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Abstract

The advent of the ribosome profiling (Ribo-Seq) sequencing technique has led to the
genome-wide characterisation of translatomic complexity across the tree of life. The
understanding of the extent to which translation occurs outside of annotated protein coding
regions has been greatly expanded, as has the understanding of the role of translation
dynamics in gene expression. As more and more Ribo-Seq data is made available and
consequently more translated regions identified, the need for resources and methods for
annotating, representing and analysing this translation grows. Current representation schemas
all but ignore translational complexity and where it is accounted for, the reality of the gene's
expression is often further obscured. The Ribo-Seq data used to uncover this translational
complexity is often generated for independent investigations prior to its deposition in public
depositories. The re-use of this data is essential for the annotation of translational complexity
yet the need for elaborate data processing and lack of standardised metadata hinder this reuse

at scale.

In this thesis, we introduce a set of interoperable frameworks and resources for the
representation of eukaryotic translational complexity, and the increased accessibility of
high-quality Ribo-Seq data in order to facilitate further investigations into translational

complexity.

First, introduce the concept of a Ribosome Decision Graph (RDG) for the accurate
representation of translatomic complexity. RDGs address the shortcomings of current
annotation frameworks by representing translation events as branching points in a directed
acyclic graph enabling the representation of the set of potential paths a ribosome may take as
it traverses the mRNA. In order to facilitate the adoption of this concept, we proceed to
introduce a comprehensive Python package that enables researchers to construct, visualise and

analyse these graphs.

To address the barriers to large-scale reanalysis of public Ribo-Seq data, we introduce the
RiboSeq Data Portal. This resource makes 14,840 Ribo-Seq samples from 969 studies across
96 different species/strains. This resource serves as a database of standardised metadata for

each of these samples and also offers pre-processed data in various formats. This portal’s



integration with the existing resources maintained by RiboSeq.Org enhances the exploration

of Ribo-Seq data within the browser.

We also introduce RiboMetric a comprehensive command line application for the assessment
of Ribo-Seq dataset properties. RiboMetric generates detailed sample reports as well as a set
of metrics that quantify important Ribo-Seq data properties including, periodicity, uniformity
and read length distribution. In combination with the data available in the RiboSeq Data
Portal, these metrics enable large-scale comparisons of datasets enhancing the reproducibility

of translatomic research.

Collectively, these advances provide robust foundations for future research into translatomic
complexity in particular through the reanalysis of Ribo-Seq data. RDGs provide new
perspectives on how translatomic can be represented and analysed while the RiboSeq Data
Portal and RiboMetric make large-scale reanalysis of Ribo-Seq datasets with desired
properties more accessible to the entire translatomic research community. This work
collectively lays the groundwork for more comprehensive and reproducible investigations into
translatomic complexity, potentially revolutionising our understanding of translation

dynamics in gene regulation.



Lay Abstract

Our cells are like bustling cities, constantly building and maintaining structures (proteins)
essential for maintaining life. The set of flexible building guidelines for the entire city are
stored in the ‘genome’ of the cell that is written in DNA sequence. These guidelines aren't
strict blueprints, but rather adaptable plans that can be interpreted differently based on the

city's needs.

Genes are specific sections of these guidelines, each describing how to build particular
structures. When a structure is needed, copies of the relevant guidelines are transcribed into
‘messenger RNA’ sequence and distributed to the builders. The builders in our cellular cities
are ribosomes, which read these copied guidelines and translate them into the required
structure. Multiple ribosomes can translate one set of instructions at a time and when a cell

needs a particular protein they can make hundreds of copies of these instructions.

In 2009 researchers from University of California, Berkeley developed a powerful technique
called ‘ribosome profiling’. This is the equivalent of taking a snapshot of every construction
site in the city simultaneously, showing exactly what stage each project is at, how many
‘builders’ are working on it and what stage of the instructions each ‘builder’ is at. This

citywide survey revealed surprising complexities in how our cellular cities operate.

Over the following years researchers went on to discover that some areas of the guidelines
originally thought to be just notes or unused sections actually contain instructions for
important structures. Even more surprisingly, we learned that it is not uncommon for
‘builders’ to interpret the guidelines differently than we expected, leading to a variety of

structures from the same set of instructions.

Ribosome profiling became popular because it gives us an important perspective into how our
cellular cities function. Scientists share their citywide surveys, allowing others to verify their
findings and use the data in new ways. This sharing helps us understand how our cellular

cities work on a massive scale.



However, we lacked good ways to map out these complex building processes, making it hard
for scientists to share and understand this information. In order to address these shortcomings

W€

1. Developed Ribosome Decision Graphs, a new way to map how building guidelines are
commonly interpreted by these ‘builders’.

2. Created a computer tool to help scientists easily make and use these new maps.

3. Built a website that collects and organises data from thousands of citywide surveys,
showing how building guidelines are being used across many cellular cities under
different conditions.

4. Developed a tool to check the quality of this data, helping scientists choose the most

reliable information.

These tools will help the research community better understand how our cellular cities build
and maintain themselves as well as respond to changes in their environment. This will lead to
new insights into diseases as it helps explain these diseases from the ribosomes perspective -
which originate from problems in the city's operations - and potentially help develop new
treatments. By making it easier to study our cellular cities, we hope to speed up research that

could improve human health.
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1. Introduction

Nobel laureate Renato Dulbecco first proposed the concept of sequencing an entire genome in
a 1986 perspective in Science, where he suggested it as a potential turning point in cancer
research (1). In this piece, he illustrates how complexity reduction by using various model
systems was commonly employed to make investigations into the mechanisms of cancer more
tractable to great effect. However, these reduced complexity systems limit potential insights
into how oncogene expression is linked to the progression of a cancer towards malignancy. To
address this gap, Dulbecco proposed the sequencing of an entire human genome in order to
aid the identification and classification of the genes involved in cancer progression.

Concluding this perspective with the following:

“The next generation can look forward to exciting new tasks that may lead to a completion of
our knowledge about cancer, closing one of the most challenging chapters in biological

research.” (1)

This hopeful forecast was echoed, and further amplified, by scientists and politicians alike as
the Human Genome Project (HGP) progressed through its various tumultuations, overlooking
many known complexities of biology. The hype induced at the time in order to justify the
budget assigned to the project was not unfounded, and the majority of the potential outcomes
of the work that have not yet been achieved are still in the works. Frustrations around the
relatively slow progress towards the revolutionised “treatment of most, if not all, human
diseases” — as advertised in U.S President Bill Clinton's announcement of the completion of
the project — can be attributed to lack of weight attributed to known biological complexity

when generating this hype.

Complexity and an unwillingness of observations to adhere to generalisations are defining
features of biological sciences. Consequently, there is considerable variability in the
appropriate degrees of complexity that should be accounted for in investigations of biological
processes. This leads to the generation of results with unclear context-specificity and scaling
any generalisations made outside of these contexts may produce multitudes of exceptions.
Nonetheless, it is through the study of reduced complexity systems such as model organisms

that much of what we know about gene expression and regulation is known.

11



Post-Human Genome Project initiatives, including the 1000 Genomes Project and the Cancer
Genome Atlas, have demonstrated the potential of transparent data generation and sharing
procedures. These pioneering projects have shown how knowledge representation, data
sharing, and comparative analysis can illuminate the complexities in the field of genomic
variability. The application of the principles deduced from these projects to other -omics
fields has the potential to greatly aid our ability to grapple with further complexities, produce
more accurate generalisations and even leverage exceptions to fulfil the outcomes promised of

the age of genomics.

12



1.1 Representations of -Omic Information

Hans Winkler, a German botanist, coined the term ‘genome’ in 1920 to refer to the haploid
chromosome set of a given species (2). The Oxford English Dictionary provides an etymology
suggesting that genome is a portmanteau of ‘gene’ and ‘chromosome’, however, this is
disputed. Prior to the coining of ‘genome’ the ‘-ome’ suffix had been in extensive use in terms
such as ‘rhizome’ and ‘biome’ to refer to the complete set of whatever is in the stem of the
word. The term ‘genome’ refers to the complete set of the genetic material. Throughout the
late 20th and early 21st centuries, the ‘-ome’ suffix quickly became ingrained in the scientific
vernacular to represent the comprehensive set of any given biological entity. The
transcriptome is the comprehensive set of RNA transcripts, proteome of proteins, translatome

of translated regions and so on.

Revolutions in sequencing, spectrometry and microscopy have resulted in an inundation of the
scientific community with large amounts of data from a wide variety of -omics. This has
enabled extensive characterisation of the ‘-omes’ of numerous species under even more
numerous conditions (3-5). Even in a simplified system, the mode in which the
comprehensive set of anything is represented has implications for how that set is utilised.
Simplifications at the point of representation are often introduced to aid the storage and
distribution of the collected data. However, as with the use of simplified systems for the study

of cancer progression biological complexity is often lost in these simplifications.

The production of a haploid linear human reference genome transformed the field of
genomics enabling major advances in our understanding of genetic variation and variant
effects on phenotypic presentations. However, the inclusion of just one allele at each locus
leads to the global adoption of a reference genome that poorly represents many of the
populations for which it is used. The 1000 Genomes Project consortium revealed that a typical
human genome differs from the reference genome at between 4.1 and 5 million loci yet the
same linear reference genome was, until recently, used for all humans. This led to a
significant bias towards discoveries pertaining to the variants represented in the reference

(6,7).

13



Since the early 2000s, graph data structures have been ubiquitously used to represent DNA
sequences in the process of genome assembly and multiple sequence alignment (8—10), and
for genome comparison since the early 2010s (11). This laid the foundation for the
representation of population-scale genomes with genome graphs to incorporate genomic
complexity and address reference bias (12—14). The application of genome graphs gained
considerable technical development and investment prior to the release of an official human
reference genome pangenome (15). The human reference pangenome from the NHGRI
provides a more comprehensive reference of genomic variation as it contains a diverse set of

47 phased diploid assemblies and has already been shown to improve variant calling (16).

Genome graphs, as novel representations of genomic complexity, are a significant step
towards enabling the achievement of the prophesied outcomes of the Human Genome Project.
The analysis, and therefore interpretation, of genomic data is no longer limited by constraints

imposed by the simplified linear representation of genomic complexity.

Francis Crick’s sequence hypothesis (1958), widely popularised by James Watson under the
misnomer of “The Central Dogma”, describes the standard information flow from DNA
sequence to amino acid sequence (17,18). Frangois Jacob and Jacques Monod proposed that
this standard information flow was via intermediate messenger RNA transcripts (19) whose
existence was jointly proven in experiments by both Jacob and Sydney Brenner, and Frangois
Gros in 1961 (20,21). The study of the comprehensive set of these transcripts in a given

sample later became the focus of the field of transcriptomics.

However, it was not until the late 1970s and early 1980s that the true complexity of
transcriptomics began to be uncovered with the discovery of alternative splicing, first in
adenovirus and later, mammalian cells (22,23). Through alternative splicing, each eukaryotic
gene has the potential to encode multiple different mature mRNA transcripts significantly

increasing the diversity of the proteome and increasing transcriptomic complexity.

The advent of high throughput RNA Sequencing (RNA-Seq) has led to extensive
characterisation of the unique splicing patterns of exonic regions exhibited by different cell
lines and tissues under various conditions. Subsequent to the Human Genome Project discrete

RNA isoforms composed of exons were annotated across the entire genome based on a

14



combination of mapped protein homology and Hidden Markov Models (24), followed by
expressed sequence tags (25) and RNA-Seq data (26). Despite over two decades of both
automated and manual annotation of the human genome, there are still many RNA transcripts
that are detected in expression data that are not represented in annotation sets, however,
long-read RNA-Seq methods have the potential to accurately characterise any transcriptome

7).

Characterising the entire transcriptome for each experimental condition is however intangible.
Known RNA isoforms need to be represented and made available for use in downstream
analysis. The primary mode by which this is achieved is either an annotation file that
documents individual transcript models mapped to genome coordinates from which the
transcript sequence can be obtained or via an individual sequence file containing RNA
transcript sequences. However, delineating which RNA isoform is transcribed, especially

from short-read data, is not trivial.

Splice graphs or splicing graphs, are commonly used in the identification of RNA isoforms
and quantification of splice events from sequencing data regardless of read length (28-32). In
the mid-2000s, splice graphs were also distributed as references of transcriptomic complexity
through the Alternative Splicing Graph Server and TromER (still accessible at

https://epd.expasy.org/tromer) (33,34). However, their popularity for this purpose decreased

as transcriptomic complexity increased and the community gravitated towards simpler models

as they are easier to interact with.

These data structures are similar to genome graphs in the sense that nodes representing tracts
of sequences and walks along edges are potential combinations of these sequences. The
combination of these two data structures in spliced pangenome graphs has recently been
shown to bring the advances in population-level genomic references to transcript

quantification in a haplotype-aware manner (35).

Genome graphs are conceptually more difficult to comprehend than linear reference genomes

and in this case, comprehensive representations won out. Perhaps the same is destined for

splice graphs.
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1.2 Translatomic Complexity

The ultimate step in the aforementioned standard information flow from Francis Crick's
sequence hypothesis is the translation of messenger RNA sequence into amino acid sequence.
Direct evidence of this translation of RNA to protein, as well as the discovery of the first
codon, was produced by Nirenberg and Matthaei (also in 1961) further validating the
discoveries of the experiments of Brenner, Jacob and Gros (36,37). These findings provided
proof that the ribosome, which had already been shown to be responsible for protein synthesis
(38,39), decodes the sequence of RNA templates to produce peptides. The use of synthetic
RNA by Nirenberg and Matthaei, combined with the determination of the triplet nature of the
genetic code (40-42), proved instrumental in the deciphering of the genetic code in

experiments by Har Gobind Khorana (43,44).

Following these foundational insights into principles of translation, a large number of
experiments were published exploring the bounds of this process through which the
significant differences between eukaryotic and prokaryotic translation initiation were
observed by the research community and subsequently summarised by Marilyn Kozak (45). In
this Review, Kozak proceeds to summarise the known characteristics of eukaryotic translation
initiation and subsequently proposes a scanning mechanism of translation that accounts for
the noted characteristics of initiation. In this initial scanning model, Kozak proposed that the
40S ribosomal subunit scans until the first AUG triplet on the mRNA sequence where the 60S
subunit is recruited and translation is initiated. Although she later noted that this may be (46),
and in fact was (47), too dogmatic it did have a lasting effect on the popular perception of the

rules of translation initiation which persists today.

The scanning model for translation was subsequently updated to account for a number of
exceptions (47). Should the AUG be either too proximal to the 5’ cap or be in an unfavourable
context for initiation it may not be recognised by the scanning complex, which she termed
‘leaky scanning’. Finally, following the translation of a short open reading frame (ORF),
scanning towards the 3" end is resumed permitting reinitiation at the next AUG. Remarkably,

this updated scanning model still accounts for the vast majority of translatomic complexity
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known to date if we permit the use of non-AUG initiation codons and a broader definition of

favourable context to what was initially described.

Translation initiated at non-AUG codons has been widely documented since before the
publication of the updated scanning model (48—52) and was even already linked to specific
pathologies (53). This phenomenon has continued to be explored and the discoveries have
been periodically reviewed (54-56). In brief, start codon selection by the scanning complex is
not deterministic and is influenced by a number of factors. The canonical start codon, AUG, is

preferentially initiated at in less favourable context than non-AUG codons due to stronger
: . M o . .
codon/anticodon with Met — tRNAi “ The favourability of a given codon's context is

dynamic and is documented to vary depending on the composition of the preinitiation
complex (57). Kozak initially referred to the identity of the nucleotides in the immediate
flanking sequences as the primary determinants of favorability (45); however, she later

exhaustively described the contribution of secondary structure to this context (58).

In light of the scanning model for translation and diversity of the factors influencing start
codon selection, it is not surprising that the degree of translatomic complexity rivals, if not
exceeds, that of the transcriptomic and genomic complexity previously described above. This,
however, covers just one of three stages of the process of translation, albeit the one that

contributes most to translatomic complexity.

Once translation is initiated, the fidelity at which the elongating ribosome decodes the RNA
sequence through to the termination site is remarkable. Mechanisms for which were recently
summarised by Marina Rodnina (59). Thus making the rare instances where the ribosome’s
strict rules for RNA decoding are programmatically subverted to produce alternative

proteoforms, termed ‘Recoding’, all the more extraordinary.

Numerous different classes of recoding event have been described to date. Examples include;
programmed ribosomal frameshifting, stop codon readthrough, and translational bypassing.
Programmed ribosomal frameshifting was first discovered in viruses (60), where it is
commonly utilised to coordinate the expression of essential viral proteins, but has since been
identified in a diverse range of organisms (61-64). Here, the rule of triplet decoding is broken

as the ribosome slips either forward or backwards to change the reading frame and continue
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decoding until the termination codon is reached. In the case of stop codon readthrough, it is
the termination at stop codon rule that is broken. Rather than altering the reading frame, stop
codons are decoded as sense codons extending the produced proteoform at its C-terminus.
These stop codons are either decoded by near-cognate aminoacyl-tRNAs or specialised
cognate tRNAs that often encode non-canonical amino acids selenocysteine or pyrrolysine
(65). Finally, whole tracts of mRNA can be skipped by an elongating ribosome prior to
resumed translation downstream leading to the production of a protein from discontinuous
segments of RNA in a process called translational bypassing (66). It is postulated that at least

one example of these recoding events will occur in every organism (67,68).

Although the principles by which translatomic complexity comes about were described in the
early days of molecular biology, the ubiquity of recoding events and pervasiveness of
alternative initiation were not fully understood until the availability of genomic sequences
and, ultimately, high throughput sequencing data increased. As a result, the development of
comprehensive schemas for the representation of translatomic complexity lags considerably in
comparison with representations of genomic and transcriptomic complexity. To facilitate the
representation of translatomic complexity, canonical representation schemas often resort to
the corruption of the representation of transcriptional complexity. In order to facilitate the
representation of alternative initiation or termination sites on one transcript, the transcript
model is duplicated with different coding sequence coordinates. Even more egregious, the
representation of programmed ribosomal frameshifting involves the creation of a faux-intron

enabling the encoding of the trans-frame product.

The lack of accurate representations of the knowledge obtained from decades of
experimentation significantly hinders the progression of scientific discovery. This lack
particularly restricts large-scale bioinformatic investigations as the potential for computational
interface with well known phenomena is limited. The development of accurate and
interoperable representations of all -omic information types, including translatomic, in concert
with diverse, high quality and freely available data are essential in order to maximise

scientific progress.
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In Chapter 2 of this thesis, we introduce a novel concept for the accurate representation of
translatomic complexity and subsequently, in Chapter 3, a Python implementation of this

concept.
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1.3 Unveiling the Landscape of Translatomic Complexity

Perspectives of global translation have been obtainable since 1963 when brothers Hans and
Markus Noll introduced polysome profiling via sucrose gradient (69). The advent of this
technique, along with many further fascinating insights from the previously alluded-to
discovery of the mechanisms of protein synthesis, are detailed in an essay by Hans Noll from
2008 (70). This method posits that mRNAs with more ribosomes bound will be heavier than
those with fewer ribosomes. The quantities of mRNA in complex with varying numbers of
translating ribosomes (termed polysomes) can be approximated from the height of peaks in
the absorbance across the gradient. Northern blot-type approaches were used to identify the
presence or absence of a specific mRNA isoform in a given fraction (71). Site-specific RNA
cleavage followed by Northern blotting enabled the identification of specific RNA fragments
in polysomes (72). However, the combination of polysome fractionation with DNA
microarray technology provided the first insights into translation at the genome wide level
providing insights into the scale at which translational regulation occurs (73—76). However,
even though high throughput sequencing-by-synthesis was being applied to RNA since 2006

(77), polysomes were not sequenced at a genome-wide level until the mid-2010s (78,79).

The observation that the ribosome protects the segment of mRNA to which it is bound from
nuclease digestion is credited to Takanami, Yan and Jukes (80,81). Four years later these
~30nt long ribosome-protected fragments (RPFs) were first sequenced by Joan Steitz
providing seminal insights into the translatome of bacteriophage R17 (81). This property of
RNA protection was later used to make further seminal discoveries regarding translation
dynamics (82,83). However, it wasn’t until 2009 when Ingolia et al described the high
throughput sequencing of these RPFs, termed ribosome profiling or Ribo-Seq, that the
genome wide identification of translating ribosome positions was achieved for large genomes

(84).

Specifics of ribosome profiling and its various derivatives are described in further detail in
chapters 4 and 5 of this thesis. In brief, Ribo-Seq typically involves halting ribosomes at a
specific stage of translation (eg. initiation or elongation), followed by nuclease digestion and

sequencing of the resulting RPFs. One could argue that Joan Steitz conducted the first
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initiating ribosome profiling experiment 40 years before the term was even coined. She
conducted genome wide profiling of RNA fragments protected from nuclease digestion by
initiating ribosomes. This differs from the modern approach of conducting Ingolias Ribo-Seq
using harringtonine or lactimidomycin followed by Illumina sequencing only in terms of the
mode of enrichment for initiating ribosomes and sequencing technology. Admittedly Steitzs

Ribo-Seq would not scale nearly as well as Ingolias.

The advent of ribosome profiling revolutionised the study of translatomic complexity as it
uncovered pervasive translation outside of annotated CoDing Sequences (CDSs) (84). This
revelation in combination with the apparent applicability of this technique led to a spate of
studies that looked to further characterise the extent of this translatomic complexity. In 2011,
Ingolia et al followed up with further evidence of the translation in the 5° leader in the form of
translated upstream open reading frames (ORFs) and N-terminal extensions/truncations in
mouse embryonic stem cells (85). Subsequent pioneering work expanded on these findings by
applying this technique in humans (86-90), zebrafish (91,92), drosophila (79) and bacteria
(93-95). Novel translated regions were uncovered in various geographies relative to the CDS
(86,96-99) as well as in supposedly non-coding RNAs (79,100-104). The pervasiveness of
this translation was highlighted in numerous cell lines/tissues (105—107) and uncovering a
variety of recoding examples (108,109). Various Ribo-Seq datasets were subsequently re-used
for calling translated regions (110-114) ultimately leading to the initiation of a
community-wide effort to produce a reference set of annotated translated regions referred to

as Ribo-Seq ORFs (115).

The full potential of Ribo-Seq, and its derivatives (116—119), comes through the combined
reanalysis of existing data. The genome-wide nature of the data lends itself to incidental
findings outside of the focus of the experimental design highlighting the importance of data
sharing. As ribosome profiling gained popularity and the amount of available data increased,
the need for resources that compile, process, aggregate and make datasets available became

apparent.

RiboSeq.Org is a collection of resources that have been actively developed since 2012 to aid
the study of translatomic complexity by serving processed data for visualisation and analysis

in the web browser (120-123). In Chapter 4 we introduce the newest addition to RiboSeq.Org,
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the RiboSeq Data Portal (RDP), that aims to further facilitate the standardisation of Ribo-Seq
data accessibility. Through the implementation of metadata standardisation steps and
provision of pre-processed Ribo-Seq datasets, the RDP aims to lower the barrier to large-scale
re-analysis projects and ultimately help comprehensively characterise translatomic

complexity.

There is considerable variability in the properties of Ribo-Seq data across the substantial body
of available datasets. These properties, including the characteristic 3nt periodicity observed in
ribosome profiles, read length distribution and profile uniformity have significant impacts on
the suitability of the dataset for use in reanalysis projects. However, the systematic
characterisation of these properties at scale served as a limiting factor in large-scale reanalysis
efforts. In Chapter 5, we introduce RiboMetric, a command line application for the
standardised assessment of these properties. RiboMetric serves as the first metric based
method for the quantitative assessment of key features of Ribo-Seq data, facilitating informed

dataset selection and integration.

Large strides have been made to date in the field of translatomics yet a number of obstacles
still hinder further understanding of translatomic complexity. The introduction to this thesis
advocates for two major advances, 1) accurate representations of translatomic complexity and
i) readily accessible Ribo-Seq data, towards which the succeeding chapters will strive to
address. By addressing these needs we strive to set the foundation for the comprehensive
modelling of the process of protein synthesis and its regulation, hopefully contributing to

further advances across the fields of bioinformatics, genetics and molecular biology.
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1.4 Thesis Aims and Significance

Large strides have been made to date in the field of translatomics however a number of
obstacles still hinder further understanding of translatomic complexity. The introduction to

this thesis advocates for two major advances:

1. The development of accurate representations of translatomic complexity

2. The improved accessibility and standardisation of translatomic (Ribo-Seq) data
The primary objectives of the research in the following chapters are:

1. To introduce a novel framework for the representation of translatomic complexity that
can accurately capture the dynamics of translation events and enable the elucidation of

regulatory mechanisms.

2. To provide an implementation of this novel framework in a computational application

that enables research via operations on these complex representations.

3. To facilitate community wide access to Ribo-Seq data via a web platform containing
standardised metadata and preprocessed read files, lowering the barriers to large-scale

reanalysis projects

4. To develop a method for assessing key properties of Ribo-Seq datasets, enabling more

informed dataset selection and integration in translatomic studies.

By addressing these objectives we strive to set the foundation for the comprehensive
modelling of the process of protein synthesis and its regulation, with the potential to have the

following significance:

1. Translatomics will have an accurate representation of known complexity enabling
knowledge sharing and reducing the frequency of misinterpretation of translational

complexity originating from poor representations.
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2. The provision of a flexible implementation of the novel data structure will facilitate
the adoption of these concepts throughout the translatomic and wider omics research

communities.

3. Increasing accessibility of translatomic data and associated metadata in standardised
formats enables large-scale translatomic research reusing the wealth of data available

to the community.

The combination of these major advances to produce accurate representations of translatomic
complexity informed by accessible Ribo-Seq datasets has the potential to induce a paradigm
shift in the study of translational complexity. In the following chapters we detail our work on

these goals and discuss specific details and potential applications throughout.
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2.1 Foreword

In the introduction, we discuss how current representation schemas fail to accurately
accommodate known translatomic complexity. In this chapter, we introduce Ribosome
Decision Graphs (RDGs), a novel framework that fills this gap. These data structures not only
support the representation of each translation event but also their relative relationships. This
concept is the product of years of discussion starting when I joined the lab in 2018 for my
undergraduate thesis project on the use of graph genomes in Ribo-Seq data analysis, which
highlighted the need for more flexible representations in -omics studies. Through hours of
conversation and countless iterations between myself, Pasha Baranov and later Michat Swirski
of the University of Warsaw we settled on the concept of a Ribosome Decision Graph. By
offering a more comprehensive and nuanced approach to depicting translational complexity,
RDGs set the stage for improved analysis and understanding of gene expression regulation at

the translational level.

38



2.2 Abstract

The application of ribosome profiling has revealed an unexpected abundance of translation in
addition to that responsible for the synthesis of previously annotated protein-coding regions.
Multiple short sequences have been found to be translated within single RNA molecules, both
within annotated protein-coding and non-coding regions. The biological significance of this
translation is a matter of intensive investigation. However, current schematic or
annotation-based representations of mRNA translation generally do not account for the
apparent multitude of translated regions within the same molecules. They also do not take into
account the stochasticity of the process that allows alternative translations of the same RNA
molecules by different ribosomes. There is a need for formal representations of mRNA
complexity that would enable the analysis of quantitative information on translation and more
accurate models for predicting the phenotypic effects of genetic variants affecting translation.
To address this, we developed a conceptually novel abstraction that we term Ribosome
Decision Graphs (RDGs). RDGs represent translation as multiple ribosome paths through
untranslated and translated mRNA segments. We termed the Ilatter ‘translons’.
Non-deterministic events, such as initiation, re-initiation, selenocysteine insertion or
ribosomal frameshifting are then represented as branching points. This representation allows
for an adequate representation of eukaryotic translation complexity and focuses on locations
critical for translation regulation. We show how RDGs can be used for depicting translated
regions, analysis of genetic variation and quantitative genome-wide data on translation for

characterisation of regulatory modulators of translation.
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2.3 Nascent need for abstract representation of mRNA decoding
complexity.

Until relatively recently, available experimental evidence suggested that in eukaryotes each
mRNA encoded only a single protein. Since only a single coding region was therefore
expected to be translated this region was conventionally termed the CDS (CoDing Sequence).
This view has been challenged by the development of the ribosome profiling technique which
enables the isolation and sequencing of RNA fragments protected by ribosomes and hence
detection of regions being translated (1). In essence, this technique is based on the capture of
RNA fragments (footprints) within the ribosomes followed by their sequencing and mapping.
Thus it provides information on what sequences are being translated while the densities of
mapped footprints are indicative of the frequency with which ribosomes translate these
sequences. Numerous ribosome profiling studies carried out in cells from a variety of
eukaryotes unexpectedly revealed abundant translation outside of CDS regions. This included
the translation of short sequences in the supposedly untranslated regions (UTRs) of mRNAs,
as well as in so-called non-coding RNAs, especially long non-coding RNAs (IncRNAs)
(2—11). These studies also demonstrated the translation of N-terminally extended CDS regions
due to initiation at upstream non-AUG start codons (12) or C-terminally extended due to stop
codon readthrough (13). A certain group of eukaryotic organisms (ciliates Euplotes) were
found to utilize ribosomal frameshifting in thousands of their genes (14). While most of these
phenomena were first described prior to the advent of ribosome profiling (15-19), they were
considered rare. Certainly, very few cases have been catalogued by reference gene annotation
projects, and no conventional abstraction has been developed to represent this translation
complexity in annotations, schematic scientific diagrams or analytical workflows. The lack of
a formal framework for the representation of this complexity hampers our ability to generate
accurate and biologically realistic annotations of translated sequences and to design
mathematical models and computer simulations. In its absence, it is difficult or even
impossible to quantitatively characterize multiple translation events and define their

interrelationships.

To address this challenge, we developed a conceptually novel framework for abstract

representation of translation complexity, which we term Ribosome Decision Graphs (RDGs).
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RDGs solve many problems, such as the representation of multiple translated regions in the
same mRNAs and alternative decoding mechanisms producing multiple proteoforms. We
show how RDGs can be used for the accurate depiction of productive and non-productive
RNA translation (i.e. translation that does or does not lead to the production of a protein
molecule), analysis of quantitative information on translation, and genetic variants affecting

mRNA decoding.
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2.4 Representation of the complexity of mRNA translation using Open

Reading Frames leads to ambiguity.

The development of a conventional abstraction is undermined by the ambiguity of the terms
used to define translated regions. For example, while translated regions are often described as
Open Reading Frames (ORFs) in literature or scientific discourse, gene annotation projects
typically utilise only the term CDS, and only for regions considered to be protein-coding.
Instead, an ORF would be regarded by implication as a potential translation that can be
identified in silico. Here, we in effect consider three concepts in an attempt at unification: 1)
that ORFs can be identified in silico whether or not they have evidence of translation, 2) that
ORFs may undergo translation that does not lead to the production of a stable, functional
protein, and 3) that ORFs which are known to be translated into proteins should alone be
considered CDSs. In other words, most CDSs are ORFs, but not all ORFs are CDSs. In
general, there are two definitions of ORFs, start to stop (Start-Stop) and stop to stop
(Stop-Stop) (20), as depicted in Figure 2.1A. Plotting the locations of potential start codons
(usually AUGs) and stop codons in three reading frames is undoubtedly highly instrumental
for examining potentially translated sequences. However, the common interpretation of
nucleic acid sequences in terms of “translated ORFs” is superficial, frequently inaccurate, and

often leads to confusion as illustrated in Figure 2.1B-D.
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Figure 2.1. ORFs do not adequately represent translational complexity. A. Two formal
definitions of ORFs. Three reading frames are shown as horizontal bars with vertical bars
corresponding to AUG (green) or stop codons (black). Several examples of Start-Stop (green
arcs) and Stop-Stop (black arcs) ORFs are shown. B-D. The relationship between ORFs (top)
and expressed proteoforms (bottom) for mRNAs with different locations of starts and stops
(middle). Only two relevant reading frames are shown for simplicity. B. An RNA encoding
two proteoforms with alternative N-termini due to utilization of two start codons. Due to
multiple potential AUG codons, there are many Start-Stop ORFs whose conceptual translation
does not correspond to encoded proteoforms. Stop-Stop ORF does not reflect the existence of
alternative proteoforms. C. In the case of stop codon readthrough or selenocysteine insertion,
ribosomes may read through specific stop codons by incorporating an amino acid yielding a
product that cannot be described as a product of a single ORF. D. Similarly, ribosomal
frameshifting generates a trans-frame protein (blue) that does not represent a product of a
single ORF.

Perhaps the most frequent source of alternative translation in many eukaryotes, including
humans, is the multiplicity of translation initiation sites. It arises predominantly from two
common mechanisms involved in the selection of translation initiation sites: leaky scanning

and re-initiation. Leaky scanning refers to the inefficient recognition of a start codon by the
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ribosome resulting in the ribosome scanning complex scanning through the start codon and
effectively ignoring it (Kozak 2002). Generally, ribosome scanning complexes assemble at the
5’ cap of RNAs and move along the transcript in the 3’ direction until they encounter a start
site and initiate translation (21-23). However, recognition of start sites is a
sequence-dependent stochastic process, in which usually only a proportion of scanning
complexes finally initiate. Many factors play a role in determining the efficiency with which a
ribosome initiates translation at a given codon. These include the identity of the codon and its
surrounding sequence (known as the Kozak context) (24), as well as the dwell time of the
scanning ribosome at that codon (25). Unless the combination of these factors is strictly
optimal for initiation, at least a small fraction of scanning complexes will bypass the potential
start site and continue scanning, allowing translation to be initiated further downstream. When
a potential initiation site is a non-AUG codon or an AUG in a weak Kozak context, only a
small proportion of scanning complexes will initiate translation. Thus, leaky scanning may
result in the translation of different coding sequences using numerous initiation sites, while
initiation at start codons in the same reading frame can give rise to proteoforms with
alternative N-termini (PANTSs) (Figure 2.1B). A potentially large number of start codons may
be used to initiate translation within the same Stop-Stop ORF, as is the case with the
well-explored human PTEN gene where functionally distinct extended proteoforms are
produced from multiple non-AUG starts (26). Annotating all Start-Stop ORFs is problematic
due to the large number of potential start codons, and in certain cases, such as Repeat
Associated Non-AUG (RAN) translation (27,28), the exact position of the initiation site

cannot even be easily identified.

In the case of stop codon readthrough (13,29) and selenocysteine incorporation (30,31)
(Figure 2.1C), the translation products produced by these processes can be defined in
computational terms as the fusion of an upstream Start-Stop ORF with a downstream
Stop-Stop ORF. Gene annotation projects currently resolve these cases by 're-writing’ the
Stop codon or the selenocysteine codon in the protein file, allowing them to code through.
This results in the “extended ORF” that overlaps with a “standard ORF” in the same frame.
For programmed ribosomal frameshifting (Figure 2.1D), which is common in viruses but also
infrequently occurs in cellular genes (32), the description of translation using ORFs would

require the introduction of the location of the frameshift site as both start and stop codon. This
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could enable the designation of the trans-frame protein product as a fusion of the two such
“ORFs”. In practice, gene annotation may instead introduce an artificial indel modification of
the natural DNA/RNA sequences to yield a single contiguous ORF; for example, the [T]
corresponding to human hg38 assembly Chr19:2271440 nucleotide is deleted in both RefSeq
(e.g. NM 004152.3) and Ensembl (e.g. ENST00000582888.8). To this end, existing gene
annotation of in silico trans-frame translation may yield a protein sequence corresponding to
the product generated in nature. However, it comes at the expense of producing an incorrect
sequence of an mRNA molecule, which does not allow for the regulatory mechanism at play

to be accurately represented.

The examples in Figure 2.1 are not exhaustive and there are other translation phenomena that
cannot be easily described using ORFs, such as translational bypassing (33—-35) and StopGo
(also known as StopCarryOn or 2A) (36). Regardless of which ORF definition is used, the

concept of a translated ORF is not adequate to represent the complexity of RNA translation.
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2.5 RNA translation is segmented

Ribosome profiling has revealed the existence of a large number of short translated
sequences, currently termed small or short ORFs (smORFs, sORFs) or Ribo-seq ORFs, as the
term CDS is reserved for sequences encoding classical proteins (37). Many Ribo-seq ORFs
occur within the same RNA molecules. The lack of appropriate terminology reflecting the
complexity of translation becomes even more evident when we consider the relationship
between these translation segments. Upstream translation often influences downstream
translation and this dependency is known to be utilised to regulate gene expression. For
instance, many short translated regions upstream of CDSs (termed upstream ORFs, or uORFs)
have been found to regulate translation by blocking ribosomes via sensing specific
metabolites within the nascent peptide channel (38—42), reviewed in (43). This process is
exemplified by translation regulation of the downstream CDSs by a short uORF in vertebrate
AMDI1 encoding Adenosyl-Methionine Decarboxylase, a key enzyme in polyamine
biosynthesis. The uORF encodes a short peptide MAGDIS that stalls ribosomes through its
interactions with the ribosome in the presence of polyamines (44). These stalled ribosomes
prevent other ribosomes from binding and scanning downstream to initiate at AMDI s CDS.
Thus, the uORF provides a negative feedback control mechanism for AMDI expression,
inhibiting its synthesis when polyamine concentration is high, but allowing for its synthesis

when polyamine levels decrease (Figure 2.2A).
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Figure 2.2. Relationship between translated segments within the same RNA. A. A
schematic of metabolite-dependent translation regulation via ribosome arrest at uORF, such as
in AMDI mRNA. In the presence of a high concentration of polyamines, ribosomes with
MAGDIS peptide stall at the end of the translon. B. A schematic of delayed re-initiation
mechanism enabling translation of selected mRNAs during global translation suppression
caused by elF2alpha phosphorylation during Integrated Stress Response. When elF2 is
phosphorylated the concentration of the eI[F2*tRNAi*GTP ternary complex decreases and it
requires a longer time and distance for the scanning ribosome complex to acquire it. As a
result, the long uORF is bypassed and initiation occurs at CDS.
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In addition to leaky scanning, re-initiation is another process impacting start codon selection.
Translation re-initiation occurs when small ribosomal subunits remain bound to the mRNA
after translation is complete and reinitiate downstream of the terminating stop codon. This is
thought to be common after the translation of short ORFs as it takes time for initiation factors
to dissociate from the ribosome. In this way, the ribosome may remain capable of initiation
after translating a small number of codons, although other factors are known to contribute to
this process, allowing for re-initiation in some instances even after the translation of long
ORFs. The detailed molecular mechanisms of these processes are described in dedicated
reviews (21,23,45-49). Re-initiation provides a platform for a rapid switch of gene expression
on the translational level. Perhaps the most thoroughly studied is the case of delayed
re-initiation (50-52) that protects translation of certain mRNAs (e.g. human ATF4, yeast
GCN4) from down-regulation during the Integrated Stress Response (ISR) (53,54). Under this
condition, the reduced availability of the ternary complex (tRNAi* el[F2*GTP) increases the
time required for post-terminating ribosomes to bind the ternary complex enabling
re-initiation. Therefore, the level of stress determines the location of the start codon at which

re-initiation occurs. Figure 2.2B provides a schematic illustrating this mechanism.

It Is unclear to what extent the translated products of such regulatory translation contribute to
the functional cellular proteome beyond their potential contribution to the antigen pool, as
many of them lack conservation at the protein level (37,55,56). Extreme cases of translation
regulation without peptide synthesis are represented by minimal ORFs consisting of a start
codon immediately followed by a stop codon. While they obviously do not produce any
functional peptide, some of them do have regulatory potential as strong ribosome stalling sites

(57).

It is clear that translation complexity requires a unified and comprehensive abstraction that
would adequately represent all translated regions — not only those that encode classical
proteins — and reflect their mechanistic interrelationships. Such representation should be
convenient for use by both human scientists when examining individual mRNA sequences

and computer agents during programmatic analysis of large datasets.

48



2.6 Ribosome Paths

The complex nature of translational events and regulatory processes reveals the need to
consider the entire passage of an individual ribosomal complex containing the same small
ribosomal subunit along the mRNA, from the moment of pre-initiation complex assembly at
the 5 cap (or IRES element) to the complete dissociation of both ribosomal subunits from the
mRNA as a functional unit. We propose to term such a unit a Ribosome Path (RiboPath). It
includes both regions that are scanned and those that are translated. As argued above, ORF is
an inadequate descriptor of translated regions, and therefore we want to define and assign a
new, unambiguous name to an entity denoting franslated region as encompassing the entire
sequence of RNA translated by a fully assembled elongating ribosome from initiation codon
through termination and dissociation of the large ribosomal subunit. We term this region
translon. See Supplemental Table S1 for the definitions of new terms. It has already been
suggested as a term specifying a unit of translation (58) but has not yet been adopted. The
main advantage of translon over ORF is that it is not constrained by the sequence (specific
codons as boundaries). It is based on the process of translation and therefore may incorporate
a variety of decoding mechanisms such as ribosomal frameshifting, stop codon readthrough,
translational bypassing, etc (18,59). The other term commonly used to indicate translated
regions is cistron, for example, polycistronic or monocistronic mRNAs. However, this term
was originally defined genetically, different cistrons should be responsible for different

phenotypes, and it is being used inconsistently in the literature.

To simplify the introduction of the RiboPath concept, for now, we only consider initiation and
re-initiation as the mechanisms producing alternative proteoforms. We will exclude other
translation mechanisms. Nevertheless, our framework can easily be extended to incorporate

other translation mechanisms as we discuss later.

Figure 2.3 illustrates the RiboPath concept with an example of an mRNA encoding two
proteoforms arising from alternative CUG and AUG initiation sites in one reading frame
(cream) and a single upstream AUG codon in another frame (light lavender) as depicted in the
ORF plot at the top. The corresponding translons are shown beneath. Alternative initiation
and reinitiation allow the ribosome to pass through five different RiboPaths. The top RiboPath

represents the ribosomes that initiate at the first AUG, but fail to reinitiate further
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downstream, resulting in a path with a single translon T1. The second path corresponds to the
ribosome that successfully re-initiates downstream, thus containing two translons, T1 and T2.
In the third RiboPath the ribosomes fail to initiate at the first AUG, but start translation at the
CUG allowing for translon T3, which encodes an N-terminally extended proteoform relative
to the product of translon T2. The fourth RiboPath corresponds to the ribosomes that fail to
initiate at both the first AUG and the CUG but succeed at initiating at the second AUG so that
its RiboPath consists of only one translon T2. Finally, the fifth RiboPath is unproductive and
represents the ribosomes that have not initiated protein synthesis on this mRNA. The
RiboPath presentation makes it clear that certain translons are mutually exclusive as they

never occur on the same path, e.g. a single ribosome cannot translate T1 and T3.
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Figure 2.3. Ribosome paths through mRNA. Top: An example of an RNA with three start
codons (green for AUG and light green for CUG) located in two different reading frames
depicted as differentially shaded horizontal bars. The translation of this mRNA is represented
as a set of translons below, Ribosome Paths further below and Ribosome Decision Graphs at
the bottom. RNA regions scanned by the ribosome are shown in dark grey, vertical path in
light grey represents the post-terminating small ribosomal subunit that continues scanning and
remains initiation-competent.
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2.7 Ribosome Decision Graphs

Once we represent the behaviour of translating ribosomes in terms of paths, it is only natural
to further represent these in terms of graphs (Figure 2.3). The three initiation events in Figure
2.3 can be represented as branching points where the ribosome makes a “decision” of whether
to initiate or not. We do not imply that ribosomes have free will; the decision is likely
determined by the molecular composition and temporal thermodynamics of the local
microstate. As in statistical mechanics, for practical purposes, it is appropriate to describe
such decisions probabilistically, even if the underlying molecular processes are deterministic.
The mRNA region engaged by ribosomes in Figure 2.3 can then be represented as a graph
with three branching points. Stop codons in this graph are considered deterministic ends of
translons as we exclude the possibility of stop codon readthrough or re-initiation after long
translons in our illustrative example. Following this notation, any translated RNA can be
represented as a Ribosome Decision Graph (RDG). As in the representation of translation
using ORFs/CDSs, RDGs may be either conceptual (representing potential) or real (e.g.,
experimentally supported). In the case of conceptual RDGs, all potential start codons in
mRNAs could be used as branching points, e.g., all AUGs, all CUGs, etc. depending on the
specific parameters of the model. Such conceptual RDGs would be very complex graphs with
a large number of branching points and possible paths. They are not suitable for evaluation by
humans, but provide a straightforward method for generating all theoretically possible
products of RNA translation. This can be used for the subsequent mining of mass
spectrometry datasets. A set of graphs with branching points sampled from the set of all
possible branching points can be used to generate simulated ribosome profiling data. The
comparison of simulated and real data would enable the determination of the best RDG fitting
the experimental data, thus inferring the real branching points from the data. As exemplified
further below, RDGs may also be useful for analysing the impact of genetic variation, because
variants that change or introduce new branching points (start and stop codons, frameshifts,

etc) would alter the RDG topology.

RDGs could also be used to annotate experimentally validated translations. In this case, only
those translation events for which there is experimental evidence will be introduced as

branching points. In most cases, these experimentally informed RDGs would be suitable for
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manual examination by researchers and would overcome the limitations of the data structures

that are currently used for protein coding annotation.
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2.8 Implementations of RDGs

To illustrate how RDGs can be used to represent the impact of variation within 5° leader
sequences (a.k.a. 5° UTR) on downstream translation we selected the NF2 variant responsible
for neurofibromatosis type 2 (60). The 5’ leader sequence of the NF2 mRNA contains an
AUG start codon followed by an in-frame AUG codon in a strong Kozak context. This
suggests that few (if any) ribosomes reach the CDS start via leaky scanning. It is far more
likely that CDS translation involves re-initiation at the CDS start as depicted in Figure 2.4A.
A single base insertion variant was identified in two unrelated individuals in a cohort of 1,134
individuals diagnosed with neurofibromatosis type 2 (ENST00000338641:—66-65insT;
GRCh37:Chr22:29999922A >AT) (60). This insertion causes both a shift in the reading frame
and the introduction of another AUG. The shift extends translons T1 and T2, abrogating the
initiation of translon T3 corresponding to the NF2 CDS (Figure 2.4B).

A B ...CACAGG...

...CACATGG...
rame1 [ T T\/ 1T 1
Frame 2 I I:I I \“ I
Frame 3 I [ I I

T
h
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Figure 2.4: Representation of the effect of a genomic variant on CDS translation.
Representations of the NF2 mRNA for the reference sequence (A) and in the presence of the
insertion variant (B). ORF organisation is shown at the Top with reading frames shaded
differentially according to the reference sequence. AUG and stop codons are represented as
green and black vertical bars, respectively. RDGs are shown at the bottom. Given the low
probability of leaky scanning through the first two AUGs (see text), it is expected that the
translon T3 corresponding to the CDS cannot be translated in the pathogenic variant
sequence.



To illustrate how RDGs can be used for the representation of real translation data we chose
two simple examples, namely human NRAS and NXT1 mRNAs. The criteria for this selection
were the existence of only a single transcript per gene according to GENCODE v.42, and the
ribosome profiling supporting translation of only a single AUG-initiated translon in addition
to the annotated CDS. Of note, translation of most human 5° mRNA leaders is more complex
(see examples in Supplemental Figure S1), and therefore the advantages of using RDG
representation for these are even greater, but may not be suitable for introducing this concept

as interpretation of ribosome profiling data is more difficult.

Examination of ribosome profiling data in Trips-Viz (61) (Figure 2.5A) for NXT/ mRNA
reveals translation of an upstream region in the -1 frame (blue translon) relative to the CDS
(red translon). Similarly, examination of Trips-Viz data indicates translation upstream and in
the +1 reading frame (red translon) relative to the annotated NRAS CDS (blue translon). For
simplicity, the CDS starts are not depicted as a branching point and are considered to be 100%
efficient translation initiation sites. As the translated regions in both graphs are overlapping, it
is clear that the simultaneous translation of both translons by the same ribosome cannot occur,

at least in the absence of 3’ to 5’ scanning of post-terminating ribosomes (62).
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Figure 2.5: Representation of translation of human mRNAs. A. The top plots are A-site
subcodon footprint densities for NX77 and NRAS mRNAs coloured to match the
best-supported reading frame below in the ORF plots, in which AUGs are in white and stops
are in black. Further below are RDG representations with translons coloured to match the
translated frame. The CDS starts are treated deterministically and unproductive RiboPaths are
not shown. B. Densities of ribosome A-site footprints obtained from ribosome profiling under
different conditions (NRAS) or from different cells (NX77). RDGs are shown below each
density plot with translons coloured as a heatmap reflecting relative translation efficiencies.
Branching points (starts) are also coloured as heatmaps reflecting the inferred probability of
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their initiation. The probabilities of translation initiation are shown as fractions decimals,
while the relative translation efficiencies of each path are shown as percentages (%).

In addition to representing qualitative information, RDGs also enable a quantitative
representation of translation regulation. Due to the leaky scanning mechanism of translation
initiation, the efficiencies of each CDSs translation in these two examples directly depend on
the efficiencies of the upstream starts, e.g., if all ribosomes initiated at the upstream starts, no
CDS translation would be observed. The relative translation efficiencies of translons can be
used to calculate the probabilities of initiation at the upstream starts (63). These probabilities
may vary between different conditions or across different cell types due to a variety of
mechanisms, such as global changes in the stringency of start recognition (64,65) or specific
regulation of mRNA via ribosome sensing of particular metabolites through interaction with
the nascent peptide (38—42). Using RDG representations in this way makes it easier to
characterize the relationship between translation events that are regulated (via changes in

probabilities at branching points) and the relative rates of translons product synthesis.

To illustrate this with real examples, we examined the translation of the above genes using
different ribosome profiling datasets (Figure 2.5B). For NRAS, we used the dataset from cells
treated with Rocaglamide A (RocA) and its untreated control (66). As can be seen in Figure
2.5B the silhouette of ribosome footprint density for the NRAS mRNA changes dramatically
upon RocA treatment. These footprint densities can be used to calculate the relative
translation efficiencies of NRAS translons and to derive the probability of translation initiation
at the upstream starts (Supplemental Methods). By showing the relative synthesis rates and
initiation probabilities as heatmaps, the relationship between these two translons becomes
apparent. RocA treatment greatly increases translation initiation probability at the upstream
start, most likely via the ability of RocA to clamp initiation factor e[F4A to mRNAs
containing specific sequence motifs (66), which then reduces the downstream CDS translon.
In the case of NXTI, we examined data obtained in two different cell lines, HeLa (67) and
Huh7 (68). The silhouettes of ribosome footprint densities for NX7/ mRNA are markedly
different, as can be seen in Figure 2.5B. The RDG visualization of these differences in

ribosome footprint densities pinpoints the upstream start as the pivotal element of cell-specific
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regulation of NXT] translation. For HeLa samples, the translation initiation at the upstream
start is highly efficient, making the upstream start predominant. In contrast, for Huh7 samples
efficiency at this start is much lower and, consequently, the CDS translon is predominant. The
reasons for these cell-specific differences are beyond the scope of this work, but several
mechanisms may be responsible, including different levels of translation factors that

recognize translation initiation starts (69).

RDG figures, such as those presented in this manuscript, are significantly time consuming to
produce manually. In order to demonstrate this concept without requiring the manual
generation of RDGs we also introduce a supplemental software, RDG-Viewer (available at
https://colab.research.google.com/drive/1£5iSgySDA Xeq2 7L x1fCyngm4ljinkgC5?usp=sharin
g) . This Google Collaboratory notebook utilises graph construction functionality from the
RDG python package (https://pypi.org/project/RDG/) which is currently under development

(https://github.com/JackCurragh/RDG). For more details please see the Supplemental
Material.

One of the attractive features of the RDG concept is its expandability. In the RDG examples
above, we limited branching points only to starts where initiation and re-initiation events can
occur. The most basic information for generating RDGs that allows only leaky scanning
would require only locations of starts in a transcript because in-frame stop codons are
identifiable from the sequence and are treated deterministically as the ends of translons.
However, the concept can be extended to incorporate annotations for any non-deterministic
translation events, such as stop codon readthrough or selenocysteine insertion (Figures 2.1C
and 2.6A), ribosomal frameshifting (Figures 2.1D and 2.6B), translational bypassing (33) and
even yet undiscovered translation phenomena. Annotation Schema in Supplemental Material

provides an example of how such annotation could be organised computationally.
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Figure 2.6: RDG representations of special cases. (A) mRNA encoding selenoprotein
GPX4 and (B) PEG10 mRNA requiring ribosomal frameshifting for its expression. Trips-Viz
screenshots of ribosomal profiling density for these mRNAs are at the top with ORF plots
beneath and RDG representations further below. C. Top: An ORF plot containing three
translons (protein-coding CDS and two uORFs, short and long), which is a minimal
requirement for the mechanism of delayed re-initiation. Below: The corresponding RDG with
green and red representing the predominant ribosome paths for normal and stress conditions,
respectively. Arrows indicate the distance sufficient for scanning ribosomes to bind ternary
complexes under normal (green) or stress (red) conditions.

Despite the apparent simplicity of RDGs notations, it would be naive to expect that it can
represent a full range of translational mechanisms. For example, in the case of a delayed
re-initiation mechanism (50-52) that makes the translation of certain mRNAs resistant to
global down-regulation during Integrated Stress Response (ISR), it is not sufficient to simply
add a stop codon as a branching point, allowing either ribosome dissociation from mRNA or
re-initiation downstream. This is because the reduced availability of the ternary complex

(tRNAi*elF2*GTP) increases the time required for the post-terminating ribosomes to bind the
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ternary complex, thereby enabling re-initiation (Figure 2.2B). Thus, it is not the probability of
re-initiation, but the location of the start at which re-initiation will occur that changes during
ISR. However, even in this case, the RDG concept can be useful to illustrate the mechanism,
as shown in Figure 2.6C for a simplified mock transcript (Supplemental Figure S1 RDG for
human ATF4 that is regulated by delayed reinitiation). It is conceivable to extend the concepts

of RDGs with parameters linking scanning distance to re-initiation probability.

An important shortcoming of the presented solution is the difficulty of its application to
genomic loci encoding multiple transcript isoforms. The purpose of RDGs is to represent
molecular events that take place during the translation of a single mRNA molecule. Therefore,
a single RDG can only be applied to a single mRNA sequence. However, the concept of
representing biological sequences as graphs is gaining momentum with splice graphs for
representing alternative splicing (70) and variation graphs for representing pangenomes (71).
Therefore, we envision that the RDG concept will fit into the emerging bioinformatics
infrastructure of hierarchical representation of biological sequences as graphs, from genome

to transcriptome to translatome.
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2.9 Conclusion

The RDG concept has the potential to significantly impact the study of RNA translation
complexity. RDGs, in combination with Ribo-seq data may shift the focus of differential
translation analysis from changes in translation efficiencies of individual coding regions to the
changes in the efficiencies of events regulating their translation. This focus shift will facilitate
a mechanistic understanding of RNA translation regulation. Correlating mRNA translation
with properties of RDGs (e.g. topology) may open a new possibility for identifying novel
common mechanisms of translation regulation. In combination with information on genomic
variants, RDGs have the potential to be instrumental in their phenotypic interpretation.
Comparison of RDGs across orthologs would allow investigation of evolutionary constraints

shaping translation regulation of specific genes.
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2.11 Supplemental Material

2.11.1 Glossary of Concepts

A number of terms/concepts are introduced in this work. Supplemental Table S1 endeavours

to delineate these terms and provide a clear reference resource for those wishing to build on

these concepts.

Supplemental Table S1: Glossary of RDG Terms

Term

Definition

Notes

Translon

A Translon is the basic unit of translation. It refers to
the entire path of a fully assembled elongating
ribosome from initiation codon through termination

and dissociation of the large ribosomal subunit.

Differs from the term Open Reading Frame
(ORF) as it is not constrained by nucleotide
sequence. It is instead only concerned with the

activity of 80S ribosomes.

Ribosome Path
(RiboPath)

A Ribosome Path refers to the way in which an
individual ribosomal complex, containing the same
small ribosomal subunit, traverses the mRNA from
the moment of pre-initiation complex assembly at the
5’ cap to the complete dissociation of both ribosomal

subunits from the mRNA.

A RiboPath consists of one or more translons
joined by untranslated regions scanned by a

ribosomal complex with the same 40S subunit.

Ribosome Decision

Graph (RDG)

A Ribosome Decision Graph is a graph representing
all RiboPaths pertaining to a single mRNA molecule.

A Ribosome Decision Graph is a graph based
representation of the different ways how a
specific RNA molecule can be translated.
Nodes in these graphs represent the locations
of alternative, nondeterministic events. This
includes switches between unproductive (e.g.
scanning) and productive (elongation) modes
of translation as well as switches between
reading frames (i.e. during ribosomal
frameshifting) as well as yet undiscovered

translation phenomena.
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2.11.2 RDG-Viewer

The RDG-Viewer is a Python 3 code that is a part of the RGD package (currently under
development) that enables the generation and visualisation of RDGs. Specifically, it enables

the following functionalities:

e Generate RDG using annotated translon coordinates as input.

e Generate RDG using the transcript nucleotide sequence and customizable parameters
of translation as input.

e Generate images of the plots containing RDGs along with all translons grouped by
three different reading frames. Supplemental Figure S1 shows two examples of such

plots.

The nucleotide sequences could also be automatically obtained with gget (1) using transcript
ENSEMBL ID or gene name symbols, in which case the first transcript isoform is selected
from the list of ENSEMBL isoforms for that gene. The gene functionality is currently limited

to H. sapiens.

The source code of RDG viewer along with its documentation is available at GitHub:

https://github.com/JackCurragh/RDG-Viewer

The RDG-Viewer is also implemented in a Google Collaboratory notebook at

https://colab.research.google.com/drive/1£51SgySDA Xeq27Lx1fCyngm4ljinkgCS5?usp=sharin

g and can be used for building RDGs and their visualisations for individual transcripts without

a need of installing RDG package scripts locally.
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2.11.3 Complex Examples Visualised

Visualisation of an RDG for PTEN Visualisation of an RDG for ATF4

1
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._
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Supplemental Figure S1: RDG-Viewer plots. Left: Human PTEN transcript
(ENST0000037195) with RDG constructed based on the data from (2). Right: Human ATF4
transcript (ENST00000337304) constructed by using all upstream AUGs as branching points.
The upper part of these plots contain RDGs, while the bottom part shows translations grouped

by three different reading frames.
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2.11.4 Annotation Schema

The most basic information for generating RDGs requires only locations of starts in a
transcript because in-frame stop codons are identifiable from the sequence and are treated
deterministically as the ends of translons. Therefore, the example shown in Figure 2.1B of the

main manuscript can be represented as a short array:
Starts(X ;XXX )

while the example in Figure 2.3 of the main manuscript as:
starts(x;;X,X3)

However, the concept can be extended to incorporate annotations for any non-deterministic
translation events. For example, to capture such phenomena as stop codon readthrough or
selenocysteine insertion (Figures 2.1C and 2.6A in the main manuscript), an addition of a new
type of branching point would be necessary: a stop codon, at which the ribosome could either

terminate or incorporate an amino acid and continue translation.
starts(x,;); secs(y;)

A frameshifting site would be yet another type of branching point where the ribosome could
either continue translation in the same frame or shift to one of the alternative reading frames.
For example, the case of ribosomal frameshifting (Figures 2.1D and 2.6B in the main

manuscript) can be represented as:
starts(x,); shifts(iy,s,)

where shifts need to be assigned two coordinates, the coordinate of the last codon in the initial
frame #; and the coordinate of the first codon in the shifted frame s. Accordingly, s; — i, = 1
would correspond to +1 frameshifting, s; — iy, = -1 to -1 frameshifting, and so on. This
notation is compatible not only with common types of frameshifting but also with extreme
events such as bypassing in bacteriophage T4 gene 60 (34), where 50 nucleotides are skipped

by the ribosome without translation, i.e. expressed as shifts(i,s) where s — i = 50.

Algorithms interpreting such annotations will be backward and forward-compatible since

older algorithms could simply ignore new types of branching points.
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2.11.5 Methods

We used GENCODE v42 (3) as a source of transcriptome annotation when searching for
suitable loci and GENCODE v25 when producing visualisations in Trips-Viz (4).
Pre-processed alignments from datasets GSE70211, GSE79664, and GSE94454 obtained in
relevant studies (5—7) were obtained from Trips-Viz. The translation efficiencies of examined
regions were calculated as the number of ribosome footprints uniquely aligning to individual
translons normalised over the length of translons used for the mapping. Five first codons of
translons were excluded from mapping to avoid the distortions introduced by the high peaks
at the starts. The probability of translation initiation was then calculated as p=R,/(R,+R,),

where R, and R, are translation efficiencies of the upstream and downstream translons.
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3.1 Foreword

Following the introduction of the Ribosome Decision Graph concept, we now present a
comprehensive Python package for carrying out operations on these graphs. The RDG Python
package was developed alongside the development of the concept and supported the
conceptualisation process. This package enables researchers to construct, visualise and
analyse RDGs. This package serves as a bridge between the theoretical concept and its
practical application, allowing researchers to explore translational complexity in ways that
were previously challenging or impossible. The existence of such a package is essential for

the wider adoption of this concept by the community.
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3.2 Abstract

Motivation: Ribosome Decision Graphs (RDGs) have recently been proposed as a novel
concept for the accurate representation of translational complexity. This complexity arises due
to the plurality of translation initiation sites, enabled by leaky scanning and reinitiation as well
as due to recoding events such as ribosomal frameshifting. The locations of these events are
represented as branching points forming directed acyclic graphs containing all potential paths
of the ribosome in one data structure. To maximise the potential of this concept a versatile

implementation is required.

Results: We introduce RDG, a Python package and command line application for
constructing and working with Ribosome Decision Graphs. The RDG Python package
provides a toolkit for working with RDGs in the form of a Python class and a set of auxiliary

functions that enable users to build, modify, save and visualise RDGs.

Availability and Implementation: The RDG Python package is freely available for
installation from the Python Package Index (PyPI) with pip install RDG or directly from the

GitHub repository at https://github.com/JackCurragh/RDG.
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3.3 Introduction

Since the introduction of the ribosome profiling (Ribo-Seq) technique fifteen years ago, it has
become evident that current representations of what is translated from a given mRNA
transcript are grossly insufficient. Ribo-seq data has been widely used to identify translated
regions (translons) that are translated from open reading frames (ORFs) other than the coding
sequence (CDS). Various annotation efforts have been initiated with the view of
understanding the extent of the human translatome (1-3) and further research has looked to
understand the functional role of these translons as both protein-coding and regulatory regions

(4-7).

The mechanisms leading to this expression complexity at the level of translation have been
known for decades. Marilyn Kozak proposed the scanning model of translation in a series of
publications in the late 1970s/early 1980s (8—11) and more formally defined it in 2002 (12).
According to this model, the small ribosomal subunit first binds to the 5° end of the mRNA
and begins scanning the RNA sequence in a 5° to 3" direction for an initiation codon in
sufficient context. Scanning ribosomes may either scan past potential initiation codons or
initiate translation in a probabilistic manner. The probability of successful initiation
(“decision” to initiate) depends on a range of factors including sequence context,
presence/absence of secondary structure or other roadblocks such as RNA binding proteins
and the identity of factors associated with the ribosome. Furthermore, a ribosome that has
translated one translon may then reinitiate at a downstream start codon. As not all ribosomes
will reinitiate post-termination, the reinitiation can also be seen as a stochastic decision which
is likely predominantly based on the persisting association of initiation factors with the

elongating ribosomal complex.

As a result of these mechanisms, the proximity of a given initiation codon to the 5 end of a
transcript has a major influence on whether it will be initiated as it increases the likelihood of
a 40S ribosome scanning that codon. It has become abundantly clear that the majority of
mammalian mRNA transcripts are translated, to some extent, 5° of their annotated coding
sequence. These, broadly unannotated, translation events impact the expression of the coding

sequence whether the product of the upstream translon is functional or not.
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Beyond the pervasive translation outside of the canonical CDSs, further translational
complexity arises from an array of recoding events where the oft-touted rules of the genetic
code and triplet decoding of mRNA are broken (13,14). These events are well documented
with numerous examples across the Tree of Life, however, current annotation schemas poorly

support the representation of this biology.

We recently proposed a novel concept to accommodate the representation of this translational
complexity in one graph-based model, termed Ribosome Decision Graphs (RDGs) (15).
RDGs are per-mRNA direct acyclic graph representations of the set of ribosome paths that a
given ribosome may take when decoding an mRNA. Representing translation events
(initiation/leaky scanning, termination/reinitiation, termination/readthrough and so on) as
binary nodes enables the determination of potential event combinations from a set of known
translation events. This is the first concept that tries to address the relationships between
translons on a given RNA as previous approaches and annotations represent the expression of

translons as independent events.

Ribosome decision graphs representing the expression of individual translons as
non-independent events is a shift in the paradigm of the analysis of translational complexity.
The concept has the potential to have major impacts on the annotation of translated regions,
the interpretation of non-coding variants in the 5° leader regions, comparative translational

regulation analysis and differential translation analysis.

Maximisation of the potential of this concept across this wide breadth of potential applications
requires the development of an accessible toolkit that enables researchers to work with RDG

objects without needing to reinvent the wheel. To this end, we introduce the RDG Python

package (https:/github.com/JackCurragh/RDG).

The main objective of developing the RDG Python package is to provide a comprehensive
and user-friendly toolkit for constructing, visualising, and analysing Ribosome Decision
Graphs (RDGs). As the first software tool dedicated to working with RDGs, the package aims
to facilitate the adoption of this novel approach for representing and studying translational

complexity in genomic analyses.
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3.4 Methods

The RDG Python package centres around a Python class that defines the ribosome decision
graph data structure and facilitates the majority of operations on the RDG. Along with this, a
set of auxiliary modules that carry out common applications of the graph structures such as
the construction of RDGs from RNA sequence are included. Core functionality for working
with RDG objects are included as methods of the RDG class which will be of interest to
prospective developers; the majority of users will be interested in the auxiliary functionality
such as the construction of graphs from mRNA sequence, graph visualisation and graph
storage. This functionality is made accessible as callable functions or via the command line

interface satisfying the needs of a broad range of users.
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Figure 3.1: Overview of the RDG application and its functionalities.

3.4.1 RDG Class

Each instance of the RDG class is one Ribosome Decision Graph where the nodes,
corresponding to translation events (e.g., initiation, termination, recoding event), and edges,

representing relations between events, comprising the graph are recorded in RDG properties.
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The RDG object has extensive methods for constructing and traversing the graphs as well as
querying relationships between translation events. Node and Edge Python classes are used to
record properties of individual translation events and relations between them. Nodes of RDGs
may be any of the following node types: 'S Prime', '3 Prime', 'Start', 'Stop', 'Frameshift', and
'Readthrough Stop'. While edges can be either ‘Translated’ or ‘Untranslated’. Properties such
as probabilities of translation events, Kozak contexts of start nodes and translon PhyloCSF

scores can also be recorded as node properties.

3.4.2 RDG Construct Functionality

The RDG Python package supports the construction of graphs in a variety of manners. Graphs
can be constructed from annotation files (BED and GTF formats), from sequence files
(FASTA format) along with a set of parameters, such as start codons to consider, or from
user-specified coordinates from the command line. These options are enacted by the auxiliary

‘RDG construct” module making use of various RDG class methods.

The construction of RDGs straight from sequence is an attractive option however due to the
wide range of known near-cognate start codons, graphs of long sequences often become
unwieldy. Allowing all near-cognates ensures that the most commonly traversed paths will be
included in the graph; however the more nodes included, the harder it is to determine which
path is most likely. To address this, the RDG construct module supports the specification of
various ‘principles of graph construction’ such as allowing reinitiation to be dependent on
distance from the stop codon or the length of the preceding translon and the number of starts
passed which the ribosome can scan. The most appropriate principles of graph construction

will vary depending on the desired application.

In the RDG Python package, graphs are constructed by the progressive addition of translons
to the graph accounting for the various specified principles upon translon addition. The
process begins with the initialisation of a graph with just one 5° and one 3" terminal node. The

insertion of a translon then follows the following steps:

1. Identification of existing edges of type ‘Untranslated’ with which the start node
intersects.

2. For each clashing branch:
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2.1.  Initialise new Node objects for translon start and translon stop nodes using
specified start and stop codon positions.

2.2.  Create a new ‘Translated” Edge object to link translon start to stop.

2.3.  Update clashing Edge to terminate at the translon start site.

2.4.  Update upstream Node to record the translon start as an out node.

2.5. Create a new ‘3 Prime’ Node object as an endpoint for the case where
translation does not occur.

2.6.  Add new ‘Untranslated’ Edge from translon start to new 3" terminal node.

2.7.  Create another ‘3 Prime’ Node object as an endpoint for the case where
translation did occur

2.8.  Connect this ‘3 Prime’ node to translon stop with another new ‘Untranslated’

Edge.

The creation of the additional ‘3 Prime’ node and ‘Untranslated’ path following the
occurrence of translation is important to ensure progressive addition of downstream
translations 1is still supported. Without this reinitiation would not be possible as reinitiation
support involves checking these ‘Untranslated’ Edges to determine if they permit translation

according to the ‘principles of graph construction’.

The addition of any recoding event (stop codon readthrough or ribosomal frameshifting)

requires the canonical coding path to be represented in the graph already.

Stop codon readthrough is supported by the conversion of a stop codon, that is specified by
their transcript coordinate, to a boolean node with both ‘Translated’ and ‘Untranslated’
outgoing edges that represent the case of readthrough and the case of termination respectively.
Again these edges will terminate at either nodes that were already downstream of the stop or

new ‘3 Prime’ nodes.

The addition of a ribosomal frameshifting event involves the splitting of the ‘Translated’ edge
within which the event occurs in two with a binary node of type ‘Frameshifting’. This node is
linked to the original stop node representing the case where frameshifting did not occur and to

a new stop node that is in a different frame than the original stop node. Again the addition of
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‘Untranslated’ edges and corresponding terminal nodes is maintained to ensure reinitiation

support is maintained.

Constructed graphs can then be used for analysis, be visualised or stored in a file for later

visualisation and analysis.

3.4.3 RDG Visualise Functionality

The RDG Python package comes with its own novel plotting functionality developed using
matplotlib (16). It is possible to conceive a number of different styles in which ribosome
decision graphs can be depicted, however, currently only a cladogram inspired representation
is supported. In these plots the horizontal axis represents the transcript coordinates from zero
to the length of the transcript. The layout of the individual translons across the three different
reading frames is presented in a subplot below the ribosome decision graph. The colours
corresponding to each of the three frames can be customised as can ratios of edge sizes

allowing the user to customise their RDG figures.

The graph layout is a horizontal cladogram with the root on the left and the leaves on the
right. The positioning of nodes on the horizontal axis is straightforward as it is determined by
the coordinate, on the level of the transcript, at which the translation event occurs. The
vertical axis positioning is then more complicated as it must ensure there are no intersecting
edges. The algorithm for vertical positioning starts by assigning the positions of all ‘3 Prime’
nodes followed by the iterative assignment of positions to branch points. This is done by
averaging the vertical positions of their downstream nodes so that the branching occurs half
way between the two downstream nodes. Following this any non-branch nodes can be
assigned a vertical position so that they all run parallel based on the vertical position of their

upstream branch node.

3.4.4 RDG Read and Write Functionality

RDGs can be stored for later use using SQLitedict or Pickle. In Python, pickling is the process
of serialising Python objects into a character stream with all of the information required to
fully recreate the Python object. Pickling RDGs is the preferred method for storing an

individual graph, however, SQLitedict based storage is recommended for large sets of
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ribosome decision graphs as it allows random access. This means even in a set of RDGs the
size of the human transcriptome individual ribosome decision graphs can be easily obtained

based on the locus name.

As ribosome decision graphs consist of a set of binary branch points as do phylogenetic trees.
The RDG package also supports the writing of RDGs to Newick format. This file
format/syntax is commonly used to store phylogenies in text files. It uses paired parentheses
and commas to record the child and parent node relationships and floating point numbers after
node IDs to signify branch lengths. This enables users to repurpose many phylogeny

visualisation software for the visualisation of RDGs.

3.4.5 RDG Prune Functionality

Basic functionality supporting the ‘pruning’ of branches from ribosome decision graphs based
on certain properties of nodes and branches is also supported. This involves the removal of
nodes and their daughter branches while maintaining graph integrity. There are a broad range
of potential applications of this feature, however, in the current version of the package the
only auxiliary functionality supported is the pruning of RDG branches at any branch points
that are not sufficiently supported by ribosome profiling reads. This serves as a proof of

principle for future annotation projects utilising RDGs.
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3.4.6 Installation and Accessibility

The RDG Python package is freely available for installation from the Python Package Index
(PyPI) with pip instal RDG or directly from the GitHub repository at
https://github.com/JackCurragh/RDG. Furthermore, a Google Collaboratory notebook was

previously released as a supplementary method for the original concept paper

(https://colab.research.google.com/drive/1{5iSgySDA Xeq2 7L x 1 f{Cyngm4ljinkgC5 ?usp=shari
ng).
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3.5 Discussion

Current annotation schemas, and the bioinformatic applications for working with them, have
limited functionality for working with the plurality of translation initiation sites, the
relationships between translated regions and various recoding events. The RDG Python
package provides the community with a toolkit for addressing these biological phenomena via

an implementation of the RDG concept.

The development of the RDG package is an ongoing process with a range of enhancements in
the pipeline. A core focus going forward is the refinement of the branch pruning functionality
enabling users to trim RDGs based on a broader set of parameters such as conservation scores
or experimental evidence. We also aim to expand the customisation options for RDG
visualisation, empowering researchers to generate high-quality, publication-ready figures that
capture the complexity of their transcript's translational landscape. Integration of the RDG
package with existing bioinformatics tools and pipelines is a further priority to maximise the

reach of this approach.

We foresee a wide range of potential applications of the RDG Python package across multiple
domains of genomic research. In the context of genome annotation, this tool may streamline
the identification of novel translons as it can drastically reduce the set of candidates based on
the ‘principles of graph construction’. These improved annotations will in turn enable better
characterisation of the effect of variants in non-coding regions such as 5' leaders including
how variants in these regions can influence the translation of other translons. Researchers
aiming to carry out cross-species comparisons of translational regulation will be able to
leverage this tool to identify conserved ribosome decision graph structure as a proxy for
conserved translational regulation. The package may also prove valuable for research into
differential translation, as RDGs support the assignment of probabilities of translation events.
The detection of changes in these probabilities across conditions has the potential to uncover

novel insights into translational regulation.
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4.1 Foreword

In the journey toward the understanding of translatomic complexity, accessible and standardised
translatomic data rivals the need for accurate representations of translation events for pertinence. To
address this need, we introduce the RiboSeq Data Portal which provides access to thousands of
pre-processed Ribo-Seq samples along with standardised sample metadata. The development of this
resource marks a major advance forward in making Ribo-Seq data accessible to the wider community,

potentially accelerating discoveries through translatomic and multi-omic studies.

Much of the metadata cleaning was carried out in collaboration with Hékon Tjeldnes and Michat
Swirski, particularly when they both visited University College Cork during the summer of 2023.
Disorganised metadata is arguably the biggest barrier to leveraging the wealth of existing -omic data

that is available.

Anmol Kiran was invaluable in making rdp.ucc.ie live to the public through his systems administration

wizardry.
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4.2 Abstract

Ribosome profiling (Ribo-Seq), invented in 2009, has consistently grown in popularity and
public repositories now contain more than 13800 samples. Despite its prevalence, large-scale
reanalysis of Ribo-Seq data lags behind other assays such as RNA-seq and ChIP-seq. This
partly owes to a lack of data processing and metadata standardisation. Here, we introduce the
Ribo-Seq Data Portal encompassing the entirety of public Ribo-Seq datasets and presents
unified, standardised and pre-processed data together with its curated metadata. Beyond data
retrieval, its integration with several existing visualisation tools enables large-scale analysis of

Ribo-Seq data for researchers irrespective of their computational infrastructure access.
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4.3 Background

Ribosome profiling, more commonly referred to as Ribo-Seq, involves the arrest of
translating ribosomes while they decode mRNA into amino acids. Following the arrest of
ribosomes, a nuclease is used to digest RNA that is not protected by bound ribosomes.
Approximately 30nt long Ribosome-protected fragments (RPFs or footprints) are then
isolated and sequenced. The alignment of their sequences to a reference genome or

transcriptome enables genome-wide analysis of translation at sub-codon resolution (1-3).

Since the initial publication of this technique in 2009 (4), several variants targeting ribosome
complexes at different stages of translation have been developed. In addition to
cycloheximide which targets ribosomes in the pre-translocation conformation, several other
drugs have been used to arrest ribosomes in other conformations of elongating ribosomes
(5,6). Furthermore, ribosomes can be preferentially arrested during the initiation of translation
with drugs such as lactimidomycin or harringtonine (7-9) allowing mapping of translation
initiation sites, while formaldehyde crosslinking can be used to isolate scanning complexes
(10). Variations of these techniques enable the assessment of compartmentalised translation
(11,12) and the dynamics of co-translational factors bound to the ribosomes (13—15). As a
result, numerous applications of ribosome profiling data have emerged over the past decade.
Most commonly ribosome profiling is used for the identification of translated regions outside
annotated CoDing Sequences (CDSs) (16-21) and for investigating the regulation of gene

expression at the level of translation (4,22,23).
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Figure 4.1: Growth of Ribosome Profiling Data and Literature

Top: Cumulative line plot illustrating the increasing number of publicly available ribosome
profiling datasets across different organisms over time. Each curve represents a distinct
organism, with the area under the curve filled to facilitate visual comparison. Bottom: Bar
chart displaying the yearly trend in the number of publications related to ribosome profiling or
Ribo-Seq, as indicated by the presence of these terms in the title or abstract of PubMed
entries. The y-axis represents the count of relevant publications for each corresponding year
on the x-axis. The decrease in the number of publications after 2021 likely reflects the drop in
ribosome profiling being mentioned in the abstracts rather than a decrease in its use.

Before the advent of this technique, the extent to which mRNA is translated was widely
underestimated. Ribosome profiling confirmed earlier predictions that approximately half of
all human protein-coding mRNA transcripts undergo translation upstream of the
protein-coding sequence due to the presence of AUG codons (24,25). Several bioinformatic
approaches have been developed to predict translated regions from Ribo-Seq data (26-31).

The identification of numerous short translated regions prompted a community-driven effort
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to catalogue them (Mudge ef al., 2021) as well as independent efforts to utilise large numbers
of datasets to generate annotations and make them available in the browser such as OpenProt

(17,18).

Ribosome profiling has enabled genome-wide analysis of gene expression regulation at the
translational level when paired with RNA-Seq to account for mRNA abundance levels. This
approach can be applied to report changes in ribosome occupancy under different conditions
or across different tissue types. Several methods have been developed for discriminating gene
expression changes due to translation regulation and alterations of RNA levels, also allowing
the identification of genes in which changes in RNA levels are buffered by reciprocal changes

in translation (23,32).

Due to the insights this technique provides, the popularity of Ribo-Seq has grown as has the
number of datasets deposited in public repositories such as the European Nucleotide Archive
(ENA) (33) and the Sequence Read Archive (SRA) (34) (Figure 4.1A). However, these data
continue to be underutilised, partly due to inconsistencies in the accompanying metadata.
Ribosome Profiling Database (RPFdb) was a specialised database designed to store, organise,
and provide access to ribo-seq data, however, it has become inaccessible (35). This database
served as a valuable resource for researchers studying translation by offering a centralised
platform where they could access ribosome footprinting data, translated ORF annotations and

data quality information.

As the Ribo-Seq technique gained traction and an increasing number of datasets were being
published, it became clear that most studies produced data for a single purpose and did not
explore the full potential of their datasets. Consequently, there is much to be learned from
reprocessing and reanalysing these datasets. Any reanalysis of publicly available Ribo-Seq
data will typically repeat the same preprocessing steps to obtain ‘clean’ ribosome-protected
fragments prior to carrying out alignment steps. This redundancy in data processing incurs an
accumulation of costs, both financial and environmental. RiboSeq.Org (https:/riboseq.org)
endeavours to provide publicly available tools and data resources, including GWIPS-viz (36),
RiboGalaxy (37), Trips-Viz (38) and RiboCrypt (39), which have been developed over the
course of the last decade. GWIPS-viz, Trips-Viz and RiboCrypt are populated with processed

public Ribo-Seq datasets and support visualisation and analysis in a browser (explored further
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below). However, due to the independent development of these platforms, they are populated
by different pipelines that share the aforementioned redundant pre-processing steps.
Consequently, it became our goal to standardise these data processing steps across
RiboSeq.Org resources and make the resulting processed data public, to reduce the cost of

reanalysis to the community.

As there are only minimal rules governing the description of sequenced samples when
depositing in public databases, there is considerable variability in the resolution and accuracy
of the metadata provided by the depositors. The distribution of relevant information across
synonymously named data fields, along with the use of variable spellings and synonyms
within these fields, makes it challenging to identify related samples originating from different
projects. Consequently, it is intractable to carry out large-scale analyses of translation using

publicly available Ribo-Seq datasets without significant manual intervention.

Previous efforts and methods have been developed to characterise metadata from public
repositories for a similar purpose (40—42). However, these methods do not cater to the
specifics of ribosome profiling metadata effectively. To our knowledge, no prior method
accurately characterises ribosome profiling metadata and makes it available to the wider

community.

The aggregation of samples with a similar protocol design can be used to alleviate some of the
intrinsic noise associated with Ribo-Seq data.overage gained from such aggregation enables
methods to identify translated regions that may be missed when analysing a single sample.
The aggregation of samples with a similar protocol design can also be used to alleviate some

of the intrinsic noise associated with Ribo-Seq data.
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4.4 Results

4.4.1 Ribo-Seq Data Portal - A Platform for the Exploration of Ribosome
Profiling Datasets

The Ribo-Seq Data Portal is home to most of the publicly available ribosome profiling
datasets preprocessed for downstream analysis accompanied by organised and manually
curated information on the origins and experimental conditions. From this single online
resource, a user can identify samples of interest, download processed data and associated
metadata for their own downstream data analysis or analyse the data directly within their web

browser using RiboSeq.Org tools (GWIPS-viz, Trips-Viz and RiboCrypt).

The current version of the Data Portal contains 14,840 samples, 4040 of which have been
further validated manually by RiboSeq.Org contributors. These samples originated from a

total of 969 Ribo-Seq studies across more than 96 different species/strains.

Each sample on the Ribo-Seq Data Portal has undergone a series of metadata curation steps
using a controlled vocabulary consisting of a set of standard subject headings (e.g. Cell Line,
Tissue, Inhibitor), paired with their own thesauri that enables the homogenisation of terms
across studies. For instance, the terms ‘chx’, ‘Cyclohex’, and ‘cycloheximide’ are converged
to the term ‘Cycloheximide’. This process resulted in the list of global metadata field names
collapsing from a total of 813 entries to a total of just 88. Of these, 31 core fields come
directly from the metadata table downloaded from the SRA for each sample. Information is
extracted from these core fields to identify Ribo-Seq samples and subsequently to populate
other fields when they are not ascribed to their own field for that sample. An example of this
is where the data depositor has not specified the cell line used in its own metadata column as
it was specified in the sample's name. By searching for keywords in these core columns the
correct cell line for this sample can be identified. However, priority is given to information
specified explicitly in their own column. This standardised metadata enables coherent search
and filter functionality across the database and is also made available for download in CSV
format. Downloaded CSVs can then be used to specify the batches and conditions to be used

in large-scale differential expression reanalysis.
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Figure 4.2: Metadata Landscape of RiboSeq Data Portal (RDP)

A-D. Horizontal bar charts displaying the distribution of organisms (A), inhibitors (B), tissues
(C), and cell lines (D) represented in the RiboSeq Data Portal Database Each bar segment
corresponds to a distinct category within the respective metadata field, with the segment
width indicating the relative proportion of datasets associated with that category.

E. Bar chart illustrating the extent of missing metadata across various fields. The bars
represent the proportion of datasets lacking information for each metadata field, with taller
segments indicating a greater degree of missing data.

F. Bar chart depicting the availability of different file types within the ribosome profiling
datasets. Each bar corresponds to a specific file type, such as raw data files, processed data
files, or metadata files, with the segment height reflecting the relative frequency of datasets
containing that file type.

Furthermore, sequence read files for each sample are obtained from the SRA, and are

processed using standardised approaches, ensuring that no additional batch effects are
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introduced due to variable data processing steps. Although it may not be the optimal way to

process each individual sample it enables large-scale reprocessing. These resulting processed

files are then made available for download via the Data Portal. The primary file type made

available is a collapsed read file in a collapsed FASTA format where unique reads are stored

once per sample and the number of occurrences of that read is stored in the sequence

description. Other file types made available include BigWig and binary alignment maps

(BAM) along with the corresponding quality control reports from tools such as FastQC and

FASTP. The provision of these processed data files makes it possible for other researchers to

carry out their own downstream analysis with varied degrees of flexibility without having to

repeat redundant preprocessing steps when accessing the datasets from the SRA or ENA.
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Figure 4.3: A graphical schema of the RiboSeq Data Portal workflow.
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Samples selected within the portal (above) can be readily viewed, analysed or downloaded via
the various means shown (below).

The development of the Ribo-Seq Data Portal greatly improved the interoperability of
decentralised web resources such as GWIPS-viz, Trips-Viz and RiboCrypt allowing parallel

exploration of translated regions at the genome and transcriptome levels with minimal effort.

4.4.2 Programmatic Access Facilitates Large-Scale Analysis Projects

The value of the data made accessible via the Ribo-Seq Data Portal would be greatly
diminished if manual or custom steps were required to integrate this data repository into an
analysis workflow. To this end, we also introduce RDP-Tools and the Data Portal REST API.
As RiboSeq Data Portal has adopted non-canonical variants of standard file formats the
interoperability of this platform with external tools requires the provision of extended tooling.
RDP-Tools is a Python-based command-line application that enables users to handle data files
obtained from the Ribo-Seq Data Portal in their own workflow without the need for custom
scripting. Primarily, it facilitates the collapsing and de-collapsing (inflating) of identical

Ribo-Seq reads in various common file formats (FASTA, FASTQ, BAM).

Furthermore, RDP-Tools enables programmatic interaction with the Data Portals application
programming interface (API). Queries via the Ribo-Seq Data Portal API return the requested
metadata in JSON format. This may include download links that can easily be used to fetch
the files from the portal as part of a data processing workflow. As a result, a user can identify,

download and process Ribo-Seq samples for analysis without manual intervention.

4.4.3 Ribo-Seq Data Portal enables Large-Scale Interrogation of Translation
with RiboSeq.Org

After selecting the data of interest, users can follow links to relevant RiboSeq.Org resources
to visualise and analyse their data selection. GWIPS-viz, Trips-Viz and RiboCrypt produce
visualisations of ribosome profiles, but in different contexts. GWIPS-viz is based on the

UCSC genome browser (43)and enables the visualisation of genomic alignments (44). As
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these alignments are carried out against unannotated genomic sequences, translation support
for each annotation can be manually identified using GWIPS-viz. Another advantage of this
platform is that translation outside annotated regions, such as in unannotated exons, retained
introns and intergenic regions, can also be identified. Moreover, genomic alignments can
identify the transcript isoform with the best translational support for further investigation on

Trips-Viz or RiboCrypt.

On Trips-Viz, users can visualise ribosome footprints mapped directly to annotated RNA
transcript sequences. Consequently, it is possible to assign each aligned read to a specific
reading frame based on the position of their inferred A-site relative to the transcript start site
(TSS). This frame information is key to the identification of translated regions (translons) (45)
and may help identify translation mechanisms such as frameshifting or stop codon
readthrough (46). Furthermore, Trips-Viz can be used to calculate global parameters of the
datasets, compare footprint density profiles of individual transcripts between sample sets, and

carry out differential gene expression analysis among many other functionalities (38).

RiboCrypt’s visualisation functionality aims to combine the aforementioned positive aspects
of GWIPS-viz and Trips-Viz by providing translated reading frame information within
genomically aligned ribosome profiles. This is an R Shiny app that supports both genomic and
transcriptomic views from these genomic alignments. The use of a splice-aware aligner
(STAR) minimises the effects of the reduced mapping around splice junctions that occur on
GWIPS-viz due to the use of a non-splice-aware aligner. The heatmap visualisation
functionality provided by RiboCrypt enables the simultaneous visualisation of hundreds of

Ribo-Seq samples.
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Figure 4.4. Comparison of three RiboSeq.Org browsers.
Breakdown of differences in data processing workflows between RiboSeq.Org resources
covering preprocessing, alignment and offset calculations.

Similar to Trips-Viz, RiboCrypt also provides in-browser downstream analysis on
preprocessed publicly available datasets. RiboCrypt offers differential expression analysis
using either FPKM ratios or DESeq2 and analysis of ribosome dwell times per codon. Its
‘MetaBrowser’ enables the visualisation of all available samples for a given organism
clustered based on the samples’ metadata, for example, clustering based on the tissue or cell

origin of the sample.

The combined use of these platforms, guided by the characterised metadata available on the
data portal, enables researchers to explore the translation dynamics at play in publicly

available ribosome profiling samples.
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4.5 Discussion

Large-scale reanalysis of public data has resulted in significant insights across many different
data types. A recent striking example of data reanalysis is a search of more than 20 petabases
of sequencing data from over 5.7 million samples with the goal of identifying novel RNA
viruses. As well as identifying over a million novel viruses, this project illustrated how such

large-scale reanalysis can be carried out economically (47).

Reanalysis of publicly available datasets also allows researchers to uncover potentially
confounding factors that would otherwise be undetectable when analysing data from a single
source. Fasterius ef al. characterised the degree of genetic heterogeneity of various cell line
populations identifying notable examples of stable and unstable cell lines (48). This reanalysis
project identified important considerations for future research that carries out same-cell line
comparisons. Similarly, McCabe et al. reanalysed RNA-Seq data from epithelial ovarian
cancer to measure the suitability of cell lines that are commonly used as in vitro models of
major subtypes of this cancer (49). These examples show the potential for reanalysis leading

to improvements in our experimental approaches.

In relation to ribosome profiling, the reanalysis of 49 available datasets obtained by multiple
laboratories from cells treated with RocA revealed previously unnoticed effects of this drug
on elongating ribosomes (50), while reanalysis of aggregated Ribo-Seq datasets from 13
publications revealed the existence of thousands of human proteoforms with extended
N-termini due to initiation at non-AUG codons (Fedorova et al 2022). Aggregating Ribo-Seq
datasets has been effectively used to improve the signal-to-noise ratio of the data on the
RiboSeq.Org visualisation platforms. This provides clearer insights into the regions of RNA
that are being translated on a given transcript. Translon calling with aggregated data as an
input is employed by Trips-Viz (38) The benefits of this aggregation are highlighted in a
recent review (Chothani et al., 2023). The aggregation described here is a pan-tissue/cell line
approach, however, with accurately annotated sample metadata it is now tangible to
characterise tissue-specific translatomes in a manner similar to how GTEx characterise
transcript expression across tissues (‘The Genotype-Tissue Expression (GTEXx) pilot analysis:

Multitissue gene regulation in humans’, 2015).
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A large amount of valuable sequencing data remains under-utilised post-publication. This can
be attributed to a number of factors, such as the requirement for significant computational
infrastructure and technical expertise to reprocess datasets of interest. Furthermore,
high-quality automated large-scale data processing and analysis efforts are not tractable in the
absence of high-quality sample level metadata. Sometimes this information is missing entirely
from the sample metadata. Even in cases where the metadata are provided by the submitter,
this information is not stored in standardised data fields and ambiguous terms are often used
to describe the samples making it difficult to reliably process in an automated manner. The
RiboSeq Data Portal aims to remedy these metadata inconsistencies, especially those of
published ribosome profiling datasets as some key metadata fields are required for this data
type. However, the approaches described in this manuscript could be applied to any other set

of published sequencing datasets.

For more than a decade, RiboSeq.Org has been making thousands of published ribosome
profiling samples available for visualisation and analysis in the browser to lessen the
computational requirements of exploring ribosome profiling data. Furthering this goal, the
data portal makes processed datasets available for download to reduce the burden of data
reanalysis for the community. Each user who carries out a reanalysis of Ribo-Seq data that
they sourced from a public repository will be required to carry out many of the same data
processing steps regardless of the downstream analysis they are constructing. These steps are

time-consuming and potentially expensive depending on the computational environment used.

Each run of a bioinformatic workflow has not only a financial cost but also a cost to the
environment. Many groups conducting the same standard preprocessing and quality control
steps contribute to unnecessarily increasing the carbon footprint of such reanalysis projects.
Greally et al. (2022) conducted a similar, but more elaborate, workflow for cleaning and
conducting quality control for 392 RNA-seq samples and calculated the carbon footprint of
the data processing. Preparing these samples for analysis with their pipeline and
computational environment was estimated to produce 54.97 kilograms of CO2 equivalent
units (kgCO2e). This is stated to be the equivalent of the amount of CO2 that a mature tree

would sequester over 5 years or that a car would emit driving 314.11 kilometres. Processing
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these files once and subsequently making the files available for use by the community has the

potential to greatly reduce the incurred environmental burden of reprocessing data.

In the development of this resource, a number of decisions had to be made that need to be
clearly stated as they may be seen as limitations. We endeavour to provide ‘clean’ Ribo-Seq
reads that consist solely of the ribosome-protected fragment, however, unique molecular
identifiers (UMIs) are not handled as part of the preprocessing pipeline. This will only be an
issue for some downstream analysis such as the application of aligners that do not support soft
clipping of the alignments. Should a user wish to use an older aligner such as Bowtie (v1) that
does not support soft clipping they would need to investigate the needs to handle UMIs
themselves. Furthermore, just the top identified adapter is removed from each sample rather
than the specific adapter used in the study. The specific adapter cannot be obtained for each
sample as this information is very inconsistently reported in the metadata. Users can find the
information on the adapter trimming process in the FASTP report that is made available for

each sample.

The RiboSeq Data Portal’s metadata cleaning approach described above is ever-adapting and
improving to better accommodate existing datasets. Some metadata that has been ‘cleaned’ by
the current workflow will inevitably be flawed and will require updating. Furthermore, we are
exploring the use of large language models for metadata standardisation which may result in
major updates to the metadata published on this platform. To enable users to continue to

interact with these updates regular snapshots of the database are made available for reference.
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4.6 Conclusions

In this work, we present RiboSeq.Org’s latest addition, the RiboSeq Data Portal which hosts
well-characterised metadata for a large set of ribosome profiling samples and greatly
improves the interoperability of RiboSeq.Org resources. Furthermore, alongside these
accurate metadata, the processed data files made available via the data portal improve the
tangibility of large-scale data analysis of translation while greatly reducing the computational

requirements and environmental costs incurred by reanalysis efforts.
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4.7 Methods

4.7.1 Ribo-Seq Study and Sample Identification

Publicly available ribosome profiling studies are identified via a multi-step process that runs
monthly to ensure the database is up to date. First, a search is carried out against the
NCBI-BioProject database for the keywords: "Ribosomal footprinting"[All Fields] OR
"Ribosome footprinting"[All Fields] OR "Ribosome profiling"[All Fields] OR "Ribo-Seq"[All
Fields]. Then, the SRA Run meta information is downloaded for each study that was
identified. This metadata is aggregated and a classification step is performed where individual
runs are identified as Ribo-Seq or Not Ribo-Seq. This classification is based on the presence
or absence of the following terms in the sample name or sample title: "ribo"”, "footprint”,
"RPF", "RFP", "80S", “fp”, “rp”, “rf”. This search process has been iteratively updated to
identify as many genuine ribosome profiling samples as possible, however, many instances
are likely missed. Where this is identified, we either add the sample(s) manually or extend the
search parameters with the new term. Notably, this laborious step could be made unnecessary
if data depositories supported a ‘RIBOSEQ’ library type upon upload rather than forcing
inaccurate labelling such as ‘RNASEQ’ or ‘OTHER’.

4.7.2 Metadata Curation

Following the identification steps, we possess a set of Ribo-Seq sample accessions and the
associated meta information available on SRA/ENA. This run information consists of core
columns that are available and populated for all the samples in the database and variable/open
columns that are project- or sample-specific. As variable columns are populated by different
individuals for each study, the formatting and content for each vary greatly. This variability in
column titles and column contents makes it difficult to standardise the metadata across
studies. To address this issue, we designed a controlled vocabulary that consists of standard
subject headings and thesauri of terms, which has been iteratively developed to ensure it
optimally describes the metadata obtained. This controlled vocabulary enables drastic
homogenisation of the metadata which will also aid search and filter functionality down the

line.
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To improve the controlled vocabulary and to ensure the accuracy of the metadata curations, a
manual QC step is carried out where each study metadata is reviewed and corrected if
necessary. This introduces a top echelon on Ribo-Seq samples within RiboSeq.Org that have

‘verified’ metadata.

Scripts for the identification and curation of these metadata can be found on GitHub at

https://github.com/Roleren/riboseq metadata.

4.7.3 File Processing

Our goal was to process and make as much available data as possible for each identified
Ribo-Seq sample. The minimal goal is to download and preprocess Ribo-Seq sample FASTQ
files to generate collapsed read files and make them available for download in FASTA format.
First, for each Ribo-Seq run accession in our metadata database, we attempt to download the
SRA file for that run from the Amazon Web Services (AWS) hosted SRA repository using the
aws-cli program v1.27.157 (https://aws.amazon.com/cli/). Successfully downloaded SRA files
are converted to FASTQ format using fasterq-dump v3.0.5 (51). Where this AWS download
fails, the command line application fastqg-dl v2.0.0 (52) is used to obtain the FASTQ files
from the ENA.

FastQC v0.12.1 (https://www.bioinformatics.babraham.ac.uk/projects/fastqgc/) is run on all the

obtained read files using a curated list of commonly found adapters in ribosome profiling
libraries. After identifying the adapters, the report was preserved. The identified sequence is
then trimmed from all reads using FastP v0.23.4 (53) with a minimum length set to 20
nucleotides. The FastP report was obtained in JSON format. The FastP and FastQC reports

are compiled into one standalone report with MultiQC v1.12 (54).

Trimmed Ribo-Seq samples then undergo a collapsing step where the set of nonredundant
read sequences is identified and the occurrence of each individual sequence is counted. These
reads are then written to a FASTA file where the unique read identifier and read count are
recorded in the sequence description followed by the sequence of the read. Although this was

carried out with a standalone script, this functionality has since been wrapped into a command

109


https://github.com/Roleren/riboseq_metadat
https://aws.amazon.com/cli/
https://www.zotero.org/google-docs/?broken=WaXdhr
https://www.zotero.org/google-docs/?broken=8pCXzl
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://www.zotero.org/google-docs/?broken=u5Wb0b
https://www.zotero.org/google-docs/?broken=QOTygP

line tool, RDP-Tools. The code for RDP-Tools 1is now available at
https://github.com/riboseqorg/RDP-Tools.

The Nextflow pipeline for the download and collapse of Ribo-Seq samples data files can be
found on GitHub at https://github.com/JackCurragh/Collapse-FASTOQ.

4.7.4 Data Portal Development

The RiboSeq.Org data portal was developed in Python v3.10.10 using the Django framework
v4.2 and SQLite3 3.31 databases. It facilitates the search and retrieval of Ribo-Seq studies and
samples of interest, maximising the implementation of our controlled vocabulary to return
coherent results. The database can be searched and filtered across all metadata fields
including the presence of samples on other RiboSeq.Org platforms and availability for
download. It is also possible to filter studies that have been manually verified for accuracy by
a RiboSeq.Org developer. The RiboSeq Data Portal API was developed using the Django

REST Framework (https://www.django-rest-framework.org/).

The source code for this data portal can be found on GitHub at

https://github.com/riboseqorg/RiboSeqOrg-DataPortal.
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5.1 Foreword

When large amounts of ribosome profiling data is readily accessible in standardised formats
the question moves from ‘How can we get the datasets?’ to “Which datasets should we get?’.
The quality and characteristics of Ribo-Seq data can vary considerably which can have
significant impacts on our ability to draw meaningful conclusions from our analysis. Current
data assessment approaches have limited applicability to large-scale studies as they require
manual human assessment of quality assessment plots. This chapter introduces RiboMetric, a
novel tool for the comprehensive assessment of Ribo-Seq dataset properties. By providing a
standardised, metric-based approach to evaluating key features such as periodicity, uniformity,
and read length distribution, RiboMetric enables researchers to make more informed decisions
when selecting datasets for analysis. This tool complements the resources introduced in earlier

chapters, further enhancing our ability to conduct robust and reliable translatomic research.

119



5.2 Abstract

Background: Ribosome profiling (Ribo-Seq) has become the predominant method for the
genome-wide assessment of translation and as a result, its popularity has grown and increased
numbers of datasets has been made available in public depositories. Analysis of these datasets
have unveiled considerable variability in data quality often attributed to complexities of the
nuanced protocol. Existing tools for the assessment of Ribo-Seq data properties do not readily
support command-line execution hindering their integration pipelines and furthermore do not

enable the comparison of large numbers of datasets simultaneously.

Method: We introduce RiboMetric, a command-line application for the assessment of
properties of Ribo-Seq data that formalises metric-based assessment of these dataset
properties. Triplet periodicity, profile uniformity, terminal nucleotide bias and the read length
distribution are evaluated using a variety of metrics novelly implemented in RiboMetric.
These metrics were assessed using both simulated and read data in order to understand their
performance. Alongside these metrics, the tool generates comprehensive reports akin to those

produced by other quality assessment tools such as FastQC.

Results: RiboMetric is shown to characterise dataset properties using metrics successfully.
Datasets exhibiting high and low periodicity and uniformity were effectively identified by the
implemented metrics while the terminal nucleotide bias and read length distributions metrics
provided more technical insights into aspects of the library preparation steps carried out. This
work sets the foundation for future optimisations of metric-based Ribo-Seq data property
assessment. By executing RiboMetric on 1,322 human Ribo-Seq samples, we show the
potential of applying this method to identify correlations between metrics and potential

outliers.

Conclusion: RiboMetric serves as a comprehensive tool for assessing Ribo-Seq data quality
via a command-line executable promoting the reproducibility and reliability of Ribo-Seq data.
RiboMetric  is  freely  available at  https:/pypi.org/project/RiboMetric/  and
https://github.com/JackCurragh/RiboMetric
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5.3 Introduction

Ribosome profiling (Ribo-Seq) is a foundational technique that has revolutionised the study
of translation by providing a global snapshot of ongoing translation in a sample via a
combination of ribosome arrest, nuclease digestion and the sequencing of the resulting
ribosome-protected fragments. Introduced in 2009, Ribo-Seq enables researchers to obtain
insights into translation in vivo genome-wide at subcodon resolution (1). This allows for a
deeper understanding of global changes in translation under various conditions (2).
Additionally, Ribo-Seq can be used to identify which regions of RNAs are translated (3—5)

and even determine which reading frame they are translated in (6,7).

Before the advent of Ribo-Seq, the extent of the known translation outside of annotated
coding regions and the study of genome-wide translation regulation was limited. Mapping the
positions of translating ribosomes to the transcriptome has enabled extensive annotation of
translated regions (translons (8)), valuable mechanistic insights and further insights into gene

expression regulation at the level of translation (9,10).

Variants of the ribosome profiling protocol aim to capture ribosomes during different phases
of translation, namely initiation, where the full ribosome complex assembles at a start codon,
and elongation, where the nascent peptide is synthesised. The original and most common
variant involves the immobilisation of translating ribosomes with cycloheximide which
blocks the pre-translocation stage of translation elongation (1,11,12). The alignment of the
reads originating from this protocol results in a ribosome profile where the mapped footprints
are distributed across the entire translated region. As a result, these datasets are particularly

suited to differential translation analysis and the identification of translated regions.

Treatment with lactimidomycin or harringtonine has been shown to enrich the presence of
fragments protected by ribosomes that are actively initiating translation (13—15). The presence
of these initiating ribosome-protected fragments (RPFs) can be further enriched in the
protocol by the prior addition of puromycin as this decreases the number of elongating
ribosomes captured (16,17). The resulting profiles from these initiating ribosome profiling

protocols show profiles enriched at translation initiation sites (TISs) which has been shown to
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be useful for the detection of start codons and for studying start site selection and rates of

initiation (18,19).

Various protocol modifications have been made to the original protocol since 2009 to reduce
the time, cost and protocol-dependent distortions of the data. The use of different inhibition
methods can have significant impacts on the resulting ribosome profiles. The initial protocol
called for preincubation of the sample with cycloheximide however this was later deemed
unnecessary when cycloheximide was in the lysis buffer (20,21). In Saccharomyces
cerevisiae, it was noted that the use of cycloheximide to inhibit translation led to an artificial
build-up of ribosomes at the beginning of the coding sequence (CDS) (22). However, this bias

was not shown to affect cultured human cells (23).

The nuclease digestion step is the next major source of variation in ribosome profiling
protocols. The goal of this step is to break down any RNA fragments not protected by a
ribosome converting polysomes to monosomes (1). RNase I is the most abundantly used
nuclease for this purpose as it results in comparatively low sequence bias and strong 3nt
periodicity. However, RNase I has been found to also digest the ribosomal RNA (rRNA)
leading to increased abundance of rRNA in the sequenced library. Alternatively, micrococcal
nuclease (MNase) has been employed as it better preserves the ribosome structure at the cost
of single nucleotide resolution (24). P1 nuclease has recently been proposed as a
sequence-independent single-strand nuclease that preserves ribosome integrity better than
RNase I (25). Following nuclease digestion the resulting RNA fragments are then
size-selected, targeting fragments ~30nt long in order to enrich ribosome-protected fragments,

and rRNA depletion to reduce the number of RPF-sized fragments of rRNA being sequenced.

Although not a protocol variation, the size selection step is a major source of variability
between datasets. This step involves cutting a section from a gel that is approximately the
expected size of the RNA fragments. Depending on the width of the band that is cut from the
gel the read length distribution of the dataset can vary greatly.

Library construction is the final variable step in Ribo-Seq protocols. Depending on the
approach used in this step various biases can be introduced. For example, ligation-free

template switching approaches are reported to have a bias favouring reads with G at their 5’
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end. Furthermore, the circularisation of reads has been shown to introduce a ligation bias
where the number of reads in the sequenced sample is influenced by ligation adapter affinity
for specific bases at read termini. Unique Molecular Identifiers (UMIs) have gained

popularity in recent years in order to combat the effects of PCR amplification biases.

Ribosome profiling has inspired the development of a number of related protocols for the
investigation of different aspects of translation at a genome-wide level. Scanning ribosomal
complexes can be profiled by derivatives of the original Ribo-Seq protocol. Translation
Complex Profile Sequencing (TCP-Seq) and Ribosome Complex Profiling (RCP-Seq) involve
nuclease digestion following formaldehyde crosslinking (26,27). The resulting 40S and 80S
associated fragments are then separated using sucrose gradients. This enables insights into
scanning dynamics from the aligned 40S RPFs along with elongating dynamics from the 80S

fraction.

Selective TCP-Seq (Sel-TCP-Seq) provides more nuanced insights into scanning ribosome
dynamics via the immunoprecipitation of targeted proteins to profile scanning ribosomes that

are in complex with specific initiation factors (28,29).

Disome sequencing or Disome-Seq enables the procurement of RPFs that originate from
collided ribosomes. Collided ribosomes can be identified as a peak that is heavier than the
predominant monosome peak when digested RNA is subjected to sucrose gradient
centrifugation (30). The sequencing and subsequent analysis of disome-seq reads provide

genome-wide insights into the locations of ribosome collisions.

Sequenced ribosome-protected fragments are commonly aligned against the genome or
transcriptome followed by an assessment of the quality of the aligned data prior to further
analysis. These quality assessments commonly look at levels of contaminating RNAs, the
read length distribution, the bias the aligned reads have to the annotated coding reading frame,
and the distribution of reads across mRNAs. Variation in these properties of Ribo-Seq datasets
may be introduced as previously mentioned during library preparation but also during data

processing.

A number of computational approaches have been developed to carry out checks on Ribo-Seq

data however it is also common for these checks to be carried out with custom scripting. For
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the most part, these methods focus on the generation of visualisations that a researcher may
use to determine the properties of each dataset. Of these tools, just five have been developed
with a specific focus on quality assessment. Two of which are published, mQC (31) and
RiboStreamR (32), while Ribo-SeQC remains in preprint (33). The other two tools designed
specifically  for  quality  assessment of Ribo-Seq data are  RiboScore

(https://github.com/keanejm/RiboScore) and RibosomeProfilingQC (34) which are available

as Python and R packages respectively. Many further tools are not quality assessment specific

but support much of the same functionality (see Table 5.1)
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Table 5.1 - Ribo-Seq Quality Tools

Tool Name Tool Type Code Reference |Language |Access/Availability
Quality Assessment Tools
Quality
Ribo-SeQC Assessment GitHub Preprint R Git Clone
Quality
RibosomeProfilingQC Assessment Bioconductor |None R Bioconductor
Quality
RiboStreamR Assessment GitHub Published (R Git Clone
Quality
RiboScore Assessment GitHub None Python Git Clone
Quallty Perl,
mQC Assessment GitHub Published Python, R [Conda
Tools w/ Quality Assessment Functionality
Python; trips.ucc.ie;
Trips-Viz Browser App GitHub Published |Flask Git Clone
RiboCrypt Browser App Bioconductor |In Prep. R; R Shiny [ribocrypt.org; Bioconductor
Python;
RiboGraph Browser App GitHub Preprint JavaScript  [Git Clone
ORFik Pipeline Bioconductor |Published R; R Shiny [Bioconductor
Git Clone;
RiboViz Pipeline GitHub Publish Nextflow  |Scripts Provided
R, Perl,|No longer available (Dead
RiboToolKit Pipeline None Published [JavaScript |[link)
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https://github.com/pjperki2/riboStreamR
https://doi.org/10.1186/s12864-019-5700-7
https://github.com/keanejm/RiboScore
https://github.com/Biobix/mQC
https://doi.org/10.1016/j.cmpb.2018.10.018
https://github.com/Riboseqorg/Trips-Viz
https://doi.org/10.1093/nar/gkab323
http://trips.ucc.ie/
https://bioconductor.org/packages/release/bioc/html/RiboCrypt.html
http://ribocrypt.org/
https://github.com/ribosomeprofiling/ribograph
https://doi.org/10.1101%2F2024.01.11.575228
https://bioconductor.org/packages/devel/bioc/html/ORFik.html
https://doi.org/10.1186/s12859-021-04254-w
https://github.com/riboviz/RiboViz
https://doi.org/10.1093/bioinformatics/btac093
https://doi.org/10.1093/nar/gkaa395
https://bioinformatics.sc.cn/RiboToolkit/analysis.php
https://bioinformatics.sc.cn/RiboToolkit/analysis.php

Although a large variety of bioinformatic applications are capable of carrying out quality
assessment of ribosome profiling data they produce highly similar varieties of quality
assessment plots. For the most part, these plots are sufficient for understanding the data
however they do not facilitate large-scale comparisons of data properties across large numbers
of datasets as found in the RiboSeq Data Portal. RPFdb, a platform for exploring processed
Ribo-Seq datasets, notes they make quality reports available for each processed sample (35).
However, assessing dataset quality at the database scale is significantly time consuming. We
propose that a metric-based assessment of Ribo-Seq data properties will enable this
comparison at scale. Metrics for assessing the periodicity of Ribo-Seq data are used in various
applications including Trips-Viz and RiboStreamR but not for other Ribo-Seq data properties
(32,36).

To address these limitations in existing tools and facilitate large-scale comparisons, we have
developed RiboMetric, a comprehensive quality control and analysis tool for ribosome
profiling data. RiboMetric generates detailed sample reports and quantitative metrics that
assess critical properties of Ribo-Seq datasets, including periodicity, uniformity, terminal
nucleotide bias, distribution across mRNA transcripts, and read length distribution. By
leveraging these evaluations, RiboMetric enables nuanced quality assessment and facilitates
large-scale comparisons of ribosome profiling datasets. In this work, we investigate various
metrics for each critical property by assessing their appropriateness and behaviour using
thousands of publicly available datasets and simulated datasets. Through case studies and
examples, we discuss the scenarios where metrics succeed and fail highlighting their strengths
and weaknesses. Based on these findings we make recommendations for metric selection for

quality assessment and implement them as default settings in RiboMetric.
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5.4 Materials and Methods

5.4.1 Datasets

Processed publicly available Ribo-Seq datasets were sourced from the RiboSeq Data Portal
(RDP) from the riboseq.org collection of resources (Chapter 4). These datasets originate from
the European Nucleotide Archive or Sequence Read Archive and have undergone
standardised preprocessing and genomic alignment. No filtering was applied and all available
BAM files of 1386 human Ribo-Seq samples were sourced along with their associated

metadata.

We also simulated data scenarios in order to benchmark the metrics and understand their
behaviour under edge-case conditions. Rather than simulating entire Ribo-Seq datasets,

simulated inputs for the various Ribo-Seq property metric functions were generated.

For periodicity metrics, we exhaustively computed all possible read frame distributions
summing to 100, representing the full spectrum from extreme bias to perfect balance. For

example:

e (98,1, 1): Strong bias towards the first frame

e (2,98, 0): Strong bias towards the second frame

e (33,33, 34): Approximately equal distribution across frames
Mathematically to simulate metagene profiles from these frame ratios we did:
for each position i in the metagene:

_ *
Ci =B R(imod3) t & (1)

Where: C ; is the count at position i, B is the base count, R]_ is the ratio for frame j (j € {0, 1,

2}) and € ~ N(0, 6?) : random noise.
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For metrics requiring read counts per frame as input, we aggregated these simulated metagene
counts by frame. This approach allowed us to test our metrics across a wide range of

theoretically possible scenarios, ensuring robust performance under various conditions.

A number of uniformity assessment functions also take coding sequence metagenes as inputs.
The aforementioned metagenes were updated to introduce variability across the metagene
rather than just in the three frames. To do this, the metagene was split into 6 bins of 20
nucleotides which could then be assigned a weight from 0 to 6 pertaining to how variable the
expression of this region would be. We permuted a set of combinations to cover the full range
of variability of region uniformity. Examples from this set include (0, 0, 0, 0, 0. 0) and (6, 6,
6, 6, 6, 6). These bin weights were then used to adjust the metagenes accordingly. In order to
assess global uniformity the counts in each bin were multiplied by the bin weight resulting in
varied degrees of expression across the profiles. In order to assess local uniformity a random
selection of positions within each bin were multiplied by the bins weight resulting in varied

degrees of random peaks in the profile.
To simulate terminal nucleotide bias, we developed a bias function that modifies dinucleotide
frequencies. Let f ; be the initial frequency of dinucleotide 1, b be the bias degree parameter,

and S be the set of favoured dinucleotides. We apply an exponential bias function:

fl=f" e fori €S (favoured dinucleotides) (2)

f i' =f . *e " fori¢ s (non favoured dinucleotides) (3)

These frequencies are then normalised to sum to 1. This approach allows us to systematically

vary both the number of over-represented dinucleotides and the degree of bias introduced.

Finally, to assess our read length distribution metrics, we simulated diverse Ribo-Seq read
length distributions. For each simulated dataset, we randomly selected a mean read length p
from a uniform distribution between 18 and 35 nucleotides (the typical range for Ribo-Seq
data). We then chose a standard deviation ¢ randomly between 1 and 5 to represent varying
levels of dispersion. Using these parameters, we generated 1000 read lengths from a normal

distribution N(u, 6?). To ensure realistic read lengths, we clipped the values to the range [18,
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35] and rounded to the nearest integer. This process was repeated 100 times to create a diverse
set of simulated distributions. Mathematically, each read length L in a distribution is generated

as:
L = N(u 0% @)

where distribution N is clipped so that 18 <L <35 and p ~ U(18, 35) and ¢ ~ U(1, 5). This
approach allowed us to systematically evaluate our metrics across a wide range of plausible

Ribo-Seq read length distributions.
5.4.2 RiboMetric Implementation

RiboMetric is a command-line application written in Python 3. Command line argument
parsing is handled with argparser and command-line reporting with Rich. BAM file parsing is
handled with a combination of PySAM and Oxbow. Annotation file parsing is conducted with
GFF Pandas. The majority of the modules and metrics rely on Pandas, Numpy and SciPy.
Plots are generated with Plotly which are compiled into a HTML report using Jinja2. PDF
reports are generated from HTML reports with xhtmlI2pdf.

Stable  versions  of  RiboMetric are  made  available via  PyPI  at

https://pypi.org/project/RiboMetric/.

5.4.3 Quality Control Metrics
Periodicity

Two types of triplet periodicity assessment metrics are implemented in RiboMetric. The first
variety looks to quantify the degree to which reads are assigned to one reading frame relative
to the others. The first of this variety of metrics is termed the ‘Reading Frame Dominance’

metric and is calculated as the proportion of reads the map to the main reading frame:

max(F_,F_,F)
Periodicity =—"12 (5)

Dominance (Fy+F +F)

Where F o’ F v F , are the number of reads mapping to each of the three reading frames.
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The next is termed the ‘Reading Frame Score - Trips-Viz’ as this is the method of periodicity
assessment implemented in Trips-Viz. This metric is the difference between the top supported
reading frame and the second top reading frame as a proportion of the top reading frames

support.

Periodicitymps =1 - : (6)

Where F ) is the number of reads in the most supported frame and F 5 is the number of reads in

the second most supported frame.

The third metric of this variety is introduced as a novel metric and is described as the
information content of the read frame proportions of a given region. The score is calculated as
the square root of the "bits of information" in the read frame distribution. The square root is
used to normalise the score so that it scales better between 0 and 1. This is done by first
calculating the difference between the maximum Shannon entropy of the triplet distribution
and the Shannon entropy of the given probability distribution. It is calculated using the

formula:

2
log,3— X p,log,(p)
i=0

Periodicitymfo = (7)

log23

Where P, is the proportion of reads in frame i. The score is then calculated as the square root

of the difference between the maximum entropy and the actual entropy, divided by the
maximum entropy. This gives a value between 0 and 1, where higher values indicate a

stronger triplet periodicity in the input probabilities. A higher Periodicityln foSc0Te indicates

that the distribution of reads among the three possible frames is more regular and less random,

suggesting a higher degree of periodicity.
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The second variety of triplet periodicity assessment metrics are spectral metrics that look to
detect the periodic nature of signals. In this case, we take the frequency of A-site counts
across annotated coding sequences as the signal and use these approaches to decompose the
signal into its constitutive frequencies. The first of these metrics is a Fourier transform-based
metric used to quantify the strength of the triplet periodicity signal in the metagene profile.
This metric leverages the Fourier transform, which decomposes a signal into its constituent
frequencies. The key idea is that if a strong triplet periodicity exists in the metagene profile, it
should manifest as a prominent frequency component at 1/3 cycles per position,
corresponding to a period of 3 nucleotides. We quantify the strength of triplet periodicity

using a Fourier Transform-based metric:

-1 - (2 ®)
YA

L

Periodicity

Fourier

Where A3 is the amplitude of the Fourier coefficient corresponding to a frequency of 1/3
cycles per position X Ai is the sum of amplitudes of all Fourier coefficients. This metric

ranges from 0 (no periodicity) to 1 (perfect periodicity), with higher values indicating stronger

triplet periodicity.

Second, an autocorrelation-based periodicity metric is another approach to quantify the
strength of the triplet periodicity signal in the metagene profile. This metric relies on the
autocorrelation function, which measures the similarity between a signal and a lagged version
of itself. The key idea is that if a strong triplet periodicity exists in the metagene profile, the

autocorrelation function should exhibit a prominent peak at a lag of 3 nucleotides.

We also employ an autocorrelation-based metric to assess triplet periodicity:

N (R,—R)
Perlodlatyauw = 7 9)

Where R 3 is the autocorrelation value at lag 3 and R is the mean autocorrelation value

(excluding lag 0).
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This metric can range from negative values (anti-periodic signal) to positive values, with
higher positive values indicating stronger triplet periodicity. A value of 0 suggests no apparent

periodicity.
Codon Coverage Uniformity of Metagenes

Autocorrelation-based metrics are also used in RiboMetric to quantify the uniformity of the
Ribo-Seq signal in a similar method to the above. This uniformity metric leverages the
autocorrelation function to measure the self-similarity of the Ribo-Seq signal across different
lags. A highly uniform signal should exhibit high autocorrelation values across all lags, as it
lacks significant periodic patterns or fluctuations. Conversely, a non-uniform signal with
strong periodic components or localised peaks will have lower autocorrelation values at
certain lags. In order to avoid a low score due to triplet periodicity alone this is calculated

based on codon counts rather than nucleotide counts.

First, the Ribo-Seq metagenes counts per codon are calculated. The autocorrelation of these
counts is calculated as the cross-correlation between this sequence and itself. The uniformity

score is then calculated as the mean of the first 5 lags of the cross-correlation.

This score ranges from 0 to 1 where 1 represents the perfectly uniform sequence. The
uniformity metric provides a complementary perspective to the periodicity metric, as it
quantifies the overall smoothness and lack of periodic patterns in the Ribo-Seq signal, rather

than specifically focusing on the triplet periodicity component.

We also include an entropy-based metric that assesses the degree of randomness in the
samples coding metagene. A sample with maximum entropy across codon counts is
considered to be perfectly uniform. Again, codon counts are used in order to prevent the
degree of periodicity impacting the uniformity score. For each read length, we calculated the
entropy of the proportion of codon counts per position across the coding metagene and
normalised these values by the maximum possible entropy returning an entropy-based

uniformity score between 0 and 1.
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i=n
—Eopi log,(p)

Uniformityenmpy = TON (10)

Where piis the proportion of A-site counts at codon i of the coding metagene profile and 7 is

the number of codons in the metagene.

Alternatively, we look at two inequality-based metrics to assess the uniformity of the
metagene profile of a sample. These metrics are commonly used to assess economic
inequality that is commonly used in biology (37,38) but we repurpose them to assess the
non-uniformity of a ribosome profile. Firstly the Gini coefficient, which is a measure of the
statistical dispersion within a distribution is used to represent the inequality of a profile. The
Gini coefficient assesses inequality, so a maximum score of 1 indicates a non-uniform profile
and a minimum score of 0 indicates perfect uniformity. In order to apply this coefficient to a
ribosome profile we consider each codon in the metagene as an ‘individual’ and based on the
density of Ribo-Seq reads we attribute them ‘wealth’. The Gini coefficient is then calculated
as the ratio of the area between the line of perfect uniformity and the observed distribution
curve over the area under the line of perfect uniformity. Finally, in order to make this a metric
of uniformity rather than non-uniformity we invert the value.
Tx (2i—n—1)

L

Umformltymm_ = — (11)
ani
Where X, is the counts at position i in a list of all counts across the metagene sorted in

ascending order and # is the number of positions in the metagene.
The second metric taken from the study of economic inequality is the Theil index which is a
value also derived from the concept of entropy. It is the sum of the products of the proportion

of Ribo-Seq reads at each codon position and the logarithm of the reciprocal of this

proportion.

We calculate a uniformity metric-based on the Theil index, originally developed to measure

economic inequality:
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. . 1
Uniformity, = =1- (nln(n) )Z pin(n*p) (12)

Where 7 is the number of codons in the metagene profile and P, is the proportion of reads at

codon position i. This metric ranges from 0 (complete non-uniformity) to 1 (perfect
uniformity), with higher values indicating more uniform distribution of reads across codon

positions. This metric differs from UniformityEnmpy as the argument of the logarithm

function is the reciprocal of that codon's proportion. This results in greater weight being given

to the less frequently occupied codons.
Terminal Nucleotide Bias

Terminal nucleotide biases are calculated for both 5’ and 3’ read termini as preferential
cleavage or ligation may occur at one terminus and not the other. From the read sequences
provided in the BAM file we record just the dinucleotide frequencies observed in order to
limit the memory requirements of the application. In order to obtain expected dinucleotide
frequencies without requiring the provision of reference transcript sequences RiboMetric
records the dinucleotide frequencies across each entire unique Ribo-Seq read provided. The
first terminal nucleotide bias metric is simply the complement of the maximum difference in
observed and expected proportion of any dinucleotide observed at the read terminus. A higher
value of this metric indicates that there is an overrepresentation of at least one dinucleotide at

that terminus.

Terminal Nucleotide BiasM = max, |0ij —E (13)

ax Abs ij|
Where i represents the read terminus (5 or 3°) and Oijdenotes the observed frequency of
dinucleotide j at terminus i. E i represents the expected frequency of dinucleotide ; at terminus
I

Alternatively, the Kullback-Leibler divergence is calculated as a measure of dissimilarity
between the observed and expected distributions of dinucleotide frequencies at each terminus

using the same observed and expected frequency values as specified above.
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Terminal Nucleotide BiasMaxAbs highlights the most significant discrepancy while the

Terminal Nucleotide BiaSKL Divergence is a more comprehensive measure of the dissimilarity
A

across all dinucleotides.
0.
Terminal Nucleotide BlasKL (Oi [ Ei) =Yy 01'1097: (14)

Where the terms used match equation 13 above.

Read Length Distribution

It is commonly stated that Ribo-Seq reads are expected to be 28-32 nucleotides in length
however it is also acknowledged that depending on the components of the ribosomal complex,
ribosome conformation, and laboratory protocol the expected read length distribution may
change. As a result, a wide variety of metrics are required in order to attempt to characterise
the potential read length distributions observed in Ribo-Seq data. In RiboMetric these read
length distribution metrics can be classified as either assessing dispersion or shape of the

distribution.

The first dispersion-focused metric is the coefficient of variation of the read length
distribution which enables an assessment of the dispersion relative to the mean. This metric is

the standard deviation of the data divided by the mean.

Read Length Distributioncv = % (15)

Where p is the mean read length of the sample and o is the standard deviation.

The second dispersion metric is an interquartile range normalised metric that aims to assess
the dispersion of the read length distribution while accounting for potential outliers. This

metric is the ratio of the interquartile range to the range between the 10th and 90th percentiles.

P _ -1
Read Length DlstrlbutwleR Normalised ~ PP (16)
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Where Q7 and Q3 are the first and third quartiles respectively and P10 and P90 are the tenth

and ninetieth percentiles.

The first shape related metric is the proportion of reads in the sample in the most common
read length. The relative height of the peak of the distribution gives important information of
the dominance of the most frequent read length which can be taken in conjunction with other

read length distribution properties to gain insights about a given dataset.

__ max(RLD)

Max Prop - (17)

Read Length Distribution
YRLF

The normality of the read length distribution is tested using the D’ Agostino-Pearson test using
the scipy implementation. This test is a combination of the outputs of skewness and kurtosis

tests.

4

n _
. n(n+1) XX 3(n-1)°"
Kurtosis = (n—1)(n—2)(n—3) Zl( s ) - (n—2)(n—3) (18)
l:
n "ol x—x
Skewness = DD 121 — (19)
l:

Where n is the number of read lengths, x is the mean read length frequency and s is the

standard deviation.

2 2
Read Length Distribution = 24K (20)

normality 6
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Where S is the skewness metric and K is the kurtosis metric.

Finally, we also calculate a bimodality metric that is also a combination of the same skew and
kurtosis metrics. Bimodality in read length distribution of Ribo-Seq data is not uncommon

and this property can originate from a number of sources.

2
Fctributi - — )
Read Length DlStrlbutlonbimodality = K+3((n$;(1i3>) (21)

5.4.4 Data Processing

A Nextflow pipeline was developed to enable the application of RiboMetric to the
genomically aligned Ribo-Seq samples from the RiboSeq Data Portal which can be found at
https://github.com/JackCurragh/RiboMetric-nf. This pipeline takes the genomically aligned
read files in BAM format and transcriptome annotation files in GTF format. It first converts
genomic BAMs to transcriptomic BAMs with Mudskipper

(https://github.com/OceanGenomics/mudskipper) and then prepares the transcriptomic BAMs

for RiboMetric by sorting and indexing it with SAMtools (39). The aggregation of
RiboMetric outputs and subsequent analyses can also be found in the RiboMetric-nf

repository.
5.4.5 Implementation and Reproducibility

Comparative analysis of RiboMetric outputs was carried out using Python, and the Plotly and
Sci-Kit Learn packages. All scripts required to reproduce the analysis of RiboMetric outputs
can be found on GitHub. Simulated input data-based comparisons can be found at
https://github.com/JackCurragh/Metric-Analysis. The notebook for the analysis of the human
dataset RiboMetric outputs can be found in the aforementioned pipeline repository

(https://github.com/JackCurragh/RiboMetric-nf).
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5.4.6 Metric Decile Calculation

In order to facilitate the interpretation of RiboMetric results in the context of other real
datasets we provide a decile categorisation for each resulting score. The decile cut-offs were
calculated based on maximum-minimum normalised distributions of RiboMetric results
calculated on the 1,322 human Ribo-Seq datasets to produce 10 equisized deciles. As more of
the RiboSeq Data Portal is populated with RiboMetric reports this will be extended to include

metrics from other organisms bolstering the applicability of these deciles.
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5.5 Results

5.5.1 RiboMetric

The primary result presented in this work is RiboMetric, a command-line bioinformatic
application for assessing various properties of Ribo-Seq data written in Python. RiboMetric
takes transcriptome aligned Ribo-Seq data in BAM and “collapsed BAM” formats. Collapsed
BAMs are a version of a BAM file where the number of occurrences of each unique read in a
sample is recorded in the reads name. Thus allowing for each read to be stored in the BAM
file just once. To our knowledge, this was first implemented in RiboToolKit (40). To enable
the generation of the full suite of reports and metrics the user must also provide a

transcriptome annotation file in GTF or GFF3 format.

Following the parsing of RiboMetrics input files and configuration parameters a number of
modules are run that prepare the data for the generation of the metrics and the generation of
the various reports. A key module in this process is the prediction of A-sites of Ribo-Seq
reads by change point analysis as seen in Shoelaces (41). However, RiboMetric supports the
provision of per-read length offsets in tab-delimited format to enable the user to run other

offset calculating tools instead.

The primary output of RiboMetric is an interactive report in HTML format which can also be
exported as a PDF. This report contains various quality assessment plots as well as a summary
table containing the metrics calculated for that sample. The outputs of the aforementioned
modules can be outputted in JSON format to enable the regeneration of reports using different

plotting parameters without rerunning the full workflow again.

As the majority of tools that carry out quality assessment of Ribo-Seq data do so as part of a
larger workflow, they often require specific preprocessing steps (load ORFik Experiment) or
file formats (.ribo) (42—44). Although these are not necessarily negative points against the
tools themselves they may be seen as limitations in terms of their implementation within
modular workflows such as those developed by the nf-core community, without further
development (45). RiboMetric aims to fill this functionality gap as it is designed to take

common file formats via standard command-line arguments.
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5.5.2 Assessment of Metrics for Data Properties

There are a wide range of conceptually viable metrics that may be used to assess each
property of ribosome profiling data that may be of interest to a researcher. During the
development of RiboMetric, we aimed to implement a diverse variety of each metric type in
an effort to get a comprehensive picture of what describes each property in a representative
manner. It was not feasible nor sensible to attempt to implement all possible metrics. Here, we
explore the performance of each implemented metric using both real human data and

simulated inputs.
Periodicity

As described previously, the periodic nature of ribosome profiling data is assessed using a

number of metrics. Namely, these are Periodicitymax , the proportion of reads in the highest

frame, Periodicity fou a fourier transform based metric, Periodicityauto an

rier’

autocorrelation based metric, Periodicityin 7o AN information content based metric and
PeriodicityTrips which is based on the proportion of reads in each reading frame and

originates from the Trips-Viz browser (36,46) (for more details on all metrics see Materials

and Methods).

When these metrics are evaluated using the simulated metadata there is a clear correlation
with the proportion of reads in frame 0 indicating they are all indeed measuring related
properties, however, there are key differences between metric types. The metrics concerned

with read counts per frame (Periodicitymax and PeriodicityTrips) and metrics concerned
with signal frequency (PerlodetyAuto and PerlodlcztyFourier) look to capture different

aspects of the data. Signal frequency metrics capture the true strength or amplitude of the
periodic signal whereas read count per frame metrics capture the bias towards the coding
frame, termed ‘Frame Dominance’. These features of the data are related but differ as

exemplified in Figure 5.1.
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Figure 5.1: Periodicity Versus Frame Dominance. Simulated ribosome profiles with varied
degrees of periodicity and frame dominance. Left: High periodicity and high frame
dominance. Majority of the signal comes from one frame at regular intervals of 3. Middle:
High periodicity but low frame dominance. Signal adheres strongly to 3nt repetitions but no
one frame dominates. Right: Low frame dominance and low periodicity. The signal is not
biassed to any one frame and does not repeat at regular intervals.

Simulated ribosome profiles (as described in Materials and Methods - Datasets) were used to
assess the performance of each periodicity metric under varying degrees of both periodicity
and frame dominance. The strongest correlations between metrics are seen within the signal
frequency metrics subgroup. These metrics have perfect Spearman correlations meaning that

samples sorted by these metrics would have the exact same order.
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Figure 5.2: Pearson and Spearman Correlations of Periodicity Metrics of Simulated
Ribosome Profiles. Left: Pearson correlations show strong positive linear correlations
between all metrics, indicating that the metrics broadly agree on profile periodicity. Heatmap
colouring ranges from ~0.75 to 1.00, with particularly high correlations between Dominance,
Information Content, Fourier, and Autocorrelation. Right: Spearman correlations reveal that
signal frequency metrics (Fourier and Autocorrelation) have perfect monotonic concordance,
as evidenced by their correlation coefficient of 1.00. Additionally, while most correlations
remain strong, Spearman correlations are generally slightly lower than Pearson correlations
for some pairs, particularly between Trips Viz and other metrics. Heatmap colouring ranges
from ~0.75 to 1.00.

The Periodicitymps metric was developed to maximise the clarity of plotted ribosome

profiles in the Trips-Viz transcriptome browser. This focus on visualisation led to the
PeriodicityTTips metric being the most dissimilar to all other metrics, as reflected in both the

Pearson and Spearman correlation matrices. In response to the limitations of the

b

Periodicitymps score, the Information Content metric was subsequently developed to

address these shortcomings. The goal of the Information Content metric was to provide a
more accurate measure of ribosome profile periodicity while maintaining some level of visual

clarity. This refinement is evident in the correlation matrices, where the Periodicityln fo

metric shows stronger alignment with other periodicity metrics, particularly

Periodici nd Periodici .
e lodlcwyFoun,er and Periodicity it
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Figure 5.3: Pairwise Scatter Plot and Histogram Matrix of Periodicity Metrics of
Simulated Ribosome Profiles. Figure shows a pairwise scatter plot and histogram matrix of
the periodicity metrics. The plots on the diagonal show the distribution of each individual
metric, showing each metric's frequency and spread. The others are scatter plots of each
pairwise combination of the metrics. These scatter plots highlight the relationships between
the metrics, with nonlinear patterns visible in several pairs, particularly those involving the
Trips Viz metric. The curvature in these scatter plots indicates nonlinear relationships and
differences in how each metric quantifies periodicity in ribosome profiles. Each metric has
been Max-Min scaled so all axes range from 0 to 1.

All subplots of the scatter matrix show a degree of curvature as only metrics with both
Pearson and Spearman correlations equal to 1.00 would fall directly on a line of equality

(y=x). The PeriodicityTrips scatter plots show the greatest degree of curvature as a result of

its unique bias towards profiles that would create clear single transcript plots.

PeriodicityTn_ps scatter plots also have a wider spread. This category is referred to as this
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reflects the fact that the Periodicitymps scores profiles that have a single dominant frame

higher even though this is not necessarily an intrinsic property of periodic signals. As a result,
there are many instances where signal frequency metrics score profiles with low Trips-Viz

scores much higher.

Based on the simulated data that contains a comprehensive range of potentially valid
metagene profiles, all 5 periodicity metrics correlated well with our perception of 3nt periodic

signal.

Uniformity

The uniformity of ribosome profiling data is commonly discussed as a property of the dataset
often linked to sample quality. Changes in the uniformity of the Ribo-Seq signal can be
attributed to a variety of both technical and biological factors. The uniformity of a ribosome

profile can be considered in two ways, global and local uniformity.

The global uniformity of the Ribo-Seq signal refers to the pattern of expression across
translated regions. Due to differences in translation elongation rates across different sections
of coding sequences a gradual ‘ebb and flow’ of Ribo-Seq signal is typically observed. This
uniformity is not necessarily a property of either high or low quality data although outliers

may be suspect.

Local uniformity of Ribo-Seq signal refers to the presence or absence of significant peaks in
the profile localised to specific codons. These sharp and random peaks may occur due to
ribosomal stalling or pausing that may be of biological significance, however, these may also

occur as technical artefacts such as PCR duplicates that were not properly handled.

Uniformity metrics implemented in RiboMetric can be grouped into two categories. The first
of these are inequality based metrics that originate from the field of economics and the study

of wealth inequality. Namely, these are the Gini Index (Unif ormitmei) and Theil Index (
Unif ormityTheil). The Gini Index is a popular metric for the inequality of a distribution that

is typically sensitive to changes in the middle of the distribution. Whereas the Theil Index is

based on entropy and is known to be more sensitive to changes in values at the tails (i.e very

144



high or very low expression at a subset of positions). The second category of uniformity
metric approximates ‘randomness’ and include an autocorrelation based metric (

).

Uniformity Auto) and an entropy based metric (Uniformity Entropy

Initial assessment of selected simulated metagenes show all uniformity metrics score the
uniformly distributed metagene profiles highly (Figure 5.4). However, Theil index and the
entropy metric score all three selected profiles relatively highly. The autocorrelation metric
best differentiates between the most and least globally uniform profiles followed by the Gini
index. In the context of these selected profiles from this simulation the Gini and Theil indices
were not likely to score any profile particularly lowly as the use of bins ensures there is not

set of codons that are expressed significantly unequally.
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Figure 5.4: Performance of uniformity metrics on global uniformity. Left: Simulated
metagene profiles ordered from top to bottom by the degree of global uniformity in
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decreasing order. Simulated counts are shown on the y-axis and position in nucleotides on the
x-axis. The reads of all three profiles are distributed across the three reading frames at a ratio
of 30:35:35. Right: Uniformity scores corresponding to the simulated metagene profile in the
same row. Scores are max/min normalised based on the simulated data described in Materials
and Methods.

Consistent with these initial observations the correlations between all uniformity metrics on

the simulated dataset for the assessment of global uniformity show that UniformityEntmpy

and Uniformity have the strongest correlation. Unif ormityAuw correlates poorly with

Theil
the other three metrics indicating that, at least for these simulations, Unif ormity uto is the

only metric that captures the variability in global uniformity of Ribo-Seq profiles.
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Figure 5.5: Correlations of uniformity metrics on simulated data with varying global
uniformity. Top left: Pearson correlation matrix. Top right: Spearman correlation matrix.
Bottom: Scatter matrix.
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Contrastingly, all uniformity metrics implemented in RiboMetric capture changes in local
uniformity in selected simulated Ribo-Seq profiles well. The most uniform profile is scored

highly by all metrics and the least uniform lowly by all metrics.
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Figure 5.6: Performance of uniformity metrics on local uniformity. Left: Simulated metagene
profiles ordered from top to bottom by the degree of local uniformity in decreasing order.
Simulated counts are shown on the y axis and position in nucleotides on the x axis. The reads
of all three profiles are distributed across the three reading frames at a ratio of 30:35:35.
Right: Uniformity scores corresponding to the simulated metagene profile in the same row.
Scores are max/min normalised based on the simulated data described in Materials and

Methods.
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However, the correlations between these metrics across the full local uniformity simulated
dataset show that the Theil index correlates poorly with the other metrics implying that the
selected profiles that were individually examined are not representative of the profiles that the
Theil index considers uniform or not. The other three metrics do correlate well. Combined
with the individually examined examples this implies the Theil index is not a good metric for

the assessment of this property .
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Figure 5.7: Scatter matrix of uniformity metrics on simulated data with varying local
uniformity. Top left: Pearson correlation matrix. Top right: Spearman correlation matrix.

Bottom: Scatter matrix.
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Terminal Nucleotide Bias

Terminal nucleotide bias refers to the over-representation of specific nucleotides at the end of
Ribo-Seq reads. There are a number of potential technical origins of this bias including the
preferential ligation of certain ligases or selective digestion by certain nucleases. These
technical biases can lead to the overrepresentation of certain reads in samples which may need
to be corrected prior to downstream analysis in order to prevent the confounding of results
(47). Two metrics are implemented in RiboMetric to assess this property of a given dataset. A

naive metric, termed Terminal Nucleotide BiasMax Abs looks to assess to what degree the

dinucleotide with absolute highest representation relative to its expected frequency is

represented. A more nuanced metric, Terminal Nucleotide BiaSKL calculated the Kullback

Leibler divergence between the observed dinucleotide frequency distribution and the expected

dinucleotide frequency distribution.
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Figure 5.8: Terminal Nucleotide Bias scores across different degrees of bias and numbers
of overrepresented dinucleotides. Grouped bar chart compares two Terminal Nucleotide bias
metrics, Kullback-Leibler (blue) and Max Absolute (red). X-axis shows combinations of
differing numbers of overrepresented dinucleotides (1nt, 3nt, Snt and 7nt) and varying degrees
of bias (0.0, 1.0, 2.0 and 3.0).

Data simulated to assess these two metrics vary the number of biassed dinucleotides and the
degree to which these are biassed. Figure 5.8 shows that both metrics correlate with the
degree of bias regardless of the number of biassed dinucleotides. However, the

Terminal Nucleotide BiasMax b metric is less sensitive when a greater number of
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dinucleotides. Terminal Nucleotide BiasKL effectively differentiates between the varying

degrees of terminal dinucleotide biases even when ~50% of the dinucleotides are biassed

making it a suitable metric for measuring this property of ribosome profiling samples.

Read Length Distribution

As previously discussed, the distribution of read lengths in a Ribo-Seq sample can provide
valuable insights into the properties of that sample. The read length distribution metrics
implemented in RiboMetric look to capture a variety of aspects of this distribution with the
hope that a combination of these metrics will provide a clear picture of the distribution from
metrics alone. The first aspect of the distribution is the dispersion or spread of the observed
read lengths. Depending on the size of the band cut from the gel during the preparation of the
Ribo-Seq sample the expected range of read lengths will vary. This dispersion is measured by

Read Length DlStT'LbutLOTlCV, Read Length DlstrlbutloleR Normalised and

Read Length DlstnbutlonMamep.

The shape of the read length distribution is typically near-normal due to the central limit
theorem as the variability in enzymatic digestion of the RNA introduces a small random effect
to each read length. However, the conformation of the ribosome at the time of nuclease
digestion may result in the presence of different populations of ribosome-protected fragments
in the sample with significantly different read lengths. As a result it is not uncommon for a
bimodal read length distribution to be observed. The shape of the distribution is assessed by

the Read Length Distribution and Read Length Distribution metrics.

Normality Bimodality
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Figure 5.9: Extremes of Read Length Distribution Metrics. Proportions of reads of each
length in simulated read length distributions. The highest (top row) and lowest (bottom row)
scores for each metric are shown. For example, the top left plot titled ‘IQR (Top)’ shows the
read length distribution of the highest scoring distribution according to the

Read Length DlStT'lbutloleR Normaliseq TELTIC.

Although Read Length Distribution o Read Length DistributionI OR Normalised and

Read Length DistributionMax are all metrics that assess dispersion it is of note that

Prop

Read Length Distribution and Read Length Distribution agree on

IQR Normalised MaxProp

the distribution with the least dispersion whereas Read Length Distribution oy Scores this

metric lowest. A high coefficient of variance suggests a greater degree of dispersion which is
seen in its top ranked distribution. It appears that each of these dispersion metrics perform
sufficiently for top and bottom ranked distributions, however, from the scatter matrix shown
below it is clear that there is not a strong correlation between these metrics for these simulated

distributions.
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In terms of the shape of these distributions, the top scoring distribution on the normality score
is indeed normally distributed and the bottom distribution is heavily skewed implying this
metric can successfully delineate normal and non-normal distributions. However, the scatter
matrix shows that the majority of the distributions in this simulated set score lowly on this
metric. This implies that near-normal distributions are not delineated from non-normal

distributions. As a result, the Read Length DistributionNormality metric is a better classifier

of normal and non-normal distributions rather than it being a good metric of the

relative-normality of the distribution. The Read Length DistributionBimo dality metric

assigns its highest score to the same distribution as the maximum proportion and IQR metrics,
however, it is unclear whether this is down to there being a lack of truly bimodal distributions

in the simulated set or if there is an issue with the metric.
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Figure 5.10: Scatter matrix of read length distribution metrics.
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The correlations between all read length distribution metrics are not expected to be strong as
they are assessing different properties of the data. There is however an incidental correlation

between the bimodality and maximum proportion metrics.

5.5.3 Relationships Between Metrics

The correlations between metrics calculated for each of the 1,322 samples showed varying
degrees of concordance with the results observed for the simulated data. This was broadly to
be expected as the data was simulated in order to evaluate the performance of the metrics
across the range of potential values rather than accurately capture what would be observed in

real datasets.
Pearson Correlation (Periodicity) Spearman Correlation (Periodicity)

10 0
039 09
08

- 08
038

Information Content

Dominance

- 07
= 0.6

Trips-viz - 0.75 - 06

- 04

[ 0.2
0.0

- 05
Fourier X 025 0013 1

Autocorrelation - 039 038 025 o044

0.59 0.54

NT O qel ao® N qel ge®
" o \“""“ 1(\?5 ?0"“ o " cp“‘ \03“ 1‘\?5 ?0"“ B
A oc® 00 oc®
o« v pu \“ﬁo‘«\a‘ pu
Pearson Correlation (Uniformity) Spearman Correlation (Uniformity)
1.0 10
Entropy 0.051 -0.017

Gini L -0.0061

LR 0017 -0.0061

Autocorrelation

|
e o e 1“‘6\\« ot e o o™ 1“‘e\\«e\'a!é\o"\
pio® o
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scores across 1,322 human Ribo-Seq samples.
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As observed in the simulated data there is also a strong correlation between the proportion of
signal metrics in the real human datasets. However, there are discrepancies between the

Spearman and Pearson correlations of the PeriodicityFourier and Periodicityauto

periodicity metrics and to some extent the proportion of signal metrics. This implies that the
relationships between these metrics is not linear, resulting in poor Pearson correlation, but has
a greater degree of monotonic concordance evidenced by the higher Spearman correlation.
The inequality metrics correlate universally weakly with the other metrics in the real data,
however, the Autocorrelation and Entropy metrics show a strong linear relationship that is not
necessarily monotonic. Where these correlations between metrics are observed across the
human datasets we can infer that these metrics are measuring similar aspects of the data

properties.

The discrepancies between Spearman and Pearson correlations can be attributed to either a
non-linear relationship between the metrics (resulting in low Pearson correlation) or a
non-monotonic relationship resulting from the presence of outliers or changes in variability
across the range of values. Variability and noisiness is a universal feature of the calculated
metric distribution across all metric types. This makes it difficult to interpret each resulting

metric on a real dataset without the context of the rest of the real data.

To remedy this and aid in the interpretation of RiboMetric results we deduced decile cutoffs to
categorise each resulting metric-based on where it would rank among the 1,322 human
Ribo-Seq datasets. These deciles can help make high-level observations about patterns across
the metrics that can be lost in the variability of the raw data. To further aid these observations,
metrics were averaged within their metric-type category excluding any metrics that were
previously shown to be poorly performing on real data metrics. From this approach, we
observe that low scoring samples in terms of periodicity are often high scoring in terms of

terminal nucleotide bias.
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Figure 5.12: Parallel Coordinate plot of RiboMetric deciles averaged across metric-type
categories. Lines are coloured according to their mean periodicity decile.

There are a number of caveats to this coarse approach to providing context to individual
metrics and further work can be done to refine the metrics provided. For example, when
assigning deciles, the distribution of metrics is often not near-uniform. Skewed distributions
can result in large variability in the range of values that a decile will cover and variations

within deciles may be overlooked.

157



5.6 Discussion

5.6.1 Overview of RiboMetric's Contributions

In this work, we introduce RiboMetric, the first metric-based property assessment tool for
ribosome profiling data. The metrics implemented in this tool aim to characterise individual
properties of Ribo-Seq datasets in numerical format in order to facilitate large-scale
comparisons and further meta analysis. Although one of the primary applications of
RiboMetric will be to carry out quality assessment on Ribo-Seq samples, RiboMetric does not
assign good/bad quality classifications to datasets as dataset quality is not as simple as
high/low scores on individual metrics. Some properties of Ribo-Seq datasets, such as triplet
periodicity, vary considerably based on the library preparation protocol and depending on the
intended application of a given dataset different priorities should be given to these properties.
For example, a dataset with low triplet periodicity scores may be considered ‘bad quality’ for
the prediction of translons (translated regions) but may be perfectly ‘good quality’ for the
quantitative analysis of gene-level translation dynamics. As a result, RiboMetric is termed a
property assessment tool and using the outputs of RiboMetric users can make their own

assessments of whether datasets meet their ‘quality’ standards.

The metrics implemented in RiboMetric cover a variety of commonly discussed properties of
Ribo-Seq samples that will aid the comparisons of individual datasets, such as those made
available via the RiboSeq Data Portal (RDP), without the need for manual inspection of
reports. RPFdb, like the RDP, is a web based interface for a database of ribosome profiling
samples and studies. Both platforms make quality reports from FastQC available for manual
inspection, however, cross-study comparisons of dataset properties are difficult and no
Ribo-Seq specific reports are made available. Metric-based property assessment tools have a
clear advantage in this regard as numerical properties of datasets can facilitate the sorting and

filtering of these datasets based on metric properties.

Aside from the focus on metric-based assessment of dataset properties, RiboMetric also
delineates itself from other Ribo-Seq quality assessment tools such as RiboSeQC,

RibosomeProfilingQC and RiboStreamR in a number of ways. Firstly, it is written in Python
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and is available as a command-line application without the requirement of additional
scripting. This is significant as it facilitates the simple integration of RiboMetric into pipelines
developed in workflow management systems such as Snakemake and Nextflow. R based
applications required the development of custom R scripts to facilitate execution from the

command-line adding an extra barrier to their inclusion in projects such as nf-core (45).

RiboMetric enables the quantitative and qualitative assessment of Ribo-Seq dataset properties
via an easy to install command-line application which has the potential to greatly improve the
standardisation and reproducibility of the comparative assessment of Ribo-Seq dataset
properties. This has the potential to influence both the development of computational and
wet-lab methods ultimately resulting in more reproducible and interpretable translatomic
research which is explored in detail in the following sections as we discuss how to interpret

RiboMetric results.

5.6.2 Interpretation of Metric Performance

When conducting the initial assessment of the performance novel metrics, such as we aimed
to do in this work, simulated data is invaluable. With simulated data we can control the
function inputs, easing the interpretation of the outputs. However, some dataset properties are
easier to simulate than others and as a result, some metrics were difficult to assess and fine

tune.

It is relatively easy to simulate ribosome profiles with varying degrees of 3nt periodicity
which is fortunate as it is often touted as the most important property of Ribo-Seq data. These
simulated profiles provided numerous insights into various global and local dynamics in
periodicity metrics. The scatter matrix showing pairwise comparisons of each periodicity
metric reinforced the preconceived notion that the proportion of reads in the coding frame and
the true periodic nature of the signal are different but related properties. Signal based metrics,
the Autocorrelation and Fourier transform based metrics, are the most closely related with a
strong positive but non-linear relationship. These are the best metrics for assessing the
periodic nature of the Ribo-Seq signal, however, there are some aspects that may make it
appropriate to consider what to choose between these two metrics. The three nucleotide

periodic signal originates from the codon-to-codon translocation of the ribosome and as a
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result, is not perfectly sinusoidal as it occurs in discrete peaks of variable heights rather than a
continuous sine wave. As this fits the assumptions of autocorrelation analysis better than
fourier analysis it may be assumed that the autocorrelation metric would perform better on
datasets with low local uniformity. However, this was not considered in the simulations and as

a result should be investigated with real data.

The read frame dominance and Trips-Viz based metrics for the assessment of triplet
periodicity are not signal based metrics and instead are based on the proportion of reads that
has been assigned to each reading frame. These metrics also have a strong positive correlation
but with a bit more variability. This is due to Trips-Viz based metric favouring profiles with
clear single frame signal rather than strictly the proportion of reads in the coding frame. The
dominance metric is a naive approach that is commonly used in filtering datasets to choose
the subset with periodic read lengths from a Ribo-Seq dataset. The Trips-Viz metric was
designed to tell a user of the transcriptome browser Trips-Viz which datasets will provide the
clearest ribosome profiles when visualised. Each of these has its own value but are worse

metrics for assessing true periodicity.

The information content based metric for the assessment of triplet periodicity is a novel
introduction in this work. It is based on the degree of uncertainty as to which frame a read
mapped to a given region originated from the translation of the coding frame. Although it is
based on the proportion of reads per frame it correlated well with the signal based metrics.
Due to this correlation, the Information Content metric may be a high-performing metric for
the selection of periodic read lengths that is both nuanced and lightweight. This metric
correlates weakest with the Trips-Viz metric which is of note as the motivation for the
development of the information content based metric was to alleviate the shortcomings of the

Trips-Viz metric.

The uniformity of Ribo-Seq signal is a complex data property to quantify as much of the
unevenness observed in a ribosome profile may indeed be biological signal however some
unevenness can be attributed to systematic biases in the library such as ligation biases or PCR
duplicates. The differences between global and local uniformity were previously described.

The variability in the origin of unevenness and the different types of uniformity makes it
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difficult to simulate data to assess this data property and as a result, there are fewer concrete

deductions to be made about uniformity assessment compared to triplet periodicity.

Local uniformity is the kind of uniformity more commonly associated with data quality and as
a result, the uniformity metrics were primarily developed with this data property in mind and
it was only post-application development that the concept of global uniformity was
considered. As a result, we see that the implemented uniformity assessment metrics delineate
between profiles with high and low local uniformity generally well. However, the lack of
correlation between the Theil index based metric and the other three uniformity metrics raises
questions about the suitability of the selected examples in this case, but the strong/moderate
correlations observed between the Autocorrelation, Gini Index and Entropy based metrics
imply these metrics are performing to some degree. Based on these simulations, without
carrying out further investigations, the Gini index or Entropy based metrics would be the most

appropriate metrics for assessing local uniformity.

From the select examples, we demonstrated that the autocorrelation based uniformity metric
best delineates between the datasets with varying degrees of global uniformity. However, the
Gini index and Entropy based metrics show a strong positive correlation indicating these two
metrics are capturing some shared property of the data and it may be down the mode of
assessment that results in the poor response of these metrics to changes in global uniformity.
As this is just one aspect of one metric among many explored in this work there was not
sufficient time to investigate this further, however this work does highlight a number of

questions about both types of uniformity and how they can be characterised numerically.

Terminal nucleotide bias is a distinctly quality associated metric. In practice, there are no
conditions where a canonical Ribo-Seq sample with high terminal nucleotide bias would be
considered high quality. These biases can have implications for downstream analysis to the
extent that a R package was developed specifically to handle this form of bias (47).
Fortunately, both metrics developed to assess this property performed well on simulations
when there is a bias towards one dinucleotide being found at the read terminus. The Kullbach
Leibler divergence based metric however performs significantly better when there is more
than one dinucleotide found at the read terminus than expected. As a result, this metric is the

recommended way to detect this dataset property.

161



Finally, the read length distribution metrics aim to assess an important array of data properties
as discussed in the Results section. In practice the best application of these specific metrics
will be in the case of significant outliers in these metrics enabling the exclusion of datasets

with confounding read populations.

5.6.3 Potential for Facilitating large-scale Analysis

Applied to large repositories of ribosome profiling datasets such as the RiboSeq Data Portal
and RPFdb, RiboMetric has the potential to enhance the reusability of the data hosted on these
platforms. Currently, only standalone reports are available on both of these platforms.
Through this, users can investigate various properties of each dataset, however, the reports
provided are generic read quality reports from FastQC and FastP and not specific to Ribo-Seq
data. The application of RiboMetric to the data on these platforms would not only add
Ribo-Seq specific quality reports but the metrics produced could also be used to filter datasets

without manual interrogation of the individual reports.

A common application of ribosome profiling data that is gaining interest is the identification
of translated regions (translons). The methods used for this purpose often rely on the
identification of periodic Ribo-Seq signal spanning a candidate open reading frame. When
sourcing data for translon calling, it would be advisable for researchers to identify appropriate
datasets based on the RiboMetric periodicity metric that is most similar to the method by
which they approximate whether an ORF is translated. As previously mentioned, periodicity
metrics can disagree about whether the same profile is periodic or not and as a result, the

metric used to subset datasets should match the one used to call translons.

In conjunction with the metadata associated with each sample, such as organism, inhibitor and
biological condition, or study, including library preparation protocol, insights can be gleaned

about the factors contributing to various dataset properties.
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5.7 Conclusion

In this work we introduce RiboMetric, a command-line application that enables the
assessment of ribosome profiling dataset properties through interactive reports and a
comprehensive set of metrics that cover an array of dataset properties. These metrics enable
researchers to evaluate and compare datasets based on key properties of Ribo-Seq data,
including periodicity, uniformity, read length distribution and terminal nucleotide bias.
Through the exploration of existing human data and a variety of simulated datasets, we
explore a number of metrics across each of these categories informing the assumed preset

parameters in the published package. RiboMetric is made readily available for installation

from PyPI (https://pypi.org/project/RiboMetric/).
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6. Discussion

6.1 Advances in Translatomics

This thesis addresses two predominant challenges that impede the study of translatomic
complexity in this modern era of high-throughput biological investigation. Namely, these are;
the insufficiency of the current models for the representation of translational complexity and
the inaccessibility of standardised translatomic data. By introducing novel concepts and
bioinformatic applications we make significant strides towards advancing our ability to study

the intricacies of RNA translation.

Across the first two chapters, we introduce a novel conceptual model, Ribosome Decision
Graphs (RDGs), and describe the implementation of this concept in a Python package. These
developments enable the accurate representation of translatomic complexity and through this
data structure enable their application to translatomic analysis. The following two chapters
look to provide accessible and standardised translatomic data with comprehensive metrics
describing the dataset’s properties. The RiboSeq Data Portal serves as an access point to
thousands of preprocessed Ribo-Seq samples along with standardised sample metadata. While
RiboMetric is a command-line application that enables the metric-based comparison of a

comprehensive set of Ribo-Seq dataset properties.

The combination of RDGs and accessible, high-quality translatomic data has the potential to
extensively capture and subsequently support the investigation of the complexity of gene
expression and regulation at the level of translation. Collectively, these advancements lay the

groundwork for more sophisticated and integrative approaches to translatomics research.

With the introduction of a framework for the accurate representation of translatomic
complexity, in concert with accessible data, new dimensions of investigation are opened up

across the field of translation.

RDGs have the potential to significantly change how the annotation of translation events is
conducted. It is not uncommon to see reference to the ‘correct start codon’ in manuscripts that

discuss the annotation of translons. This is a flawed concept and although errors in start codon
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fidelity can come about through dysfunction or malfunction that is rarely what is referred to in
this context. In truth, translation initiation sites (TISs) are stochastic rather than deterministic
events and probabilities of initiation versus leaky scanning vary for a given TIS across tissues
and conditions. Similarly, recording events such as stop codon readthrough and frameshifting
are probabilistic events where the probabilities are altered under various conditions such as
changes in polyamine levels. With RDGs we can construct an accurate representation of the
occurrence and co-occurrence of known translation events (eg. initiation, readthrough,
frameshifting etc) based solely on the transcript coordinates of each event provided we also
have the transcript sequence. This shift from the annotation of deterministic ranges of
coordinates, such as from open reading frame (ORF) start to stop, to the annotation of the

locations of stochastic ‘decisions’ ensures accurate representation is possible.

Pantranscriptomics was described in the introduction as the combination of the representation
of genomic variation encoded in the human pangenome with the representation of
transcriptomic complexity introduced through splicing (1). This approach enabled researchers
to explore haplotype-specific expression using these representations. These methods could
first be applied to the data in the RiboSeq Data Portal (RDP) to study haplotype specific
translation dynamics. However, this combination of representation of complexity can now be
extended to known translatomic complexity by the integration of pangenomes, splice graphs
and RDGs. This additional layer of translatomic complexity, added to both haplotype and
alternative isoform analysis, using RDG representations has the potential to unveil the effects
of splicing and genetic variation on gene expression dynamics. This would have the potential
to revolutionise the analysis of gene expression and to be entirely multimodal while also

accommodating genomic variants.

The detection of translation events has indirectly been the focus of many studies and
bioinformatic methods to date. Oftentimes the methods developed to identify translated ORFs
identify candidate open reading frames sequences for which there is clear 3nt periodicity and
a uniform ribosome profile across the candidate sequence. As each candidate sequence is
treated independently, signal originating from multiple overlapping translons is easily
misattributed (2,3). This is one clear example of where RDGs have the potential to have

significant impacts on the practical identification of translation events. As an RDG can be
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constructed to contain relational information regarding all candidate open reading frames
there is the potential to assign reads to candidate translons in a way not currently possible.
This will significantly improve performance on overlapping translated regions including those

originating from frameshifting assuming accurate candidate frameshift sites are obtainable.

Now that large amounts of standardised Ribo-Seq data are available in various cell lines and
tissues via the RiboSeq Data Portal, we can combine RDGs with expression data to
characterise how different translons are translated across tissues and conditions. Previous
work has looked to assign probabilities of translation initiation to TISs from Ribo-Seq data
(4). The principles of this work can be extended to make these approximations for all
transcripts in all tissues for which we have sufficient data. These approaches however make
the assumption that ribosomes that arrive at a given TIS got there via leaky scanning. When in
reality, depending on the locus architecture, a significant number of ribosomes may arrive by
reinitiation following the translation of an upstream translation. In related work not presented
in this thesis we show that Translation Complex Profiling Sequencing (TCP-Seq) data can be
used to qualitatively assess the leaky scanning/reinitiation dichotomy (See Supplementary
Paper 1). There is the potential to combine RDGs with this data to ascertain the proportion
that originates at given TISs via reinitiation/leaky scanning in a quantitative manner. This

would represent a significant advance in the insights obtainable from TCP-Seq data.

Combined with the data provided by the RiboSeq data portal, RDGs can also be used to
facilitate cross-species comparisons of the regulation of translation. Although the sequence of
a regulatory upstream overlapping translon itself may not be conserved, its existence in
orthologs or other members of the gene family may be. This conserved presence of regulatory
translons is difficult to detect, however, it is expected that similar RDG architecture would
originate from genes with similar regulatory mechanisms. As a result, the identification of
shared or similar graph structure can serve as a proxy for the conservation of regulatory
mechanisms. These investigations do not entirely rely on but would greatly benefit from the

identification of translons from the multi-species Ribo-Seq data available on the RDP.

Ribosome decision graphs can also serve as a powerful hypothesis generation and result
validation approach for wet-lab researchers studying complex translational events using

western blots and luciferase assays. RDGs can be generated for each construct along with the
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proteoforms that would be expressed if each translon was translated. Based on the size of
these proteoforms and their molecular weights researchers can anticipate what they might
observe on a western blot or explain an unexpected band in a blot they have already run. For
luciferase assays, RDGs can guide construct design to eliminate potentially confounding
translation events. RDG visualisation functionality can also be used to explain construct
design in manuscript figures. RiboMetric can similarly help bridge the gap between wet and
dry lab researchers as it can provide nuanced insights into Ribo-Seq data properties which

could be of benefit in protocol optimisation.

Many of the concepts introduced in this thesis are quite novel and hopefully set solid
foundations for many further research directions. However, there are already a number of

foreseeable limitations that may impact which areas these tools are most applicable to.

Ribosome Decision Graphs enable the representation of many different translation events for
any given locus. While the RDG python package does not yet support the addition of
translational bypassing or StopGo recoding events it is possible to conceptualise how they
may be included in an RDG. The key aspect to consider is what happens to the ribosome

during these events.

The representation of translational bypassing in a ribosome decision graph can be thought of
in two different ways. It could involve the creation of a branching point within a translon akin
to that of a frameshifting event. However, in this case, the frame would be shifted forward by
a much larger number of nucleotides than in canonical ribosomal frameshifting events. For
example, in the case of the T4 bacteriophage’s gene 60, this ‘frameshifting” event would be a
+50 shift (5). Alternatively, and potentially more accurately, this bypassing could be seen as
two translational events: ribosomal take-off and ribosomal landing. Following the arrival of
the elongating ribosome at the take-off site, a proportion, although reportedly near 0% for
gene 60, of ribosomes will not initiate bypassing and as a result will terminate there.
Subsequently, of the ribosomes that have taken off only a proportion of the ribosomes will
land. The translation would be represented in two translons. One that ends at the take-off site
that is translated by both those ribosomes that do not take off and those that do not land. The
second translon then represents the ribosomes that successfully both take off and land. The

case of StopGo is more straightforward as it is more akin to a high-efficiency stop codon
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readthrough except that two peptide products are produced from the one translon. This does
not necessarily require any further accommodations in RDGs as RDGs are not directly
concerned with the peptide products. However, future work will look to best accommodate

these events in a way that is both machine and human-interpretable.

There are further limitations in the general use of RDGs due to the uncertainty remaining in
our understanding of the mechanisms of translation, stringency of start codon selection and
effect of variants on translational event probabilities. These factors make it difficult to reliably
characterise a locus’s translation in an RDG. While it is possible to characterise large numbers
of potential events, this increased graph complexity can dramatically reduce the usability of
the graph as it limits interpretability. The increasing availability of high-quality translatomic
data will aid in this characterisation across various organisms, tissues and conditions.
However, further work is also required on how to best fit a RDG to the observed translatomic

signal.

As the need for diverse and high-quality Ribo-Seq datasets increases to support accurate
characterisation of translation, the importance of identifying these datasets on public
repositories also increases. The RiboSeq Data Portal will continue to be updated so that the
search terms and controlled vocabularies are continuously improved to maximise the
usefulness of the resource. The current approach for metadata standardisation is basic from a
natural language processing perspective. With the advent of low cost large language models it
is becoming increasingly evident that more nuanced metadata standardisation is possible.
These more complex models will not be limited to fetching metadata from specific columns
of the metadata table but can be extended to freely accessible manuscripts on PMC or

BioRxiv.

Addressing these limitations will be the focus of a number of, but not all of, the future
directions stemming from the novel advancements introduced in this thesis. Two prominent
avenues that we aim to address in the next phase of these projects are; the production of high
confidence RDGs for various organisms, tissues and conditions for which we have sufficient
supporting data and the investigation of the effects that common, supposedly non-coding,

variants may have on gene expression using RDGs.
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High-confidence RDGs are graphs representing the set of translons that we have sufficient
evidence to say they are reproducibly detectable as translated from high-quality Ribo-Seq data
across multiple experiments. High quality Ribo-Seq data can be obtained from the RiboSeq
Data Portal using the scores from RiboMetric, which are already available internally for
humans and can be extended to all organisms. Methods for the identification of high
confidence translons from Ribo-Seq data using RDGs will need to be developed. There are
varying degrees to which RDGs might be used. They may be used in a method as simple as
implementing a scanning model informed open reading frame candidate selection step where
only candidates that are likely to be reached by a scanning ribosome, either by leaky scanning
or reinitiation, are considered. Alternatively, an entirely novel approach for translated region
characterisation, many different potential RDGs are generated and subsequently the graph that
best fits the observed data will be selected via maximum likelithood or Bayesian inference
methods. The main barriers to achieving these goals are the determination of what is
considered sufficient evidence for the translation of a translon and how to calculate the best fit
of a graph to observed data. These high confidence RDGs can then subsequently be used as
annotations of observed translation and will be particularly important for the interpretation of

variants occurring in the 5° leaders.

Recent research has begun to investigate the effect of sequence variants located in the 5°
leader of protein-coding genes (6,7). However, RDGs provide a unique framework for
proposing the mechanisms by which these variants might affect CDS translation, either by the
introduction of new upstream translons or by changes in the probability of different
translation events due to alterations in sequence context. Current 5° UTR variant effect
prediction methods focus on the creation or loss of upstream AUG codons, whereas,
RDG-based methods can directly interrogate the relationship these variants may have with
CDS translation. The integration of variant information with RDGs introduces a number of
complications such as how to approximate the effect of probability altering variants and how
to handle the combinatorial complexity introduced by the co-occurrence of multiple variants
on the one transcript. Once these challenges are addressed RDG-based variant effect
prediction methods have the potential to have substantial impacts on clinical genomics and

personalised medicine. The more nuanced models of translatomic complexity provided by
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RDGs could help hypothesise disease mechanisms and guide the development of targeted

therapies.

In conclusion, this thesis introduces several concepts, methods and resources that collectively
advance the study of translatomic complexity. Through the ribosome decision graph concept
and associated implementation in a Python package, we introduce a novel framework and
toolkit for working with this translational variation. While the RiboSeq Data Portal and
RiboMetric resources introduce advances in the accessibility of high quality translatomic data
that is not just important for the annotation of translation events, that can be subsequently
represented in RDGs, but also for the characterisation of translation dynamics under various
conditions. The RiboSeq Data Portal represents a significant advance in the standardisation of
Ribo-Seq sample metadata and accessibility of processed datasets for reanalysis. While
RiboMetric introduces the novel concept of metric based evaluation of Ribo-Seq data
properties enabling large-scale dataset comparisons and selection for use in annotation and
analysis projects. The developments detailed here form a foundation for many further
improvements to these resources as well as many exciting avenues for future research. The
development of a resource containing high-confidence ribosome decision graphs based on the
available translatomic data followed by their subsequent application to variant effect
prediction has the potential to advance these concepts as well as both basic research and
clinical genomics. We anticipate that a number of the developments set out in this thesis will
play a crucial role in representing and understanding translatomic complexity, ultimately
leading to a more comprehensive understanding of the mechanisms underlying gene

expression.
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7. Supplementary Manuscript

This manuscript presented below originated over the course of the completion of this thesis
and pertains in parts to the work previously described. At the time of submission it has been
submitted to RNA Biology. This is primarily the ideas of Dr. Dmitri E. Andreev to which I
contributed RDG figures, manuscript editing and the observations regarding sel-TCP-Seq in

Figure 7.4
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7.1.1 Abstract

Upstream open reading frames (uORFs) are a class of translated regions (translons) in mRNA
5’ leaders. uORFs are believed to be pervasive regulators of the translation of mammalian
mRNAs. Some uORFs are highly repressive but others have little or no impact on
downstream mRNA translation either due to inefficient recognition of their start codon(s)
or/and due to efficient reinitiation after uORF translation. While experiments with uORF
reporter constructs proved to be instrumental in the investigation of uORF-mediated
mechanisms of translation control, they can have serious limitations as manipulations with
uORF sequences can yield various artefacts. Here we propose a general approach for using
translation complex profiling (TCP-seq) data for exploring uORF regulatory characteristics.
Using several examples, we show how TCP-seq could be used to estimate both repressiveness
and modes of action of individual uORFs. We demonstrate how this approach could be used
to assess the mechanisms of uORF-mediated translation control in the mRNA of several

human genes, including EIF5, IFRDI1, MDM?2, MIEF1, PPPIRI5B, TAF7, and UCP2.

7.1.2 Introduction

Translation initiation in eukaryotes begins with 43S ribosome preinitiation complex (PIC)

loading onto the 5’ end of mRNA, which is followed by scanning - a stepwise 5’-3” PIC
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movement, until a start codon, usually AUG, is recognized through successful establishment
of codon-anticodon interaction in the ribosome P-site [1-5]. The scanning mode of translation
initiation implies that the 5’ proximal AUG codon of mRNA will most likely be the initiation
site. Counterintuitively, for ~50% of mammalian mRNAs, the start codon of the
protein-coding translon (CDS) is preceded by at least one upstream AUG-initiated uORF
[6-9]. From the scanning mechanism perspective, any uORF can be an obstacle for scanning
ribosomes, therefore uORFs are considered to be the most prevalent elements that repress
mRNA translation [10-18]. Ribosome profiling, a technique which can detect mRNA
footprints of translation 80S ribosomes at genome-wide level [19], allows the identification of
thousands of mammalian translated uORFs, including those that use non-AUG initiation

codons [20].

In theory, the inhibitory potential of a uORF depends on the efficiency of initiation at its start
codon and the ability of post-terminating ribosomes to resume translation downstream. An
inefficient uORF start codon allows leaky scanning and subsequent translation of CDS [2, 11].
In addition, the translation of a uORF can be followed by reinitiation of translation when the
post-terminating 40S subunit gains initiation factors and resumes the scanning process. It is
believed that the ribosome dwell time on uORF negatively correlates with reinitiation
efficiency due to the loss of initiation factors bound to the 80S ribosome [11, 21, 22].
Substantial leaky scanning and reinitiation at uORFs can explain how mRNAs with dozens of

uORFs are still able to affect CDS translation.

Our understanding of how uORFs regulate translation mostly originates from experiments
utilising reporter constructs. The mutation of the start codon of a uORF to a non-initiating
codon allows us to investigate how the uORF affects reporter gene translation, however, it
does not allow us to resolve leaky scanning and reinitiation dichotomy. Several manipulations
of the uORFs sequence can help to assess the relative contribution of these two processes to
downstream translation (Figure 7.1A). Improvement of uORF start codon context or
introduction of an additional in-frame start codon within the same uORF is expected to
decrease leaky scanning. Persistent translation in the presence of such interventions suggests

reinitiation. On the other hand, reinitiation can be ruled out by extending uORF beyond the

180



reporter stop codon. Reinitiation upstream of stop codons usually does not occur, thus the

residual reporter activity can be attributed to the leaky scanning.

No leaky scanning

A Leaky scanning &] (RIS
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ﬁ No reinitiation v
B initiation
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Figure 7.1. A) Workflow of uORF reporter analysis to investigate the impact of leaky scanning and reinitiation.
B) Possible confounding results of mutational analysis in the case of a 5* leader with 2 uORFs. In the wild-type
construct, uORF1 is preferentially translated and repressive so that uORF2 is skipped. Removal of uORF1’s
AUG codon will lead to uORF2 translation and subsequent reporter repression, C) Possible effect of extended
uORF on uORF translation. uORF stop codon mutation creates a longer uORF sequence which contains
non-optimal codons. Slow elongation within this artificial uORF sequence can lead to ribosome stalling and

queuing, which in turn can enhance initiation at the uORF start codon.

However, experiments with reporter constructs have serious limitations — changing the uORF
sequence can affect uORF-mediated mechanisms of translation control. Addressing the effect
of an individual uORF on translation can be confounded by potential out-of-frame start
codons within uORF (Figure 7.1B), and it may be difficult to identify them since some may
be non-AUG. In this case, the removal of the uORF’s start codon can activate the downstream
uORF which is normally not translated. Furthermore, uORF extension by stop codon removal
introduces a sequence that is not optimised for translation. This may artificially increase
initiation at the uORF start codon due to ribosome queue formation. Such a phenomenon was
previously reported for an AUU-initiated uORF in 4ZIN] mRNA, where a ribosome queue
enhances initiation at an AUU codon and represses CDS translation [23]. It is worth noting
that in most cases reporters lack native mRNA sequences that may contain cis-acting elements
(e.g. those involved in long-range RNA-RNA interactions) that may be important for
uORF-mediated translation control. Finally, the RNA levels of the reporters differ from native
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mRNA levels and this could be important when RNA-binding proteins with limited

availability are involved in the regulation.

Reporter constructs have been instrumental in the study of the relative contributions of leaky
scanning and reinitiation following uORF translation. However, as previously described, they
are not without their limitations that may confound reporter interpretation. Novel approaches
for the assessment of the interplay between these mechanisms are required. Ideally, such
approaches should enable genome-wide analysis and investigate uUORF-mediated regulation in

1ts native context.
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7.1.3 Materials and Methods

TCP-Seq and Ribo-Seq data utilised in this work were from the Bohlen et al. 2023 dataset
[24] and were accessed via the Trips-Viz transcriptome browser [25]. The Sequence Read
Archive (SRA) run accessions of the samples used are available in supplementary
information. The data made available on Trips-Viz are obtained from the SRA and processed
in a standardised pipeline. The reads are trimmed of their adapters, and rRNA reads are
removed prior to read alignment directly to the Gencode v25 human transcriptome. Ribosome
profiling reads are offset on a per-read-length basis to predict the location of the A-site of
each ribosome-protected fragment. This enables the assignment of each read to one of the

three reading frames.
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7.1.4 Results

The variation of ribosome profiling technique called translation complex profiling (TCP-seq)
permits the measurement of scanning ribosomes on mRNA [26]. This approach is based on
the fixation of ribosomal complexes on mRNA by chemical crosslinking followed by RNAse
digestion and separation of PIC complexes from translating 80S ribosomes. Resulting mRNA
footprints can be used to track the positions of PICs along mRNA 5’ leaders. The information
on PIC footprints can be used for both, the assessment of leaky scanning and on scanning of
post-terminating ribosomal complexes downstream of uORFs, thus allowing for the
assessment of uORF regulatory modality in its native context. Below we show how this could
be done using the data obtained by Bohlen et.al. [24] and accessed via the Trips-Viz
transcriptome browser [25].The Sequence Read Archive (SRA) run accessions of the samples

used are available in supplementary information.

The principle of the approach is shown in Figure 7.2A. The signal upstream of uORF is a
proxy of PIC loading efficiency onto mRNA 5’ end and scanning towards the uORF start
codon (red). PIC density within uORF corresponds to PICs that leaked through uORF start. If
no reinitiation occurs downstream of the uORF, the density of PICs would be expected to stay

the same, thus an increase in density is likely to occur due to reinitiation (Figure 7.2A).

184



P
A &
./

Leaky scanning REI + leaky scanning ~-
80S

2 [
D S
REI
Z'| Before uORF UORF Leak ;
= y scanning + REI
é Leaky scanning ﬁH::)
o -
o
B
MDM2 uORF1 uORF2
CDS 3
800
600
400
= NPT
. @
Initial ribosome load REI after REI after
uORF1 uORF2

Figure 7.2. A) A schematic of expected changes in PIC distribution along 5’ leader with a single uORF. B)
TCP-seq profile of MDM?2 5’ leader. Red and green arrows show PIC density changes within regions of interest.
uORFs are highlighted with blue boxes.

We chose MDM? as the first example, as MDM?2 contains two uORFs (Figure 7.2B). Previous
experiments with reporter constructs demonstrated that mutation of the uORF1 start codon
resulted in a ~4-fold increase in reporter activity while removal of the uORF2 start codon had
a modest ~1.5-fold effect [27]. TCP-seq data show that high PIC signal significantly
decreases within the uORF1 and partially restores in the spacer region between uORF1 and
uORF2 (Figure 7.2B). This indicates that uORF1 is indeed repressive, and both leaky
scanning and moderate levels of reinitiation contribute to PICs that arrive at the uORF2 start
codon. However, a different pattern is observed for uORF2 — PIC density drops to baseline
within uORF2 but is almost completely restored after it. Therefore, one can conclude that

uORF2 promotes no leaky scanning but it supports very efficient reinitiation.

To further illustrate the high variability of uORF regulatory modalities we compare TCP-seq
profiles of TAF7 (Figure 7.3A) and UCP2 (Figure 7.3B) mRNA 5’ leaders. TAF7 contains 70
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codons long uORF. The PIC density upstream, downstream and within this uORF is roughly
equal which suggests that this uORF is not inhibitory and its start is very leaky. The UCP2 5’
leader contains a single uORF which contains three start codons in the optimal nucleotide
context. Experiments with reporter constructs demonstrate more than 10-fold inhibitory
activity of this uORF [28]. TCP-seq profile of UCP2 5’ leader shows a dramatic gradual
reduction of PIC density within the uORF and a slight increase downstream. This is consistent
with the expectation that three start codons almost completely preclude leaky scanning and

that the uORF does not allow for efficient reinitiation.
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Figure 7.3. TCP-seq profiles of selected 5° leaders. uORFs are highlighted with blue boxes and blue arrows,
green arrows show the beginning of CDS. The length of each uORF and its AUG start codons are provided
below each graph. Nucleotides of non-optimal start codon contexts are shown in blue. Ribosome Decision
Graphs [29] below each panel show the potential ribosome paths that may originate from the translation of the

translons annotated with arrows.

Leaky scanning through uORF start codons can operate within regulatory circuits. It was
shown that high levels of eIF5 initiation factor induces translation of inhibitory upstream open
reading frames (uUORFs) in its own mRNA that initiate at AUG codons in conserved poor

contexts, and this, in turn, represses elF5 production [30]. TCP-seq data suggest that PIC
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density gradually drops ~5-fold inside long uORF1 overlapping CDS consistent with
inefficient leaky scanning through uORFs AUG codons (Figure 7.3C).

A different pattern of PIC distribution is observed for PPPIRI5B (Figure 7.3D). This 5’
leader contains two uORFs. According to experiments with reporter constructs the first
shorter uORF1 is not repressive and the second longer uORF2 downregulates translation ~ 8
fold [31]. TCP-seq profiling shows that PICs almost completely disappear within uORF2.
This indicates that initiation at uORF2 start is very efficient and uORF2 start is not leaky.

Instead, PICs reappear after utORF2 which is consistent with reinitiation.
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Figure 7.4. A and B: Riboseq and TCP-seq profiles of I/FRD1 and MIEF1 5’ leaders. Top panels are aggregated
ribosome profiling data from the Trips-Viz browser. uORFs are highlighted with coloured boxes which
correspond to three reading frames (middle panel, white dashes correspond to AUG codons, black dashes — stop
codons). Below are Ribosome Decision Graph representations of the depicted loci showing the potential
ribosome paths that lead to the data shown in the profiles above. All plots share the same x-axis of coordinates of
the transcript isoform. Branch points in the RDG correspond to the AUG codons shown in the ORF plot. C and
D: Selective TCP-Seq profiles of PPPIRI5B and IFRDI 5" leaders. Both plots show the same tracks for two
different transcripts. Each trace is coloured according to the initiation factor that was selected. Samples
aggregated in each trace are recorded in Supplementary Table 1. The read counts represented on the Y axis are
normalised by the factor difference in the number of mapped reads between each track akin to the scaling factor

used in transcripts per million (TPM) calculations.

In addition to reinitiation and leaky scanning, we also observed unusual patterns in PIC
distribution that point to the existence of a novel mode of uORF-mediated translation control.
An intriguing example is found for /FRDI. This 5’ leader contains a single uORF which

represses translation ~8-fold in reporter constructs [31]. Contrary to the expectation, we found
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an accumulation of PIC density within the uORF (Figure 7.4A). Another example was found
in the MIEF1 5’ leader, where PICs form a peak in density within the long uORF2 (Figure
7.4B). We propose that PIC presence within inhibitory uORF is the result of the queuing of
PICs and 80S ribosomes engaged in uORF translation. Probably, PICs do not always
dissociate from mRNA upon collisions with 80S but the scanning rate within the uORF is
decreased, and this in turn results in translation repression of the main ORF. We hypothesise
that such stalled PICs contain additional translation initiation factors which stabilise them on
uORF mRNA sequence, and mRNA nucleotides within ribosome mRNA binding cleft can
also stabilise mRNA-ribosome interactions. Such a hypothetical mechanism can be called

slow leaky scanning.

Re-emergence of scanning complexes in TCP-Seq after the translation of an upstream
translon signifies the potential for reinitiation. However, it is the association of initiation
factors that dictates the reinitiation ability. The dissociation of the 40S subunit upon
termination precludes downstream translation but the continued association of the 40S with
the mRNA is not sufficient for reinitiation on its own and the recruitment of initiation factors

is still required.

Selective TCP-Seq (Sel-TCP-Seq), where 40S complexes bound to proteins of interest
(initiation factors elF3B, elF4E, elF2S1 and elF4G1 in the Bohlen dataset) appear to increase
the amplitude of the peaks and troughs in the profiles around translons. We posit that this is
due to the additional immunoprecipitation step increasing the abundance of bonafide reads
from PIC-associated 40S relative to non-PIC originating reads. All initiation factors selected
for in the Bohlen study, excluding elF4E, exhibit this increased amplitude downstream of the
translon. However, the Sel-TCP-Seq profile for elF2S1-associated 40S complexes differs
considerably from the profiles of the structural subunits of the scanning complex that were
also profiled (elF3B and elF4G1) in some cases. The elF2 complex plays an essential role in
the recruitment of ternary complexes to the P-site during translation initiation making its

presence required for reinitiation to occur.

Figure 7.4B shows two transcripts where the relationship between elF2S1 and elF4G1/elF3B
differs. In PPPIR15B, elF3B, elF4G1 and elF2S1 re-appear after translation of the upstream
translon and this enables the translation of the CDS (as described above). Throughout the
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translation of the upstream translon in IFRDI1, elF3B and elF4G1 remain associated with
scanning complexes at a relatively high rate indicating leaky scanning occurs. Following
translation termination of this translon, the abundance of eIF3B and elF4G1 associated 40S
complexes increases while elF2S1 association significantly decreases. Following the
hypothesis that scanning complexes queue across this upstream translon it is plausible that

elF2S1 dissociates due to the increased time spent in the queue.

These examples demonstrate how TCP-Seq has the potential to elucidate the leaky
scanning/reinitiation dichotomy that remains obfuscated in Ribo-Seq data and how further
nuances can be obtained via the comparative examination of Sel-TCP-Seq profiles. However,

the applicability of this approach to a given locus depends on several factors.

To identify reinitiation we look for the following: the presence of scanning complexes 5° of
the translon start, a reduction in scanning complex abundance within the translon, followed by
an increased abundance of 40S’s 3" of the translon stop. As a result, the suitability of this
approach for the assessment of reinitiation is dependent on the complexity of the potential

signal origins and the translon architecture of the locus.

As previously mentioned, the population of reads within a TCP-Seq sample will consist of
both PIC-associated 40S subunits and 40S subunits that were crosslinked to the mRNA while
part of an elongating 80S ribosome and subsequently dissociated from the large subunit. As a
result, there is the potential for reads from elongating ribosomes that were translating a
translon to be misinterpreted as scanning complexes inflating the perceived degree to which

leaky scanning occurs.

As with any transcriptomic high throughput signal, including Ribo-Seq and RNA-Seq, the
exact transcript isoform from which a given read originated is often impossible to determine
in isolation and difficult to infer from a sample. This introduces significant complexities when
it comes to extrapolating translation dynamics from aligned ribosome-protected fragments
from Ribo-Seq and TCP-Seq. In the instance where two transcript isoforms of the same gene
are expressed to non-aberrant degrees, the signal observed in a profile of one transcript will
contain a signal originating from the other as well as from itself on shared exons. Although

we are yet to identify a definitive example of this, the re-emergence of the 40S signal
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downstream of a translon stop may originate from an alternative isoform with a shorter leader

sequence.

Short reads are notoriously difficult to map to large genomes/transcriptomes due to the
ambiguity introduced by shared tracts of sequence across the reference. TCP-Seq datasets
have a wider read length distribution than typical Ribo-Seq datasets do and as a result, enjoy a
greater degree of mappability. However, there can still be issues mapping reads to certain
genes and as a result, translons with no read coverage will be observed even in the event of
low initiation probabilities. This has the potential to lead to the misattribution of signal to the

reinitiation ribosome path rather than leaky scanning.

These aforementioned confounding factors, among others, have the potential to confound the
interpretation of translation dynamics using TCP-Seq and Ribo-Seq. However, existing
browsers made available via RiboSeq.org (namely, GWIPs-viz and Trips-Viz) contain much
of the necessary data to enable a researcher to identify translation mechanisms despite these

factors.

Additional data cannot however increase the number of 5° leaders with suitable translon
architecture to enable the application of this approach. The organisation of translated regions
is an important feature of many 5" leaders that impacts the regulation of downstream CDS
translation. However, there exist instances where the organisation of active translons limits
the use of this approach. The first instance is the distance between the stop of translon 1 and
the start of translon 2 are too close together. In this case, reinitiation may well occur but not
be detectable as no reemergence of TCP-Seq signal is observed in this region. Furthermore, in
cases where there are a large number of active translation initiation sites in one 5" leader the
relative changes in scanning complex abundances may be difficult to delineate obfuscating

the relative contributions of each translon to the change in 40S densities.
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7.1.5 Conclusion

We provide examples of how translation complex profiling (TCP-seq) can help uncover
translation regulation at individual uORFs under normal growth conditions due to the
availability of the data. Our study suggests that TCP-seq may be instrumental in
understanding the mechanistic roles of uORF-mediated regulation under stress conditions or
in response to certain metabolites. Furthermore, a number of non-canonical translation
initiation factors such as MCTS/DENR heterodimer and eIF2D [32, 33], eIF4G2 [34-36],
ribosome rescue factor PELOTA [37], RNA binding proteins PRRC2A, B, C proteins [38]
and its ortholog Nocte in fruit fly [39] regulate leaky scanning or reinitiation at certain
uORFs. Generation of TCP-seq under conditions of knockdown or overexpression of these

factors may shed light on how they affect uORF translation globally.
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