNAs are upregulated and increase the malignancy of several types of tumors,
including ovarian, colorectal and bladder (Panoutsopoulou et al., 2021; Qin et al., 2022; Y. Wu et al.,
2021). Also, 5-tRFs derived from Glu-TCT have been involved with increased proliferation in ovarian
cancer (Zhou et al., 2017). Following our hypothesis, this suggests that alterations in the genomic

regions encoding tDNAs for those specific tsRNAs could influence the abundance of such transcripts,
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contributing to the observed phenotype. To test this hypothesis further analysis on WGS data of cancer

tissues would be needed to analyze tgCNV.

Next, we shifted our focus towards understanding how tDNA transcription could be orchestrated by the
genomic organization of tDNAs as previous studies have noted how proximity between tDNAs could
favor their transcription (Gao et al., 2024; Van Bortle et al., 2017). We found that tDNA clustering can
enhance tDNA expression and can even coordinate the expression levels within tDNAs in a cluster (see
3.3 Fig. 5). This phenomenon may occur because such proximity facilitates the recruitment of Pol llI
and its corresponding transcription factors to multiple tDNAs at a time, into what are called 'tDNA
transcription factories' (Gao et al., 2024). Importantly, as mentioned previously, tDNA proximity has been
noted in different eukaryotic species, suggesting that evolution favors tDNA clustering (Bermudez-
Santana et al., 2010). This implies that natural selection may favor tDNA clustering since it could
optimize and coordinate tDNA expression. Moreover, the linear arrangement of tDNAs within the
genome can facilitate the formation of TADs and chromatin loop structures, both known to also influence
tDNA expression (Van Bortle et al., 2017). However, it is important to note that some isolated tDNAs
also exhibit high expression levels, while genes within tDNA clusters can display varying or even low
levels of expression. This underscores the complexity and multiple layers of regulation involved in tDNA

transcription.

We have identified that most of the tDNAs are located in early-replicating regions of the genome, which
correspond to regions that in general, are highly transcribed (Maric & Prioleau, 2010; Miller &
Nieduszynski, 2017; Rhind & Gilbert, 2013) (see 3.3 Fig. 6). This matches with previous studies that
reported that most tDNAs co-localize with predicted transcriptional hotspots (Mungall et al., 2003).
However, even if most tDNAs are located in those highly active regions and contain suitable tDNA
promoter sequences, some tDNAs are still transcriptionally silent (Thornlow et al., 2020; Torres, 2019).
Again, this highlights how tDNA expression is regulated by multiple factors and involves several layers
of control. Moreover, the presence of constitutively silent tDNAs could suggest that they are conserved
in the genome due to non-canonical function attributed to tDNAs, such as their role in genome
organization (Guimaraes et al., 2021; Hamdani et al., 2019; Iwasaki et al., 2020; McFarlane & Whitehall,
2009; Raab et al., 2012; Sizer et al., 2022; Van Bortle & Corces, 2012; Van Bortle et al., 2017).

Using a large sample size, we observed that tDNAs are hotspots of somatic mutagenesis in cancer
samples (see 3.3 Fig. 7). This is consistent with previous reports (Sakhtemani et al., 2019).
Furthermore, we found that mutation rates in tDNAs increased with transcriptional activity, supporting
the idea that tDNAs are subjected to TAM (Thornlow et al., 2018). Interestingly, this contrasts with what
is observed in protein-coding genes, where higher transcriptional activity is associated with lower
mutation rates (see 3.3 Fig. 8). The observed differences in mutational patterns between these two
gene types could be attributed to their distinct transcriptional machinery, whereas protein-coding genes
are transcribed by Pol Il, tDNAs are transcribed by Pol lll. This distinction is crucial because Pol Il can
efficiently recruit TCR machinery, which is highly efficient in repairing lesions on the transcribed strand

of active genes, mitigating the accumulation of mutations in highly expressed protein-coding genes
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(Spivak, 2015). In contrast, Pol Il does not recruit TCR machinery (Dammann & Pfeifer, 1997;
Seplyarskiy et al., 2023), resulting in a higher accumulation of mutations at highly expressed tDNAs.
Although general repair pathways that are Pol ll-independent, such as base excision repair (BER) and
global genome nucleotide excision repair (GG-NER), are active throughout the genome, they do not
provide the same protection as TCR (Krokan & Bjaras, 2013; Saini et al., 2017; Spivak, 2015). Altogether
this highlights that while TAM can have an impact on both protein-coding genes and tDNAs, their distinct
repair mechanisms may contribute to explaining the susceptibility of tDNAs to accumulate somatic

mutations.

With this in mind, we would expect similar mutational loads across all Pol Ill-transcribed genes.
Surprisingly, our analysis of other Pol llI-transcribed genes (including 5S rDNA, RNUs and miscRNA
genes) shows that while these genes, especially RNUs, can accumulate mutations (Seplyarskiy et al.,
2023), tDNAs are exceptionally prone to accumulate mutations (see 3.3 Fig. 9). Hence, the absence of
TCR is insufficient to explain the observed increase in mutational density within tDNAs. This suggests
that among the genes transcribed by Pol Ill, tDNAs could have specific characteristics that make them

particularly vulnerable to mutagenesis.

In concordance with previous results, the mutational signature analysis suggests that members of the
APOBEC3 family are the main contributors to tDNA mutagenesis (Butt et al., 2024; Saini et al., 2017,
Sakhtemani et al., 2019; Sui et al.,, 2020). From the APOBEC3 family, APOBEC3A (A3A) and
APOBEC3B (A3B) are responsible for most mutations in human somatic cells and have been associated
with cancer development and progression (Alexandrov et al., 2020; Butler & Banday, 2023; Petljak et
al., 2022). Both A3A and A3B have been previously linked with tDNA mutagenesis in bacteria, yeast,
and human (Butt et al., 2024; Saini et al., 2017; Sakhtemani et al., 2022, 2019). Knowing that APOBEC3
activity increased with tDNA transcription levels and that APOBEC3 enzymes act on ssDNA that is
exposed during transcription (Langenbucher et al., 2021; Roberts et al., 2013), we propose that the

observed TAM could be mainly driven by the activity of APOBEC3 enzymes.

As other genes transcribed by Pol Il showed different mutational profiles, this suggests that APOBEC3-
driven mutagenesis at tDNAs is not caused only by high levels of transcription but requires additional
factors specific to tDNAs. In this regard, we explored which factors could explain the high mutagenic
rate observed in tDNAs. We suspected that tDNAs may be prone to produce secondary DNA structures
that arise in ssDNA and that favor APOBEC3-driven mutagenesis, such as R-loops and DNA hairpins
(see 1.2.2). This idea was driven by the characteristic cloverleaf structure of tRNAs based on stem-
loops conformations that reassemble hairpin structures, that prompted us to consider that tDNAs can
produce similar configurations due to intramolecular complementary regions. By analyzing APOBECS3-
preferred hairpin DNA sites prediction (Buisson et al., 2019), we found a significant enrichment of hairpin
formations in tDNAs compared to the rest of the genome and compared with other Pol lll-transcribed
genes. Moreover, tDNAs have been previously reported to be R-loops hotspots in human, yeast and
plants (Chen et al., 2017; El Hage et al., 2014; Elsakrmy & Cui, 2023; K. Liu & Sun, 2021; Meng & Zou,
2025; Santos-Pereira & Aguilera, 2015). Therefore, these findings highlight that tDNAs have specific
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sequence characteristics that can contribute to explaining why tDNAs accumulate such high levels of

mutagenesis in comparison to other regions of the genome.

For instance, when analyzing the mutational profile of tDNAs at single base resolution, we detected that
positions that are hotspots for mutagenesis contain TCN motifs preferred by APOBEC3 (see 3.3 Fig.
12a). Notably, position 56 has the highest mutation rate and the highest percentage of tDNA sequences
containing TCN motifs at this position (see 3.3 Supp. Fig. 16). This position is located within the T-loop
of the tRNA, suggesting it may be part of a region capable of producing a hairpin-like structure in tDNAs,
which could explain the elevated mutagenic activity observed at this position. However, other positions
also display elevated mutation rates that do not overlap with APOBEC3 motifs, indicating that distinct

mutagenic mechanisms may be responsible for these mutations.

tDNAs are well-known sites of replication-fork pausing. Several studies have reported that the high
transcriptional activity of tDNAs can pause replication fork progression, due to the transcription complex
itself (Pol 11l and transcription factors) and the condensin-mediated clustering in tDNAs, which generate
obstacles for the replication fork, leading to the ssDNA being exposed for longer time (Bermudez-
Santana et al., 2010; McFarlane & Whitehall, 2009; Yeung & Smith, 2020). We hypothesize that these
replication-transcription conflicts could create vulnerable ssDNA regions in tDNAs, increasing their

susceptibility to mutagens, such as APOBEC3 enzymes.

Another factor that could contribute to the increase in the likelihood of mutagenesis at tDNAs is the
interaction between tRNA processing enzymes and members from the APOBEC3-family. This idea
arises from the reconstruction of the protein interaction map of the APOBEC3 subfamily, which reported
that APOBEC3G (A3G) and APOBEC3H (A3H) can interact with enzymes involved in tRNA processing
and methylation (Jang et al., 2024). Although direct interactions between the tRNA processing
machinery and other APOBEC3 enzymes, such as A3A or A3B, have not yet been described, their
structural and functional similarities to A3G and A3H raise the possibility that analogous interactions
may exist but remain undetected. Given that tRNA processing is initiated in proximity to tDNA loci
immediately after transcription (Hopper et al., 2010), such proposed interactions could position
APOBEC3 enzymes near sites of active tDNA transcription, increasing the chances of APOBEC3-driven
mutagenesis. Future studies are needed to investigate whether A3A and A3B are similarly recruited by
tRNA processing enzymes, which could contribute to elucidating the molecular basis for the unique

vulnerability of tDNAs to mutagenesis.

Among the mutational signatures detected, APOBEC signature exhibited the most robust profile,
whereas other signatures were in some cases ambiguous. These signatures included DNA mismatch
repair alterations, oxidative damage, mutations in the POLE gene, or specific chemotherapy treatments
like temozolomide. Our analysis of mutational signatures was performed using the NMF method. We
selected NMF as a first approach because it enables the discovery of novel signatures, in contrast to
methods like SigProfilerAssignment, which are limited to identifying signatures already reported and

annotated in the COSMIC catalogue (Alexandrov et al., 2020). However, the ambiguity observed in
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some signatures indicates that complementary analytical approaches are necessary to validate and

reinforce the robustness of the other detected signatures with NMF.

In summary, in our study we reported different mechanisms that could contribute to answer why tDNAs
are hotspots of somatic mutagenesis. These mechanisms include: i) Transcription by Pol Il and
APOBEC3-driven mutagenesis: tDNAs are transcribed by Pol Ill, which does not recruit the TCR
machinery, which makes tDNAs more vulnerable to TAM induced by APOBEC3 enzymes. ii) Enrichment
in DNA motifs and secondary DNA structures: tDNAs contain APOBEC3 motifs and are enriched in
secondary DNA structures, such as R-loops and hairpins, that promote APOBEC3-mediated
mutagenesis. Moreover, we propose additional mechanisms that could contribute to explaining tDNA
mutagenesis: iii) Replication-transcription conflicts at tDNAs that increase the occurrence of ssDNA and
could increase their susceptibility to mutagenesis. iv) APOBEC3-driven mutagenesis could be promoted

by the interaction of APOBEC3 enzymes with tRNA processing enzymes.

Next, we found that the mutational load of tDNAs is cancer-type and tissue-dependent. Thus, tDNA
mutagenesis is influenced by the specific biological context of each tissue (see 3.3 Fig. 10a and Supp.
Fig. 10). For instance, we reported APOBEC3 activity in an specific set of tissues including bladder,
breast, head and neck, uterus and lung, which aligns with previous findings where overexpression of
APOBECS3 activity was reported for these cancer types (Alexandrov et al., 2020; Burns et al., 2013a).
Therefore, the differences in the mutational load for each cancer type can be driven by differences in

the mutagenic agents acting in each cancer type, such as the different activity levels of APOBECS3.

Indeed, we have found a correlation between APOBEC3 expression levels and rates of tDNA
mutagenesis. For example, we reported that bladder cancer (BLCA) exhibits the highest rates of tDNAs
mutagenesis, which increases with APOBEC3 activity. Moreover BLCA has been previously reported to
usually present overexpression of APOBEC3 (Lindskrog et al., 2021; M.-J. Shi et al., 2020).
Interestingly, in contrast to BLCA, we found that brain tumors show almost no tDNA somatic mutations.
The brain is described as an immune-privileged organ, which implies a lower baseline mutation rate

regarding the types of mutations produced by APOBEC3 enzymes (Benhar et al., 2012).

We also reported mutagenesis of tDNAs in healthy, non-cancerous human samples (see 3.3 Supp. Fig.
11). While genome-wide signatures of APOBEC3 mutagenesis are rare in healthy somatic cells, in
contrast to cancer genomes (Franco et al., 2019), we do observe this mutagenesis signature in tDNAs
from healthy tissues. We believe that this observation could be attributed to the previously described
unique characteristics of tDNAs, which make tDNAs more susceptible to APOBEC3-induced somatic
mutagenesis, even in healthy samples. In healthy cells, APOBEC3 overexpression can be triggered by
many different factors, including viral infections and inflammation (Butler & Banday, 2023). In most
cases, APOBECS3 returns to basal expression levels once the viral infection or the inflammatory process
is resolved (Ferreira et al., 2021). Since the datasets analyzed included data from lung and colon, that

are usually exposed to infection and inflammatory events over time (Kawalec, 2016; Kombe Kombe et
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al., 2024), this suggests that the observed somatic mutations in tDNAs from healthy samples may result

from transient overexpression of APOBEC3 occurring specifically in these tissues.

Unfortunately, the number of healthy samples was insufficient to perform a tissue-specific analysis.
Therefore, we were unable to determine in which specific tissues was mutagenesis occurring.
Specifically, our dataset included only 1,192 healthy samples (including brain, colon, liver, and lung),
compared to 9,596 cancer samples that were analyzed. To validate our observations and achieve a
more comprehensive view of the landscape of tDNA mutagenesis in healthy tissues, future studies
should increase both the sample size and the diversity of healthy tissue types analyzed.

The impact of tDNA somatic mutagenesis in tRNA biogenesis and function remains to be determined. It
is important to note that the consequences of tDNA mutagenesis will depend on many different factors,
such as which tDNAs are mutated or the localization of the mutations within the tDNA sequence. On the
one hand, mutations in tDNAs may be functionally neutral, or their effect could be compensated by the
multicopy nature of tDNAs, which could allow non-mutated copies to compensate for the defective ones.
On the other hand, if these mutations are not neutral, they could result in either detrimental or beneficial
effects according to the specific cellular context. For example, we reported that somatic mutations at the
anticodon of actively transcribed tDNAs could produce chimeric tRNAs known to produce mistranslation
by introducing non-cognate amino acids in the human proteome (Geslain et al., 2010; M. Santos et al.,
2018). In the context of cancer, experimental models have demonstrated that the expression of chimeric
tRNAs can enhance cell transformation, stimulate angiogenesis, and accelerate tumor growth in mice
(M. Santos et al., 2018). Therefore, if chimeric tRNAs that result from tDNA mutagenesis are still active,
they can produce widespread misincorporations in the proteome. Additionally, if mutations occur in the
anticodon of tRNAs whose aminoacyl-tRNA synthetases require the anticodon for recognition, this could

result in the presence of inactive uncharged tRNAs.

Besides mutations in the anticodon, mutations elsewhere in the tRNA sequence can alter tRNA
biogenesis and maturation, which could lead to altered tRNA pool. Such alterations could also increase
the risk of amino acid misincorporation during protein synthesis. For example, mutations could alter
tDNA transcription. This could occur due to mutations that fall within the internal promoter regions or
within the immediate flaking regions, which have been described to influence tRNA transcription
(Thornlow et al., 2020, 2018). In addition, mutations in the flanking regions could disrupt the processing
of pre-tRNAs since 5’ leader and the 3’ trailer sequences of the pre-tRNA are encoded within those
regions (Gogakos et al., 2017), and mutations in those sequences. In future analyses it will be interesting
to characterize the mutations falling within the immediate flaking regions of tDNAs at the single-

nucleotide level to address their potential impact on tDNA transcription and processing.

Moreover, mutant tRNAs could lead to aberrant tRNA post-transcriptional modification patterns. As
mentioned in the introduction, post-transcriptional modifications are essential for tRNA stability and
function (Pan, 2018; Suzuki, 2021; Torres et al., 2014a). In our results we can identify several

modification sites that coincided with hotspots of somatic mutagenesis (see 1.3.3 Fig. 10 and 3.3 Supp.
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Fig. 16a). For example, position 13 within the tRNA sequence is highly mutated and frequently modified.
This position is a well-known modification site crucial for tRNA folding and stability (Lorenz et al., 2017).
Another example is the position 34, if mutations occur in tDNAs of A34-tRNAs, it could reduce the levels
of functional 134-tRNAs. Taken together, our results suggest that somatic mutations in tDNAs could
interfere with key tRNA modifications and consequently, compromise tRNA stability, decoding capacity,

aminoacylation and ribosome interactions, among other critical processes.

Mutant tRNAs could impair the production of tsRNAs. Alterations in the sequences of tRNAs can hinder
the recognition of the enzymes responsible for the cleavage of tRNAs into tsRNA, including RNase
Z/ELAC2, Dicer, and ANG (lvanov et al., 2011; Kumar et al., 2014, Y. S. Lee et al., 2009). The effect of
such mutations may not be related with protein synthesis but rather with non-canonical functions.
Alterations in tsRNAs levels have been reported in different cancer types (P. Anderson & lvanov, 2014;
Pekarsky et al., 2023; Soares & Santos, 2017). For example, some studies have reported that a
decrease of specific tsSRNAs promotes cellular proliferation in lung cancer (T. Gupta et al., 2022).
Interestingly, in BLCA it has been described a link between the dysregulation in the levels of specific
tsRNAs and the aggressiveness of tumors (Papadimitriou et al., 2020). This observation together with
the fact that BLCA shows high levels of tDNA mutagenesis opens the possibility of a functional

relationship between mutated tDNAs and BLCA development.

Further analysis will be needed to verify the presence of potentially active mutated tRNAs within the cell.
One approach to identify such mutated tDNAs will be to combine WGS (detecting mutations in tDNAs)
with tRNA-Seq (quantifying and characterizing tRNAs). This integrated approach will help to identify if
mutated tDNAs are transcriptionally active and if the resulting tRNAs, carrying these mutations, are
present within the cell rather than being degraded. For this purpose, tRNAstudio could be used to identify
active mutated tRNAs from tRNA-Seq data. This task will be difficulted by the presence of post-
transcriptional chemical modifications in tRNAs. Both somatic mutations and chemical modifications will
be detected as mismatches during sequence alignment. We propose a possible solution that consists
of comparing the reported base changes with well-known positions of tRNA modifications. This could
be achieved by using MODOMICS, a comprehensive database that catalogs tRNA sequences and their
known chemical modifications (Cappannini et al., 2024). In any case, this characterization will be
extremely useful to later determine the effect of such mutated tRNAs and to aid on the design of

experimental approaches to elucidate the effect of such mutations.

The proposed scenarios evidence how tDNA mutagenesis could disturb tRNA biogenesis in many
different aspects, including transcription, processing, addition of chemical modification or tsRNAs
production (Cabrelle et al., 2024; Earnest-Noble et al., 2022; Goodarzi et al., 2016; T. Gupta et al., 2022;
Z. Zhang et al., 2018). Notably, such alterations have been reported in cancer and are used by
oncogenic programs to promote tumor progression and enhance resistance to chemotherapy (Earnest-
Noble et al., 2022; Garcia-Vilchez et al., 2023; T. Gupta et al., 2022; Kochavi et al., 2024; Wernaart et
al., 2024; C. Yang et al., 2024). However, it is still unexplored whether these alterations result from
mutated tDNAs.
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Alterations in tRNA biogenesis produced by mutations in tDNAs could lead to an imbalance of the tRNA
pool which can promote the addition of non-cognate amino acids by the ribosome during protein
synthesis (Kochavi et al., 2024). This suggests a potential link between tDNA mutagenesis and cancer
development and/or progression given that translational fidelity is often compromised in cancer cells
(Silvera et al., 2010; Weller et al., 2025). Mistranslation can be beneficial for cancer cells as it allows
them to reshape the proteome and acquire aberrant peptides by increasing proteome diversity produced
by non-genetic alterations of protein-coding genes (Weller et al., 2025; Wernaart et al., 2024). Such
mistranslation could compromise the activity of tumor suppressors or generate proteins that favor tumor
growth. Therefore, tDNA mutagenesis could be used by cancer cells as a mechanisms of adaptive
mistranslation (Pan, 2013), which may support their readjustment to environmental changes, to allow

tumor progression under harsh conditions or to develop drug resistance (Kochavi et al., 2024).

Aberrant peptides produced by errors during protein synthesis can act as tumor-specific antigens, known
as neoantigens (Kochavi et al., 2024; Weller et al., 2025). These neoantigens are presented on the cell
surface triggering immunological responses and can be used to boost immunotherapy treatments
(Gubin et al., 2014). Remarkably, a recent study reported that cells with impaired translation produced
by Phe-tRNAs that lack an essential modification to stabilize codon-anticodon interactions, showed an
increase in presented neoantigens and consequently a superior response to immunotherapy treatments
(Weller et al., 2025). Altogether, these findings suggest that similar phenotypes may be observed when
mutations in tDNAs disrupt tRNA biogenesis and function, thereby altering translation and contributing
to the production of targetable neoantigens. Therefore, we hypothesize that these mutations could
predict tumor sensitivity to immunotherapy, indicating that patients with tDNA-mutated tumors may

benefit from immunotherapy treatments.

We reported an apparent age-dependent accumulation of somatic mutagenesis in cancer tissues. The
presence of somatic mutagenesis in healthy tissues suggests that age-related accumulation of somatic
mutations could not be limited to cancer but could also be happening in normal tissues. However, as
mentioned previously the sample size of healthy samples was limited and additional analyses are
required to confirm this hypothesis. Exploring this age-related increase in healthy samples would be
interesting because the accumulation of mutations in tDNAs could also compromise proteostasis, a
recognized hallmark of aging (Anisimova et al., 2018; Lépez-Otin et al., 2023; E. Schmidt & Schimmel,
1993). In this regard, age-associated hypermethylation of certain tDNAs has been observed, leading to
the transcriptional silencing of certain tRNAs and decreasing their availability during translation (Acton

etal., 2021). Hence, mutagenesis in tDNAs, could act similarly and contribute to tDNA impairment during

aging.

Overall, the results and hypotheses presented here open exciting new fields to explore. This work raises

many interesting questions and suggests promising links between tRNA biology, cancer, and aging.
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tRNAstudio provides a user-friendly platform for tRNA-Seq data analysis, designed for non-
computational users.

In comparison with other tools, the mapping strategy of tRNAstudio allows the exploration of
tRNA biology from different perspectives:

o Classifies tRNA-derived reads from mt-tRNAs and cytosolic pre-tRNAs or mature
tRNAs.

o Reports on tRNA gene sequence coverages, which can aid in the identification of bona
fide tsRNAs.

o Controls for multimapping to quantify individual tRNA sequences. This allows for
differential expression analysis using two complementary methods, DESeq2 and iso-
tRNA-CP, which account for the inherent biases specific to tRNA-Seq.

o Performs mismatch analysis for the detection of post-transcriptional chemical
modifications, including inosine and methylation.

134-tRNAs deficiency cannot be compensated by upregulating the expression of alternative
tRNAs. This highlights the essential role of 134-tRNAs to efficiently translate eukarya-specific
low-complexity proteins, such as ECM components.

tDNA copy number can vary between human genome assemblies, with the T2T-CHM13
assembly containing the larger number of tDNAs.

tDNAs organized in clusters exhibit higher expression levels than isolated tDNAs, and tDNA
clustering can coordinate tDNA expression.

tDNAs are hotspots of somatic mutagenesis in human cells, both in tumor and healthy tissues.

tDNAs exhibit higher somatic mutation rates than protein-coding genes and other Pol llI-
transcribed genes.

Mutation rates in tDNAs increase with transcriptional activity, providing evidence that tDNAs are
especially prone to TAM.

APOBECS3 is one of the main contributors to tDNAs mutagenesis. This mutagenesis is promoted
by ssDNA secondary structures, such as DNA hairpins.

tDNAs mutation rates vary by cancer type, with BLCA exhibiting the highest accumulation of
such mutations.

Mutation rate in tDNAs increases with age across multiple cancer types.

In general, conserved positions within tDNAs show significantly lower mutation rates than the
rest of the nucleotides in tDNAs. Other non-conserved tRNA positions are highly mutated and
still may disrupt tRNA biogenesis and function, for example, by generating chimeric tRNAs that
could promote mistranslation.
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