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Abstract 

Atlantic salmon is a finfish of significant cultural, ecological and commercial 

importance, representing the United Kingdom’s main aquaculture species. 

There is currently a great opportunity to apply genomics to improve the 

sustainability, efficiency and welfare of the aquaculture sector. This includes 

a current drive to perform functional annotation of genomes to identify genes 

and other elements that shape the traits of aquaculture species. The AQUA-

FAANG consortium aimed to produce comprehensive functional annotations 

for six key aquaculture species, including Atlantic salmon. The work in this 

thesis was carried out under the AQUA-FAANG umbrella. 

Long-read RNA-sequencing (RNA-seq) technologies are powerful tools for 

functional annotation of gene expression, with great scope to resolve 

complex transcript variants that cannot be accurately assessed using 

traditional short-read methods. However, long-read RNA-seq is yet to be 

applied and benchmarked in many aquaculture species. As such, my work 

aimed to develop a robust full-length RNA-seq method in Atlantic salmon 

using long-read technology to examine transcriptional diversity and conduct 

expression analyses resolved to individual transcript variants. My work 

focused on two distinct study systems where extensive transcriptional 

regulation is applied: 1) embryogenesis, the stage of ontogeny where the 

adult body plan is established, and 2) immune function in response to acute 

viral and bacterial stimulation, improving understanding of innate immune 

function. 

I developed a full-length RNA-seq method using the Oxford Nanopore 

Technologies platform involving the optimisation of total RNA extraction and 

mRNA isolation protocols, as well as cDNA library generation and 

subsequent sequencing on the PromethION device. A custom transcriptome 

assembly pipeline was optimised to generate the first nanopore-based long-

read transcriptome for Atlantic salmon, used as the reference for further 

analyses reported in this Thesis. The long-read transcriptome consisted of 

266,222 transcripts and 35,480 genes, with a transcript-to-gene ratio of 7.50 

in comparison with 2.65 in the current Ensembl reference annotation 
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(Ssal_v3.1). Furthermore, 60% of transcript models were deemed to contain 

a novel splice site, indicating that my full-length RNA-seq method captured 

extensive novel transcript diversity not annotated in the current reference 

assembly.  

To examine transcript expression dynamics in response to viral and bacterial 

infection, I developed a differential transcript expression and usage analysis 

workflow, adapting existing bioinformatic tools. My analysis captured 

complex dynamics of alternative transcript expression for antiviral and 

antibacterial genes involved in the interferon-JAK/STAT pathway and 

proinflammatory responses, respectively. A novel fusion transcript between 

pctk2 and an undescribed locus containing a FIP2-like coding sequence was 

identified to be upregulated in both viral and bacterial response. 

A separate pipeline was developed to assess transcript expression during 

embryogenesis using a complex timecourse design that sampled embryos at 

six stages (from blastulation to the late-eyed stage). Using a dimensionality 

reduction technique called self-organising maps (SOM), twinned with a 

generalised linear model and quasi-likelihood F-test method, I optimised a 

differential transcript expression workflow and developed an approach to 

examine differential transcript usage across development stages. This 

resulted in a comprehensive description of transcript expression throughout 

early development and the discovery of alternative transcript usage events 

within individual genes including an exon-chaining event in the coding 

sequence of slc25a3b, (mitochondrial phosphate carrier PiC) causing 

expression of unique isoforms in blastulation and late-eyed stages of 

development, whilst a 5’ UTR difference in the tagl gene led to different 

isoforms being expressed in blastulation and somitogenesis. 

The full-length sequencing method captured many mono-exonic, or 

intronless gene and transcript models not present in the reference 

annotation. Over a third of these models were found to contain a complete or 

partial ORF indicating they are protein-coding, whilst approximately 25% of 

mono-exonic transcripts were found to overlap repetitive regions. 



xx 
 

Additionally, I identified a previously undescribed retrogene family found to 

be widespread throughout the genome. 

Overall, this thesis reports approaches for robust full-length RNA-seq 

analysis in a non-model species with a complex genome. This work has 

furthered our understanding of the transcript-level expression dynamics 

underpinning early development and immune function in Atlantic salmon, 

with possible applications in aquaculture research.  
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Lay Summary 

All the information required by an organism to produce the diverse proteins 

needed to maintain life is stored in a molecule called deoxyribonucleic acid, 

or simply, DNA. DNA consists of a continuous string of units, called 

nucleotide bases, which are arranged in a continuous double strand and 

represented commonly by four letters; A, T, C and G. DNA itself cannot be 

immediately converted to a usable product; it is instead copied into an 

intermediate molecule called ribonucleic acid (RNA). Like DNA, RNA is made 

up of four nucleotide bases, this time A, U (in replacement of T), C and G, 

but unlike DNA, RNA molecules are single-stranded. 

The parts of the DNA that are copied into RNA are called genes. We know 

that a single gene can code for multiple unique RNA molecules known as 

transcripts, and thus can code for multiple products, each with potentially 

different functions. However, not all RNA is used to make proteins. Some 

types of RNA bind to and work with proteins to support fundamental cellular 

processes, whilst others prevent or influence the production of other RNA 

molecules or proteins. The RNA molecules that are converted to a protein 

are termed messenger RNA or mRNA. Studying which mRNA transcripts are 

expressed, and to what level they are expressed, can give us insights into 

which proteins and molecules are required under distinct conditions, for 

example, in different cells, tissues or organs, or in response to an infection or 

change in environment. 

The current main approach used by scientists for studying mRNA is called 

RNA-sequencing (RNA-seq). This method allows us to identify both the 

sequence and expression level of mRNA molecules in a sample. The most 

common method of RNA-seq involves taking an mRNA molecule, cutting it 

into little chunks, and then sequencing these fragments. The fragmentation 

of the mRNA and the resulting small chunks of data produced by this 

technique give rise to its name: short-read RNA-seq. These short reads can 

be either stitched back together to form a complete strand of mRNA in order 

to build a database of full-length mRNA sequences, or can be directly 

compared with pre-existing mRNA databases to quantify expression.  
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Whilst short-read methods sequence the individual chunks of mRNA 

accurately and are well-established for expression analyses, the process of 

stitching the short reads back together again to form full-length mRNA 

sequences can be difficult, akin to piecing together a jigsaw puzzle. This 

poses a serious challenge if we are interested in understanding how 

transcripts with different structures, which may have different functions, are 

being expressed. Recently, newer RNA-sequencing technologies have been 

introduced which do not involve cutting the mRNA. These techniques, called 

long-read RNA-seq, can sequence the mRNA molecule in a single pass, 

more similar to taking a photograph than piecing together a jigsaw puzzle. 

This allows us to better characterise the diversity of mRNA produced by each 

gene and examine the functional consequences of expressing different 

mRNA transcripts.  

In my project, I use a novel long-read RNA-sequencing technique to explore 

the role of RNA diversity and examine mRNA expression in the immune 

system and during early development in Atlantic salmon, a key aquaculture 

species of cultural and commercial significance. To do this, salmon embryos 

at different stages of development, as well as a tissue involved in fish 

immunity, were sampled. I sequenced the full-length of the mRNA molecules 

in these samples, and developed new analysis methods to reveal the 

expression dynamics involved in each condition. My thesis reveals mRNA 

expression patterns that would be missed by short-read RNA-seq methods. 

Additionally, the techniques I developed can be transferred to other 

organisms and studies, forming a foundation for future RNA research. 
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Chapter 1: General Introduction 

Framing: 

In this thesis, I report the first Oxford Nanopore long-read transcriptome for 

Atlantic salmon and explore transcript diversity expressed during early 

development and in response to immunostimulation, activation of the 

immune system, through injection of bacterial and viral mimics. This chapter 

introduces concepts necessary to contextualise my aims and findings, 

including the development of long-read sequencing technologies and the 

importance of genome functional annotation. Atlantic salmon as a species is 

introduced and I review the current state of knowledge on fish 

embryogenesis and immune responses. I end the chapter by detailing the 

specific aims and objectives of my project.  

1.1 The Transcriptome  

1.1.1 The Central Dogma of Molecular Biology 

All the genetic information required for an organism to produce proteins, 

build cells, construct organs and develop tissues is stored in a molecule 

called deoxyribonucleic acid (DNA). DNA is made up of four nucleic acid 

bases; adenine, thymine, cytosine and guanine, often abbreviated A, T, C 

and G, which are arranged in complementary pairs (A-T, C-G). Base pairs 

are connected by sugar-phosphate links and form the classic, double-

stranded helical structure (Watson & Crick, 1953) displayed in biology 

classrooms worldwide. Together, these four bases encode all products an 

organism needs to function and the entire complement of DNA is termed the 

genome. For DNA to be converted into a usable product, for instance the 

diverse repertoire of proteins used to perform cellular functions, it is first 

copied into an intermediate, single-stranded molecule called ribonucleic acid 

(RNA). RNA and DNA share three of the four bases with thymine being 

substituted for uracil (U). The flow of information, from DNA to RNA to 

proteins, the machines underlying all biological functions, is called the 

‘Central Dogma of Molecular Biology’ (Crick, 1970; Cobb, 2017). 
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1.1.2 RNA Transcription & Synthesis 

RNA transcription is the process by which DNA is copied into RNA and 

regions of the genome that are transcribed into RNA are termed genes. In 

RNA transcription, a DNA helicase unwinds the double-stranded DNA 

molecule whilst an RNA polymerase binds to the antisense strand, reading it 

in the 3’-5’ direction and synthesises a complementary strand. As a result, a 

single-stranded RNA molecule is produced which matches the sense strand 

of the gene.  

The rate at which RNA is transcribed is regulated by a variety of 

mechanisms; promoter regions are sequences of DNA lying upstream of a 

gene and serve as binding sites for transcription proteins (Haberle & Stark, 

2018; Andersson & Sandelin, 2020), transcription factors are proteins which 

bind to promoter regions and can either enhance or repress transcription via 

interactions with RNA polymerase (Lambert et al., 2018), whilst other 

genomic elements like enhancers and silencers either increase or decrease 

expression by interacting with transcription factors (Shlyueva et al., 2014; 

Pang et al., 2023). 

Not all RNA molecules are directly converted into protein and are thus 

deemed to be non-protein-coding, or non-coding for short. One of the most 

abundant classes of non-coding RNA is ribosomal RNA (rRNA), which forms 

parts of the ribosome - a molecular unit that synthesises protein (Hori et al., 

2023). Another class of RNA involved in protein synthesis but not directly 

translated into protein is transfer RNA (tRNA). tRNAs carry amino acids, the 

building blocks of proteins, to the ribosome and serve as adapters between 

RNA that is being translated and the growing polypeptide chain (Berg & 

Brandl, 2021). Additional classes of non-coding RNAs have recently 

captured the attention of researchers for their involvement in the regulation of 

gene expression. These include long non-coding RNA (lncRNA) which have 

been implicated in the control of multiple transcriptional mechanisms (Tsai et 

al., 2010; Jathar et al., 2017), microRNA (miRNA), small non-coding RNAs 

that can inhibit protein synthesis by binding to protein-coding RNAs (Ye et 

al., 2019), and circular RNA (circRNA), a class of non-coding RNA initially 
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thought to have function similar to miRNA that has yet to be fully elucidated 

(Salzman, 2016). 

Whilst not as ubiquitous as non-coding RNA, making up only 2-5% of total 

RNA production, protein-coding messenger RNA (mRNA) is the most studied 

class of RNA. mRNA is transcribed from genes and then subjected to a suite 

of post-transcriptional modifications in the nucleus, including the excision of 

intronic regions, 5’ capping, and the addition of a polyA tail to the 3’ end of 

the molecule. Now mature, messenger RNAs exit the nucleus to be 

translated into proteins by the ribosomal machinery. 

1.1.3 Generating mRNA Transcript Diversity 

A further layer of complexity is added to mRNA expression via the post-

transcriptional modification of immature, or pre-RNA. Pre-RNA consists of 

segments called introns, which are spliced out of the molecule, and exons, 

which are retained in the mature RNA.  A mechanism called alternative 

splicing (AS) causes different combinations of exons and introns to be 

retained in the final mature RNA enabling single genes to produce multiple 

RNA variations (Figure 1.1; McManus & Graveley, 2011) that may have 

distinct protein functions or RNA properties (Manuel et al., 2023). AS has 

been shown to be a fundamental and important process (reviewed in 

Marasco & Kornblihtt, 2023), involved in events such as the acquisition of 

tissue functions during early development (Baralle & Giudice, 2017) and 

linked with diseases such as cancer (Frankiw et al., 2019) or 

neurodegenerative conditions (Nikom & Zheng, 2023) in humans.  

In addition to AS, the use of alternative transcription start (TSS) and 

termination sites (TTS) contributes further to transcriptional diversity, leading 

to the formation of transcripts with differing 5’ and 3’ ends (Figure 1.1), which 

can influence important biological processes (Reyes & Huber, 2018). 

Alternative polyadenylation sites and differences in polyA-tail length can also 

affect gene translation by altering RNA stability (de Klerk & ‘t Hoen, 2015). 

Furthermore, additional post-transcriptional modifications can affect the fate 

of mature RNA. Chemical modifications like m6A methylation may influence 
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RNA decay and extra-nucleus transport rates (Fu et al., 2014; Nachtergaele 

& He, 2017), leading to another layer of post-transcriptional regulation.  

The sum of all RNA molecules, or transcripts, expressed at any given 

moment is termed the transcriptome. In addition to defining different tissues 

and stages of ontogeny, the transcriptome is highly variable in response to 

stimuli such as physiological stress, or environmental conditions. Studying 

the transcriptome thus allows the dissection of fundamental pathways and 

mechanisms associated with organism function including growth and 

development, cell fate, and disease progression (Reese et al., 2023). 

1.1.4 Regulation of RNA Transcription 

RNA transcription is a complex process regulated by many different 

mechanisms. Epigenetic modification can regulate transcription in a variety 

of ways. Direct modification to histones, proteins around which genomic DNA 

is wound, such as methylation of H3K27, has been shown to reduce histone 

accessibility and acts as a gene silencer (Ferrari et al., 2014), whereas 

acetylation of histones causes conformational changes which allow RNA 

transcription to occur more readily (Marmorstein & Roth, 2001). Specific 

regions of DNA that initiate the binding of transcriptional machinery lie 

upstream of genes and are called promoters (Lin et al., 2017). Promoters 

can be epigenetically modified via the addition of methyl groups to DNA in 

these regions. Increased levels of methylation cause gene repression by 

recruitment of gene repressive proteins or blocking of transcription factor 

binding sites (Moore et al., 2013). Regulating the transcription of individual 

genes is also achieved through cis-regulatory elements such as enhancers 

(Bulger & Groudine, 2011) or silencers (Pang et al., 2023), which recruit 

transcription factor (TF) proteins that influence transcription rates of target 

genes, with their activity depending on biological context (Spitz & Furlong, 

2012).  

1.1.5 Early Technologies for Transcriptomics  

Introduced in the 1970s, Sanger sequencing, also known as the chain-

termination method (Sanger et al., 1977), was the prevailing sequencing 

technology for the rest of the 20th Century and was first used for 
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transcriptomics in the 1990s. Developed by Adams et al. (1992), the 

expressed sequence tag (EST) strategy was the first widespread method for 

transcriptome analysis. The EST strategy involves the sequencing of cDNA 

clones via Sanger technology. Whilst useful for identifying novel genes and 

generating sequence data, the EST method is expensive and laborious with 

low throughput, limiting scope for quantitative analysis.  

Hybridisation-based microarrays were introduced shortly after the EST 

strategy and allowed gene expression to be measured (Hrdlickova et al., 

2017), thus providing a vehicle for quantitative transcriptome analysis. In 

microarray technology, fluorescently-labelled cDNA copies of transcripts are 

identified when they bind to a series of immobilised, custom-made nucleotide 

probes (Schena et al., 1995). Microarrays are widely used to quantify relative 

gene expression by measuring fluorescence intensity. However, microarray 

analysis possesses two fundamental issues. First, the microarray probes 

must be designed from pre-existing genome or transcript information, 

hindering their ability to detect novel transcripts. Second, high levels of both 

background binding and cross-hybridisation can limit the detection of lowly 

expressed transcripts (Okoniewski et al., 2006). The advent of high-

throughput RNA-sequencing (RNA-seq) in the mid-2000s helped to alleviate 

these issues (Wang et al., 2009) and initiated a ‘transcriptomics revolution’. 

1.1.6 High-Throughput RNA-Seq and Second-Generation Sequencing 

The first human genome was completed using Sanger sequencing in 2004 

(International Human Genome Sequencing Consortium, 2004) at an 

estimated cost of $2.7 billion. An explosion in the development of sequencing 

technology followed this milestone, thanks to a funding initiative introduced 

by the National Human Genome Research Institute, which aimed to reduce 

the cost of sequencing each human genome to <$1000 (Schloss et al., 

2020). Now referred to as Next-Generation Sequencing (NGS) or Second-

Generation Sequencing (SGS), these new platforms were able to sequence 

millions of nucleotides in parallel at a fraction of the time and cost of Sanger 

sequencing (Liu et al., 2012; van Dijk et al., 2014; Reuter et al., 2015). The 

significant reduction in per-base cost offered by these massively parallel 
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platforms (hereinafter referred to as SGS) gave small labs and researchers 

access to sequencing technology, revolutionising genomics studies (van Dijk 

et al., 2014). 

RNA-seq on SGS platforms transformed transcriptomic research through 

their ability to sequence cDNA. During the early 2000s many SGS 

technologies were released to the market and used for RNA-seq (reviewed in 

Metzker, 2010). In general, RNA-seq on SGS platforms shared similar steps 

to generate sequencing libraries: RNA molecules are either converted to 

cDNA and fragmented randomly into shorter sections, or fragmented before 

conversion to cDNA. The small fragments of cDNA are then multiplied to 

increase their abundance via polymerase chain reaction (PCR) amplification. 

Sequencing adapters are ligated onto the fragments before being sequenced 

in a high-throughput manner (Wang et al., 2009). Resulting data is then 

either aligned to a reference genome or transcriptome database, or 

assembled into a custom transcriptome de novo to show the structure and 

expression level of each gene and transcript. Today, Illumina dominates the 

SGS market with their sequencing-by-synthesis (SBS) strategy, which 

measures the fluorescence of labelled nucleic acid bases when incorporated 

into a complementary strand during PCR amplification. This method is highly 

accurate (Q30+: 99.9% per-base accuracy) with their largest machine the 

NovaSeq X producing up to 8Tb per flowcell (Illumina, 2024), equating to 26 

billion reads of 150bp in length.  

Another viable SGS method is the MGI-Tech DNBSEQ-T7 platform, which 

can produce approximately 1 billion paired-end 100bp reads of comparable 

quality and accuracy to Illumina’s platforms (Kim et al., 2021a). Like Illumina, 

the MGI method leverages fluorescent sequencing-by-synthesis probes, 

however, MGI uses nucleotides fluorescently labelled with antibodies as 

opposed to Illumina’s fluorescent dye approach. In the MGI approach, cDNA 

is synthesised into circular structures and amplified to form DNA nanoballs 

(DNB) which are then hybridised to a flowcell (Drmanac et al., 2010). 

Sequencing continues in a similar fashion to Illumina, with the fluorescent 

signatures produced by the addition of labelled nucleotides being recorded in 

real-time.  
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The majority of RNA-seq studies to-date use Illumina SBS technology (Stark 

et al., 2019). However, the fragmentation of RNA molecules to form short 

reads and mandatory PCR amplification required by SGS methods can 

introduce major challenges for transcriptomic analysis. All SGS platforms 

sequence short reads, which are either mapped to reference transcript 

sequences or computationally stitched together to form longer contiguous 

sequences post-sequencing. Fragmentation of RNA during library 

preparation occurs stochastically along the length of the molecule. As a 

result, when mapping to reference transcripts some reads may span exon-

exon junctions, whilst others fall entirely within an exon (Figure 1.2); it will be 

extremely rare for single short-read sequences to completely capture the full-

length of transcripts. This introduces difficulties when trying to locate 

alternative splice junction start and end sites, identify alternative transcript 

isoforms, as well as determine intron retention and exonic chaining. These 

challenges, combined with the fact that reference transcriptomes are often 

generated through in-silico prediction software based on SGS sequencing 

can lead to incomplete transcriptome annotation (Steijger et al., 2013; Kuo et 

al., 2017). Additionally, shorter reads can be ambiguously mapped to highly 

repetitive regions of the genome or similar gene copies (Li & Dewey, 2011) 

and PCR amplification during library preparation can introduce sequencing 

bias (Aird et al., 2011).  

The advent of long-read sequencing and its rise to prominence over the last 

decade may help overcome these issues.  

1.2 Long-Read Transcriptomics 

1.2.1 Advent of Long-Read Sequencing Technology 

Short-read platforms remain the current standard for RNA-seq due to their 

low cost, high per-base accuracy and high throughput (Stark et al., 2019). 

However, long-read sequencing technologies developed in recent years 

have proven valuable tools for RNA-seq due to their lack of RNA 

fragmentation during library preparation. This allows full-length molecules to 

be sequenced in a single pass which reduces ambiguity when mapping 

reads to the genome, as well as improving the identification of alternative 
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splice sites, thus allowing better characterisation of transcript diversity and 

identification of novel alternative isoforms (Kuo et al., 2017; Seki et al., 2019; 

Stark et al., 2019). 

Introduced by Pacific Biosciences (PacBio) in 2011, Single Molecule Real 

Time sequencing (SMRT) was the first publicly available long-read 

technology (McCarthy, 2010). A few years later, Oxford Nanopore 

Technologies (ONT) released their MinION device to the market in 2015 

(Jain et al., 2015). Collectively known as third-generation sequencing (TGS), 

both technologies were initially characterised by high error rates and low 

throughput compared with short-read approaches (Quail et al., 2012; 

Weirather et al., 2017). However, with the introduction of circular consensus 

sequencing (CCS) in PacBio systems, and improvements to platform 

chemistry and basecalling software for ONT sequencing, the error rates and 

throughput of both approaches has improved dramatically since inception 

(Van Dijk et al., 2018; Liu-Wei et al., 2024).  

Despite wide use for transcriptome construction and alternative transcript 

discovery, long-read RNA-seq is yet to be routinely applied for quantitative 

analysis. Low throughput and high error rates seen in early iterations of TGS 

were prohibitive for quantitative analysis (Amarasinghe et al., 2020; Hu et al., 

2021). Additional challenges remain for long-read data analysis where few 

standardised pipelines have been created and validated.  

In the following sections I explore in more detail the two distinct methods 

employed by PacBio and nanopore RNA-seq and the advantages and 

disadvantages of the two platforms. 

1.2.2 PacBio Iso-Seq 

Similar to most short-read platforms, PacBio’s SMRT approach, also termed 

Iso-Seq, utilises sequencing-by-synthesis whereby a DNA polymerase 

synthesises a complementary strand from a sample cDNA template strand. 

In short, RNA is converted to full-length cDNA using a strand-switching 

polymerase – no further rounds of PCR amplification are carried out. Hairpin 

adaptors are ligated onto both ends of the cDNA, creating a circular, single-

stranded molecule. A template-polymerase complex is generated for each 



9 
 

read which is subsequently tethered to the bottom of micron-scale wells, 

termed zero-mode waveguide (ZMW) chambers. As a complementary strand 

is synthesised, fluorescently-labelled nucleotide bases are incorporated, 

emitting a pulse of light which is recorded by the machine. Each base emits a 

different wavelength which is used to then generate the sequence in a 

process called basecalling 

In its early stages of development, the PacBio RS system could only produce 

a maximum of 1Gb of data, with reads up to 1.5kb in length and an error rate 

of approximately 13% (Quail et al., 2012; Van Dijk et al., 2018). However, the 

next generation of the PacBio system, the Sequel II was a drastic 

improvement. Output was increased 10-fold, producing 5-10Gb of reads up 

to 15kb in length while reducing the average per-base error rate through 

CCS. As the template DNA strand is circular, it is possible to synthesise a 

complementary strand multiple times. CCS (also known as ‘HiFi’ sequencing) 

is the process of deriving a consensus sequence from multiple passes 

(Travers et al., 2010). CCS has reduced raw error rates to <1% (Wenger et 

al., 2019) and can reach sequencing accuracies of 99.999% after 25 passes 

(van Dijk et al., 2018). Nevertheless, read lengths on the Sequel were limited 

to an average of 15kb (Stark et al., 2019). PacBio’s current flagship system, 

the Revio, can produce upwards of 90Gb of HiFi reads in a single SMRT-cell 

with an accuracy of 99.95% (Q31) at a cost of $995 USD per cell 

(https://www.pacb.com/revio/). The Iso-Seq data analysis pipeline (available 

here: https://isoseq.how/) is the most established long-read RNA-seq 

analysis pipeline for obtaining full-length reads and generating a 

transcriptome assembly, thus offering a simple workflow for researchers to 

employ quickly.  

In humans, PacBio RNA-seq was used to improve transcriptome annotation, 

providing evidence for approximately 4,000 novel gene models of which 

2,500 were deemed non-coding (Kuo et al., 2020) following sequencing of a 

universal human cell line (UHRR). Another study in humans described 

significant pseudogene transcript diversity using PacBio sequencing of foetal 

and adult tissues in addition to the same UHRR dataset from Kuo et al. 

(2020) twinned with CRISPR-Cas9 knockout and CAGE-seq validation 

https://www.pacb.com/revio/
https://isoseq.how/
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(Troskie et al., 2021).  Moving away from humans, Ramberg and colleagues 

(2021) used PacBio RNA-seq with matched short-read error-correction to 

identify over 71,000 full-length transcripts in Atlantic salmon Salmo salar, of 

which 75% were not present in the reference annotation. This is a significant 

increase in novel transcript discovery compared with humans (e.g. Kuo et al., 

2020) due to the fact that humans have a greater body of work supporting 

their transcriptome annotation. This highlights the utility of long-read 

sequencing for profiling the transcriptomes of non-model species. A similar 

approach was employed in the salmon louse Lepeophtheirus salmonis and 

revealed significant transcript diversity expressed at different life-stages of 

the louse (Hansen et al., 2023). These studies show the ability of long-read 

sequencing to catalogue hitherto undescribed transcript diversity and 

elucidate its role in both model and non-model species. 

1.2.3 Nanopore RNA-Seq  

Distinct from PacBio and SGS methods, ONT’s method reads nucleic acid 

sequences as they thread through nanopores (Figure 1.3). Pore proteins are 

embedded in an electrically-resistant lipid membrane separating two 

compartments filled with electrolyte solution – this forms the flow cell. An 

ionic current, produced by applying a constant voltage bias across the 

membrane, causes the nucleic acid molecule to pass through the pore, 

regulated by a helicase. During this process, different nucleotides induce 

characteristic disruptions to the ionic signal. This signal is recorded and the 

disruptions are used to determine the nucleotide sequence of the molecule. 

Unlike PacBio’s SMRT approach, the read lengths produced by nanopore 

sequencing are theoretically unlimited, restricted only by the length of the 

input molecules (van Dijk et al., 2018). 

ONT currently offers two methods of RNA-seq. The first protocol, like 

PacBio, involves generating full-length cDNA using reverse transcription and 

strand-switching, ligating on sequencing adaptors and loading into the flow 

cell. This method can be carried out with, or without PCR amplification. 

Whilst the second method does not utilise strand-switching, it does 

synthesise a complementary strand to form a stable cDNA-RNA hybrid. Only 
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the native RNA molecule is sequenced however, as sequencing adapters are 

ligated only to the RNA strand. This is termed direct RNA sequencing 

(Garalde et al., 2018). Without any PCR, native RNA sequencing preserves 

epigenetic information such as m6A modifications, which allows epigenetic 

and sequence information to be captured simultaneously during the run 

(Workman et al., 2019). 

Low throughput and high raw basecalling error rates historically 

characterised nanopore sequencing. However, improvements in nanopore 

sequencing chemistry have increased throughput and made differentiating 

the ionic signal disruptions easier for basecalling software, thus improving 

raw accuracy (van Dijk et al., 2018). For example, using the now retired 

R9.4.1 chemistry, a single MinION flow cell could generate over 40Gb 

sequence data, a 100-fold increase on the previous R7 generation (Brown & 

Clarke, 2016). According to ONT, the current R10.4.1 sequencing chemistry 

kits can produce reads with accuracies in excess of 99.5% (Q23), with novel 

duplex basecalling algorithms producing reads of Q30+ (ONT, 2023).  

Furthermore, ONT have a range of sequencing machines to customise 

throughput to study requirements. The largest, the PromethION, can 

generate over 200Gb of data per flow cell, scaling up to above 13Tb of 

sequence data (comparable with Illumina) at maximum flow cell capacity. For 

RNA-seq, the PromethION can produce greater than 100 million reads for 

transcript analysis.  

Like PacBio, ONT platforms have been used to investigate transcriptomic 

diversity in a variety of species. Multiplexing samples from 32 tissues on a 

single PromethION flowcell from Hereford cow (Bos taurus) Halstead et al. 

(2021) generated 99,044 high confidence transcript models, of which 61% 

were novel from previously annotated genes, revealing extensive tissue-

specific diversity. Nanopore long-read RNA-seq was used successfully in 

humans, capturing 70,000 novel transcripts from known genes (Glinos et al., 

2022). Other transcriptome annotations generated with Nanopore 

sequencing include those in the ovary of Muscovy duck Cairina moschata 

revealing novel transcriptomic diversity expressed during ovulation (Lin et al., 
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2021), while >20,000 novel transcripts were discovered in honeybee Apis 

mellifera midgut tissue (Zang, 2024). ONT methods have also been used in a 

more targeted way, for example, Nanopore RNA-seq has aided the 

transcriptomic profiling of diseases such as herpes simplex virus type 1 

(Depledge et al., 2019) and recently human adenovirus type F 41 (Abebe et 

al., 2024), and showed expression of widespread transcript variation on the 

surface of B-cells (Byrne et al., 2017), furthering our understanding of the 

role of transcript diversity for immune function.  

A significant bottleneck for analysing ONT data is basecalling, the process of 

converting raw signal data into base information. This process often requires 

considerable computing power and can take multiple days to complete. In 

addition to sequencing chemistry updates, basecalling software is evolving at 

a rapid rate, reducing raw error rates and the time and computing power 

required. The addition of neural networks to ONT basecalling algorithms was 

shown to reduce raw error rates from 15% to ~5% (Jain et al., 2018; Wick et 

al., 2019), whilst increasing basecalling speed. The GridION and 

PromethION currently come with built-in GPUs, which support live-

basecalling - reducing the time and computational costs associated with 

independent basecalling. 

1.3 Genome Functional Annotation 

The technological advancement in sequencing technology over the past 20 

years (sections 1.1 & 1.2) has allowed genome sequencing to be conducted 

rapidly and at low cost. This has led to a drastic increase in the number of 

publicly available reference genome assemblies for both model and non-

model species. For context, the latest Ensembl Release 112 (6th May 2024: 

https://www.ensembl.org/index.html) contains 324 reference genome 

assemblies, a 200-fold increase compared with the 16 assemblies available 

in 2005 (Hubbard et al., 2005). Ensembl rapid release is updated every two 

weeks with new genome assemblies and contains 2,591 genome assemblies 

as of 4th September 2024 (https://rapid.ensembl.org/index.html). Figure 1.4 

depicts the increase in the number of eukaryotic genomes in NCBI’s 

GenBank repository from 0 (in the year 2000), to over 41,000 assemblies 

https://www.ensembl.org/index.html
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today1. This rapid advancement in genomic resources is set to continue into 

the future with projects such as Darwin Tree of Life, which aims to assemble 

genomes for all eukaryotes in the UK and Ireland (Darwin Tree of Life Project 

Consortium, 2022), whilst the Earth BioGenome Project aims to sequence all 

eukaryotic species on Earth (Lewin et al., 2018; Lewin et al., 2022).  

Alongside the wealth of new genome sequences, there is a growing ambition 

to identify which regions of DNA show identifiable functional activity (Giuffra 

et al., 2019) in a process called genome functional annotation. Annotating 

functional genomic elements including coding and non-coding genes and 

their transcript variants, regulatory elements (e.g. promoters and enhancers), 

dynamic epigenetic modifications (e.g. methylation, chromatin accessibility, 

histone marks) and long-range DNA-DNA interactions, is essential for 

understanding the genetic basis for phenotypic variation. This enables a shift 

from simply describing what DNA elements are present, to being able to 

predict traits exhibited by the organism based on genomic information. Such 

approaches allow for elucidation of genes and genetic variants causative for 

traits, discovery of biomarkers and the construction of complex gene 

regulation pathways (Ritchie et al., 2015; Giuffra et al., 2019; Woolley et al., 

2023).  

The Encyclopaedia of DNA Elements (ENCODE) initiative was the first and 

most high-profile functional annotation project. ENCODE commenced in the 

early 2000s, with the goal to characterise functionality in 30Mb (~1%) of the 

human genome (ENCODE Project Consortium, 2007). As the ENCODE 

project progressed, a rapidly expanding ‘omics toolkit, allowed more 

ambitious goals to annotate the whole genome (ENCODE Project 

Consortium, 2020). The most recent iteration of the ENCODE project, 

ENCODE4, has focussed on long-read sequencing to generate full-length 

transcriptome annotations for human and mouse (Reese et al., 2023). Since 

the inception of ENCODE, further related consortia have formed for diverse 

organisms including the Functional Annotation of Animal Genomes (FAANG) 

initiative, which focuses on farmed animals (Giuffra et al., 2019), DANIO-

 
1 Data extracted from Hjelmen (2024) and updated using a custom R script on 03/09/2024 
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CODE, which annotated functional elements in the model zebrafish Danio 

rerio (Tan et al., 2016; Baranasic et al., 2022), and AQUA-FAANG, which 

produced comprehensive annotations of functional elements across the 

genomes of six farmed fish species (see section 1.4.4; Johnston et al., 

2024). 

1.3.1 Functional Annotation Assays 

The increase in technical capability of sequencing technology has led to the 

development of diverse methods for studying genome functional activity 

(Giuffra et al., 2019). Most relevant to my project, various flavours of RNA 

sequencing (RNA-seq) allow gene expression to be quantitatively measured, 

while also revealing transcriptome structural diversity (see section 1.3.2). 

Beyond the transcriptome, non-coding elements like enhancers and 

promoters can be identified by the digestion of DNase I cleavage sites 

followed by sequencing (DNase-seq; Song & Crawford, 2010). This 

technique leverages the fact that regions of open chromatin, which host 

active regulatory elements, are more sensitive to DNase I (ENCODE, Project 

Consortium, 2007; Boyle et al., 2008; He et al., 2014). The most popular 

current method to measure chromatin accessibility is the Assay for 

Transposase-Accessible Chromatin using sequencing (ATAC-seq) 

(Buenrostro et al., 2015). 

Additionally, it is possible to characterise DNA-protein interaction sites 

across the genome using Chromatin Immunoprecipitation (ChIP) sequencing 

(ChIP-seq; Park, 2009). ChIP-seq captures proteins bound to DNA using 

antibodies, which can identify biochemical modifications to different histone 

marks across the genome, which are strongly indicative of regulatory activity 

(Nakato & Sakata, 2021). For example, h3k27me3 marked regions are 

associated with actively repressed genes, while h3k27ac marked regions are 

associated with enhancer activity. ChIP-seq can also be used to locate DNA 

binding sites for transcription factors, proteins which regulate transcription 

rate through several mechanisms (Lambert et al., 2018). Hi-C is a technique 

for investigating DNA-DNA interactions (Belton et al., 2012), which can 

reveal genomic structures of chromosomes (often used in de novo genome 
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assembly; Dudchenko et al., 2017), while also allowing the identification of 

long-range cis-regulatory elements and their interactions with target genes 

(Lan et al., 2012). Such functional assays provide evidence of how gene 

expression is regulated by a variety of mechanisms.  

1.3.2 Functional Annotation using RNA-Seq 

RNA-seq is a major tool for genome functional annotation, with both short-

read and long-read methods widely adopted in recent years (Figure 1.4). 

RNA-seq allows us to describe gene structure and location within the 

genome, alongside gene expression in any sample of interest, with scope to 

resolve alternative transcripts and their potential functions. Differential gene 

expression (DGE) analysis of mRNAs remains the primary use of RNA-seq 

(Stark et al., 2019), but there are established tools for transcript-level 

expression analyses such as differential transcript expression (DTE) which 

aims to identify significant changes in expression of individual transcripts 

across all transcripts (Trapnell et al., 2013; Yi et al., 2018), and differential 

transcript usage (DTU) which looks to determine if the proportions of 

expressed transcripts change significantly within a single gene (Love et al., 

2018; Marques-Coelho et al., 2021). Other common applications are 

assessing mRNA splicing (Wang et al., 2008) and identifying expression 

quantitative trait loci (DNA variants impacting gene expression level) 

(Kukurba & Montgomery, 2015). In addition, RNA-seq has facilitated the 

analysis of non-coding RNAs. This has led to insights into the complex roles 

of non-coding RNAs, such as microRNAs and long non-coding RNAs 

(lncRNA), in regulating gene expression (Morris & Mattick, 2014).  

Variations of RNA-seq exist, including CAGE-seq, which allows the accurate 

identification and quantification of transcription start sites (Adiconis et al., 

2018), whist single-cell RNA-seq (scRNA-seq) methods offer the ability to 

investigate gene expression within a population of individual cells (Luecken & 

Theis, 2019). As gene expression is not homogeneous, even within the same 

cell types (Huang, 2009), scRNA-seq allows a higher resolution of gene 

expression study (Tang et al., 2009; Hwang et al., 2018) and is quickly 

becoming the gold standard in many fields of study. 
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For long-read RNA-seq, the ability to capture full-length RNA transcripts in a 

single read is a powerful approach for alternative transcript identification and 

quantification (Hardwick et al., 2019) leading to the improvement of many 

current transcriptome annotations (Sharon et al., 2013; Kuo et al., 2017; 

Nudelman et al., 2018; Kuo et al., 2020). With the recent improvements in 

throughput and accuracy of long-read RNA-seq data, these technologies 

have been shown to be effective for conducting transcript-level quantification 

analyses such as DTE and DTU (Dong et al., 2021; Wright et al., 2022). 

1.4 Aquaculture 

The human population is projected to reach up to 10 billion by 2050, placing 

great strain on global food resources (United Nations, 2022). In particular, 

there will be a large increase in the demand for animal protein to feed this 

growing population (Alexandratos & Bruinsma, 2012). For the past 60 years, 

the average annual growth in global fish consumption has surpassed that of 

any other animal protein, contributing 15% of global animal protein 

consumed in 2021 (FAO, 2024a). Aquaculture is the fastest growing food 

sector (Anderson et al., 2017) and produced 94.4 million tonnes of fish and 

shellfish in 2022 (FAO, 2024a), surpassing capture fisheries production for 

the first time, consisting of 51% of total production from aquaculture and 

capture fisheries combined. With capture fisheries production stagnating and 

many fish species in decline (Pauly and Zeller, 2016), aquaculture is 

expected to permanently surpass that of capture fisheries from 2024 (OECD, 

2020).  

In 2022, total aquaculture production surpassed 130 million tonnes of live 

weight with an estimated value of USD 312.8 billion, the highest ever 

recorded (FAO, 2024b). Of this, finfish contributed the greatest proportion of 

total production weight (61.6 million tonnes; 47.0%), with aquatic plants 

producing 36.5MT (27.9%), and molluscs and crustaceans contributing 

18.91MT (14.4%) and 12.8MT (9.7%) respectively (FAO, 2024b). The rapid 

growth of aquaculture and projected increase in demand for aquatic protein 

offer a distinct opportunity for the incorporation of novel genomic 

technologies to improve production, welfare and sustainability of the industry. 
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1.4.1 Potential for ‘Omics in Aquaculture Research and Practice 

Chromosome-level genome assemblies, that is genome assemblies where 

the majority of sequences are anchored into scaffolds representing individual 

chromosomes, for key aquaculture species like Atlantic salmon (Lien et al., 

2016) and Nile tilapia (Conte et al., 2017) have greatly advanced aquaculture 

research allowing the use of ‘omics to resolve mechanisms underpinning the 

biology of aquaculture species (Houston & Macqueen, 2019; Houston et al., 

2020). Utilising these genomic resources via the rapidly expanding ‘omic 

toolbox is essential for aiding sustainable growth of global aquaculture 

(Abdelrahman et al., 2017 

One such area of interest is to understand the basis of host defence to 

pathogens as a way of combatting aquatic diseases. Measuring host 

transcriptomic responses to infection provides knowledge for understanding 

immune response mechanisms (e.g. Krasnov et al., 2021; Zhong et al., 

2023), whilst studying pathogen transcriptomes during infection or treatments 

provides key insight into host-pathogen interactions e.g. how host defences 

are evaded (Gallardo-Escarate et al., 2014). Transcriptome profiling has also 

been applied to investigate responses to alternative feed sources such as 

plant-based feeds on fish health (e.g. Tawfik et al., 2024). Furthermore, 

transcriptomics has been used to measure the efficacy of treatments 

delivered through functional feeds (Cai et al., 2022), leading to a better 

understanding of the relationship between diet and immune health.  

The molecular basis of key traits for aquaculture species remains vastly 

underexplored in comparison with terrestrial agriculture species. Thus, there 

exists a great opportunity for the use of ‘omics to better improve our 

understanding of these traits and use that knowledge to inform breeding 

practices (Bernatchez et al., 2017; Johnston et al., 2024), improve fish health 

via therapeutic treatments (Nguyen, 2024) and employ genomic selection 

(Houston et al., 2020) to ultimately increase the sustainability of the 

aquaculture sector (Abdelrahman et al., 2017).  
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1.4.2 Atlantic Salmon 

Atlantic salmon is a fish species of vast economic and cultural importance 

(Macqueen et al., 2017). Atlantic salmon aquaculture production generated 

USD 21.9 billion constituting 13.3% of all finfish revenue in 2022, despite 

only contributing 7.0% of finfish production weight (FAO, 2024b). Atlantic 

salmon farming is dominated by a handful of countries, namely Norway, 

Chile, Scotland and Canada, which together contribute 87% of global salmon 

production by value (FAO, 2024b). Aside from aquaculture, wild Atlantic 

salmon have extensive cultural and conservational value, are prized for 

recreational wild fishing, show fascinatingly diverse life history strategies, 

and have been used as biological indicators for quality of the aquatic 

environment (Davidson et al., 2010). 

As a result of economic and societal interest, there exists a large body of 

published research on Atlantic salmon. This includes a focus on immunology 

to understand immune function and response to pathogens (Magnadottir, 

2010; Robertsen, 2018). Moreover, there is an interest in Atlantic salmon 

physiology and osmoregulation to understand the basis for anadromy - the 

ability to migrate between freshwater and salt water during the life cycle 

(Handeland et al., 1998; Vargas-Chacoff et al., 2018). Many studies on 

nutrition have investigated the impact of functional feeds administered to 

farmed Atlantic salmon at different life stages (Tacchi et al., 2011), or 

explored how starvation periods impact immune performance (Martin et al., 

2010). To meet this research demand, Atlantic salmon has extensive 

genomic resources including a high-quality reference genome (Lien et al., 

2016) and has been the subject of international efforts to functionally 

annotate the genome (see section 1.4.4).  

The salmonid lineage is also notable for its history of whole genome 

duplication (WGD) events. The ancestor to jawed vertebrates underwent two 

separate rounds of WGD, one in the common vertebrate ancestor, and 

another after the split of jawed and jawless fish (Dehal & Boore, 2005; 

Holland & Ocampo Daza, 2018; Simakov et al., 2020; Marlétaz et al., 2024). 

WGD is a process by which all genomic information is doubled and can 
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occur within species (autopolyploidy) or after two distinct species have 

hybridised (allopolyploidy). A third round of WGD was experienced by the 

ancestor of all teleosts around 300 Mya (Teleost-Specific Third Round of 

WGD [Ts3R]), which increased genomic complexity and provided teleosts 

the genomic material required for diversification (Santini et al., 2009; Hurley 

et al., 2007; Glasauer & Neuhass, 2014; Qi et al., 2024). The salmonid 

ancestor underwent a autopolyploidy WGD event approximately 100 Mya 

(Macqueen & Johnston, 2014), referred to as the salmonid-specific 4th Round 

of WGD (Ss4R), with modern descendants, including Atlantic salmon, 

possessing regions of the genome still displaying signatures of the 

rediploidisation process and many (co)orthologues of genes found in 

mammals (Berthelot et al., 2014; Lien et al 2016; Robertson et al., 2017; 

Gundappa et al., 2022). The functional redundancy provided by WGD 

enables duplicated gene pairs to evolve with very different constraints than 

before duplication (Glasauer & Neuhauss, 2014). A variety of fates for gene 

duplicates, have been proposed, including; 1) non-functionalisation, where 

one duplicate is lost (Ohno, 1970; Brunet et al., 2006), 2) sub-

functionalisation where both duplicates are retained and each carry out part 

of the ancestral gene function (Force et al., 1999; Des Marais & Rausher, 

2008), and 3) neo-functionalisation, where one duplicate retains the 

ancestral function, whilst the other evolves a new function (Ohno, 1970). 

Thus, the salmonids represent an interesting system for studying the impacts 

of WGD on genome evolution and gene expression (Berthelot et al., 2014; 

Garcia de la Serrana & Macqueen, 2018; Varadharajan et al., 2018; Colgan 

et al., 2021). On the other hand, the duplicated genes retained after the 

Ss4R WGD, introduce challenges for ‘omics methods. For example, gene 

editing in salmonids is challenging due to the need to consider whether gene 

duplicates should be co- or single-targeted (Cleveland et al., 2018; Blix et al., 

2021). Transcriptomic and other omics analysis can prove difficult with some 

gene duplicates only differing by a few base pairs across their entire length. 

This can lead to a high prevalence of multi-mapping (where sequencing 

reads have more than one mapped location with equal probability) when 

using short-read RNA-seq, a problem which may be alleviated by long-read 

RNA-seq.  
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1.4.3 Aquatic Diseases Affecting Salmonid Aquaculture 

Aquatic diseases are the largest barrier to expansion for the global 

aquaculture sector (Stentiford et al., 2015). Due to the marriage of intensive 

farming and interaction with the open marine environment, salmonid 

aquaculture is particularly threatened by various aquatic diseases (Pettersen 

et al., 2015a). Viruses such as salmonid alphavirus (SAV), the causative 

agent of pancreas disease, have been shown to cause mass mortality in 

Atlantic salmon farms (Jansen et al., 2017) leading to significant economic 

losses (Aunsmo et al., 2010; Pettersen et al., 2015b). Piscine myocarditis 

virus (PMCV), the causative agent for cardiomyopathy syndrome has 

recently emerged as a virus of concern for both wild and farmed salmon 

stocks (Garseth et al., 2018), accounting for the greatest number of reported 

viral detections in Norwegian aquaculture last year (Sommerset et al., 2024).  

Ectoparasitic sea lice (Lepeophtheirus salmonis and Caligus spp.) cause 

topical skin lesions which reduce growth rates (Torrissen et al., 2013) and 

increase pathogenicity of other aquatic diseases (Gharbi et al., 2015), whilst 

complex gill disease, including Amoebic Gill Disease (AGD) caused by 

Neoparamoeba perurans, is emerging as a significant problem for the sector 

(Boerlage et al, 2020). Several bacterial diseases such as furunculosis 

(Aeromonas salmonicida) have historically been successfully controlled 

through vaccination (Pettersen et al., 2015a), but some remain problematic. 

For example, the Chilean Atlantic salmon aquaculture industry attributes the 

majority of disease-specific mortality to salmonid rickettsial septicaemia 

(SRS), caused by Piscirickettsia salmonis (Maisey et al., 2017). Winter 

ulcers, caused by Moritella viscosa represents the greatest bacterial threat to 

fish health in Norwegian aquaculture (Sommerset et al., 2024). Finally, the 

prevalence of disease in aquaculture stocks raises conservation concerns 

about the potential transmission between farmed salmon and sympatric wild 

populations (Mordecai et al., 2021). Additionally, disease in aquaculture, and 

the associated impacts on mortality, fish welfare and the environment, is an 

emotive issue that is often negatively portrayed in news media, damaging the 

public perception of the industry. 
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There has been much effort to reduce disease-specific mortality in salmonid 

aquaculture (Aunsmo et al., 2023) via various treatment methods. Chemical 

bath treatments with organophosphates, pyrethroids or hydrogen peroxide 

are effective at removing fungal and parasitic pathogens (Overton et al., 

2019), but cause stress, are costly to administer, and their over-use has led 

to parasite resistance (Aaen et al., 2015). The use of therapeutic antibiotics 

for treatment and prevention of aquatic diseases is widespread throughout 

the aquaculture sector (Lulijwa et al., 2020), however, concerns about 

antimicrobial resistance (Mog et al., 2020; Schar et al., 2021) and the impact 

of antibiotic residues on the surrounding environment (Adenaya et al., 2023) 

have instigated research to identify antibiotic alternatives (Bondad‐Reantaso 

et al., 2023). For example, immune system enhancement through functional 

feeds or immunostimulant injection has been shown to increase immune 

function (Tacchi et al., 2011; Kibenge et al., 2012). Recent non-harmful 

developments in sea cage design and incorporation of physical barriers have 

been shown to be effective at preventing parasitic infection from sea lice 

(Stien et al., 2016).  

Vaccines for farmed finfish bacterial diseases were introduced in Norwegian 

salmon aquaculture in the 1980s, drastically reducing antibiotic use and 

providing long-term resistance to many prolific pathogens (Sommerset et al., 

2005). Today, vaccines are an important disease control measure employed 

in all countries with salmon farming operations and are key to the 

sustainability of the industry. Particularly effective against bacterial 

pathogens, administering vaccinations against diseases such as furunculosis 

(Aeromonas salmonicida) and cold-water vibriosis (Vibrio salmonicida) has 

become common practice (Brudeseth et al., 2013) although some 

intracellular bacterial pathogens have proven to be difficult to protect against 

(e.g. SRS; Happold et al., 2020). A number of vaccines targeting viral 

pathogens are available, but these are generally less efficacious than those 

developed for bacteria (Kibenge et al., 2012, Pettersen et al., 2015b). Whilst 

ubiquitous and essential for successful aquaculture, vaccines require 

significant investment to develop and rely on the adaptive immune system of 

the fish, which remains poorly understood (Ye et al., 2011), making the 
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production of vaccines for all pathogens a challenging venture (Brudeseth et 

al., 2013). 

There is great potential for genetic improvement in aquaculture species 

(Gjedrem et al., 2012; Gjedrem & Rye, 2018; Houston et al., 2020) and 

selective breeding has proven an important tool for disease control. For 

example, marker-assisted selection (MAS) for a quantitative trait locus (QTL) 

offering resistance to infectious pancreatic necrosis virus (IPNV; Houston et 

al., 2010) greatly reduced the prevalence of the disease in Norwegian 

salmon aquaculture in two generations (Norris, 2017). The integration of 

genomic technologies into the salmonid aquaculture sector, particularly the 

uptake of MAS and genomic selection, have improved genetic resistance to 

disease (Houston, 2017; Houston et al., 2020). Additionally, gene editing for 

disease resistance is considered to be of significant potential for managing 

aquatic diseases (Gratacap et al., 2019). However, for such practices to be 

effective, they rely on access to a high-quality, annotated reference genome, 

and increasingly on understanding the functional genomic basis for disease 

resistance and immune system traits. 

1.4.4 The AQUA-FAANG Consortium 

Following in the footsteps of ENCODE, FAANG was launched as a 

community effort to annotate functional genomic elements in terrestrial 

farmed animal species (Archibald et al., 2015; Clark et al. 2020; Section 1.3). 

An initiative with related aims was later launched for salmonids, called 

Functional Annotation of All Salmonid Genomes (FAASG) (Macqueen et al. 

2017). FAASG was later superseded by AQUA-FAANG (https://www.aqua-

faang.eu/), a funded European consortium that produced genome functional 

annotations for six major aquaculture species, including two key salmonids 

(Atlantic salmon and rainbow trout), in addition to European seabass, 

gilthead seabream, common carp and turbot (Johnston et al., 2024). AQUA-

FAANG was one of several farmed animal genome functional annotation 

projects funded in Europe, grouped under the name of EuroFAANG 

(https://eurofaang.eu/), an initiative that went on to be funded as a formal 

European Research Infrastructure project.  

https://www.aqua-faang.eu/
https://www.aqua-faang.eu/
https://eurofaang.eu/
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AQUA-FAANG generated 3,890 functional annotation datasets in common 

across all six species; 2,183 from a panel of tissues from sexually mature 

and immature individuals of both sexes (BodyMaps), 1,018 from head kidney 

tissue from fish challenged with bacterial and viral immunostimulants 

(ImmunoMaps), and 689 representing key stages of embryogenesis 

(DevMaps). Three functional annotation assays were used in AQUA-FAANG; 

ATAC-seq to determine chromatin accessibility, ChIP-seq with different 

histone marks to identify regulatory elements including enhancers and 

promoters, and short-read RNA-seq to examine coding and non-coding gene 

expression.  

In this PhD project, I developed and report a full-length RNA-seq method 

using Atlantic salmon DevMap and ImmunoMap samples provided by AQUA-

FAANG. Whilst not directly included within the AQUA-FAANG project (Figure 

1.5), my project has benefitted through funding, samples and collaboration 

with the AQUA-FAANG team (see Declaration). 

1.5 Atlantic Salmon Embryogenesis 

The AQUA-FAANG consortium identified embryogenesis as a key period of 

ontogeny for functional annotation, where the maternal to zygotic transition is 

followed by the development of cells and tissues that ultimately dictate the 

adult body plan, influencing many aquaculture production traits (Zhang et al., 

2019). It has been shown that transcript diversity is important for normal 

embryogenesis, with extensive alternative splicing observed in mouse 

embryos (Revil et al., 2010) and differential splicing occurring at successive 

stages of embryogenesis in zebrafish (Liu et al., 2022c). However, most 

knowledge about embryonic development has been established in mammals 

and model species such as zebrafish. As a result, the molecular regulation of 

embryonic development in Atlantic salmon is poorly understood. One of the 

aims of my PhD project (section 1.7) was to carry out long-read RNA-seq 

over an embryonic timecourse covering stages from late blastulation to the 

beginning of organogenesis, as defined by the AQUA-FAANG project. As 

context to this work, I below introduce the current state of knowledge on 

finfish embryogenesis. 
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1.5.1 Zygote Formation and Blastulation 

The process by which a multicellular organism develops from a simple 

zygote to having a complex body plan with fully differentiated tissues and 

diverse cell types is called embryogenesis. In finfish, this process starts with 

the fusion of egg and sperm to form a zygote. Then, rapid cell proliferation 

occurs as the zygote experiences several rounds of synchronised cleavage 

that divide the zygote into several blastomeres (Gorodilov, 1996). This 

process is called blastulation and culminates in the formation of a 

conglomeration of a few thousand cells called the blastula. The initial 

cleavages and resulting formation of the blastula are regulated by maternal 

transcripts and proteins (Lee et al., 2014) 

The blastulation period is characterised by the desynchronisation of cell 

cleavage and elongation of the cell cycle (Kane & Kimmel, 1993), as well as 

the cessation of maternal transcriptional control and activation of the zygotic 

genome (Jukam et al., 2017). This process is called the mid-blastula 

transition or maternal-to-zygote transition. From studies conducted in 

zebrafish, it has been shown that zygotic genome activation (ZGA) begins 

just prior to mid-blastulation, with a distinct wave of zygotic gene expression 

(Vesterlund et al., 2011; Heyn et al., 2014), followed by the main activation of 

the zygotic genome and the assumption of full zygotic control by late 

blastulation (Kane and Kimmel, 1993; Wragg and Müller, 2016). Inhibition of 

ZGA causes continued division and cleavage, but failure to undergo 

gastrulation (section 1.5.2) (Kane, 1998). Thus, ZGA is a key process during 

blastulation, essential for further development of the embryo.  

1.5.2 Gastrulation 

Next, the blastula undergoes gastrulation; embryonic cells envelop the yolk 

sac and begin to differentiate into distinct lineages. Starting at mid-epiboly, 

epiboly, the spreading and thinning of the ectoderm (Panousopoulou et al., 

2016), continues throughout gastrulation, ceasing when blastoderm cells 

(epithelial layer surrounding the blastocoel) completely cover the yolk 

(Kimmel et al., 1995). In fish, cells forming the precursors of the mesoderm, 

the layer of cells which produces bones, muscles and the circulatory system, 
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and endoderm, the layer of cells which gives rise to the gastrointestinal tract 

(Pinheiro & Heisenberg, 2020), are internalised by involution, forming the 

hypoblast which is a layer of cells that help determine the embryo body axes 

(Rohde & Heisenberg, 2007). The convergent extension of cells occurs 

simultaneously to involution and further rearranges these two dermal layers 

forming progenitors to structures such as somites and the notochord (Kimmel 

et al., 1990). Gastrulation results in the formation of three layers of germ 

cells (Solnica-Krezel, 2006) which form the basis of the body axes (Kimmel 

et al., 1995; Pinheiro and Heisenberg, 2020). 

1.5.3 Somitogenesis 

Segmentation follows gastrulation. This stage of embryogenesis, termed 

somitogenesis, gives rise to primary organ precursors, and the embryo 

begins to elongate (forming a tail bud), while a rudimentary vascular system 

is established (Kimmel et al., 1995). The presomitic mesoderm formed during 

gastrulation undergoes segmentation in an anterior-to-posterior direction to 

form symmetrical pairs of somites positioned either side of the neural tube 

and notochord (Dequéant & Pourquié, 2008). This process is precisely timed 

and conserved between species, governed by ‘segmentation clock’ genes 

belonging to the Notch pathway (Palmeirim et al., 1997; Jiang et al., 2000). 

As somite pairs are segmented and boundaries established, they 

immediately start to differentiate, directed by signals provided by surrounding 

tissue (Yusuf & Brand-Saberi, 2006). Up to 67 somite pairs are observed in 

Atlantic salmon embryogenesis, with early anterior somites differentiating 

into optic structures and forming the primordial kidney, heart and gill tissue 

(Gorodilov, 1996) which continue to develop throughout somitogenesis. 

Towards the end of Atlantic salmon somitogenesis, segmentation slows, 

weak muscular myotome contractions can be recorded and the body plan 

can be clearly seen (Gorodilov, 1996). 

1.5.4 Pharyngula Stage 

The final stage of embryogenesis is the pharyngula stage or late-eyed stage. 

This is the considered to be the most conserved period of ontogeny across 

vertebrates (Irie & Kuratani, 2011). In zebrafish, caudal and pectoral fins 
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begin to form during the pharyngula period, the embryonic eye becomes 

pigmented and the formation of the jaws and operculum commences 

(Kimmel et al., 1995). In salmon, the vitelline plexus begins to grow, 

eventually covering the entirety of the yolk sac, thus finishing yolk sac 

vascularisation (Gorodilov, 1996) and further development results in the 

connection of blood vessels and the formation of the circulatory system. In 

zebrafish, caudal fin rays and gill filaments begin to develop, pigmentation of 

the eye progresses and melanophores emerge in the trunk section of the 

body (Kimmel et al., 1995). Muscular contractions increase, which cause 

thrashing movements of the embryonic body and the mandibular and hyoid 

arches are evident, forming the jaw. The embryo has now finished 

embryogenesis and is ready to hatch, into an alevin in the case of salmonids. 

1.5.5 Transcriptional Regulation of Embryogenesis 

The differentiation of multiple distinct cell types from a single totipotent cell is 

a result of significant transcriptional regulation (Farrell et al., 2018; Cao et al., 

2019), alongside post-transcriptional regulatory mechanisms. Many unique 

genes are switched on during early development that are not expressed 

outside of embryogenesis (Graveley et al., 2011; Xue et al., 2013; Junker et 

al., 2014; Kleppe et al., 2015; Bayega et al., 2021). Whilst Gorodilov (1996) 

described the stages of embryogenesis, transcriptional regulation of 

salmonid embryogenesis remains relatively unexplored, with the majority of 

knowledge based on studies conducted using zebrafish (e.g. White et al., 

2017a) and medaka (Li et al., 2020b). At the transcriptome-level, embryonic 

timecourse studies are rare in salmonids, and often only focus on a single 

stage of development or focus on broader life stages such as embryo-to-

alevin-to-fry rather than delving into embryonic development (e.g. Abdellaoui 

& Kim, 2024). 

Until the AQUA-FAANG project, there was no embryonic timecourse 

research investigating molecular regulation of embryogenesis in salmonids. 

AQUA-FAANG addressed this gap using ATAC-seq, ChIP-seq and short-

read RNA-seq. My PhD research builds on AQUA-FAANG through the 

elucidation of RNA transcript-level regulation, providing significant additional 
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information and improvements to the functional annotation of the Atlantic 

salmon genome.  

1.6 Salmon Immune Responses 

Aquatic diseases represent the biggest challenge to the sustainable growth 

of the aquaculture sector (section 1.4.3). Given the prevalence of diseases in 

salmonid aquaculture, there is a drive to understand immune function in 

these species. Sharing many of the same building blocks of the immune 

system with mammals, teleosts possess both an innate and adaptive 

immune response (Rauta et al., 2012). The adaptive immune response is 

similar to mammals, involving the major histocompatibility complex (MHC), T-

cells, B-cells and antibody affinity maturation (Bruce & Brown, 2017), 

however, in poikilothermic fish, the adaptive immune response is slow and 

has limited antibody repertoire (Magnadóttir, 2006; Magor, 2015). As such, 

finfish rely on the innate immune response as their initial defence system 

against the majority of aquatic pathogens (Magnadóttir, 2006). The AQUA-

FAANG consortium (section 1.4.4) aimed to produce functional annotation 

maps for the innate response to viral and bacterial pathogens using short-

read RNA-seq, ChIP-seq and ATAC-seq. 

The role of transcript diversity in immune response has been explored 

previously outside salmonids. For instance, alternative splicing is a key 

mechanism by which transcriptional control is exercised over viral pathogens 

(Liao & Garcia-Blanco, 2021). Further, alternative splicing was reported in 

response to dengue virus vaccination in humans (Kim et al., 2022), while 

preferential transcript isoforms were expressed in granulomas associated 

with tuberculosis (Carow et al., 2019). Considering the recognised 

importance of transcript diversity for immune system function, I carried out 

long-read RNA-seq on the AQUA-FAANG ImmunoMap samples from 

Atlantic salmon to examine transcript-level expression during the innate 

immune response (section 1.7). As background to this work, I introduce the 

early stages of both antiviral and inflammatory/antibacterial responses below. 
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1.6.1 Salmonid Immune Organs 

Whilst the cellular basis of immune function is conserved between mammals 

and teleosts - both possess innate and adaptive immunity and employ 

populations of immune cells including lymphocytes, monocytes and 

macrophages (Flajnik, 2018) – the most drastic difference exists when 

examining immune organ arrangement (Bjørgen & Koppang, 2022). The 

spleen is considered to be a secondary immune organ in teleosts (Flajnik, 

2018) involved in antigen concentration and antibody affinity maturation 

during the adaptive immune response (Fu et al., 2022). In salmonids, the 

liver produces acute phase proteins during the innate immune response 

(Bayne & Gerwick, 2001) and harbours many immune cells (Castro et al., 

2014; Taylor et al., 2022). The Atlantic salmon intestine also has immune 

function, harbouring potential lymphatic and mucosal system components, 

and possessing immune activity second only to spleen and head kidney 

(Kortner et al., 2024).  

The head kidney is the primary haematopoietic organ in fish, acting as a 

mammalian bone marrow equivalent, providing the primary source of 

immune cells from undifferentiated stem cells (Press & Evensen, 1999; 

Zapata & Amemiya, 2000; Løken et al., 2020; Bjørgen & Koppang, 2022). 

Due to its primary immune functions, the AQUA-FAANG consortium selected 

the head kidney to generate maps of the functional elements associated with 

the innate response to bacterial and viral immunostimulation. 

1.6.2 Pathogen Recognition  

Before pathogens stimulate a cellular response, they must first overcome the 

physical barrier provided by skin and mucus of fish (Rajme-Manzur et al., 

2021). Contained within the mucus are several innate molecules including 

mucins, lysozymes and antimicrobial peptides showing pathogen killing 

activity (Fast et al., 2002; Cain & Swan, 2010; Nimalan et al., 2022).   

Once pathogens have penetrated physical and mucosal barriers, the 

pathogen is recognised as non-self by germ-line encoded pattern recognition 

receptors (PRR; Thompson et al., 2011; Liao & Garcia-Blanco, 2021). PRRs 

interact with pathogen-associated molecular patterns (PAMPs) such as 
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bacterial peptidoglycans or viral RNAs and initiate a range of non-specific 

responses dependent on pathogen class (sections 1.6.3 and 1.6.4). Toll-like 

receptors (TLRs) are the most well-known PRR family, highly conserved 

between vertebrates (Aderem & Ulevitch, 2000), and mainly responsible for 

extracellular PAMP detection, acting as principal inducers of the innate 

immune system in finfish (Whyte, 2007). Other PRRs exist in teleosts; NOD-

like receptors are conserved with mammals (Van der Vaart et al., 2012), 

whist retinoic acid-inducible gene I (RIG-I)-like receptors are key components 

of teleost viral recognition (Chen et al., 2017). PRRs initiate both 

antimicrobial and antiviral responses at the cellular level. 

1.6.3 Cellular Innate Antiviral Response 

In vertebrates, including teleosts, viral pathogen defence is driven by 

interferons (IFN; Gan et al., 2020), specialised cytokines which stimulate the 

production of interferon-stimulated genes (ISGs; Clark et al., 2023). Unlike 

mammals, salmonids only possess type-I and type-II interferons (Liu et al., 

2020), lacking IFN-III (involved in mammalian antiviral responses) (Mesev et 

al., 2019). Type-I IFNs are involved in the innate antiviral response. IFN-I is 

produced after recognition of viral pathogens by PRRs (section 1.6.1) 

activate interferon receptors, initiating a downstream signalling cascade via 

the Janus kinase/signal transducers and activators of transcription 

(JAK/STAT) pathway (Rawlings et al., 2004; Zou & Secombes). The 

JAK/STAT pathway ultimately leads to production of the IFN-stimulated gene 

factor 3 (ISGF3) complex, which binds to the promotor regions of many 

ISGs, thus initiating their production (Schoggins et al., 2011; McNab et al., 

2015). Unlike type-I IFNs, which can be produced by the majority of 

nucleated cells, type-II IFNs also known as IFN-γ are produced exclusively 

by immune cells (Schroder et al., 2004) and play a key role in adaptive cell-

mediated immunity (Robertsen, 2006). 

Polyinosinic:polycytidylic acid (poly I:C) was the agent used by AQUA-

FAANG to simulate viral infection. Poly I:C is an immunostimulant that reacts 

with toll-like receptor 3 and has been demonstrated to induce the production 

of type-I IFNs thus leading to a robust innate viral response in the host 
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(Fortier et al., 2004; Matsumoto & Seya, 2008). Since this discovery, poly I:C 

has been commonly used to simulate viral infection (Andresen et al., 2020; 

Komal et al., 2021).  

1.6.4 Cellular Antibacterial Response 

Teleosts have a host of antibacterial defence mechanisms involving non-

specific and specific factors. Since the aim of my project was to study the 

innate response, only non-specific antibacterial machinery is discussed here. 

Antimicrobial peptides (AMPs) are an important component of the innate 

response, produced in response to bacterial infection in teleosts (Valero et 

al., 2020). Triggered by bacterial pathogens, transcription factor nuclear 

factor κB (NF- κB) is activated, translocates to the nucleus and leads to the 

production of pro-inflammatory molecules including AMPs (Gilmore & 

Wolenski, 2012). The pro-inflammatory response is a strong anti-microbial 

mechanism involving production of cytokines like TNF-α (Sherwood & 

Toliver-Kinsky, 2004) that is rapidly elicited in response to bacterial infection 

(Sun et al., 2022). Expression of AMPs in fish is regulated by a host of 

different genes including β-defensins (Harte et al., 2020) and piscidin genes 

(Raju et al., 2021). Another group of AMPs called hepcidins also display 

powerful antimicrobial activity in teleosts (Álvarez et al., 2014). AMPs combat 

bacteria by a number of different mechanisms including inhibiting cell wall 

synthesis, targeting bacterial cell membranes as well as intracellular 

activities like inhibition of DNA and protein synthesis (Nicolas, 2009). 

Other non-specific antibacterial elements include lysozyme expression, and 

lectins. These responses are both involved in mucosal immunity (section 

1.6.2) but are also present in lymphoid tissue, liver and blood plasma 

(Saurabh & Sahoo, 2008). Lysozymes act on the peptidoglycan layer of the 

bacterial wall leading to reduced cell wall integrity and eventual bacterial lysis 

(Song et al., 2021) whilst lectins are potential opsonins of bacteria 

stimulating increased bacterial uptake and subsequent destruction by 

macrophages (Ewart et al., 1999).  

The AQUA-FAANG used an inactivated strain of Vibrio anguillarum, the 

causative agent of vibriosis (Frans et al., 2011; Lages et al., 2019) to 
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stimulate an antibacterial proinflammatory response. V. anguillarum was 

chosen as it is a widely-spread pathogen that would elicit a strong 

proinflammatory response for all species in the AQUA-FAANG project (Frans 

et al., 2011). 

1.7 Project Objectives 

The aim of this project was to develop an ONT-based full-length RNA-seq 

method, including robust analysis pipelines, to uncover transcript-resolved 

expression dynamics associated with innate immunity and embryogenesis, 

and to improve genome functional annotation, in Atlantic salmon. 

The specific objectives were: 

1) To develop a full-length RNA-seq method applied to AQUA-FAANG 

DevMap and ImmunoMap datasets, generating the first full-length 

transcriptome for Atlantic salmon using ONT-based RNA-seq. This 

objective is addressed in Chapter 2. 

 

2) To establish robust bioinformatic pipelines to conduct quantitative 

analysis of transcript-specific expression in response to viral and 

bacterial immunostimulation in Atlantic salmon. This objective is 

addressed in Chapter 3. 

 

3) To elucidate transcript expression dynamics employed during Atlantic 

salmon embryogenesis. This objective is addressed in Chapter 4. 

 

4) To investigate the high prevalence of mono-exonic transcript models 

discovered by full-length RNA-seq in an attempt to better understand 

the biological relevance of these transcripts. This objective is 

addressed in Chapter 5.  
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Figure 1.1: Visual summary of the types of transcript diversity arising through a 

range of transcriptional processing modifications. Created with BioRender.com. 

Constitutive results in an mRNA molecule with all possible exons included. Exon 

skipping occurs when mRNA processing excises one or more exons without 

affecting the splice sites of the other exons. Alternative transcription start and 

termination sites are alternative splice sites at the 5’ or 3’ terminus respectively. 

Alternative splice sites also occur within the mRNA molecule itself leading to 

different exon start and end sites. Intron retention occurs when introns are not 

excised by post-transcriptional machinery. A mono-exonic transcript is that which is 

only formed by a single exon, either through intron retention events leading to an 

unspliced transcript which contains introns, or through transcription of an intronless 

gene. PolyA tails are added to the mRNA transcripts at the end of post-

transcriptional modification.  
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Figure 1.2: Comparison of reads produced by short-read and long-read RNA-seq. 

Short-read technology produces short reads of set length. In some cases, these 

short reads span introns and link exons together, however, no single read will 

encapsulate the entire length of most mRNA transcripts. Long-read sequencing 

captures the full-length of mRNA transcripts in a single sequencing pass. Created 

with BioRender.com. 
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Figure 1.3: Schematic diagram depicting sequencing on ONT platforms. Double-

stranded nucleotide molecules (genomic DNA, cDNA or an RNA-cDNA hybrid), are 

loaded into a flowcell consisting of two chambers separated by an inert lipid bilayer, 

each containing ionic solution. Embedded within the bilayer are pore proteins that 

form channels through which the nucleotides can pass. To start sequencing, an 

electrical current differential is created between the two chambers, which causes 

the nucleotides to pass through the pores. Nucleotides are unwound by a helicase 

before entering the pore, meaning a single strand is sequenced in any pass. The 

electrical current is measured across each pore throughout sequencing. Each 

nucleotide bases causes a distinct disruption to the electrical signal which is 

recognised by basecalling software. Created with BioRender.com. 
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Figure 1.4: Line plot showing cumulative increase in eukaryotic reference genome 

assemblies through time in pink. Yellow, purple and orange lines represent the 

number of publications matching search criteria for Illumina, Nanopore and Pacbio 

RNA-seq. Web of Science was used to search abstracts for these exact terms 

(08/09/2024): “Illumina + RNA-seq”, “Nanopore + RNA-seq”, “PacBio + RNA-seq”. 
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Figure 1.5: Schematic of the relationship between my PhD project and the AQUA-FAANG consortium. Adapted from Johnston et al. (2024).  
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Chapter 2: Long-Read Nanopore Transcriptome Assembly 

Summary  

There are currently no published Nanopore long-read transcriptome 

assemblies for Atlantic salmon. This chapter describes the development of a 

full-length RNA-seq method and long-read transcriptome assembly pipeline 

using the Oxford Nanopore Technologies (ONT) platform. Atlantic salmon 

embryo and head kidney samples from the AQUA-FAANG project were used 

to generate multiplexed cDNA sequencing libraries using the direct cDNA 

sequencing kit from ONT. I describe the creation of a bespoke bioinformatic 

pipeline to process the long-read data and construct a high-confidence long-

read transcriptome consisting of 35,480 unique genes and 266,222 

transcripts. This transcriptome is used as the basis for subsequent chapters 

in this work. 

2.1 Introduction  

Genomic advancements over the last 20 years have resulted in the 

publication of high-quality reference genome sequences for many model and 

non-model organisms (Pareek et al., 2011; Mardis, 2011; da Fonseca et al., 

2016). Recent efforts have aimed to decipher this information by identifying 

which regions of the genome have biological relevance, including in non-

model farmed animal species (Giuffra et al., 2019; Johnston et al., 2024) via 

functional annotation.  

RNA-seq on SGS platforms is the primary current technique for studying the 

transcriptome, the sum of all transcripts produced by a cell, tissue or 

organism at a given time. Defining and characterising the transcriptome 

allows us to identify which regions of the genome are expressed, what 

genomic products they produce (e.g. non-coding RNAs, proteins, etc), and 

subsequently better understand the function of these expressed regions. 

With this information, we can dissect the fundamental pathways and 

mechanisms associated with organism function, including growth and 

development, cell fate, and disease progression, allowing us to make more 

valid links between genotype and phenotype.  
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As discussed in Chapter 1, long-read RNA-seq technologies such as those 

offered by PacBio or ONT are powerful methods for discovering alternative 

transcripts (Kuo et al., 2020) and identifying alternative TSSs and TTSs 

(Byrne et al., 2017), leading to improved transcriptome characterisation 

(Weirather et al., 2017). For example, long-read RNA-seq has revealed 

previously undescribed transcript diversity in many terrestrial agriculture 

species such as cow (Halstead et al., 2021 [ONT]; Ren et al., 2023 [PacBio]), 

pig (Beiki et al., 2019 [PacBio]; Müller et al., 2021 [ONT]) and chicken (Kuo 

et al., 2017 [PacBio]; Guan et al., 2022 [ONT]), leading to a significant 

increase in our understanding of transcriptome diversity in farm animals.  

However, long-read transcriptomics is yet to be widely applied in non-model 

fish, including farmed species, with a handful of studies currently published. 

Nonetheless, the limited work done to date highlights the power of this 

approach. Using the PacBio Iso-Seq method, Huang et al. (2022) described 

1,684 new genes and 60,476 transcripts, of which 71% had evidence of a 

novel splice site, expressed in turbot (Scophthalmus maximus) following 

bacterial infection. PacBio was used to describe 10,640 unannotated 

transcripts in rainbow trout (Oncorhynchus mykiss) including a novel exon-

skipping event in the gvin1 gene, with individuals expressing this isoform 

showing increased susceptibility to bacterial cold-water disease (Ali et al., 

2021). In Atlantic salmon, >40,000 transcripts containing a novel splice event 

were identified using PacBio sequencing of gill, liver and head kidney tissues 

sampled during smoltification (Ramberg et al., 2021). Ramberg and 

colleagues (2021) focussed on immune organs during smoltification which 

leaves other important life cycle stages and other tissue types of interest 

such as brain and skin unstudied by long-read technologies. In all cases, 

long-read RNA-seq identified novel transcript information, highlighting its 

potential to improve transcriptome annotations and advance genomic 

resources for aquaculture species. 

There are only a handful of ONT-based RNA-seq studies in finfish, including 

an analysis of polyA tail length in zebrafish (Begik et al., 2023) and 

transcriptome assemblies of freshwater species Danionella translucida, a 

transparent cyprinid (Kadobianskyi et al., 2019), and angelfish Pterophyllum 
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scalare (Madireddy, 2024). There are currently no published studies using 

ONT-based RNA-seq in salmonids. In Atlantic salmon, all annotated gene 

models in the current Ensembl reference annotation (Ssal_v3.1; Lien et al., 

2016) are supported by short-read RNA-seq data with support from long-

read data where available. Additionally, the genome of Atlantic salmon 

possesses its own challenges for RNA-seq; a high proportion of repeats 

(Lien et al., 2016), and numerous retained duplicated genes following a 

recent whole genome duplication event (Macqueen & Johnston, 2014) 

present challenges for short-read RNA-seq (Houston & Macqueen, 2019). 

Long-read RNA-seq may be required to resolve these complex regions to 

capture more information on transcript diversity in Atlantic salmon. 

This chapter describes the generation of ONT-based RNA-seq data using 

Atlantic salmon samples representing; 1) six key stages of embryonic 

development, and 2) head kidney following in vivo immune stimulation with 

polyinosinic:polycytidylic acid (poly I:C) or inactivated Vibrio, respectively 

(Figure 2.2). Using these datasets, I report a novel bioinformatic pipeline to 

assemble a full-length transcriptome for Atlantic salmon, used as the 

reference for analyses detailed later in the thesis. 

2.2 Materials and Methods 

2.2.1 Head Kidney Samples 

Atlantic salmon head kidney samples were collected from immature parr that 

had been immunologically challenged with one of a PBS control, poly I:C or 

inactivated Vibrio (n=6) via intraperitoneal injection (IP). Poly I:C is an 

immunostimulant that reacts with toll-like receptor 3 and is commonly used 

as a viral PAMP that elicits a strong antiviral response (Fortier et al., 2004; 

Andresen et al., 2020). An inactivated strain of Vibrio, the causative agent of 

vibriosis in salmonid fishes (Frans et al., 2011) was used to stimulate the 

immune system with bacterial PAMPs. The methods used for the poly I:C 

challenge group were described in Clark et al. (2023), whilst Vibrio 

challenges are described in a PhD thesis (Naseer, 2023). I outline these 

approaches below for ease of reading.  
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Fish were kept at the University of Aberdeen (zoology building) and all 

procedures described were carried out in compliance with the Animals 

(Scientific Procedures) Act 1986 under UK Home Office licence PPL number 

70/8071 (to Professor Sam Martin) and approved by the ethics committee at 

the University of Aberdeen. All fish were healthy and monitored throughout 

the study. Fish challenges were administered by Dr Shahmir Naseer, Dr 

Thomas Clark and Prof. Samuel Martin. 

Poly I:C (Sigma #P1530) diluted to 5mg/ml in PBS was heated to 55oC for 15 

minutes and cooled to room temperature before use. A Vibrio strain P0382 

was cultured in tryptic soy broth medium until it reached an OD600 of 1.5. A 

bacterial pellet from 10mL of culture was resuspended in NaCl (9g/L) and 

washed a further four times before being resuspended in 1mL of the same 

NaCl solution. The final resuspension was incubated at 100oC for 30 

seconds to kill the bacteria, cooled to room temperature and diluted 1:400 

before storage at -80oC. Aliquots of killed Vibrio were thawed and allowed to 

reach room temperature before use. Fish were challenged with 100µL of 1x 

PBS, poly I:C (500µg/fish) or killed Vibrio via intraperitoneal injection. All 

individuals were then kept in a single 400L freshwater tank maintained at 

12oC, with a flow rate of 1000L/hour and a 12:12 light:dark photoperiod for 

24 hours. After this incubation period, the fish were killed using a schedule 1 

killing protocol. In brief, fish were given a lethal overdose of 2-

phenoxyethanol (Merck, Sigma-Aldrich 77,699) at a concentration of 

1.25mL/L, followed by destruction of the brain with a scalpel. Head kidney 

tissue was harvested from each individual immediately, then stored in 1.5mL 

RNA later at 4oC for 24 hours before storage at -80oC until RNA extraction. 

2.2.2 Embryogenesis Samples 

Samples for the embryonic timecourse dataset were collected by Dr Perojil-

Morata as detailed in a PhD thesis (Perojil-Morata, 2024). Briefly, Atlantic 

salmon eggs were collected from a single female individual; milt was 

harvested from 3 males. Eggs and milt were transported to the Roslin 

Institute, University of Edinburgh on ice in oxygenated containers. The milt 

from each male was activated under a microscope - the individual with the 
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most motile sperm was used to inseminate all the egg samples in 

dechlorinated, oxygenated water. Eggs and milt were kept at 8oC in this way 

until the required harvest time post-fertilisation. n=3 replicates were taken 

from 6 key stages of development used by AQUA-FAANG: late blastulation 

(165 hours post-fertilisation [hpf]), mid gastrulation (214hpf), early 

somitogenesis (309hpf), mid somitogenesis (418hpf), late somitogenesis 

(552hpf), and late-eyed or pharyngula (792hpf). 

Embryos were harvested according to an SOP: “Total RNA preservation from 

salmonid embryos using TRIzol” (accessible here: https://www.aqua-

faang.eu/protocols.html). In brief, homogenizing beads were placed in 1.5mL 

Eppendorf tubes before 1mL TRIzol (Invitrogen #15596026) was added to 

the tubes. Embryos were punctured and dechorionated with watchmaking 

forceps before being added to the tubes. All samples were stored at -80oC 

until RNA extraction. 

2.2.3 Total RNA Extraction – Head Kidney 

Total RNA was extracted by Dr Shahmir Naseer from n=6 head kidney 

samples per each of the three treatment groups using a standard TRIzol 

method (Naseer, 2023). 20mg of tissue was homogenised in 1mL of TRIzol 

by ceramic bead beating using an MP-Bio FastPrep-24 5G tissuelyser. Total 

RNA was precipitated with 0.5mL of 2-propanol and pelleted before being 

washed with 75% ethanol and finally eluted in nuclease-free water. After 

receiving these RNA samples, I carried out several quality control steps 

before proceeding. Total RNA concentration was measured using a Qubit3 

Broad Range (BR) RNA Assay (Invitrogen Q10210), RNA purity was 

evaluated using a Nanodrop device (Thermo Scientific, model ND-1000), and 

a TapeStation 4200 (Agilent Technologies) was used to determine RNA 

integrity. Total RNA with RIN >8.5 was used for ONT library preparation 

(mean RIN was 9.5 for samples used) (Table 2.1).  

2.2.4 Total RNA Extraction - Embryos 

I carried out total RNA extracted from S. salar embryos using a modified 

phenol-chloroform method. 3 embryos were pooled for each biological 

replicate and homogenised in 1mL TRIzol using the Qiagen TissueLyzer II 

https://www.aqua-faang.eu/protocols.html
https://www.aqua-faang.eu/protocols.html
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set to 30Hz for 5 minutes. The samples were incubated for 5 minutes at 

room temperature before 100µL 1-bromo-3-chloropropane was added. 

Tubes were shaken vigorously for 15 seconds and then incubated at room 

temperature for 30 minutes. Next, the samples were centrifuged for 15 

minutes, at 4oC, at 20,000g, and the aqueous phase was carefully pipetted 

off. 200µL of precipitation solution (100µL isopropanol + 100µL solution of 

1.2M NaCl, 0.8M sodium citrate sesquihydrate) was added to each sample 

and left to precipitate overnight at -20oC. Samples were pelleted by 

centrifuging at 20,000g, 4oC for 10 minutes, before being washed twice with 

1mL freshly prepared 70% ethanol. Finally, the pellet was eluted in 20-50µL 

nuclease-free water depending on the size of the pellet. 

Total RNA was assessed for purity, concentration and integrity as for the 

head kidney samples (Table 2.1). 

2.2.5 mRNA Isolation 

A Dynabeads mRNA Purification Kit (Invitrogen 61006) was used to isolate 

mRNA from total RNA for both the head kidney and embryo samples. 6µg of 

total RNA for each sample was input into the protocol. The manufacturer’s 

instructions were followed except that the volume of Dynabeads magnetic 

beads was halved, whilst the rest of the reagents were used as per the 

following protocol. 50µL of Dynabeads per sample were transferred to a 

clean 0.2mL PCR tube and placed on a magnetic rack to pellet. The 

supernatant was removed and the beads were resuspended in 50µL of 

Binding Buffer from the Dynabeads kit. The beads were pelleted once again, 

and the supernatant was removed and resuspended in 50µL of Binding 

Buffer for a second time. 6µg of total RNA was diluted in nuclease-free water 

to a final volume of 50µL in a clean 0.2ml PCR tube, heated to 65oC for 3 

minutes and placed on ice immediately after incubation. Each total RNA 

sample was added to the beads, flicked well to mix, centrifuged briefly and 

incubated at room temperature for 5 minutes. Next the tubes were flicked 

and spun once more to resuspend the beads before pelleting on a magnetic 

rack for at least 2 minutes. The supernatant was removed and beads 

resuspended in 50µL of Washing Buffer B, mixing thoroughly by flicking. 
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After a short centrifuge the tubes were returned to the magnetic rack and 

allowed to pellet for at least 2 minutes. The supernatant was removed and 

another round of Washing Buffer B was applied to the beads. After final 

aspiration of Washing Buffer B, the tubes were removed from the magnetic 

rack and the beads eluted in 11µL of Tris-HCl. Tubes were incubated at 72oC 

for 2 minutes and then immediately placed on a magnetic rack for another 2 

minutes. The purified mRNA was collected by transferring the supernatant to 

a clean tube and its quantity assessed using the Qubit3 with a HS RNA 

assay kit (Invitrogen Q32852). 

2.2.6 Nanopore Library Preparation and Sequencing 

A sequencing library was prepared for each set of samples using the cDNA 

Sequencing Kit SQK-DCS109 with the Native Barcoding 96 Kit EXP-NBD196 

(Oxford Nanopore Technologies). Sequencing libraries were prepared in 

independent runs using the same approach (described below) for n=18 

embryo samples (June 2021) and n=18 head kidney samples (July 2022).  

2.2.6.1   Reverse Transcription and Strand-Switching 

Reverse transcription and strand-switching was carried out using RNaseOUT 

(Invitrogen 10777019), Maxima H Minus Reverse Transcriptase 

(ThermoScientific 15259496), VNP and SSP primers (ONT) and 10mM 

dNTPs. For each sample, 2.5µL of VNP primer and 1µL of 10mM dNTPs 

was added to 100ng of mRNA eluted in 8µL of nuclease-free water. The 

reaction was mixed gently by flicking and spinning down with a brief 

centrifuge. The reaction was incubated at 65oC for 5 minutes and then snap-

cooled on a pre-chilled freezer block. During the incubation, a master mix 

was prepared consisting of 4µL 5x RT buffer, 1µL RNaseOUT, 1µL 

nuclease-free water and 2µL SSP primer. This 8µL master mix was added to 

the snap-cooled mRNA and mixed, before the reaction was incubated at 

42oC for 2 minutes. After this, 1µL of Maxima H Minus Reverse 

Transcriptase was added to the reaction and mixed, then incubated as 

follows; 42oC for 90 minutes, 85oC for 5 minutes, 4oC hold. 
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2.2.6.2   RNA Degradation and Second Strand Synthesis 

Remaining mRNA was degraded using RNase Cocktail Enzyme Mix 

(Invitrogen AM2286) and the cDNA purified using AMPure XP beads 

(Beckman Coulter A63881). 1µL of RNase Cocktail was added to the reverse 

transcription reaction in Section 2.2.6.2 and incubated for 10 minutes at 

37oC. This reaction was transferred to a clean Eppendorf LoBind tube and 

17µL AMPure XP beads were added for a ratio of 1:1.2 beads to sample 

volume. The solution was incubated for 5 minutes on a rotary mixer at room 

temperature. Following the incubation, the tubes were placed on a magnetic 

rack and beads pelleted before the supernatant was aspirated without 

disturbing the beads. The beads were washed twice with 200µL of 70% 

ethanol and eluted in 20µL nuclease-free water for 10 minutes at room 

temperature on a rotary mixer. Beads were pelleted once again on the 

magnet and the elution transferred to a clean 1.5mL LoBind tube and placed 

on ice.  

The second cDNA strand was synthesised using LongAmp Taq Master Mix 

(New England Biolabs M0287) and PR2 primer (ONT). For each sample, the 

following reaction was prepared in a 0.2mL PCR tube: 25µL 2x LongAmp 

Taq Master Mix, 2µL PR2 primer, 20µL reverse-transcribed sample above, 

and 3µL of nuclease-free water. The reaction was incubated at 94oC for 1 

minute, 50oC for 1 minute, 65oC for 15 minutes, then held at 4oC. In a clean 

LoBind tube, 40µL of AMPure XP beads were resuspended by vortexing and 

the sample was added to the beads. This mix was incubated for 5 minutes at 

room temperature on rotation. Following this, the beads were pelleted on a 

magnetic rack, the supernatant carefully removed, and washed twice with 

200µL 70% ethanol. To elute, the beads were resuspended in 21µL 

nuclease-free water and incubated on rotation for 10 minutes at room 

temperature. The beads were allowed to pellet on a magnetic rack and 21µL 

elute was transferred to a fresh 1.5mL LoBind tube. 1µL of strand-switched 

cDNA was quantified using the Qubit3 HS dsDNA kit (Invitrogen Q32851). 
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2.2.6.3   End-Preparation and Barcode Ligation 

The ends of the resultant cDNA were repaired and dA-tailed using the 

NEBNext Ultra II End Repair/dA-Tailing Module (New England Biolabs 

E7546). 20µL of the strand-switched cDNA sample was diluted further by 

adding 30µL of nuclease-free water before a reaction mix was formed by 

adding 7µL Ultra II End Prep Reaction Buffer and 3µL Ultra II End Prep 

Enzyme Mix to the cDNA. The mix was homogenised by gentle flicking, spun 

down and then incubated at 20oC for 5 minutes followed by another 5 

minutes at 65oC. Then, the sample was transferred to a clean 1.5mL LoBind 

tube and 60µL of AMPure XP beads were added to the reaction. The 

reaction was incubated on rotation for 5 minutes at room temperature. After 

this, beads were pelleted on a magnetic rack and washed twice with 200µL 

ethanol without disturbing the pellet. The tubes were removed from the rack 

and the beads resuspended in 23µL nuclease-free water and incubated at 

room temperature for 2 minutes. The beads were then pelleted on a magnet 

and 22.5µL of elute was transferred to a fresh 1.5mL LoBind tube for 

barcode ligation. 

The native barcodes (ONT EXP-NBD196) were ligated onto the end-

prepared cDNA using Blunt/TA Ligase Master Mix (New England Biolabs 

M0367). A different barcode was used for each sample and no barcode was 

used for both an embryo sample and a head kidney sample. In brief, 2.5µL of 

native barcode was added to the 22.5µL of end-prepped cDNA and 25µL of 

Blunt/TA Ligase Master Mix was added to the reaction, which was incubated 

for 10 minutes at room temperature. Next, 50µL of AMPure XP beads were 

added to the reaction and incubated at room temperature for 5 minutes on 

rotation. The tubes were placed on a magnetic rack and the beads allowed to 

pellet. The supernatant was removed and the beads were washed twice with 

200µL of 70% ethanol without disturbing the beads. After the second wash, 

the tube was removed from the rack and the beads resuspended in 26µL of 

nuclease-free water and incubated for a further 2 minutes at room 

temperature. The beads were placed back on the magnetic rack and 26µL 

elute was transferred to a clean 1.5mL LoBind tube. 1µL of barcoded cDNA 

was taken for quantification with Qubit 3 using the HS dsDNA assay kit. 
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2.2.6.4   Library Pooling and Sequencing on PromethION 

For each library, the samples were equimolar pooled to a total of 325ng 

cDNA (18ng/sample). Then, a 2.5x AMPure XP bead purification was carried 

out, washing twice with 70% ethanol. The final pooled library was eluted in 

100µL nuclease-free water and quantified once again on Qubit3 with the HS 

dsDNA assay kit. Each pooled, barcoded libraries were sent to Edinburgh 

Genomics who carried out AMXII (ONT) sequencing adapter ligation. Each 

library was sequenced for 72 hours on the PromethION device with flowcell 

chemistry v9.4.1 (ONT). 

2.2.7 Data Processing – Basecalling, Full-Length Filtering and Mapping 

A full bioinformatic pipeline is visualised in Figure 2.1. 

Basecalling of PromethION reads was performed with Guppy v5.0.11 (ONT) 

for the embryo dataset, and Guppy v6.3.7 for head kidney samples. The 

super-accuracy CRF basecalling model 

“dna_r9.4.1_450bps_sup_prom.cfg” was used with option “–

disable_qscore_filtering” in both cases. Low quality reads (q-score 

<7) were filtered out using NanoFilt v2.7.1 (De Coster et al., 2018). 

Demultiplexing was carried out with the respective Guppy versions in default 

settings. Full-length reads were identified, oriented and trimmed of ONT 

barcodes and sequencing adapters with Pychopper v2.5.0 (ONT). CutAdapt 

v .1 (Martin, 2011) was used to remove polyA tails with option “-a 

"A{50}"”, then Minimap2 v2.22r1 (Li, 2021) was used to map full-length 

reads to the Ssal_v3.1 genome assembly with options “–ax splice -uf 

-k 14”. It was found that a large number of secondary alignments were 

captured by Minimap2, which was investigated (see sections 2.2.8 and 

2.3.2). Following this investigation, it was decided that only primary 

alignments would be taken forward into transcriptome construction. Non-

primary alignments were filtered out using SAMtools v1.13 (Danecek et al., 

2021) with “samtools view -b -F 2308”. Sam files were sorted using 

“samtools sort” and bam file statistics collected with NanoStat v1.6.0 (De 

Coster et al., 2018) and the flagstat function in the SAMtools suite. Further 
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summary statistics were collected at each stage using pycoQC v2.5.2 (Leger 

et al., 2019), NanoStat v1.6.0 (De Coster et al., 2018) and samtools flagstat. 

2.2.8 Resolving High Secondary Mapping Rates 

A large proportion of ONT reads showed secondary mapping to alternative 

loci with high confidence after Minimap2 processing. It was suspected that 

these reads originated from regions of the genome containing high similarity 

ohnologue genes retained from the Ss4R WGD event (see section 1.4.2). 

Different regions of the salmon genome underwent the process of 

rediploidisation at distinct rates, meaning ohnologue pairs from different 

genomic locations can show very different levels of sequence divergence. 

(Robertson et al., 2017; Gundappa et al. 2022). In genomic regions where 

rediploidisation occurred quickly, in the ancestor of extant salmonids (AORe 

regions), the ohnologue pairs have had the maximal possible evolutionary 

time to diverge since Ss4R (~100 Myrs; Gundappa et al. 2022), and hence 

are less similar than ohnologue pairs from genomic regions where 

rediploidization was highly delayed (LORe regions). To compare the rates of 

primary and secondary mapping between AORe and LORe regions, the 

coordinates of duplicated Ss4R blocks belonging to each group was 

extracted and the number of primary and secondary alignments in each 

region counted. The counts were imported into RStudio (R4.3.3) and a 

boxplot was generated with ggplot2 v3.5.0 (Wickham, 2016). A Mann-

Whitney U test was conducted in base R with the “wilcox.test()” 

function to compare secondary mapping rates between AORe and LORe 

regions. 

To assess whether Minimap2 was able to properly differentiate between 

similar ohnologues and assign reads correctly, 5 ohnologue pairs with 

minimum 95% similarity in their CDS were selected from chromosomes 11 

and 26 (i.e. a pair of LORe regions retained from Ss4R) for analysis;  

ENSSSAT00000011981 - ENSSSAG00000107398 (chr 11) & 

ENSSSAT00000221549 - ENSSSAG00000085143 (chr 26),  

ENSSSAT00000012132 - ENSSSAG00000005641 (chr 11) & 

ENSSSAT00000217538 - ENSSSAG00000088263 (chr 26),  
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ENSSSAT00000056862 - ENSSSAG00000040259 (chr 11) & 

ENSSSAT00000216562 - ENSSSAG00000096373 (chr 26),  

ENSSSAT00000056563 - ENSSSAG00000040107 (chr 11) & 

ENSSSAT00000021980 - ENSSSAG00000010004 (chr 26),  

ENSSSAT00000121309 - ENSSSAG00000069713 (chr 11) & 

ENSSSAT00000082105 - ENSSSAG00000052238 (chr 26).  

10 reads with primary alignments to each ohnologue pair were randomly 

selected, aligned to the CDS of the ohnologues (extracted from Ensembl with 

the online Biomart tool; Durinck et al., 2005) with the MAFFT version 7 

(Katoh et al., 2019) with command “mafft --thread 8 --threadtb 5 

--threadit 0 --reorder --adjustdirection --auto input > 

output” (total 22 sequences per alignment) and UTRs manually trimmed 

from each alignment using BioEdit (Hall, 1999) to retain only the CDS. 

Substitutions in the CDS that differentiated each ohnologue pair were 

identified from the alignment. Then, for each ohnologue, I counted the 

number of times the primary aligned read possessed the correct 

distinguishing base of the ohnologue it was aligned to, or the distinguishing 

base belonging to its ohnologue pair. The proportions of ‘correct’ bases in 

the 10 reads for each ohnologue pair was calculated and data imported into 

RStudio for plotting with ggplot2.  

2.2.9 Collapsing Redundant Transcript Models and Transcriptome 

Assembly 

To generate the long-read transcriptome, primary alignments for the embryo 

and head kidney datasets were collapsed separately into a set of consensus 

models based on genomic location using TAMA Collapse from the TAMA 

suite (Kuo et al., 2020) with options “-x no_cap -a 25 -z 25 -sjt 

10”. Collapsing transcripts with these parameters will collapse reads with 

exon start and end sites within 25bp of each other, a common error in long-

read RNA-seq (Kuo et al., 2020). The capping mode of TAMA was set to 

“no_cap” to ensure that any remnants of 3’ degradation were collapsed into 

longer transcripts. Read support, i.e. how many individual reads support 
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each collapsed transcript mode, was generated using TAMA GO. Then, the 

transcriptome for each dataset was filtered such that all transcript models 

possessing read support < 3 were removed, thus retaining a robust set of 

well-supported transcript models.  

To compare the collapsed transcriptomes with the existing Ensembl 

reference annotation (Ssal_v3.1), the embryo and head kidney transcriptome 

files were converted from .bed format to .gtf with TAMA GO format converter. 

Then, SQANTI3 v5.1.1 (Tardaguila et al., 2018; Pardo-Palacios et al., 2024a) 

was used in default mode to characterise the collapsed, filtered 

transcriptomes and compare them with the existing Ssal_v3.1 Ensembl 

annotation. SQANTI3 was run on both the unfiltered and filtered assemblies. 

Finally, both datasets were merged using TAMA Merge with default settings 

to produce a final, combined, filtered transcriptome. Once again, SQANTI3 

was used to compare the combined transcriptome to the reference 

assembly. 

2.3 Results  

Over 100 million raw reads constituting approximately 110Gb of sequence 

data were produced, with 37,623,452 and 39,708,613 reads passing qscore 

filtering for embryos and head kidney datasets, with a median read length of 

977 and 965bp, respectively (Table 2.2 and Figure 2.2B & C). 27.6% of the 

embryo and 35.5% of the head kidney high-quality reads were classified as 

full-length by Pychopper. In the embryo dataset, 9,462,770 primary 

alignments with an N50 of 1,389bp were taken forward to transcriptome 

construction. A comparable number of primary alignments were retained in 

the head kidney dataset (10,250,416); however, these aligned reads were 

shorter on average, with an N50 of 963bp. 

2.3.1 Long-Read RNA-Seq Successfully Distinguishes Between Ohnologue 

Pairs 

Examining rates of primary and secondary alignments in AORe and LORe 

regions confirmed significantly higher rates of secondary mapping in regions 

of high similarity (Figure 2.3; p<0.0001).  
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My investigation into base pair substitutions that distinguish the CDS of 5 of 

highly similar ohnologue pairs revealed that Minimap2 was able to correctly 

assign reads to their respective ohnologues. Most reads possessed the 

same distinguishing bases as the ohnologues to which they mapped in 

primary alignments (Figure 2.4). The next most common instance was that 

no base was present in the reads, instead the alignment was gapped at that 

locus. In the case of ohnologue pair 2, missing bases were prevalent, being 

observed in over 80% of the distinguishing bases (Figure 2.4). It was rare 

that a primary alignment to one of the ohnologue genes had a distinguishing 

base that was found in its pair.  

As a consequence of these results, it was determined that primary 

alignments were sufficient at assigning reads to the appropriate duplicated 

regions of the genome and non-primary alignments were removed before the 

transcript model collapsing step of the assembly pipeline (section 2.2.9). 

2.3.2 Comparison of Full-Length Transcriptome with Ensembl Reference 

After collapsing redundant reads into consensus transcript models, filtering 

models based on read support, and merging the two datasets, the final 

transcriptome consisted of 35,480 unique genes comprising 266,222 

transcripts, with an average transcript-to-gene ratio of 7.50. This is markedly 

higher than the average transcript-to-gene ratio of 2.65 observed in the 

current reference Ensembl Ssal_v3.1 annotation, which contains 69,389 

genes and 184,209 transcripts.  

Of the 35,480 unique genes, 27,674 (78%) were deemed protein-coding, 

compared with 210,892 out of 266,222 (79%) for transcripts. Despite the 

Ensembl annotation containing a similar proportion of protein-coding 

transcripts (79%), there are significantly fewer protein-coding transcripts 

annotated in the Ensembl suggesting that the long-read RNA-seq has 

captured additional protein-coding diversity. 31,271 of the genes captured in 

the long-read transcriptome overlapped the existing Ensembl reference 

annotation, with 4,209 being deemed novel genes. 2,977 of these novel 

genes were associated with a single transcript and, in total, the novel genes 
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were associated with 10,752 transcripts, with 6,246 predicted to be non-

coding.  

34% of the genes in the long-read transcriptome showed a single transcript 

model (Figure 2.5) compared with 50% in the Ensembl annotation. At the 

other end of the scale, around a third of the long-read transcriptome genes 

showed ≥6 transcripts, compared to 12% for the Ensembl reference. The 

majority of dataset-specific genes, i.e. genes only supported by reads from a 

single dataset, have a single transcript model whilst in contrast, the vast 

majority of genes supported by both datasets have 6 or more different 

transcript models (Figure 2.5). Outside of Atlantic salmon, in the current 

Ensembl v113 annotation for zebrafish (GRCz11), 56% of genes possess 

only a single transcript model, whilst only 3% of genes have 6 or more 

transcript models associated with them. This highlights the complexity of the 

Atlantic salmon genome when compared with other well-studied teleosts.  

2.3.3 Classification of Transcript Diversity 

Figure 2.6 depicts the broad structural categories SQANTI3 assigned to each 

transcript model in my long-read transcriptome. Whilst 79% of long-read 

gene models overlapped with reference genes, only 41,371 of the transcripts 

overlapped Ensembl transcripts with identical splice junctions (16% of total), 

with around 15,000 classified as full-splice-matches (FSM) (Table 2.3). The 

rest were classified as incomplete-splice-matches (ISM), which indicates that 

the splice junctions of the long-read transcript corresponded with those of a 

reference Ensembl transcript, but with 5’ or 3’ exons missing (e.g. shown in 

Figure 2.7). 

The most prevalent structural category of the novel transcripts ‘novel not-in-

catalogue’ (NNC) accounted for 60% of the long-read transcript models, 

indicating that many transcripts contained splice sites not predicted in the 

Ensembl annotation. 12% of transcripts were deemed ‘novel-in-catalogue’ 

(NIC), possessing a new combination of known exons, constituting the 

second most common structural category behind NNC (e.g. shown in Figure 

2.8).  
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Finally, the total number of ‘Genic Genomic’, ‘Antisense’, ‘Fusion’ and 

‘Intergenic’ transcript models combined was 31,85 , constituting 14% of all 

novel transcripts. Over half of these transcripts were predicted to be non-

coding (55%). The 8,195 antisense transcripts make up 3% of total 

transcripts and derive from 3,382 unique gene models, 69% coding for a 

single transcript (2,330/3,382). Of the 8,195 antisense transcripts, 6,259 are 

multi-exonic. Figure 2.9 depicts a subset of 112 transcripts that overlapped 

with reference transcripts of rpl13a, as well as a novel gene that produces 8 

transcripts antisense to rpl13a.  

2.3.4 Mono-Exonic Transcripts Captured by Long-Read Transcriptome 

While most transcript models captured in the long-read transcriptome were 

multi-exonic, a significant proportion (29.8%) deriving from novel genes were 

mono-exonic (e.g. Figure 2.10). In contrast, long-read transcripts deriving 

from genes associated with an annotated Ensembl gene were mainly multi-

exonic (3.8%; Figure 2.10). As a proportion of total transcripts, mono-exonic 

models constituted only 5.7% - comparable to the Ensembl annotation. The 

prevalence of mono-exonic transcripts deriving from novel genes captured by 

long-read RNA-seq is further explored in detail in Chapter 5. 

2.3.5 Transcript and Gene Model Support Originates from Both Datasets 

51.7% of genes in the long-read transcriptome had support from reads 

originating from both the embryo and head kidney datasets, revealing that 

the majority of expressed genes are common to both embryogenesis and 

immune response (Figure. 2.11). However, only 16.7% of the transcripts 

were common to both datasets, with most transcripts therefore unique to 

either embryo or head kidney samples. Furthermore, the embryo dataset 

contained 39% more unique transcripts than the head kidney dataset 

(129,053 vs 92,799).  

2.4 Discussion 

In this chapter, I constructed the first full-length transcriptome assembled 

with ONT RNA-seq technology for Atlantic salmon. This long-read 

transcriptome is the first of its kind in any farmed finfish species. The 
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transcriptome contains 266,222 putative full-length transcripts produced from 

35,480 unique genes, greatly expanding the number and functional diversity 

of Atlantic salmon genes and transcripts available for future studies. 

2.4.1 Long-Read Nanopore Sequencing Yields High-Quality Reads 

Long-read transcriptome construction has been shown to be strongly 

impacted by RNA degradation (Prawer et al., 2023) and chimeric reads 

(White et al., 2017b). To offset this possibility, only RNA of high integrity was 

used in this study, while robust bioinformatic filtering was employed to 

remove potential artifacts. Despite this, only a quarter of sequenced reads 

were deemed full-length, with the majority filtered out as either RNA 

degradation products, internal polyA priming artifacts, or potential chimeric 

reads resulting from erroneous ligation events during library preparation. 

Halstead et al. (2021) obtained a similar quantity of raw data using the PCR 

cDNA Nanopore sequencing method in Bos taurus, yet retained 70% of 

reads post-filtering. This may suggest that the native cDNA method 

introduces bias towards truncated or reads that are artificially fused together 

during sequencing or basecalling (Sessegolo et al., 2019). Nonetheless, the 

24 million reads that passed filtering still represented a robust set of high-

quality long-read transcripts, indicating that the filtering strategies employed 

in this chapter were successful at removing confounding sequencing 

artifacts.  

2.4.2 Novel Transcript Diversity Revealed by Long-Read RNA-Seq 

The majority of publicly available transcriptome resources have been 

constructed using evidence from short-read RNA-seq data (Stark et al., 

2019). This may lead to poor or partial genome annotations due to 

challenges such as resolving complex genomic regions and consolidating 

intron-exon boundaries (Byrne et al., 2019). Long-read RNA-seq has been 

widely adopted to characterise novel transcripts (Kuo et al., 2020; Halstead 

et al., 2021; Glinos et al., 2022; Reese et al., 2023). The transcriptome 

assembled in this chapter revealed many new transcripts compared to the 

Ensembl Atlantic salmon annotation, most containing novel splice junctions. 

This highlights the value of long-read RNA-seq for the identification of novel 
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transcript diversity. The current Ssal_v3.1 Ensembl Atlantic salmon 

annotation has not been updated since 2021 and has yet to incorporate new 

long-read data. As such, the data in this thesis will be made publicly 

available and can be used by Ensembl for future gene-builds.  

A large proportion of novel genes in the long-read transcriptome were 

deemed non-coding, consistent with findings in humans (Kuo et al., 2020), 

chicken (Kuo et al., 2017) and pig (Beiki et al., 2019). Interest in non-coding 

RNAs (ncRNA) has increased in recent years (Micheel et al., 2021) due to 

the myriad roles of ncRNAs in transcriptional and post-transcriptional 

regulation (Statello et al., 2021; Sartorelli & Lauberth, 2020). In salmonids, 

significant regulation of ncRNAs has been observed in response to viral 

infection in Atlantic salmon (Boltaña et al., 2016; Xia et al., 2022) whilst 

tissue-specific expression patterns of miRNA and lncRNA were revealed in 

the immune organs of healthy coho salmon (Oncorhynchus kisutch; Leiva et 

al., 2020). These findings demonstrate that ncRNA is an important 

mechanism for the genomic and transcriptomic regulation in salmonids. 

High-quality transcriptome assemblies, such as those constructed here with 

long-read RNA-seq, will be an important resource for future ncRNA research 

(Uszczynska-Ratajczak et al., 2018).  

2.4.3 Long-Read RNA-Seq Resolves Complex Transcriptomic Regions 

Salmonid genomes comprise large duplicated regions retained from the 

Ss4R WGD, with 50-60% of genes existing in duplicated ohnologue pairs 

(Berthelot et al., 2014; Lien et al., 2016). This poses a challenge to 

distinguishing duplicated genomic exons with short-read RNA-seq (Houston 

& Macqueen, 2019; Deschamps-Francoeuret al., 2020). My long-read RNA-

seq approach was successful in distinguishing between highly similar 

ohnologue pairs and has the potential to aid in research aiming to unpick the 

function of gene duplicates and resolve their expression patterns (see 

General Discussion). 

2.4.4 Mono-Exonic Transcripts Underrepresented in Reference Annotation 

Mono-exonic transcripts are an underexplored class of transcript diversity 

that have historically been discarded as transcriptional noise (Su et al., 2024) 
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but are readily captured by long-read RNA-seq (Kuo et al., 2020; Zhang et 

al., 2022). As with previous long-read studies, a significant proportion of the 

transcript diversity originating from novel Atlantic salmon genes was 

attributed to mono-exonic transcripts. As mono-exonic transcripts are yet to 

be explored in salmonids, Chapter 5 addresses this knowledge gap. 

2.4.5 Potential Improvements to Transcriptome Assembly Pipeline 

There are some areas where the transcriptome assembly pipeline detailed in 

this chapter may benefit from additional analysis and polishing. For instance, 

long-read Nanopore RNA-seq has been shown to struggle when sequencing 

stretches of homopolymers (Wang et al., 2021). Consequently, polishing 

strategies have been developed to correct these types of systematic errors. 

Polishing tools such as Pilon (Walker et al., 2014) and NextPolish (Hu et al., 

2020) leverage the high accuracy of NGS short-read RNA-seq methods to 

correct errors in long-read sequences, thereby reducing raw error rates ten-

fold (Dohm et al., 2020), whilst other software such as Homopolish (Huang et 

al., 2021) can correct errors in-situ. Whilst mainly used in long-read genomic 

DNA sequencing, recent advances in error correction for long-read RNA-seq 

have been shown to be effective for transcriptome profiling with tools like 

IsONcorrect (Sahlin & Medvedev, 2021) reducing error rates to 1%. Due to 

the relation of this work with the AQUA-FAANG consortium, matched short-

read RNA-seq data exists for each sample used in the long-read 

transcriptome assembly pipline. Thus, both short-read error correction or 

self-error correction could be employed in this instance to potentially improve 

the Nanopore transcriptome characterisation. 

Long-read RNA-seq can also suffer from other error types including RNA 

degradation which can produce reads with 5’ truncation (Prawer et al., 2023), 

or priming of poly(dT) to an internal stretch of adenine bases during cDNA 

synthesis, which can cause fragmentation of full mRNA sequences 

(Sessegolo et al., 2019). The use of TAMA in the transcriptome assembly 

pipeline reduces the impact of RNA degradation through its “no-cap” 

collapsing mode which collapses reads into a longer model where reads 

possess the same splice sites (Kuo et al., 2020). However, employing an 
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additional clustering strategy such as CD-HIT (Fu et al., 2012) may aid in 

producing a set of non-redundant reads for input into the collapsing stage of 

transcriptome construction (Ramberg et al., 2021) thus reducing the impact 

of RNA degradation and internal poly(dT) priming.  

Finally, SQANTI3 was used to determine if a transcript model had coding 

potential via its use of GeneMarkS-T which employs self-trained Markov 

models to predict coding potential (Tang et al., 2015). Using an additional 

ORF predictor such as Transdecoder (Haas, 2023) would allow verification of 

coding potential for each transcript and thus increase confidence in coding 

prediction. 

2.4.6 Concluding Words 

Overall, the work presented in this chapter demonstrates the utility of long-

read RNA-seq, describing a wealth of transcript diversity that isn’t currently 

annotated by Ensembl in the Atlantic salmon reference genome.  I have used 

the long-read transcriptome constructed in this chapter for novel 

investigations of transcript expression dynamics employed during embryonic 

development (Chapter 3) and immune responses (Chapter 4). Finally, the 

long-read data produced in this project will be submitted to Ensembl and 

NCBI to contribute to improved future genome annotations.   
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Figure 2.1: Schematic of the bioinformatic pipeline used to process raw data, construct and polish the long-read transcriptome and compare it 

with the Ensembl reference annotation. 
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Figure 2.2: (A) Schematic of experimental design and read-length distribution of reads passing q-score filtering (q>7) for (B) head kidney and 

(C) embryo datasets. Embryo diagrams provided by Perojil-Morata (2024); salmon image from Johnston et al. (2024); nanopore and transcript 

diagram created with BioRender.com. 
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Table 2.1: Total RNA extraction quality control for all embryo and head kidney samples. 

 

Sample 

Development 

Stage/Treatment 

Group 

Nanodrop 

Concentration 

(ng/µL) 

A260/280 A260/230 
Concentration 

(ng/µL) 
RIN Score 

Final 

Volume 

(µL) 

Total 

RNA 

(ng) 

Embryos 

165R1 

Late Blastulation 

70.5 2.03 1.80 55.2 8.8 60 3312 

165R2 63.2 2.00 1.48 49.5 9.0 60 2970 

165R3 49.1 2.10 1.50 40.0 8.8 45 1800 

214R1 

Mid Gastrulation 

59.7 2.17 1.10 52.4 9.3 50 2620 

214R2 43.7 2.12 0.52 40.8 9.1 50 2040 

214R3 59.2 1.94 1.89 49.4 8.9 50 2470 

309R1 

Early Somitogenesis 

107.6 1.96 2.23 119 8.1 50 5950 

309R2 84.2 1.96 2.38 96.2 9.8 50 4810 

309R3 107.1 1.92 2.32 115 9.6 50 5750 

408R1 

Mid Somitogenesis 

90.8 2.07 1.91 111 9.9 50 5550 

408R2 152.9 2.12 1.83 125 10.0 50 6250 

408R3 198.8 2.14 1.82 204 9.4 50 10200 

552R1 

Late Somitogenesis 

126.4 1.97 2.32 156 10.0 100 15600 

552R2 238.9 2.01 2.41 278 10.0 100 27800 

552R3 234.3 2.03 2.15 298 10.0 100 29800 

792R1 

Late Pharyngula 

488.1 2.13 2.24 452 9.5 100 45200 

792R2 415.1 1.98 2.44 394 9.8 100 39400 

792R3 501.7 2.03 2.44 468 10.0 100 46800 

          



 

 
 

6
0
 

 

Sample 

Development 

Stage/Treatment 

Group 

Nanodrop 

Concentration 

(ng/µL) 

A260/280 A260/230 
Concentration 

(ng/µL) 
RIN Score 

Final 

Volume 

(µL) 

Total 

RNA 

(ng) 

Head 

Kidney 

PBS1 

PBS  

365.3 1.96 1.87 372 9.5 40 14880 

PBS2 181.2 1.88 1.68 169 9.7 40 6760 

PBS3 133.0 1.83 1.84 118 9.8 40 4720 

PBS4 138.4 1.92 1.10 124 9.9 40 4960 

PBS5 182.1 1.90 1.54 174 10.0 40 6960 

PBS6 337.9 1.94 1.86 356 9.9 40 14240 

PolyIC1 

Poly I:C  

460.8 1.89 2.03 508 9.6 40 20320 

PolyIC2 310.7 1.91 1.65 326 9.5 40 13040 

PolyIC3 616.9 1.93 2.21 662 8.5 40 26480 

PolyIC4 360.1 1.83 2.30 390 9.5 40 15600 

PolyIC5 604.1 1.94 2.42 660 9.3 40 26400 

PolyIC6 589.0 1.97 2.27 626 9.6 40 25040 

Vib1 

Inactivated Vibrio 

anguillarum  

298.8 1.98 1.44 310 9.7 40 12400 

Vib2 259.3 1.92 1.38 258 9.4 40 10320 

Vib3 475.0 1.97 1.92 512 9.2 40 20480 

Vib4 352.4 1.91 1.47 368 9.7 40 14720 

Vib5 326.4 1.90 1.94 324 9.5 40 12960 

Vib6 267.3 1.87 1.50 274 9.4 40 10960 
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Table 2.2: Sequencing metrics for embryo and head kidney datasets 

 
 Number of Reads 

Mean Length 

(bp) 

Median Length 

(bp) 
N50 

Mean Read Quality 

(q-score) 

Embryos 

Raw Reads 50,653,062 (55.6Gb) 1098 877 1371 9.4 

Filtered Reads (q>7) 37,623,452 1203 977 1422 11.1 

Full-Length Reads 10,370,701 947 684 1366 13.3 

Mapped Reads 9,462,770 999 717 1389 13.4 

Head 

Kidney 

Raw Reads 53,258,607 (57.2Gb) 1075 850 1374 9.5 

Filtered Reads (q>7) 39,708,613 1204 965 1446 11.3 

Full-Length Reads 14,077,488 538 334 900 12.8 

Mapped Reads 10,250,416 671 471 963 13.3 
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Figure 2.3: Boxplot showing rates of primary and secondary mapping in distinct 

duplicated genomic regions of the Atlantic salmon genome, where ohnologues 

share relatively lower (AORe) or higher (LORe) sequence similarity, owing to 

rediploidisation history following the Ss4R WGD (after Gundappa et al. 2022) 
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Figure 2.4: Ability of Minimap2 primary alignments to distinguish high-similarity 

ohnologue pairs sampled from duplicated chromosome pairs 11 and 26 in the 

current Ensembl Atlantic salmon reference genome (Ensembl v112; Ssal_v3.1). 

These chromosomes are LORe regions that have diverged minimally following 

Ss4R. Green shading indicates the proportion of reads that match the ohnologue 

they mapped to at the position of bases distinguishing the two ohnologues in each 

pair. Orange shading indicates the proportion of reads matching a distinguishing 

base found in the other ohnologue (note: this could represent allelic variation 

compared to the reference genome). Yellow shading shows the proportion of bases 

different from both ohnologues in the reference genome, which is likely to represent 

sequencing error. Grey shading represents reads that had no bases overlapping 

distinguishing bases in the reference ohnologue pairs, which could result from 

distinct gene models between the long-read and Ensembl annotations. 
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Figure 2.5: Number of transcripts per gene for the Atlantic salmon long-read 

transcriptome. Bars are coloured according to which dataset supports that gene. For 

example, if a gene is only supported by reads from the embryo dataset, it falls in the 

“Em ryo-only” category. 
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Table 2.3: SQANTI3 transcript model structural categories for the Atlantic salmon 

long-read transcriptome  

Structural Category Count % 

FSM 15,563 5.85 

ISM 25,808 9.69 

NIC 32,217 12.10 

NNC 160,780 60.39 

Genic Genomic 4,569 1.72 

Antisense 8,195 3.08 

Fusion 7,077 2.66 

Intergenic 12,013 4.51 

 

 

 

Figure 2.6: SQANTI3 structural categories (taken from Pardo-Palacios et al. 2024). 

FSM = full splice match; transcript matches exon structure of annotated transcript, 

ISM = incomplete splice match; transcript has fewer exons at 5’ or 3’ end than 

reference model, NIC = novel in catalogue; new combination of exons using known 

splice junctions, NNC = novel not in catalogue; new combination of exons with at 

least one novel splice site, Genic Genomic = overlaps existing introns and exons, 

Antisense = transcript is antisense to an annotated gene, Fusion = fusion between 

two annotated loci, Intergenic = transcript maps to locus currently undescribed in 

reference annotation.  
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Figure 2.7: Structure of transcripts derived from long-read gene G107. The 

associated Ensembl gene is protein O-mannose kinase (pomk: 

ENSSSAG00000073686). Legend shows the SQANTI3 structural category for each 

long-read transcript: FSM = full-splice-match, NIC = novel-in-catalogue, NNC = 

novel-not-in-catalogue. Transcript G107.2 is classified as FSM sharing all splice 

sites identical with the reference transcript. G107.1 is considered an NIC transcript, 

as the splice sites are shared with the reference, but the exon combination differs as 

a result of intron retention. G107.3 and G107.4 are NNC. In the case of G107.3 this 

is due to a novel exon between reference exons 1 and 2 and a novel splice site at 

the 5’ end, whilst for G107.4, a novel splice site is present at the 5’ end. 

  

 .107G

3.107G

1.107G

2.107G

00000132523ENSSSAT

S ANTI Class

Ensembl   UTR

Ensembl   CDS

FSM

NIC

NNC



 

67 
  

 

Figure 2.8: Structure of a subset of 11 transcripts derived from long-read gene 

G28546 – total number of long-read transcripts for this gene is 59. The associated 

Ensembl gene is cathepsin S (cats: ENSSSAG00000010327). Legend shows the 

SQANTI3 structural category for each long-read transcript: FSM = full-splice-match, 

ISM = incomplete-splice-match, NIC = novel-in-catalogue, NNC = novel-not-in-

catalogue. Different structural categories are represented by transcripts of G28546 

including G28546 which is a perfect splice match to the single reference transcript. 

G28546.53 is classified as an ISM because it shares the same splice junctions as 

the reference  ut is missing an exon at the 5’ end. Transcripts .16, .28 and .44 are 

NIC displaying different combinations of known splice sites, whilst the rest of the 

transcripts were classified as NNC containing novel splice sites.  
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Figure 2.9: Structure of two genes in the long-read transcriptome; G156 & G157. 

G156 has 112 transcripts, 6 of which have been displayed in the plot. G156 is 

associated with rpl13a (ENSSSAG00000008822). G157 codes for 8 transcripts 

which are antisense to rpl13a. 
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Figure 2.10: Distribution of mono- vs multi-exon transcript models in gene models 

considered novel or those matching a pre-existing gene annotation in the Ensembl 

reference annotation. 
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Figure 2.11: Venn diagrams showing which dataset supports each gene model (A) 

and transcript model (B) in the long-read transcriptome. 
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Chapter 3: Transcript Resolved Expression in Atlantic 

Salmon Head Kidney Following Viral and Bacterial Challenge 

Summary  

In this chapter, I examined transcript expression and regulation during 

separate immune responses mounted against both viral and bacterial 

challenges. Nanopore reads obtained from Atlantic salmon head kidney 

samples were mapped to the transcriptome assembly generated in Chapter 

2, then quantified and analysed using a custom pipeline. Differential 

transcript expression analysis was carried out and within-gene alternative 

transcript usage explored. 1,096 and 627 transcripts were differentially 

expressed during viral and bacterial responses, respectively, with many 

novel transcripts and some novel gene models described for the first time.  

3.1 Introduction 

RNA transcript diversity plays a key documented role in the regulation of the 

immune system through alternative splicing (Schaub & Glasmacher, 2017; 

Su & Huang, 2021; Tao et al., 2024; Inamo et al., 2024), intron retention (Ni 

et al., 2016) and alternative transcription start sites (Carpenter et al., 2014; 

Mola et al., 2023). For example, an exon-retention transcript variant of the 

well-characterised immune system modulator cd47 was upregulated in 

human acute myeloid leukaemia (van Der Werf et al., 2023) whilst alternative 

transcripts of several genes impacted the activation of the interferon 

pathway, an important antiviral response mechanism (Liao & Garcia-Blanco, 

2021). While transcript diversity is recognised as a driver of immune system 

regulation, much of our current knowledge comes from studies conducted in 

a small number of mammal species and the role of transcriptional variation in 

immune regulation remains underexplored in most non-model species.  

Aquatic diseases represent a significant challenge to the aquaculture sector, 

causing stock mortality and raising welfare concerns, with important 

economic and social ramifications (Stentiford et al., 2015). As such, there is 

a drive to improve our understanding of the immune system in aquaculture 

species to reveal mechanisms that influence the outcomes of vaccination 
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and underpin disease resistance traits. Consequently, one of the main aims 

of the European consortium AQUA-FAANG (Chapter 1, section 1.4.4) was to 

annotate genome functional elements associated with early immune 

responses for six commercial fish species including Atlantic salmon. 

Short-read RNA-seq is a gold-standard method for studying gene 

expression, widely used to understand salmonid immune responses to 

bacterial and viral stimulation. For example, Clark et al. (2023) described a 

divergent arm of the type-I IFN response in Atlantic salmon and rainbow trout 

which employs both a core set of phylogenetically conserved ISGs and a 

second set of salmonid-specific ISGs, contributing to our knowledge of 

antiviral immune repertoire in salmonids. Short-read RNA-seq has been used 

to understand salmonid immune system responses to bacterial and viral 

pathogens (Gervais et al., 2021; Krasnov et al., 2021; Taylor et al., 2022), 

parasitic infection such as sea lice (Robledo et al., 2018; Casuso et al., 

2022), heat stress (Shi et al., 2019), dietary alterations like functional feeds 

(Tawfik et al., 2024), and vaccination (Fu et al., 2022). However, as noted 

(Chapter 1, section 1.1.6), using short reads makes it challenging to 

distinguish alternative transcripts (Steijger et al., 2013; Kuo et al., 2017).  

Long-read RNA-seq is a valuable approach for capturing alternative 

transcript diversity (Seki et al., 2019), but is yet to be widely applied to study 

functional immune responses in non-model fish species. Much of the use of 

long-read RNA-seq in fish species is limited to transcriptome construction 

with limited examples of quantification analysis. For example, PacBio RNA-

seq identified a host of novel genes and transcripts from immune tissues in 

black rockfish Sebastes schlegelii (Cao et al., 2020) whilst over 60,000 

immune-related transcripts were identified with PacBio technology in turbot 

Scophthalmus maximus following bacterial infection (Huang et al., 2022). In 

both studies, the focus was on characterising transcriptome diversity and no 

quantification was conducted. Similarly, Yu and colleagues (2024) used 

PacBio RNA-seq to construct a long-read transcriptome for the Xinjiang 

Yarrowfish Leuciscus merzbacheri, but applied short-read RNA-seq to 

quantify gene expression against the long-read transcriptome reference. As 
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such, the use of long-read RNA-seq for understanding fish immune 

responses remains in its infancy. 

This chapter aims to use a long-read Nanopore RNA-seq approach to both 

identify novel transcript variants and quantify transcript expression in 

response to viral and bacterial immunostimulation. Two immune challenges 

were conducted, one with the PAMP poly I:C to mimic viral infection, and the 

other with an inactivated strain of Vibrio, a common bacterial pathogen 

affecting salmonid aquaculture. I describe the development of a custom 

bioinformatic pipeline for differential transcript expression analysis and 

identify a wealth of novel transcript diversity regulated by both immune 

stimuli uncaptured by short-read RNA-seq in the same samples. 

3.2 Materials and Methods 

3.2.1 Data Overview/Sample Collection 

Methods for sample collection, nanopore sequencing and bioinformatic 

processing are provided in Chapter 2, section 2.2. This subsection overviews 

sample collection and sequencing methods specific to this chapter. 

Head kidney tissue was harvested from Atlantic salmon parr 24 hours after 

intraperitoneal injection with either PBS (control, n=6) poly I:C (n=6) or 

inactivated Vibrio (n=6). Poly I:C is a viral PAMP and was used to mimic viral 

infection, representing a synthetic double-stranded RNA detected by viral 

pattern recognition receptors, which potently activates inflammatory 

responses and the interferon pathway in teleost fish (Wang et al., 2024). An 

inactivated strain of Vibrio, the causative agent of vibriosis (Lages et al., 

2019), was used to stimulate an antibacterial, proinflammatory response as a 

source of bacterial PAMPs. Total RNA was extracted via standard TRIzol 

total RNA extraction. As detailed in Chapter 2, section 2.2.1, sample 

collection and total RNA extraction was conducted by Dr Shahmir Naseer, Dr 

Thomas Clark and Professor Samuel Martin at the University of Aberdeen. 

The methods for poly I:C stimulation and sample collection are also 

published in Clark et al. (2023). 
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mRNA was isolated from the total RNA samples using the Dynabeads mRNA 

Purification Kit (Invitrogen 61006) before a pooled, barcoded sequencing 

library was generated using the Direct cDNA-Sequencing Kit (SQK-DCS109) 

with Native Barcoding (EXP-NBD196) from Oxford Nanopore Technologies. 

The library was sequenced on the PromethION device for 72 hours.  

To obtain full-length reads, samples were basecalled with Guppy v6.3.7 

(ONT), low-quality reads (q<7) were filtered out with NanoFilt v2.7.1 (De 

Coster et al., 2018) before demultiplexing with Guppy v6.3.7. Full-length 

reads were identified, oriented and trimmed of barcodes and sequencing 

adapters with Pychopper v2.5.0 (ONT).  

To visualise the relationship between common transcript and gene models 

expressed by samples in the three treatments, the UpSetR v1.4.0 (Conway 

et al., 2017; Gehlenborg, 2019) R package in RStudio (R4.3.3) was used to 

generate an UpSet plot at the gene-level and transcript-level. An UpSet plot 

is an alternative to Venn diagrams, which allows the intersections between 

sets of data to be plotted in a matrix layout (Lex et al., 2014). This makes it 

suitable for displaying the number of transcript or gene models in the final 

transcriptome that were expressed in each treatment group, or different 

combinations of treatment groups. 

3.2.2 Transcript Quantification 

Full-length reads from all biological replicates in the three treatment groups 

were mapped against the long-read transcriptome generated in Chapter 2 

using Minimap2 v2.24 (Li, 2021) with options “-ax map-ont -N100 -t 

8”. Reads were mapped back to the long-read transcriptome rather than an 

existing short-read annotation to quantify the expression of novel transcripts 

identified in Chapter 2. After .sam files were converted to .bam files using 

SAMtools v1.13 (Danecek et al., 2021), non-primary alignments (secondary, 

supplementary and non-mapped) were removed using “samtools view -

b -F 2308”, before sorting with the sort function of the SAMtools suite. 

Salmon v1.8.0 (Patro et al., 2017) in ‘alignment-based’ mode with options “-

p 8, -l A, --ont” was used for transcript-level quantification due to its 
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ability to accurately quantify transcript expression from long-read RNA-seq 

data rapidly with low computational resources (Corley et al., 2019; Dong et 

al., 2023). Salmon outputted a single quant.sf file for each biological replicate 

detailing the counts and transcripts-per-million (TPM) for each transcript. A 

custom bash script was used to restructure the data into two files: 1) counts 

for all biological replicates, and 2) TPMs for all biological replicates. These 

output files were imported into R for differential expression analysis. 

3.2.3 Data Exploration and Quality Check 

Counts from Salmon were imported into R and filtered with a custom R script 

to retain only transcript models which had five or more counts in at least 4/6 

replicates for any single treatment group. I elected to use strict filtering 

criteria to reduce noise and keep only transcripts showing robust expression, 

decreasing false positives. The filtered dataset was transformed using the 

variance stabilising transformation (Anders & Huber, 2010) function, “vst(, 

blind = FALSE)” from the DESeq2 R package v1.42.1 (Love et al., 2014). 

The “plotPCA()” function from DESeq2 was used to generate a principal 

component analysis (PCA) matrix. PCA produces a series of principal 

components which attempt to explain variation in the dataset and estimate 

the contribution of each principal component to that variation. Plotting the a 

PCA in two dimensions allows for visualisation of similarity in transcript 

expression between treatments, including whether biological replicates group 

together within treatments. A PCA plot of the first two principal components 

was generated using ggplot2 v3.5.0 (Wickham, 2016). 

In addition to PCA, sample-similarity matrices allow for an alternative 

visualisation of sample/treatment similarity through a series of pair-wise 

comparisons between all samples. The DESeq2 R package was used to 

calculate sample-to-sample Euclidean distances and then hierarchical 

clustering based on these distances was applied. The R package pheatmap 

v1.0.12 (Kolde, 2019) was used to plot the distance matrix heatmap. 

 

 



 

76 
  

3.2.4 Differential Transcript Expression 

DTE analysis was carried out on the filtered count data with DESeq2. The 

standard DESeq2 pipeline was used, treating individual transcript count data 

as if they were genes, an established approach for short-read DTE analysis 

(Soneson et al., 2015). Short-read DTE pipelines conduct a transcript-length 

correction to account for short-read alignments rarely covering the entire 

length of a transcript. Thus, multiple reads are required to make up a single 

full-length transcript. In comparison, in long-read RNA-seq one read does 

represent a full transcript and therefore, no transcript-length correction was 

conducted for the long-read count data. The minimum count threshold for 

removing lowly expressed transcript models was based on short-read DGE 

thresholds in order to increase robustness of the DTE analysis. To explain 

this, imagine a hypothetical transcript 1kb in length. This transcript would 

require 7 short-read transcripts (assuming 150bp length) to capture the full-

length of the RNA. However, 7 full-length reads mapping to this hypothetical 

model would yield ~7kb of sequencing data. Thus, using the same read 

count thresholds for long-read DTE analysis means that significantly more 

per-base-level data is required to keep a transcript in the analysis compared 

with short-read analyses.  

The dispersions of the DESeq2 model were plotted using a custom R script 

in ggplot2. Two iterations of the workflow were carried out, one to compare 

poly I:C vs. PBS, and a second to compare Vibrio vs. PBS. The Wald test in 

DESeq2 was used to identify differentially expressed transcripts (DETs). 

Transcripts showing adjusted (Benjamini-Hochberg i.e. FDR) p-values < 0.05 

and a log2 fold change threshold of ±1 (a doubling or halving of expression) 

were considered DETs between control and treatment groups. To reduce 

noise from lowly expressed transcripts and aid visualisation, log2 fold 

changes were shrunk with the “lfcShrink()” function in DESeq2, with the 

default “apeglm” method. MA and volcano plots for each comparison were 

plotted with ggplot2 to visualise the relationship between i) read counts and 

fold change, and ii) fold change and significance. 
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For each comparison, DETs from the long-read transcriptome were ordered 

by adjusted p-value and the top twenty unique genes possessing at least one 

DET extracted into a table. The link between these genes and Ensembl 

annotated genes was done using the outputs of SQANTI3 (Tardaguila et al, 

2018; Pardo-Palacios et al., 2024a) from Chapter 2. Using the biomaRt 

v2.58.2 R package (Durinck et al., 2009), gene symbols for the genes with 

associated Ensembl IDs were added to the table if present in the Ssal_v3.1 

reference annotation. If the associated Ensembl gene ID had no gene 

symbol, a custom loop script employing biomaRt was used to assign a gene 

symbol, if present, representing the predicted orthologue in rainbow trout, 

zebrafish, mouse (Mus musculus) and human (Homo sapiens) in that order 

of priority. In other words, if no gene symbol was present in the Ensembl 

salmon annotation, the orthologous gene name from trout was used. If no 

orthologous gene name existed in trout, the zebrafish one was used, and so 

on.  

To assign symbols/annotations to genes that lacked: i) an Ensembl gene 

symbol/name after the above steps, ii) any Ensembl gene ID (i.e. novel 

genes in the long-read transcriptome), open-reading frames (ORFs) and 

coding sequences (CDSs) were extracted from the transcript model 

sequences in the long-read transcriptome via the TAMA GO ORF-seeker tool 

included in the TAMA suite (Kuo et al., 2017). A custom protein database 

was generated by combining the UniProt protein databases for Atlantic 

salmon (UP000087266), rainbow trout (UP000193380), zebrafish 

(UP000000437), mouse (UP000000589) and human (UP000005640). 

DIAMOND (Buchfink et al., 2021) with options “--evalue 1e-10 --max-

target-seqs 10” and used to BLAST the translated protein sequences 

from the transcript CDSs against the combined database. The top hit for 

each gene was used to assign a gene symbol to genes not present in the 

Ensembl annotations. Finally, for each gene, the number of transcripts 

passing filtering and the number of DETs was calculated using a custom R 

script and added to the table. A dotplot to visualise the number of annotated 

transcripts per gene vs. the number of DETs was plotted using ggplot2.  



 

78 
  

The samples used in this study were previously used for differential gene 

expression analysis using short-read RNA-seq (Clark et al. 2023), 

contrasting the poly I:C vs control groups. To compare the results from long-

read and short-read RNA-seq, I overlapped DETs with Ensembl gene IDs 

from the poly I:C vs. control long-read comparison with the equivalent list of 

short-read DEGs from Clark et al. (2023) using RStudio. 

3.2.5 Gene Ontology Analysis 

Gene Ontology (GO) enrichment analysis was performed separately for the 

poly I:C vs. control and Vibrio vs. control contrasts, to determine biological 

processes overrepresented among DETs. Only transcripts with Ensembl 

transcript IDs annotated by SQANTI3 were used. The R package 

AnnotationForge v1.44.0 (Carlson & Pagès, 2024) was used to create a 

custom R .db object from the Ssal_v3.1 reference transcriptome annotation 

extracted from Ensembl using biomaRt. The “enrichGO()” function in the 

clusterProfiler R package v4.10.1 (Yu et al., 2012; Wu et al., 2021) was used 

to perform GO enrichment tests. The full set of filtered transcripts possessing 

associated Ensembl transcript IDs was set as the background and the 

analysis was restricted to GO terms in the category ‘Biological Processes’. 

The “dotplot()” function, in conjunction with ggplot2, was used to plot all 

the enriched GO terms overrepresented in each treatment group. 

3.2.6 Differential Transcript Usage 

DTU analysis was conducted in R using the DRIMSeq v1.30.0 package 

(Nowicka & Robinson, 2016). DRIMSeq aims to determine whether the 

proportions of transcript expression differ between treatments within a gene, 

and which transcripts contribute to those changes. As with the DTE analysis 

(section 3.2.4), two iterations of DRIMSeq were performed to compare each 

immune stimulation group with the control group. The set of transcripts 

filtered for DTE analysis were further processed to remove singlets, i.e. 

transcripts representing the only transcript produced by a gene, using the 

“dmFilter()” function. A histogram showing the distribution of the number 

of transcripts per gene input into DRIMSeq was plotted using the 

“plotData()” function and customised with ggplot2. In order, the DRIMSeq 
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functions “dmPrecision()”, “dmFit()” and “dmTest()” were used with 

default parameters to carry out DTU analysis. To improve FDR control, a 

post-hoc filtering step was carried out as per Love et al. (2018). 

Next, the R package stageR v1.24.0 (Van den Berge et al., 2017) was used 

to screen the genes identified as showing evidence of DTU, and confirm the 

transcripts contributing to that DTU event. An overall FDR threshold of 

adjusted p < 0.05 was set for the stageR confirmation process. The 

“stageRTx()” and “stageWiseAdjustment()” functions in the stageR 

package were used to carry out the analysis using the approach detailed in 

Love et al. (2018). The DRIMSeq “plotProportions()” function in 

conjunction with ggplot2 and a custom colour palette was used to generate a 

ribbon plot for gene models displaying significant evidence of DTU.  

3.2.7 Exploration of Alternative Transcript Expression  

Following DTU analysis with DRIMSeq and stageR, an alternative approach 

was used to identify gene models displaying alternative transcript expression 

in response to each immune stimulus. I focussed on identifying genes 

possessing: 1) DETs unique to either poly I:C or Vibrio responses (vs. 

controls), 2) DETs derived from the same gene expressed in both treatment 

groups, and 3) DETs originating from genes deemed to be novel by 

SQANTI3. This included antisense transcripts or transcripts belonging to 

gene models in intergenic or intronic space not currently annotated by 

Ensembl. 

For candidate genes of interest, the expression level of each DET and non-

DET passing initial filtering was plotted using ggplot2. TPMs for each 

biological replicate were extracted from the TPM output file from Salmon 

(section 3.2.2), plotted in a dotplot, and coloured with the same custom 

colour palette used in the PCA and UpSet plots. A custom R script was used 

to add a symbol to each transcript’s dotplot to denote if it was a DET, and if 

that transcript was identified as a DET in only one treatment group or both.  

The R package ggtranscript v0.99.9 (Gustavsson et al., 2022) was used to 

visualise transcript structures for long-read defined genes of interest, it’s 
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associated gene in the Ensembl Ssal_v3.1 annotation, and to display 

predicted promoter sequences from the Ensembl Ssal_v3.1 regulatory build, 

a comprehensive annotation of regulatory elements such as promoters and 

enhancers. Gtf files for the long-read transcriptome annotation and the 

Ssal_v3.1 annotation, and a gff3 file for the Ssal_v3.1 regulatory build were 

imported into RStudio using the rtracklayer v1.62.0 R package (Lawrence et 

al., 2009). Coordinates of each feature were extracted from the gtf and gff3 

files using a custom R script. UTRs were partitioned in the Ensembl 

annotations to show the coding-sequences in the reference models, and the 

canonical transcript marked with an asterisk. Both the dotplots and transcript 

model plots were exported as svg files and imported into InkScape to 

combine into a single figure. 

3.3 Results 

3.3.1 Data Overview and Quality Assessment 

Of the 266,222 transcripts and 35,480 gene models described in the long-

read transcriptome (Chapter 2), 137,169 transcripts and 27,291 gene models 

were supported by at least three full-length reads originating from the 

combined immune challenge dataset. 22,730 of the gene models (83.3%) 

were supported by reads originating from all treatment groups, with 

proportionately few models specific to a single group (Figure 3.1A). In 

contrast, at the transcript level, only 31.0% of the transcript models were 

supported by evidence from all treatments. 64,094 transcript models were 

supported by reads originating from a single treatment group (Figure 3.1B). 

Each sample in the head kidney dataset possessed more than 600,000 full-

length reads (Table 3.1) which satisfies the ENCODE consortium long-read 

RNA-seq sequencing depth threshold for “Good” data (ENCODE Project 

Consortium, 2025). 20,739 transcripts derived from 4,530 unique genes 

passed the count filtering stage, thus representing a robust set of transcripts 

for DTE analysis. 1,050 (23.2%) and 1,064 (23.5%) of the genes in poly I:C 

and Vibrio groups had their most highly expressed transcript (based on mean 

TPM value across all 6 replicates) match the Ensembl canonical transcript 

model. PCA of this data revealed clear segregation of biological replicates 
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into their respective treatments (Figure 3.2). Most variation was explained by 

the first two PCs; 60.6% for PC1, which largely separated poly I:C from 

control and Vibrio samples, and 14.5% for PC2, which clearly segregated 

control from Vibrio samples, while also capturing variation within the poly I:C 

samples. 

Following hierarchical clustering of samples, the sample-similarity matrix 

showed that biological replicates cluster within their respective treatment 

groups except for one poly I:C replicate, which grouped with the PBS control 

group (Figure 3.3). It is possible that this replicate did not mount a strong 

response to the poly I:C stimulation. This sample was not removed from the 

analyses due to its separation from the PBS group in the PCA. Additionally, 

the sample-similarity matrix supports the PCA analysis with PBS and Vibrio 

replicates grouping together more closely than with the poly I:C group. 

The dispersion plot generated after running DESeq2 shows a decrease in 

dispersion as the mean expression increases with a tight spread of data 

following the fitted line (Figure 3.4). This indicates that data filtering was 

successful and provided a robust set of transcripts for DTE analysis. 

3.3.2 Response to Viral Mimic Challenge 

A strong transcriptomic response was observed following challenge with poly 

I:C, with 1,096 DETs derived from 462 unique genes. Of these, 1,046 were 

upregulated > 2-fold, whilst 50 were downregulated > 2-fold. A large 

proportion of DETs (189/1,096; 17.2%) were upregulated beyond an 

estimated log2 fold change of 5, translating to >32-fold increase in 

expression (Figure 3.5). Strong upregulation of transcripts originating from 

known antiviral genes including isg15, dhx58, aste1a, and cmpk2, as well as 

genes associated with the interferon and JAK/STAT pathway including ncoa7 

and tasl was observed (Table 3.2). Indeed, one transcript isoform of isg15 

showed a log2 fold change of approximately 8, representing a 256-fold 

increase in expression. DETs with the greatest fold changes included 

transcripts derived from ubil, isg15, scyb7 and ifit9 genes. All of the unique 

genes possessing the most significant DETs were upregulated in response 

to poly I:C. The 50 downregulated DETs included transcripts derived from 



 

82 
  

genes including gp182, cd79a, id3, hspa8, nr2f5 and aplnrb. The number of 

DETs per gene initially increased as the number of transcripts passing 

filtering increased, however, genes with greater than 30 transcripts tended to 

represent a small proportion of all possible transcripts classified as DETs 

(Figure 3.6).  

DETs were split into upregulated and downregulated subsets to identify 

biological processes enriched in both sets. For the upregulated DETs, GO 

enrichment analysis revealed strong over-representation of many biological 

processes (Figure 3.7) including “immune response” (GO:0006955), 

explained by transcripts derived from genes ccl19, cxl10 and m17, “defense 

response” (GO:0006952) and “response to biotic stimulus” (GO:0009607) 

explained by isoforms of rsad2 (aka: viperin), a key ISG with many antiviral 

functions (Ghosh & Marsh, 2020). Other enriched processes included 

“response to stress” (GO:0006950), “regulation of apoptotic processes” 

(GO:0042981), and “protein ubiquitination” (GO:0016567). 5 transcripts from 

5 unique genes (ENSSSAG00000009861 – ENSSSAT00000030432; 

ENSSSAG00000063668 – ENSSSAT00000170540; 

ENSSSAG00000092333 – ENSSSAT00000188457; 

ENSSSAG00000054169 – ENSSSAT00000086241; 

ENSSSAG00000241361 – ENSSSAG00000048880) explained the term 

“protein ubiquitination”, all without gene names in the Ensembl reference 

annotation. A BLAST search of the reference cDNA sequences (extracted 

from BioMart online; Durinck et al., 2009) showed that these genes were 

herc3, nuclear factor 7, a ring2A-like gene, and an ankyrin repeat and IBR 

domain-containing protein 1. One gene was uncharacterised in both 

Ensembl and RefSeq annotations. Interestingly, no biological processes 

were enriched for the downregulated DETs. 

370 unique Ensembl gene IDs were associated with the 1,096 DETs. Among 

these genes, 265 (72%) overlapped with 2,466 DEGs (poly I:C vs. controls) 

identified by short-read RNA-seq in Clark et al. (2023). Investigating the 

genes represented in my long-read data revealed some interesting 

differences with the short-read data. For example, Atlantic salmon possess 

two ohnologues of the gene trim25, located on collinear blocks 2q-12qa (Lien 
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et al., 2016), which is involved in ubiquitination during early the immune 

response (Martín-Vicente et al. 2017). Only a single ohnologue of trim25 is 

significantly expressed in the short-read dataset (ENSSSAG00000054152, 

chr2), whilst my long-read method identified significant upregulation of 

transcripts derived from both ohnologues (also including 

ENSSSAG00000046838, chr12). Another example is rsad2, which has 4 

copies in the Atlantic salmon genome, 2 ohnologues on chromosomes 1 and 

9 (collinear blocks 1p-9qa; Lien et al., 2016), as well as an additional two 

copies located in tandem on chromosome 9. Clark et al. (2023) identified 

upregulation of both ohnologues and a single tandem gene in response to 

poly I:C (chr1: ENSSSAG00000048046, chr9: ENSSSAG00000108937 & 

ENSSSAG00000108840) yet transcripts from all 4 copies of rsad2 were 

upregulated according to my long-read approach. 

3.3.3 Response to Bacterial Challenge 

Fewer transcripts were significantly regulated by the Vibrio treatment than for 

poly I:C, specifically 563 upregulated and 64 downregulated DETs. Among 

the most significant DETs were transcripts derived from genes associated 

with the inflammatory response including, saa, hamp, steap4, acod1, socs3a, 

il-1rii, c209e and igfbp6 (Table 3.3). With the exception of ccl19, c209e, sat1 

and gabbr-2, all transcripts deriving from the genes listed in Table 3.2 were 

identified as DETs showing a strong response to the Vibrio stimulation. As 

with the poly I:C challenge, the most significant DETs were all upregulated, 

however, a less pronounced response was observed in response to Vibrio 

with only 23 DETs (3.7%) possessing a log2 fold change ≥ 5 (Figure 3.8). 

Despite fewer DETs, more downregulated transcripts were identified in the 

Vibrio dataset, dominated by transcripts deriving from myeloperoxidase gene 

mpx (ENSSSAG00000048994), which is secreted by neutrophils and plays a 

role in host defence to microbial pathogens (Kettle et al., 1993; Khan et al., 

2018). Interestingly one transcript derived from rtp2 was highly 

downregulated following Vibrio challenge (log2FC = -3.7) but upregulated by 

poly I:C. A similar trend was seen in the ratio of DETs to transcripts per gene 

in the Vibrio group as for poly I:C (Figure 3.9). 
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GO enrichment analysis revealed only two enriched biological processes in 

the Vibrio upregulated DETs: GO:0006955 “immune response” and 

GO:0002376 “immune system processes”, explained by transcripts 

originating from genes involved in innate immunity including ccl19, c7b, il10, 

il1fma, ck-2.1, and pglyrp5. 9 biological processes were enriched in the 

downregulated DETs including “regulation of gene expression” 

(GO:0010 68), “regulation of macromolecule (GO:0010556) and cellular 

(GO:0031326) biosynthetic processes”, and terms associated with 

metabolism including “regulation of primary (GO:0080090), cellular 

(GO:0031323) and macromolecule (GO:0060255) metabolic processes”. All 

9 enriched processes in the downregulated DETs were explained by the 

same 3 transcripts, 1 each from the glucocorticoid receptor encoding gene 

nr3c1, the translation repressor gene 4ebp, and spi1a, encoding a key 

transcription factor for immune cell development. 

3.3.4 Differential Transcript Usage 

DTU analysis was conducted to identify significant changes in the proportion 

of transcript expression within individual genes. After filtering out genes with 

only one expressed transcript, 18,278/18,233 transcripts from 2,070/2,068 

genes were retained in the poly I:C/Vibrio groups. In both sets, just over half 

of the genes had only 2 or 3 transcripts (1,076/2,070 for poly I:C, 1,077/2,068 

for Vibrio), whilst only 22 genes had greater than 75 transcripts in both 

treatment groups (Figure 3.10).  

Despite striking evidence for a strong response to both viral and bacterial 

stimuli, only 9 genes showed significant evidence of DTU by DRIMSeq and 

stageR, with 11 unique transcripts showing significant changes in their 

within-gene expression proportion (Table 3.4). Of these, only 2 were 

identified as DETs. G13151 was the only gene identified as possessing 

evidence of DTU in both poly I:C and Vibrio treatment groups (Figure 3.11). 

Indeed, G13151.3 was also identified as a DET displaying significant 

upregulation in response to both immune treatment groups (Figure 3.12A). 

SQANTI3 classified G13151.3 as a fusion transcript between cdk17 

(ENSSSAG00000082189) and an Ensembl reference gene with no 
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orthologous gene name (ENSSSAG00000103330). Examining the structure 

of all transcripts originating from G13151 reveals that only transcript 

G13151.3 shares significant overlap with cdk17 (Figure 3.12B), with the 

remainder of the transcripts possessing a TSS further downstream. Both 

alternative start sites are supported by promoters from the Ensembl 

regulatory build. Examining the same region in the NCBI RefSeq annotation 

showed significant overlap between G13151.3 and a different gene, pctk2 

(RefSeq gene ID: 100380451), however, there was limited support in either 

reference annotation for a gene located at the downstream TSS. 

Furthermore, a BLAST search aligned G13151.3 with the CDS of pctaire2, 

another name for pctk2, which is a FIP-2 like gene described by Collins et al. 

(2007) upregulated in response to amoebic infection. The high expression 

level of G13151.3, its supporting promoter region upstream of the TSS, and 

the potential immune function of the overlapping gene pctk2 suggests that 1) 

this transcript variant has a significant role in the innate immune response 

across distinct pathogen classes, including parasitic infection (Collins et al., 

2007) and in response to viral and bacterial stimuli, and 2) that the reference 

annotations are incomplete for this gene. 

3.3.5 Altered Expression of Novel Transcript Variants in Response to Viral 

and Bacterial Stimulation  

DTE analysis revealed significant expression of novel alternative transcript 

forms in response to both poly I:C and Vibrio treatments. The expression of 

several classes of alternative transcript not currently annotated by Ensembl 

were significantly altered in each treatment group; as elaborated by 

examples that follow. 

Intron retention was a common source of variation among alternative 

transcripts in both treatment groups. For example, DETs possessing intron-

retention events between exons 2-3 and 4-5 of lgals17: 

ENSSSAG00000078726 (G23085.2, .4, .6, .7 and .8, Figure 3.13), a gene 

recently identified as belonging to a major QTL associated with resistance to 

tilapia lake virus in Nile tilapia (Barría et al., 2021), were upregulated in 

response to poly I:C. Intron retention was observed in other poly I:C-
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upregulated DETs, including between exons 2-3 and 4-5 in the ISG cd9: 

ENSSSAG00000059637 (G29720.2, Figure 3.14) and exons 1-2 in 

transcripts G29007.2 and G29007.4 derived from another ISG, aste1: 

ENSSSAG00000048960 (Figure 3.15; Levraud et al., 2019). Many of the 

intron-retention events occur in the coding sequences of the Ensembl 

reference annotations, potentially leading to changes in peptide sequence 

and subsequent protein function. However, a good example of an intron 

retention event in a UTR is the Vibrio-specific DET G21850.3, a novel 

transcript derived from il-rii (ENSSSAG00000069905), a gene encoding 

interferon receptor 1, which was upregulated by Vibrio (Figure 3.16).  

Among the DETs were numerous transcripts defined by putative alternative 

TSS. A single TSS producing 3 transcripts of cd9: ENSSSAG00000059637 

is annotated by Ensembl, supported by a promoter annotation. In contrast, 

22 unique transcripts originating from at least 5 distinct putative TSSs, 

including the Ensembl-annotated promoter region, were significantly 

upregulated in response to poly I:C in my long-read data (Figure 3.14). 

Compared to the Ensembl annotation, a putative novel alternative TSS was 

observed in il-rii (Figure 3.16), whilst 2 putative novel alternative TSSs were 

among the poly I:C downregulated DETs from tmem106a (Figure 3.17), a 

gene shown to limit the release of enveloped viruses from cell surfaces (Mao 

et al., 2022).  

An interesting finding was the identification of immune-regulated intronless 

transcripts in my long-read data that are not annotated by Ensembl. 

Examples can be seen in transcript G26969.3 derived from sat1 

ENSSSAG00000000816 (Vibrio upregulated) (Figure 3.18), G29007.5 from 

aste1 ENSSSAG00000048960 (Vibrio upregulated) (Figure 3.15), and 

G23085.9 from lgals17 ENSSSAG00000078726 (poly I:C upregulated) 

(Figure 3.13). All of these example mono-exonic transcripts span multiple 

exons of the gene, suggesting that they are not exonic fragments or 

sequencing artifacts, and have biological relevance. SinEx DB 2.0 is a 

database containing single-exon coding genes for 10 mammalian species 

(Jorquera et al., 2021). The data and methods presented in this chapter have 
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the capacity to extend this type of database beyond mammals to additional 

non-model species.  

Novel alternative exonic chaining events were also associated with immune 

DETs. For example, Vibrio upregulated transcript G4497.1 has 8 exons, 

which aligns closely with the two Ensembl reference transcripts for hspa5 

ENSSSAG00000054661, encoding a heat shock protein 70 involved in 

clearance of unfolded proteins and reduction of inflammation (Corrigall et al., 

2004; Fu et al., 2023). In contrast, Vibrio upregulated transcript G4497.7, 

which consists of 5 exons with similar exon boundaries to G4497.1, lacks 

exons 4-6 of G4497.1 (Figure 3.19) which fall in the Ensembl coding 

sequence, potentially leading to altered protein structure and function. 

Additionally, both exon-skipping and a novel exon splice site are evident in 

Vibrio upregulated transcript G4497.47. Interestingly, both G4497.7 and 

G4497.47 show similar TPM values to upregulated hspa5 transcripts 

including a full repertoire of coding exons, hinting at biological activity. 

Novel exon-skipping and alternative exon chaining events can also be seen 

in transcripts from cd9 (ENSSSAG00000059637 Figure 3.14) and its 

ohnologue (ENSSSAG00000079939) found in collinear blocks 3q-6p (Lien et 

al., 2016) which were both upregulated in response to poly I:C (Figure 3.20). 

6 paralogues of cd9, a member of the tetraspanin family, exist in salmonid 

genomes, split into three groups of 2 ohnologue pairs each (Dehler et al., 

2023). The third group, cd9c, has been shown to have significant roles in the 

interferon response to viral infection in teleosts (Briolat et al., 2014; Dehler et 

al., 2019) and Dehler et al. (2023) showed that the cd9c ohnologue pair was 

highly upregulated in response to viral haemorrhagic septicaemia virus 

(VHSV), whilst cd9a was downregulated and cd9b had no change. The two 

long-read cd9 ohnologues upregulated in response to poly I:C stimulation 

(G29720, Figure 3.14; G25771, Figure 3.20), overlap the same cd9c 

ohnologue pair upregulated in response to VHSV, however, no evidence of 

cd9a downregulation was found. 

In all the above examples, long-read RNA-seq has successfully identified a 

wealth of alternative transcripts that show significant changes in expression 
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in response to PAMPs that are not currently annotated by the Ensembl 

Ssal_v3.1 Atlantic salmon annotation. 

3.3.6 Common Alternative Transcript Regulation in Response to Viral and 

Bacterial Stimulation 

The innate response to bacterial and viral pathogens shares many of the 

same pathways and genes, for example the interferon response (Perry et al., 

2005; Mertowska et al., 2023). My dataset revealed 75 genes with shared 

DETs between treatment groups. For example, one transcript variant 

G10941.4, derived from igfbp6  ENSSSAG00000117627, a member of the 

insulin growth factor binding proteins (Macqueen et al., 2013) was commonly 

upregulated in response to both poly I:C and Vibrio challenge. However, an 

additional 4 novel DETs were specific to the Vibrio group, including an intron 

retention event in G10941.2, a novel UTR splice site in G10941.1 and 

G10941.3, and a novel exon start site in G10941.5 (Figure 3.21). Past work 

into duplicated copies of igfbp6 revealed that one paralogue (igfbp6-a2) was 

commonly upregulated in response to both bacterial and viral infection in 

rainbow trout (Alzaid et al., 2016), however, interrogating the NCBI RefSeq 

annotation reveals G10941 to be annotated as a different paralogue, igfbp6-

b1 (RefSeq: NM_001123650.1). 

As a distinct example, a DET (G11846.6) derived from rtp2 

ENSSSAG00000112886, closely related to the Ensembl canonical transcript, 

was upregulated by poly I:C, but downregulated by Vibrio (Figure 3.22). All 

other transcripts of rtp2 were upregulated in poly I:C only, but the greatest 

upregulation in transcript G11846.6. In contrast, DETs deriving from a 

paralogue of rtp2 ENSSSAG00000085797 only showed significant 

upregulation in response to poly I:C infection (Figure 3.23). Whilst the 

Ensembl canonical transcript of pim1 ENSSSAG00000066472, a known ISG 

involved in the interferon response (Ko et al., 2022) was upregulated in both 

poly I:C and Vibrio groups, 4 novel transcript variants were also DETs in 

response to poly I:C only, with evidence of novel exon-skipping in G10669.2 

and G10669.7 and intron retention events in G10669.10 and G10669.11 

(Figure 3.2 ). G10669.2 also shows evidence of a novel 3’ UTR splice site.  
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3.3.7 Identification of Novel Gene Expression 

Long-read RNA-seq also allowed the expression regulation of novel gene 

models to be examined. G22520 has two DETs, both upregulated in 

response to Vibrio infection, and classified as antisense to saa 

ENSSSAG00000100178, itself a highly upregulated antibacterial gene 

(Figure 3.25). There is no current Ensembl gene model on the antisense 

strand to saa. The long-read antisense saa transcripts overlap the 5’ end of 

the sense strand saa and have 10-fold lower expression than the sense 

transcripts. Further examination revealed that transcripts overlapping the 

sense strand saa gene were classed as originating from the same long-read 

gene, however, there appears to be a distinct split in loci between these 

transcripts. For example, G25519.1 and G25519.2 overlap the 5’ end of saa, 

while G25519.1  and G25519.16 overlap the 3’ end. Interestingly, the 

transcripts located at the 3’ end of the reference model were classed as 

overlapping saa5 ENSSSAG00000069990 (Figure 3.25) despite deriving 

from the same long-read gene as those overlapping saa.  

Some of the most highly upregulated transcripts in the Vibrio group belong to 

novel gene G15937, absent in the Ensembl annotation. Examining this novel 

gene model revealed 2 transcripts upregulated in both treatment groups and 

15 only in response to Vibrio (Figure 3.26); all transcripts for this gene were 

significantly upregulated. The gene resides on chromosome 2 and was 

predicted to have protein-coding isoforms by SQANTI3. This gene was 

predicted in the NCBI RefSeq annotation (XM_014157806.2; 

“Carcinoembryonic Antigen-Related Cell Adhesion Molecule 20” or 

ceacam20) as a single transcript gene compared with the 17 DETs identified 

by long-read RNA-seq.  

3.4 Discussion 

This chapter reports a comprehensive transcript-level resolved analysis of 

the response to viral and bacterial PAMPs in a non-model fish species. By 

adapting established analysis tools, I developed a bioinformatic approach for 

conducting DTE with long-read RNA-seq and identified a wealth of previously 

unannotated transcript diversity regulated by immune system stimulation. 
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3.4.1 Resolution of Transcript-Level Expression 

DGE analysis with short-read RNA-seq is well established for studying 

immune function in salmonids. However, the role of individual transcripts had 

not been studied before this work. Many of the identified DETs derived from 

DGEs identified in matched samples by short-read RNA-seq (Clark et al., 

2023). Further, my finding that cd9 upregulation specific to the poly I:C 

stimulated group only occurred in one of three cd9 ohnologues is consistent 

with past work in rainbow trout (Dehler et al. 2023). The overlap between my 

results and past work provides confidence in my quantitative analysis 

pipeline. In contrast, the strong upregulation of transcripts deriving from 

igfbp6 paralogue igfbp6-b1 in response to both viral and bacterial mimic 

stimulation is not commensurate with the findings of Alzaid and colleagues 

(2016) who found only paralogue igfbp6-a2 to be upregulated in the innate 

immune response to both types of pathogens. Further research is needed to 

elucidate paralogue-specific transcript expression dynamics of the igfbp6 

gene family.  

Another interesting finding was the downregulation of two transcripts of the 

cd79a gene, considered to be a salmon pan-B-cell marker (Peñaranda et al., 

2019), in response to poly I:C stimulation. This finding is in direct opposition 

to a recent study in rainbow trout which found elevated expression of cd79 in 

the head kidney following viral, bacterial and parasitic infection (Cheng et al., 

2021). It is possible that gene-level expression analysis masks transcript-

specific expression patterns, and more research into the function of 

downregulated transcripts in the innate immune response is warranted. 

However, long-read RNA-seq adds novel layers of functional annotation. 

Past research on the role of transcript diversity in the immune response has 

focussed on mammalian systems. For example, in humans, Inamo and 

colleagues (202 ) identified unannotated transcripts with links to Alzheimer’s 

and systemic lupus erythematosus, whilst the prevalence of alternative 

splicing in cancer is well described (Zhang et al., 2021). In fish, rates of 

alternative splicing were elevated in Nile tilapia Oreochromis niloticus 

exposed to cold (Li et al., 2020a) indicating that transcript-level expression is 
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intrinsically linked with stress responses. In a similar way, the ability of my 

long-read approach to delineate transcript expression forms a valuable 

resource for examining transcript diversity and studying its function in the 

immune system of Atlantic salmon. Further functional studies of the identified 

DETs in this chapter will lead to a deeper understanding of the immune 

response in finfish, a key area for aquaculture research. 

3.4.2 Annotation of Transcript Expression in Novel Genes 

Aquaculture research increasingly relies on comprehensive genome 

assemblies with rich annotation for identification of functional elements 

related to traits of interest (Houston et al., 2020). One of the most common 

uses of long-read RNA-seq is to identify novel transcripts and genes. My 

work identified a handful of DETs originating from genes not annotated by 

Ensembl, including a novel antisense gene overlapping saa, upregulated in 

response to Vibrio. Antisense genes are often long non-coding RNAs 

(lncRNA) with roles in the regulation of gene expression (Pelechano & 

Steinmetz, 2013; Wight & Werner, 2013; Brophy & Voigt, 2016) and those 

that overlap a sense gene on the opposite strand are termed Natural 

Antisense Transcripts (NAT; Khorkova et al., 2014). NATs can regulate 

expression of the sense gene through a variety of mechanisms including the 

tethering of repressive polycomb complexes which silence transcription in 

that region (Katayama et al., 2005), transcription of the NAT causes RNA 

polymerases to bind to the antisense strand, thus blocking transcription of 

the sense gene (Wahlestedt et al., 2013), and once transcribed, the NATs 

can hybridise with sense mRNA forming structures which are then cleaved, 

thus reducing translation (Werner et al., 2014). Antisense genes are thought 

to regulate the innate immune system in Atlantic salmon (Tarifeño-Saldivia, 

2017). The discovery of the novel saa antisense gene shows that my full-

length approach can identify novel loci as well as quantify their expression. 

This could potentially lead to the discovery of further antisense genes, and 

other lncRNAs, of biological relevance. However, further functional studies to 

determine how antisense copies of immune-related genes regulate their 

expression or have additional biological roles are warranted. 
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I also captured the upregulation of a potential fusion transcript (G13151.3) in 

response to both viral and bacterial stimulation. Neither the Ensembl nor 

RefSeq annotations captured this event, with each differing in its 

classification of gene models in this region. The fact that the fusion transcript 

overlapped a FIP2-like gene with putative immune function (Collins et al., 

2007) indicates this transcript has biological relevance. Much research into 

novel diagnostic approaches and development of disease control methods 

rely on comprehensive annotations of functional genomic elements. 

However, in the case of G13151, the discrepancies between both reference 

assemblies means that reference-based studies could potentially overlook 

this transcript. As such, the annotation of novel transcripts and genes using 

long-read RNA-seq could expand the immune repertoire available for 

biomarker discovery and therapeutic treatment targets. 

3.4.3 Future Versatility of Long-Read Approach 

The approaches developed in this chapter have broad applications in future 

studies of salmonid immunity. Fish have adaptive immunity (Robertsen, 

2018) which is key to successful vaccination outcomes (Tammas et al., 

2024). My work focussed on the short-term response to viral and bacterial 

PAMPs, and did not involve actual pathogen infections with a long-enough 

timecourse to resolve the adaptive phase of immunity. Methods outlined in 

this chapter can be readily transferred to understand the importance of 

transcript-level gene regulation in adaptive immune responses, both to 

aquatic pathogens, and following vaccination (Gunter et al., 2023). Such 

work would benefit from longer timecourses to resolve the kinetics of 

transcript expression responses during multiple phases of the immune 

response, more akin to the experimental design used in my next chapter to 

explore embryogenesis. In addition, whilst I focussed on the innate immune 

response in the head kidney, the primary haemopoietic organ in salmonids, 

applying my methods to other organs with immune functions such as liver 

(Taylor et al., 2022) and intestine (Kortner et al., 2024) could provide 

evidence for tissue-specific transcript diversity and its expression. This would 

further our knowledge of the transcriptional basis underlying immune function 

in salmonids. 
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Overall, this chapter offers a valuable resource for annotation of transcripts 

important to the immune response in salmonids, a key topic for aquaculture 

research which often relies on comprehensive genome annotations.   
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Figure 3.1: UpSet plots showing the number of genes (A) and transcripts (B) supported by full-length nanopore reads from the immune 

challenge dataset. The sets on the left represent the control group (PBS) and the two treatment groups (poly I:C & Vibrio). The dots at the 

bottom represent the combinations of treatment groups, whilst the bars show the number of reads in each combination of group.  
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Table 3.1: Number of reads for each head kidney sample during transcriptome assembly pipeline 

Sample 
Treatment 

Group 

Number of Filtered 

Reads (q>7) 

Number of Full-

Length Reads 

Number of Trimmed 

Full-Length Reads 

Number of Primary 

Alignments 

PBS1 

PBS  

2,075,669 725,511 724,398 551,967 

PBS2 2,262,803 918,446 916,529 641,169 

PBS3 2,148,130 745,534 744,424 572,017 

PBS4 2,142,565 750,874 749,816 582,748 

PBS5 2,230,777 764,400 763,332 589,508 

PBS6 2,208,416 831,777 830,354 612,567 

PolyIC1 

Poly I:C  

2,162,794 782,245 780,810 576,241 

PolyIC2 2,245,582 790,591 789,141 577,148 

PolyIC3 2,470,250 925,274 922,937 637,633 

PolyIC4 1,972,589 770,722 769,214 548,772 

PolyIC5 2,238,209 823,733 822,382 624,419 

PolyIC6 1,831,583 717,757 715,565 448,593 

Vib1 

Inactivated Vibrio 

anguillarum  

2,179,914 717,164 716,233 566,080 

Vib2 2,198,447 769,824 768,383 570,758 

Vib3 2,047,480 758,464 757,068 547,772 

Vib4 2,179,068 869,828 867,730 584,605 

Vib5 2,018,907 781,413 779,775 555,705 

Vib6 1,720,663 633,931 632,706 462,714 
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Figure 3.2: PCA for immune challenge dataset with three treatment groups: PBS control (orange), poly I:C (blue) and Vibrio (green). The poly 

I:C replicate ringed with a black dotted line groups with PBS samples in a sample similarity matrix plot (see Figure 3.3). 
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Figure 3.3: Sample similarity matrix plot of all samples for the three treatment 

groups (n=6): PBS control, poly I:C, and Vibrio. Data displayed is Euclidean 

distance and dendrogram based on hierarchical clustering. All samples group 

together within their respective treatments except polyIC_R4, which groups with the 

PBS controls.  
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Figure 3.4: Plot of dispersion estimates based on within-group mean read counts. 

Each black dot represents a transcript and its initial maximum likelihood dispersion 

estimate. The red line is a curve fitted to the initial dispersion estimates, whilst blue 

dot are transcripts shrunk towards the fitted curve.  
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Figure 3.5: MA and volcano plots for the poly I:C group. (A) MA plot showing log2 fold change vs log2 mean expression; red/blue denotes 

up/down regulated transcripts, and grey shows transcripts that were not significantly differentially expressed. Triangle shapes are used for 

transcripts with log2 fold changes >5 or < -3. (B) Volcano plot showing -log10 adjusted p-values vs log2 fold change. The colours are the same 

as in (A), grey dotted lines represent FDR adjusted p-value and log2 fold change thresholds of ≤0.05 and ≥ ±1 respectively. 
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Table 3.2: Details of the top 20 unique genes with DETs showing the lowest adjusted p-values in response to poly I:C challenge. Gene name 

source is indicated by the following symbols: Ss = Atlantic salmon Ensembl annotation, Om = rainbow trout Ensembl orthologue, Dr = zebrafish 

Ensembl orthologue, Mm = mouse Ensembl orthologue, Hs = human Ensembl orthologue. Average Log2FC represents the mean log2 fold 

change of all DETs deriving from their respective Gene IDs. 

Gene ID Locus Associated Ensembl ID Gene Name Description Function 
# Transcripts 

(DETs) 

Average 

Log2FC 

G11436 

Chr16: 

26,681,602 - 

26,683,447 

ENSSSAG00000051856 pex11a Ss 

Peroxisomal 

Membrane Protein 

11A 

Involved in peroxisome elongation. 

Peroxisomes play key immunometabolic 

roles in mammals (Di Cara et al., 2023) 

6 (6) 4.68 

G11847 

Chr16: 

51,827,384 - 

51,832,270 

ENSSSAG00000085797 rtp2 Mm 

Receptor 

Transporter 

Protein 2 

Previously unknown immune function in 

mammals and fish, upregulated in 

response to bacterial infection in Atlantic 

salmon (Eslamloo et al., 2020) 

9 (9) 5.89 

G15720 

Chr2: 

14,338,782 - 

14,343,469 

ENSSSAG00000048950 aste1a Dr 
Asteroid Homolog 

1 

Highly upregulated during infection with 

nervous necrosis virus (NNV) in Asian 

seabass Lates calcarifer (Liu et al., 2016) 

6 (6) 5.35 

G16078 

Chr2: 

29,314,242 - 

29,318,031 

ENSSSAG00000051388 ncoa7 Mm 
Nuclear Receptor 

Coactivator 7 

Regulation of RNA transcription. 

Conserved ISG between salmonids and 

humans (Clark et al., 2023) 

1 (1) 3.99 

G17779 

Chr20: 

29,236,981 - 

29,410,445 

ENSSSAG00000064740 isg15 Ss 
ISG15 Ubiquitin-

Like Modifier 

Involved in the interferon pathway, 

upregulated early during antiviral immune 

response in Atlantic salmon (Kileng et al., 

2007; Andresen et al., 2020) 

4 (4) 7.01 

G17787 

Chr20: 

29,409,469 - 

29,410,698 

ENSSSAG00000121778 isg15 Dr 
ISG15 Ubiquitin-

Like Modifier 

Involved in the interferon pathway, 

upregulated early during antiviral immune 

response in Atlantic salmon (Kileng et al., 

2007; Andresen et al., 2020) 

4 (4) 5.38 
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Gene ID Locus Associated Ensembl ID Gene Name Description Function 
# Transcripts 

(DETs) 

Average 

Log2FC 

G17788 

Chr20: 

29,410,525 - 

29,421,041 

ENSSSAG00000067410 pxmp2 Dr 

Peroxisomal 

Membrane Protein 

2 

Pore-forming activity in peroxisomal 

membrane (Rokka et al., 2009) 
1 (1) 4.41 

G20738 

Chr23: 

42,758,091 - 

42,766,071 

ENSSSAG00000110347 
trex1, 

trex2 Mm 

Three Prime 

Repair 

Exonuclease 1 or 

2 

Involved in DNA repair. Lack of Trex gene 

expression associated with inflammatory 

responses in mammals (Namjou et al., 

2011) 

22 (21) 5.51 

G21070 

Chr24: 

15,924,576 - 

15,925,934 

ENSSSAG00000067408 ubil Ss 

Ubiquitin-Like 

Protein 

Key role in immune response through 

ubiquitination of pattern recognition 

receptors (Zinngrebe et al., 2014) 

4 (4) 8.48 
ENSSSAG00000105254 ubil Ss 

G21072 

Chr24: 

15,933,351 - 

15,934,678 

ENSSSAG00000098221 ubil Ss 

Ubiquitin-Like 

Protein 
As per G21070 4 (4) 8.47 

ENSSSAG00000067408 ubil Ss 

G21075 

Chr24: 

15,942,124 - 

15,944,078 

ENSSSAG00000063700 svop Oo 
Synaptic Vesicle 2 

Related Protein 

SV2 protein family involved in 

transmembrane transporter activity in 

neurological activity (Rossi et al., 2022) 8 (8) 7.80 

ENSSSAG00000105519 ubil Ss 
Ubiquitin-Like 

Protein 
As per G21070 

G21999 

Chr25: 

38,243,003 - 

38,245,270 

ENSSSAG00000048770 tasl Mm TLR Adaptor 

Involved in innate immune response. In 

mammals, Tasl interacts with toll-like 

receptors and influences activation of 

interferon pathway (Heinz et al., 2020) 

3 (3) 2.87 

G23681 

Chr28: 

6,958,286 - 

6,982,992 

ENSSSAG00000068373 ch25h Ss 
Cholesterol 25-

Hydroxylase 

Proposed antiviral activity in teleost fish 

including rainbow trout and common carp 

(Adamek et al., 2021) 

2 (2) 4.62 
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Gene ID Locus Associated Ensembl ID Gene Name Description Function 
# Transcripts 

(DETs) 

Average 

Log2FC 

G25189 

Chr3: 

37,984,737 - 

38,018,439 

novelGene_ENSSSAG0000

0051405_AS 
N/A 

Novel Antisense 

Gene in LR 

Transcriptome 

Novel antisense gene of 

ENSSSAG00000051405, orthologous to 

IL-13 in Northern pike Esox lucius 

13 (13) 3.31 ENSSSAG00000116694  N/A 
C-C Motif 

Chemokine 2* 

Unclear if Ligand or Receptor from BLAST 

search. C-C motif chemokine 2 suggested 

to be involved with inflammation in Atlantic 

salmon (Grimholt et al., 2015) 

novelGene  N/A 
Novel Gene in LR 

Transcriptome 

Transcribed intergenic region at 3’ UTR of 

ENSSSAG00000116694 (see rest of row). 

Predicted to be non-coding by SQANTI3 

G25590 

Chr3: 

60,694,664 - 

60,700,401 

ENSSSAG00000003156 dhx58 Ss 
DExH-Box 

Helicase 58 

Involved in antiviral innate immune 

response in teleosts. Regulator of RIG-like 

receptor pathway promoting interferon 

production (Zhao et al., 2023) 

1 (1) 5.21 

G29720 

Chr6: 

34,792,706 - 

34,803,941 

ENSSSAG00000059637 cd9 Ss 
CD9 (Tetraspanin 

Family) 

Regulator of innate immune response and 

inflammation (Brosseau et al., 2018). 

Upregulated in response to viral infection 

in rainbow trout (Dehler et al., 2023) 

37 (22) 1.58 

G32049 

Chr9: 

10,498,454 - 

10,510,125 

ENSSSAG00000007886 cmpk2 Ss 

Cytidine/Uridine 

Monophosphate 

Kinase 2 

Maintenance of intracellular UTP/CTP, , 

also acknowledged as an ISG displaying 

upregulation in response to viral stimuli 

(Liu et al., 2019) in teleosts 

9 (9) 4.67 

G32269 

Chr9: 

24,171,385 - 

24,194,408 

ENSSSAG00000044215 N/A Sacsin* 

Predicted to encode sacsin by BLAST 

search. Sacsin upregulated in grass carp 

Ctenopharyngodon idella in response to 

reovirus infection (Dai et al., 2017) 

17 (17) 4.39 
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Gene ID Locus Associated Ensembl ID Gene Name Description Function 
# Transcripts 

(DETs) 

Average 

Log2FC 

G8785 

Chr14: 

37,620,574 - 

37,641,911 

ENSSSAG00000105208 N/A Uncharacterised 

Novel gene in Ensembl annotation, no 

BLAST results. Predicted to have coding 

potential by SQANTI3 

20 (20) 3.40 

novelGene_ENSSSAG0000

0089678_AS 
N/A 

Novel Antisense 

Gene in LR 

Transcriptome 

Novel antisense gene. Antisense of 

ENSSSAG00000089678, classified as 

lncRNA in Ssal_v3.1 Ensembl annotation   

novelGene N/A 
Novel Gene in LR 

Transcriptome 

Transcribed intergenic region of 

ENSSSAG00000089678. Some transcripts 

protein-coding, but product 

uncharacterised. Others non-coding 

G9741 

Chr15: 

4,165,138 - 

4,167,253 

ENSSSAG00000106328 scyb7 Ss 
Platelet Basic 

Protein 

Incorrect annotation of gamma IP-

encoding gene γip. Showed increased 

expression following vaccination with 

inactivated Salmon Pancreatic Disease 

virus (Collins et al., 2021)   

2 (2) 7.50 
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Figure 3.6: Dotplot showing number of DETs versus the number of filtered 

transcripts (filtering retained only transcripts with ≥5 reads in at least 4 out of 6 

biological replicates) per gene in the poly I:C group. Dashed lines indicate the 

maximum number of possible DETs for each bin, i.e. the point at which all 

transcripts per gene would be classified as DETs. 
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Figure 3.7: Dotplot of enriched GO terms (“Biological Processes”) for the 

upregulated DETs in the poly I:C group. Y-axis denotes terms with the size of each 

dot indicating the number of DETs supporting each term and colour indicating 

adjusted p-value, as per the key on the right. 
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Figure 3.8: MA and volcano plots for the Vibrio group. (A) MA plot showing log2 fold change vs log2 mean expression; red/blue denotes 

up/down regulated transcripts, and grey shows transcripts that are not significantly differentially expressed. Triangle shapes used for transcripts 

with log2 fold changes >5 or < -3. (B) Volcano plot showing -log10 adjusted p-values vs log2 fold change. The colours are the same as in (A), 

grey dotted lines represent FDR adjusted p-value and log2 fold change thresholds of ≤0.05 and ≥ ±1 respectively.  

2 

0

2

 

2  6 8 10

Log2 Mean Expression

L
o
g
2
F
C Up: 563

Down: 6 

NS

0

3

6

9

12

   2 0 2  6

Log2FC

 L
o
g
1
0
(p
a
d
j)

Up: 563

Down: 6 

NS

A B 



 

 
  

1
0
7
 

Table 3.3: Details of the top 20 unique genes with DETs showing the lowest adjusted p-values in response to Vibrio challenge. Gene name 

source is indicated by the following symbols: Ss = Atlantic salmon Ensembl annotation, Om = rainbow trout Ensembl orthologue, Dr = zebrafish 

Ensembl orthologue, Mm = mouse Ensembl orthologue, Hs = human Ensembl orthologue. Average Log2FC represents the mean log2 fold 

change of all DETs deriving from their respective Gene IDs. 

Gene ID Locus Associated Ensembl ID Gene Name Description Function 
# Transcripts 

(DETs) 

Average 

Log2FC 

G10312 

Chr15: 

52,296,583 - 

52,307,490 

ENSSSAG00000120636_

ENSSSAG00000063834 
N/A 

Novel Fusion Gene 

in LR Transcriptome 

(Fusion of 

hsp90aa1.1 & 

hsp90aa1.2) 

hsp90aa1.1 and hsp90aa1.2 are tandem 

duplicates of hsp90aa1 gene. This suggests a 

fusion event between the two duplicates 

5 (5) 4.17 

ENSSSAG00000063834 hsp90aa1.2 Ss 

Heat Shock Protein 

90 Alpha Family 

Class A Member 1 

Member of the heat shock protein 90 (HSP90) 

family. Found to regulate viral replication via 

JAK/STAT pathway during innate response in 

mammals (Liu et al., 2022a) 

G10941 

Chr15: 

92,790,563 - 

92,795,420 

ENSSSAG00000117627 igfbp6 Ss 

Insulin-Like Growth 

Factor Binding 

Protein 6 

Upregulated in Atlantic salmon muscle cell cultures 

following inflammation (Pooley et al., 2013). 

Increase in IGFBP-6 expression acts as a negative 

regulator of IGF-I and II activity and is marker of 

inflammation (Alzaid et al., 2016) 

5 (5) 2.72 

G12552 

Chr17: 

13,368,090 - 

13,370,128 

ENSSSAG00000089279 N/A 

Phospholipase A2 

Inhibitor 31 kDa 

Subunit-Like* 

Subunit of a PLA2 inhibitor protein first identified in 

cobra sp. Naja kaouthia (Ohkura et al., 1994) 
4 (4) 3.20 

G13153 

Chr17: 

58,518,654 - 

58,525,214 

ENSSSAG00000117100 N/A 

Hemagglutinin/Ameb

ocyte Aggregation 

Factor-Like* 

Found to be upregulated in Atlantic salmon gill 

upon reinoculation with Paramoeba perurans 

(McCormack et al., 2021) 

3 (3) 2.77 
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Gene ID Locus Associated Ensembl ID Gene Name Description Function 
# Transcripts 

(DETs) 

Average 

Log2FC 

G13158 

Chr17: 

58,592,692 - 

58,599,828 

ENSSSAG00000096534 N/A 

Hemagglutinin/Ameb

ocyte Aggregation 

Factor-Like* 

Found to be upregulated in Atlantic salmon gill 

upon reinoculation with Paramoeba perurans 

(McCormack et al., 2021) 

3 (3) 2.95 

G13899 

Chr18: 

29,198,645 - 

29,232,117 

ENSSSAG00000113880 comtd1 Ss 

Catechol-O-

Methyltransferase 

Domain Containing 1 

Conserved gene involved in inactivation of 

neurotransmitters including dopamine (Vidgren et 

al., 1994) 

5 (5) 3.71 

G1577 

Chr1: 

135,771,301 - 

135,772,638 

ENSSSAG00000002773 ccl19 Ss 
Chemokine (C-C 

motif) Ligand 19 

Expressed in Atlantic salmon head kidney and 

interbrachial lymphoid tissue (Bjørgen et al., 2019). 

Upregulated in Atlantic salmon spleen in response 

to bacterial infection (Sun et al., 2024) 

9 (8) 2.82 

G15937 

Chr2: 

23,384,855 - 

23,398,482 

novelGene ceacam20* 

Novel Gene in LR 

Transcriptome –

Carcinoembryonic 

Antigen-Related Cell 

Adhesion Molecule 

20* 

Novel gene absent from Ensembl annotation. 

BLAST search (NCBI database) suggests gene to 

encode CEACAM20. Part of immunoglobulin 

superfamily conserved in vertebrates. Proposed 

function in mucosal and intestinal immunity in 

mammals (Kelleher et al., 2019)  

17 (17) 2.14 

G16368 

Chr2: 

42,218,127 - 

42,222,194 

ENSSSAG00000076658 c209e Ss 
C-Type Lectin 

Receptor 

Transmembrane pathogen recognition. Stimulation 

of cytokine production and C-type lectin receptors 

(CLRs) involved in cell necrosis during 

inflammation in mammals (Drouin et al., 2020) 

43 (41) 1.77 

G18656 

Chr21: 

696,131 - 

701,658 

ENSSSAG00000031095 acod1 Ss 
Aconitate 

Decarboxylase 1 

Downregulation of acod1, also known as irg1, 

shown in Atlantic salmon post amoebic infection 

(Talbot et al., 2021). A key regulator of 

immunometabolism during inflammatory response 

(Wu et al., 2020) 

5 (5) 3.07 
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Gene ID Locus Associated Ensembl ID Gene Name Description Function 
# Transcripts 

(DETs) 

Average 

Log2FC 

G21850 

Chr25: 

27,816,391 - 

27,823,456 

ENSSSAG00000069905 il-1rii Om 
Interleukin 1 

Receptor Type 2 

Cytokine receptor that binds interleukins. Innate 

immune response involved in inflammation 

(Morrison et al., 2012) 

9 (9) 5.14 

G22519 

Chr26: 

25,196,314 - 

25,217,197 

ENSSSAG00000100178 saa Ss Serum Amyloid A Encodes acute phase protein involved in 

antibacterial innate immune response in teleost 

fish (Krasnov et al., 2021; Buchmann, 2022) 

19 (19) 3.58 
ENSSSAG00000069990 saa5 Ss Serum Amyloid A5 

G26153 

Chr3: 

87,153,987 - 

87,157,516 

ENSSSAG00000115686 socs3a Ss 
Suppressor of 

Cytokine Signaling 3 

Immunosuppression activity, upregulated during 

anti-inflammatory response in Atlantic salmon 

(Grayfer et al., 2018) 

3 (3) 2.79 

G26969 

Chr4: 

40,469,385 - 

40,471,643 

ENSSSAG00000000816 sat1 Ss 

Spermidine/Spermin

e N1-

acetyltransferase 

Encodes polyamine catabolic enzyme with 

ferroptotic function associated with inflammation 

response in salmonids (Clark et al., 2019) 

9 (6) 1.85 

G28437 

Chr5: 

55,981,529 - 

55,983,197 

ENSSSAG00000053028 hamp Ss 
Hepcidin 

Antimicrobial Peptide 

Encodes acute phase protein involved in 

antibacterial immune response in salmonids (e.g. 

Eslamloo et al., 2020) 

4 (4) 4.38 

G28633 

Chr5: 

62,584,203 - 

62,742,348 

ENSSSAG00000003833 steap4 Ss 

Six Transmembrane 

Epithelial Antigen of 

Prostate 4  

Metalloreductase significantly upregulated in 

Atlantic salmon in response to bacterial infection 

(Krasnov et al., 2021). Metalloreductase gene 

family implicated in inflammatory response (Zhang 

et al., 2012) 
20 (20) 2.93 

novelGene N/A 
Novel Gene in LR 

Transcriptome 

Transcribed intronic region of steap4. Predicted to 

be non-coding by SQANTI3 

G29010 

Chr5: 

79,374,085 - 

79,377,265 

ENSSSAG00000092624 gabbr2 Mm 

Gamma-

Aminobutyric Acid B 

Receptor 2 

Subunit of GABA-binding protein. GABA-signalling 

related to autophagy in response to intracellular 

bacterial infection (Kim et al., 2018) 

4 (3) 2.19 
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Gene ID Locus Associated Ensembl ID Gene Name Description Function 
# Transcripts 

(DETs) 

Average 

Log2FC 

G3902 

Chr11: 

24,866,738 - 

24,867,462 

novelGene N/A 
Novel Gene in LR 

Transcriptome 

Transcribed intronic region of 

ENSSSAG00000014172, which is homologous to 

slc25a22b in zebrafish. Predicted to be non-coding 

by SQANTI3 

2 (2) 6.54 

G6022 

Chr12: 

61,404,740 - 

61,409,522 

ENSSSAG00000064977 mmp19 Dr 
Matrix 

Metallopeptidase 19 

Member of the matrix metalloproteinase class of 

proteins which are involved in enzymatic 

degradation of extracellular matrix. Upregulated 

during inflammation in mammals (Manicone & 

McGuire, 2008) 

1 (1) 4.26 

G8628 

Chr14: 

31,538,023 - 

31,539,906 

ENSSSAG00000049319 camp 
Cathelicidin 

Antimicrobial Peptide 

Member of cathelicidin family which are involved in 

innate immunity in teleosts (Katzenback, 2015; 

Brunner et al., 2020) 

19 (19) 4.56 
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Figure 3.9: Dotplot showing the number of DETs versus the number of filtered 

transcripts (filtering retained only transcripts with ≥5 reads in at least 4 out of 6 

biological replicates) per gene in the Vibrio group. Dashed lines indicate the 

maximum number of DETs for each bin. i.e. the line at which all transcripts were 

classified as DETs. 
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Figure 3.10: Histograms of the number of transcripts per gene input into the DTU analysis with DRIMSeq for (A) poly I:C and (B) Vibrio, versus 

controls. Yellow bar is a summation of all genes possessing 75 or more transcripts.  
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Table 3.4: DTU results for both treatment groups. DET column indicates whether 

each listed transcript was also identified as a DET 

Gene ID Transcript ID Treatment Group Gene p-value Transcript p-value DET? 

G11138 
G11138.1 

poly I:C 3.51e-4 
0.00e+0 Y 

G11138.2 0.00e+0 N 

G13151 G13151.3 
poly I:C 7.32e-10 1.85e-13 Y 

Vibrio 4.84e-3 4.54e-5 Y 

G16725 G16725.12 poly I:C 2.46e-4 3.30e-11 N 

G17946 
G17946.1 

poly I:C 4.06e-2 
0.00e+0 N 

G17946.10 0.00e+0 N 

G20128 G20128.26 poly I:C 3.96e-2 1.85e-8 N 

G23108 G23108.5 poly I:C 4.65e-3 1.82e-2 N 

G23563 G23563.2 poly I:C 4.36e-3 1.04e-9 N 

G26010 G26010.61 poly I:C 6.23e-3 5.90e-4 N 

G35151 G35151.17 poly I:C 6.12e-5 1.03e-12 N 
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Figure 3.11: Ribbon plots showing changes in the proportion of transcripts expressed for gene G13151 between (A) control and poly I:C, and 

(B) control and Vibrio groups.   
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Figure 3.12: Visualisation of DETs (A) with matched transcript 

structures (B, see next page) for novel gene G13151. 

(A) Dotplots on left show TPMs (n=6) for all transcript models that 

passed expression filtering in the PBS, poly I:C and Vibrio groups. 

DETs are marked to highlight treatment groups; † = poly I:C only, ^ 

= Vibrio only, * = poly I:C and Vibrio.  

(B) Overleaf is a visualisation of transcript models for 1) Ensembl 

annotated transcripts up and downstream of G13151(dark red), 2) 

RefSeq annotation of transcripts in the same region, 3) DETs for 

G13151, coloured according to the treatment group for which they 

were differentially expressed, and 4) promoter regions from the 

Ensembl regulatory build (bright red). UTRs for Ensembl and 

RefSeq transcripts are displayed in white.  
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Figure 3.12 (continued): Visualisation of DETs (A) with matched transcript structures (B) for gene G13151. 
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Figure 3.13: Visualisation of DETs (left) with matched transcript structures (right) for gene G23085 – lgals17…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G23085 – lgals17.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), 2) DETs for G23085, coloured according to 

treatment group, and 3) promoter regions from the Ensembl Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed 

in white, while the canonical transcript is indicated by an asterisk. 
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Figure 3.14: Visualisation of DETs (left) with matched transcript structures (right) for gene G29720 – cd9…(Legend continued on next page) 

  .29720G
 0.29720G
38.29720G
3 .29720G
33.29720G
32.29720G
31.29720G
28.29720G
2 .29720G
20.29720G
17.29720G
16.29720G
15.29720G
12.29720G
7.29720G
 5.29720G
 3.29720G
 2.29720G
 1.29720G
39.29720G
37.29720G
36.29720G
35.29720G
30.29720G
26.29720G
25.29720G
23.29720G
22.29720G
21.29720G
19.29720G
18.29720G
13.29720G
9.29720G
5.29720G
 .29720G
3.29720G
2.29720G

00000097929ENSSSAT
00000097907ENSSSAT
00000097897ENSSSAT

Promoters

Transcript Origin 
DET SOM

Ensembl   CDS
Ensembl   UTR
Non DET
Poly I:C Only
Promoter

G29720. 5 

G29720. 1 G29720. 2 G29720. 3 G29720.  

G29720.37 G29720.38 G29720.39 G29720. 0

G29720.33 G29720.3 G29720.35 G29720.36 

G29720.28 G29720.30 G29720.31 G29720.32

G29720.23 G29720.2 G29720.25 G29720.26 

G29720.19 G29720.20 G29720.21 G29720.22 

G29720.15 G29720.16 G29720.17 G29720.18 

G29720.7 G29720.9 G29720.12 G29720.13 

G29720.2 G29720.3 G29720.  G29720.5 

PBS Poly I:C ibrio

PBS Poly I:C ibrio PBS Poly I:C ibrio PBS Poly I:C ibrio

0
50

100
150

0
50

100
150

0
50

100
150

0
50

100
150

0
50

100
150

0
50

100
150

0
50

100
150

0
50

100
150

0
50

100
150

0
50

100
150

Treatment Group

T
P
M

* 



 

 
  

1
2
0
 

(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G29720 – cd9.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and Vibrio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), 2) DETs for G29720, coloured according to 

treatment group, and 3) promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, 

while the canonical transcript is indicated by an asterisk. 
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Figure 3.15: Visualisation of DETs (left) with matched transcript structures (right) for gene G29007 – aste1…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G29007 – aste1.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), and 2) DETs for G29007, coloured according 

to treatment group. UTRs for Ensembl transcripts are displayed in white, while the canonical transcript is indicated by an asterisk. 
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Figure 3.16: Visualisation of DETs (left) with matched transcript structures (right) for gene G21850 – il-rii …(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G21850 – il-rii.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), and 2) DETs for G21850, coloured according 

to treatment group. UTRs for Ensembl transcripts are displayed in white, while the canonical transcript is indicated by an asterisk. 
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Figure 3.17: Visualisation of DETs (left) with matched transcript structures (right) for gene G23614 – tmem106a …(Legend continued overleaf) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G23614 – tmem106a.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), and 2) DETs for G23614, coloured according 

to treatment group. UTRs for Ensembl transcripts are displayed in white, while the canonical transcript is indicated by an asterisk. 

  



 

 
  

1
2
7
 

 

Figure 3.18: Visualisation of DETs (left) with matched transcript structures (right) for gene G26969 – sat1…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G26969 – sat1.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ = Vibrio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), 2) DETs for G26969, coloured according to 

treatment group, and 3) promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, 

while the canonical transcript is indicated by an asterisk. 
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Figure 3.19: Visualisation of DETs (left) with matched transcript structures (right) for gene G4497 – hspa5…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G4497 – hspa5.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), 2) DETs for G4497, coloured according to 

treatment group, and 3) promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, 

while the canonical transcript is indicated by an asterisk. 
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Figure 3.20: Visualisation of DETs (left) with matched transcript structures (right) for gene G25771 – cd9…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G25771 – cd9.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and Vibrio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), and 2) DETs for G25771, coloured according 

to treatment group. UTRs for Ensembl transcripts are displayed in white, while the canonical transcript is indicated by an asterisk. 
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Figure 3.21: Visualisation of DETs (left) with matched transcript structures (right) for gene G10941 – igf p6…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G10941 – igfbp6.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and Vibrio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), 2) DETs for G10941, coloured according to 

treatment group, and 3) promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, 

while the canonical transcript is indicated by an asterisk. 
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Figure 3.22: Visualisation of DETs (left) with matched transcript structures (right) for gene G11846 – rtp2…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G11846 – rtp2.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), and 2) DETs for G11846, coloured according 

to treatment group. UTRs for Ensembl transcripts are displayed in white, while the canonical transcript is indicated by an asterisk. 
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Figure 3.23: Visualisation of DETs (left) with matched transcript structures (right) for gene G11847 – rtp2…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G11847 – rtp2.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and Vibrio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), 2) DETs for G11847, coloured according to 

treatment group, and 3) promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, 

while the canonical transcript is indicated by an asterisk. 
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Figure 3.24: Visualisation of DETs (left) with matched transcript structures (right) for gene G10669 – pim1…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G10669 – pim1.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation (dark red), 2) DETs for G10669, coloured according to 

treatment group, and 3) promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, 

while the canonical transcript is indicated by an asterisk. 
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Figure 3.25: Visualisation of DETs (left) with matched transcript structures (right) for gene G25519 & G25520…(Legend continued overleaf) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G25519 – saa & G25520 - novel gene 

antisense to saa/G25519.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and Vibrio. Dotplots inlayed box is for G25520. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, 

^ = Vibrio only, * = poly I:C and Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl annotation for saa and saa5 (dark 

red), and 2) DETs for G25519 and G25520, coloured according to treatment group. UTRs for Ensembl transcripts are displayed in white, while 

the canonical transcript for both Ensembl reference models is indicated by an asterisk. Dashed line indicates change between forward and 

reverse strand. 

 

  



 

 
  

1
4
3
 

 

Figure 3.26: Visualisation of DETs (left) with matched transcript structures (right) for novel gene G15937…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for novel gene G15937.  

Dotplots on left show TPM values (n=6) for all transcript models that passed expression filtering in the three treatment groups; PBS, poly I:C 

and  i rio. DETs are marked to highlight treatment groups where differentially expressed; † = poly I:C only, ^ =  i rio only, * = poly I:C and 

Vibrio. On the right is a visualisation of transcript models for 1) the Ensembl transcripts located up and downstream of novel gene G15937 

(dark red), 2) the NCBI RefSeq transcripts located in the same region, and 3) DETs for G15937, coloured according to treatment group. UTRs 

for Ensembl and RefSeq transcripts are displayed in white. 
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Chapter 4: Transcript Resolved Expression and Alternative 

Usage During Atlantic Salmon Embryogenesis  

Summary  

This chapter develops a novel approach to profile transcript expression and 

alternative transcript usage across key stages of embryonic development in 

Atlantic salmon using ONT full-length RNA sequencing. Embryonic ONT 

reads were mapped to the transcriptome generated in Chapter 2, then 

quantified using a custom pipeline. Differential transcript expression was 

explored and a self-organizing map (SOM) approach adapted to cluster 

transcript co-expression through development. SOM clustering was adapted 

to identify genes showing alternative transcript usage at distinct 

developmental stages. This chapter advances our understanding of salmonid 

embryogenesis, elucidating the role of transcriptome diversity, while 

providing useful strategies to navigate DTE in complex timecourse datasets.  

4.1 Introduction 

Embryogenesis is an important stage of ontogeny where the cells and 

tissues defining the adult body plan are developed (Zhang et al., 2019). The 

regulation of gene expression is central to embryonic development in all 

species. However, much of our knowledge derives from studies of model 

species like mouse and zebrafish. Consequently, our understanding of gene 

expression during embryogenesis in non-model fish is limited. Short-read 

RNA-seq has been used extensively to study zebrafish embryogenesis, for 

example to profile transcriptome dynamics during the maternal-zygotic 

transition (Aanes et al., 2011) and describe lncRNA expression and impacts 

on development (Pauli et al., 2012).  

Transcriptome diversity has a reported role in embryogenesis, including 

alternative splicing as mice and zebrafish embryos develop (Revil et al., 

2010; Liu et al., 2022c). Long-read RNA-seq is effective for capturing 

transcriptome diversity (Kuo et al., 2020; Seki et al., 2021; Ramberg et al., 

2021), however, few studies have applied this approach to study 

embryogenesis. A comprehensive long-read transcriptome of pre-
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implantation mouse embryos was constructed with PacBio technology (Qiao 

et al., 2020), whilst ONT-based RNA-seq characterised 1,768 new genes 

and 79,810 transcripts expressed during embryogenesis of the fruit fly 

Bactrocera oleae (Bayega et al., 2021). These studies highlighted the power 

of long-read RNA-seq for studying embryonic transcriptomes. However, their 

focus was on transcriptome assembly, with limited quantification analysis. As 

such, no long-read RNA-seq studies have applied to studying transcript-level 

expression dynamics in embryogenesis of non-model teleosts.  

This chapter builds on approaches detailed in Chapter 3 to examine 

transcript expression dynamics across a timecourse of Atlantic salmon 

development. My analysis covers six key stages of embryogenesis (late 

blastulation, mid gastrulation, early somitogenesis, mid somitogenesis, late 

somitogenesis and late-eyed stage), which span several key developmental 

transitions. As well as conducting DTE analysis across stages using a 

general linear model, I describe a novel method for exploring alternative 

transcript usage at distinct phases of embryogenesis. 

4.2 Materials and Methods 

4.2.1 Embryo Data Overview 

173,423 transcripts constituting 26,539 genes in the long-read transcriptome 

(Chapter 2) were supported by at least 3 full-length reads in a minimum of 2 

biological replicates per development stage. UpSet plots were generated 

with the aim to visualise which stages of development were contributing to 

each gene and transcript model. The UpSetR package (Conway et al., 2017) 

was used in RStudio (R4.3.3) to generate two UpSet plots showing the 

combination of developmental stages supporting each transcript and gene 

model in the final transcriptome.  

4.2.2 Quantifying Transcript Expression 

My approach to quantify transcript expression in the head kidney dataset 

(Chapter 3, section 3.2.2) was applied to the embryo dataset. In brief, full-

length reads from all replicates for the six key stages of development were 

mapped against my long-read transcriptome using Minimap2 v2.24 (Li, 2021) 
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with options “-ax map-ont N100 -t 8”. Non-primary alignments were 

removed from the resultant .bam alignment files with “samtools view -b 

-F 2308” before primary alignments were sorted using SAMtools (Danecek 

et al., 2021). Transcript expression was quantified per replicate with Salmon 

v1.8.0 (Patro et al., 2017) in ‘alignment-based’ mode with options “-p 8, -

l A, --ont”. The raw count data and TPMs for all biological replicates 

was imported into R for analyses described below. 

4.2.3 Data Exploration and Quality Check 

Counts from Salmon were imported into R and filtered using the 

“filterByExpr()” function included in the edgeR package v4.0.16 (Chen 

et al., 202 ) with options: “min.count = 5, min.total.count = 10, 

min.prop = 0.66”. This approach retained robustly evidenced transcripts 

which had five or more counts per million (CPM) in at least 2 out of 3 

biological replicates for at least 1 out of 6 stages of development. The 

dataset was then transformed using the variance stabilising transformation 

(Anders & Huber, 2010) function, “vst(, blind = FALSE)” from the 

DESeq2 R package v1.42.1 (Love et al., 2014).  

The “plotPCA()” function from DESeq2 was used to generate a PCA plot of 

the first two PCs using ggplot2 v3.5.0 (Wickham, 2016). DESeq2 was also 

used to calculate sample-to-sample Euclidean distances and perform 

hierarchical clustering. A sample-to-sample heatmap based on the clustering 

was plotted with the R package pheatmap v1.0.12 (Kolde, 2019). 

4.2.4 DTE Analysis 

For the embryonic timecourse data, DTE was carried out across all 

developmental stages using the generalised linear model and quasi-

likelihood F-test function “glmQLFTest()” in the edgeR R package v .0.16. 

This is a similar approach to that used by Harvey et al. (2024). Filtered 

transcript counts were normalised based on library sizes with 

“normLibSizes()” before dispersions were calculated with 

“estimateDisp()”. FDR adjusted p<0.05 was the cut-off to define DETs, 

representing transcripts regulated during embryogenesis. 
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TPMs of DETs were scaled manually, before the pheatmap R package was 

used to generate a heatmap of transcript expression. Hierarchical clustering 

was used to split the DETs into 6 distinct clusters. 

4.2.5 Clustering with Self-Organising Maps 

SOM clustering is a dimensionality reduction method devised by Kohonen 

(1982), which retains topological relationships between clustered groupings 

of data. Thus, for a transcript expression dataset, transcripts showing similar 

expression patterns will be clustered together, with clusters showing similar 

expression existing close to one other in the topological space. 

Before SOM clustering, TPM values for each transcript that passed the 

EdgeR filtering above were scaled using the “scale()” function provided by 

base R (R Core Team, 2024) with options “scale = TRUE, center = 

FALSE”. This approach standardised the standard deviations of all transcripts 

to a value of 1, preserving relative changes in expression whilst removing 

absolute differences, hence limiting biases caused by highly expressed 

transcripts. SOM clustering was carried out on the scaled, filtered TPMs with 

the kohonen R package v3.0.12 (Wehrens & Kruisselbrink, 2018) using a 

4x4 manifold with hexagonal topology and PCA initialisation.  

SOM clusters were visualised as violin plots using a custom R script adapted 

from a PhD thesis (Perojil-Morata, 2024) to show average normalised 

expression profiles of each SOM cluster. Violin plots were displayed in order 

of development from early to late based on transcript expression within the 

clusters. Colours were generated for each SOM cluster in R using the inferno 

palette from the viridis package; constitutive clusters, that is clusters of 

transcripts displaying relatively similar expression across all stages of 

development were assigned a grey colour.  

The complexHeatmap R package v2.18.0 (Gu, 2022) was used to generate 

heatmaps to visualise variation in transcript expression across and within 

SOM clusters through development. The heatmap was coloured using a 

colourblind-friendly palette (cividis) from the R package viridis v0.6.5 (Garnier 

et al., 2024). Each SOM cluster in the heatmap was manually annotated with 
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its respective SOM cluster colour used in the violin plots. Additional colours 

were added to the top of the heatmap to annotate each of the 6 stages of 

development. 

Transcript expression dynamics across developmental stages were 

visualised using the Uniform Manifold Approximation and Projection (UMAP) 

algorithm (McInnes et al., 2020). UMAPs is a dimensionality reduction 

approach that provides two-dimensional representations of data with 

complex underlying structures and patterns. The uwot R package v0.2.2 

(Melville, 2024) was used for UMAP creation. Each UMAP data point 

represents a scaled, per-stage mean of TPMs across all replicates for a 

single transcript; points were coloured using the same colour assigned to the 

SOM cluster in the violin plots and heatmap above.  

The transcript-to-gene ratio for each SOM cluster was calculated by counting 

the total number of transcripts in each cluster and dividing by the number of 

genes in the same cluster, and plotted using ggplot2. 

4.2.6 Gene Ontology Analysis 

Gene ontology (GO) enrichment analysis was performed on each SOM 

cluster to determine biological processes overrepresented among transcripts 

according to their expression during embryogenesis. First, Ensembl 

transcript IDs overlapping my transcript models (identified by SQANTI3, 

Chapter 2) were imported into R and then assigned to their overlapping long-

read transcript in the edgeR-filtered subset with a custom R script. Next, the 

R package AnnotationForge v1.44.0 (Carlson & Pagès, 2024) was used to 

create a custom R .db object from the Ensembl annotation extracted using 

biomaRt v2.58.2 (Durink et al, 2005; Durink et al, 2009). GO enrichment was 

carried out on the unique set of filtered transcripts for each SOM cluster 

using the “compareCluster()” function in the clusterProfiler R package 

v4.10.1 (Yu et al., 2012; Wu et al., 2021). The full set of filtered transcripts 

possessing associated Ensembl transcript IDs was set as the background 

and the analysis restricted to ‘Biological Processes’ ontologies. 

The “dotplot()” function, in conjunction with the R package ggplot2, was 

used to plot the top 5 enriched GO terms represented in each SOM cluster. 
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4.2.7 Differential Transcript Usage 

Whilst tools for identifying DTU, e.g. IsoformSwitchAnalyzeR (Vitting-Seerup 

& Sandelin, 2019) are emerging, they are designed for pairwise 

comparisons, hence unsuitable for identifying DTU in complex timecourse 

datasets.  

As an alternative approach to prioritise DTUs in this chapter, I focussed on 

identifying transcripts derived from the same genes that showed: 1) 

significant differential expression across embryogenesis (i.e. they were DETs 

in the above edgeR GLM analysis) and 2) showed distinct expression 

patterns during embryogenesis according to SOM clustering (i.e. transcripts 

belonging to distinct clusters). Thus, an additional round of scaling and SOM 

clustering was conducted on the TPMs for the DETs identified by edgeR. A 

2x3 manifold was used to produce 6 master clusters each representing a 

major stage of embryonic development in the timecourse. A master list of 

DETs derived from the same genes and located in different SOM clusters 

was generated using a custom R script. Genes with only 1 DET or with DETs 

placed in a single SOM cluster were removed. The UpSetR package was 

used to visualise genes with DETs located across distinct combination of 

SOM clusters. 

Ensembl gene IDs, transcript IDs, and gene names were extracted from the 

Ssal_v3.1 annotation using biomaRt. For genes lacking a gene name, a 

search for orthologous gene names was conducted in rainbow trout, 

zebrafish, mouse or human in that order of priority (as done in Chapter 3, 

section 3.2.4).  

For candidate genes displaying evidence of DTU across multiple SOM 

clusters, the expression levels of DETs, as well as a mean expression level 

for all non-DETs was plotted using ggplot2. For each DET, TPM values were 

averaged across the 3 replicates at each stage of development, whilst for the 

non-DETs the TPMs for all replicates and transcripts were averaged. Mean 

TPM was plotted as a line plot with ggplot2, using a custom colour palette; 

for the DETs, SD error bars were added, whilst a ribbon showing SD was 

used for the non-DET mean expression to aid visualisation. The R package 
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ggtranscript v0.99.9 (Gustavsson et al., 2022) was used to visualise 

transcript structures for each gene of interest, its associated gene in the 

Ensembl Ssal_v3.1 annotation, and to display predicted promoters from the 

Ssal_v3.1 regulatory build. Coordinates of each feature were extracted from 

gtf and gff3 files with a custom “awk” script, before being imported into R with 

the rtracklayer R package v1.62.0 (Lawrence et al., 2009) for visualisation. 

UTRs were partitioned in the Ensembl annotations to show coding-

sequences in the reference models, and the Ensembl canonical transcript 

marked with an asterisk. The same custom colour palette in the DET SOM 

clustering was used to annotate the DETs based on SOM cluster 

membership, whilst the non-DETs were coloured in grey. Both the line plots 

and transcript model plots were exported as svg files and imported into 

InkScape to combine into a single figure. 

A second round of GO enrichment analysis was carried out on all genes 

showing DTU across multiple SOM clusters using clusterProfiler v4.10.1. In 

Chapter 2, if an overlap was found between a long-read transcript and an 

Ensembl reference gene, SQANTI3 detailed the Ensembl gene ID in its 

classification output file. For this second round of GO enrichment analysis, all 

associated Ensembl gene IDs for the transcripts in the DTU subset were 

extracted from the SQANTI3 classification file. The same custom .db object 

produced in section 3.2.5 was used for this round of GO analysis. The 

“enrichGO()” function was used for GO analysis with the background 

consisting of all genes with an associated Ensembl ID (as determined by 

SQANTI3) in the filtered dataset, and GO terms restricted to “Biological 

Processes”. GO results were summarised in tabular format with the flextable 

R package v0.9.6 (Gohel & Skintzos, 2024).  

4.3 Results 

4.3.1 Data Overview and Quality Assessment 

Of the 266,222 transcripts and 35,480 gene models described in the long-

read transcriptome (see Chapter 2), 173,423 and 26,539 were supported by 

the embryonic dataset, respectively. Most of these gene models (53.8%) 

were supported by reads from all stages of development (Figure 4.1A), with 
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4.4% supported by a single stage. However, approximately half of all 

transcripts supported by embryonic reads were stage-specific (Figure 4.1B). 

Transcripts supported by embryonic reads common to all development 

stages constituted only 10.5% of all transcripts supported by embryonic 

reads. Just under half the samples in the embryo dataset (8/18) possessed 

greater than 600,000 full-length reads (Table 4.1), which is considered an 

indicator of “good” data quality by the ENCODE long-read RNA-seq data 

standards (ENCODE Project Consortium, 2025). Another 8 of the samples 

had 400,000-600,000 full-length reads and are deemed “acceptable” for read 

depth by the same standards. 2 samples had significantly fewer reads than 

the other samples pushing them into the “poor” category (ENCODE Project 

Consortium, 2025).  

33,604 transcripts produced by 8,524 unique genes passed filtering with 

edgeR. A PCA using this filtered dataset revealed tight grouping of biological 

replicates for each stage of development, with sequential stages of 

embryogenesis clustering proximally (Figure 4.2). Most variation was 

explained by PC1 and PC2, 89.0% and 6.7%, respectively. PC1 mainly 

separates late somitogenesis and late-eyed stages, whilst PC2 separates the 

earlier stages of development. Hierarchical clustering similarly showed that 

biological replicates clustered together within their respective stage, and that 

consecutive stages clustered together (Figure 4.3).  

4.3.2 Transcript Expression Patterns Resolved with SOM Clustering 

SOM clustering of transcripts that passed edgeR filtering resulted in 16 

distinct clusters (Figure 4.4). A heatmap visualisation revealed cluster-

specific patterns of expression (Figure 4.5); 13 SOM clusters showed stage-

specific expression patterns, whilst 3 showed more constitutive expression 

across stages. SOM1 and SOM2 captured transcripts with highest 

expression in the late blastula stage, with a subsequent decrease in 

expression as embryogenesis progresses. SOM4 and SOM5 captured 

transcripts showing high expression in both late blastulation and mid 

gastrulation. Transcripts upregulated specifically during gastrulation were 

represented by SOM13, which also shows a lower expression level in early 
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somitogenesis. SOM9 appears to capture high expression across all three of 

the early development stages, with a slight reduction at mid-gastrulation. 

SOM14, 15, 16 and 12 captured highest expression during somitogenesis, 

whilst SOM4 captured low expression outside of the late-eyed stage. 

Developmental expression dynamics were further demonstrated by UMAP 

visualisation, which captured the trajectory of expression as the embryo 

transitions from a blastula to a juvenile fish possessing differentiated tissues 

and delineated organs (Figure 4.6).  

A variable transcript-to-gene ratio was observed in each SOM cluster (Figure 

4.7). Whilst SOM4, possessing transcripts expressed the latest in the 

development series, had the greatest transcript-to-gene ratio, the second 

highest ratio was seen in SOM11, a constitutive cluster. In general, low 

transcript-to-gene gene ratios were observed in early-stage SOM clusters 

and in constitutive cluster SOM7, with the lowest transcript-to-gene ratio 

observed in SOM13, primarily associated with mid-gastrulation. 

Transcript-level GO analysis revealed biological processes overrepresented 

in each SOM cluster (Figure 4.8). Early development clusters SOM1 and 

SOM2 were enriched for GO terms “GO:0007049 - cell cycle” and 

“GO:0044085 - cellular component biogenesis”, consistent with processes 

involved in cell cleavages. Terms associated with the commencement of 

metabolic processes are enriched in SOM clusters 15, 12, and 3, comprising 

transcripts highly expressed during somitogenesis, where primordial organs 

are forming (Gorodilov, 1996). GO terms associated with transport and 

localisation such as “GO:0015669 gas transport” and “GO:0051179 

localization” are enriched in SOM , a late-eyed-specific SOM cluster. 

Constitutive clusters SOM11 and SOM10 showed enrichment of terms 

associated with amide and peptide processes, as did SOM15 which is 

comprised of transcripts with high expression across the three somitogenesis 

stages. There were no enriched GO terms in SOM14, a cluster showing high 

transcript expression at early somitogenesis, and the constitutive cluster 

SOM7. 
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4.3.3 Characterisation of DET Expression Profiles with SOM Clustering 

DTE analysis with edgeR identified 13,471 DETs constituting 4,211 genes 

across the embryonic timecourse. DTE was used to identify DETs which 

were then taken forward into a second round of SOM clustering for 

examining within-gene differential transcript usage. SOM clustering of DETs 

identified 6 clusters and as expected, no constitutive clusters (Figure 4.9). 

Two highly stage-specific stages were represented by SOM2 and SOM6 

containing DETs with high expression almost exclusively in late blastulation 

and late-eyed stages respectively. SOM clusters separating SOM2 and 

SOM6 captured transcripts showing variable expression over multiple 

development stages. For example, SOM4 clustered DETs with high 

expression across all 3 somitogenesis stages, whilst SOM5 clusters DETs 

upregulated most strongly in late somitogenesis, but showing high 

expression in mid somitogenesis and late-eyed stages. DETs with high 

expression in both late blastulation and mid gastrulation were clustered in 

SOM1. SOM3 contains DETs expressed from mid-gastrulation to mid-

somitogenesis with greatest expression displayed in early somitogenesis. 

The 6 SOM clusters of DETs were used as the basis for DTU analysis.  

4.3.4 Identification of Genes Showing DTU During Salmon Embryogenesis 

641 genes comprising 6,047 DETs showed membership of alternative 

transcripts to at least 2 SOM clusters. 571 (89%) had transcripts expressed 

in similar neighbouring SOM clusters only (e.g. SOM2 and SOM1; Figure 

4.10). 70 genes had transcripts that clustered in either non-neighbouring 

SOM clusters (e.g. 4 genes had DETs in both SOM2 and SOM4) or multiple 

neighbouring clusters (e.g. 3 genes had DETs in SOM2, SOM1 and SOM3). 

The majority of the 6 DET SOM clusters represent transcripts with 

expression in multiple stages of development and thus do not represent hard 

barriers between consecutive development stages. As such, I decided to 

focus on examples of DTU from genes possessing DETs in non-

neighbouring SOM clusters.  

Out of the 641 genes identified as having signatures of DTU, 605 had 

associated Ensembl gene IDs. GO enrichment analysis revealed 6 biological 
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processes over-represented among these genes (Table 4.2). Lipid transport 

(GO:0006869) and lipoprotein metabolic processes (GO:0015671) were 

explained by genes including apoeb and apob, which code for lipid carrying 

apolipoproteins with roles in transporting yolk and dietary liquids around the 

developing fish embryo (Otis et al., 2015). Amide metabolic processes 

(GO:0043603) were explained by genes coding for ribosomal proteins 

including rpl3l, rps19 and rl29. Translation (GO:0006412) was also enriched, 

sharing all 42 of its supporting genes with amide metabolic processes. 

Ribosome protein heterogeneity has been linked to the regulation of 

translation required for the proper progression of embryogenesis (Norris et 

al., 2021). Finally, oxygen transport (GO:0015671) was enriched in the DTU 

gene set, predictably explained by genes encoding haemoglobin proteins 

such as hbb and hbb-bh1. 

4.3.5 Genes Showing DTU During Atlantic Salmon Embryogenesis 

4.3.5.1   DTU in Transgelin Gene 

The gene model G7805 was found to overlap the Ensembl gene tagl 

(ENSSSAG00000074856), which codes for transgelin, an actin-binding 

protein family member, essential for cellular cytokinesis and intracellular 

transport (Pollard, 2016). Transgelin was shown to be involved with smooth 

muscle formation during embryogenesis (Santoro et al., 2009; Hsieh & Jin, 

2023) and cytoskeleton formation in humans (Elsefadi et al., 2016). 

G7805 possesses 2 DETs, G7805.3 and G7805.6, which were expressed in 

SOM2 (early development) and SOM4 (mid-late development) respectively 

(Figure 4.9). The mean per-stage TPM expression supports the SOM 

clustering classification, with G7805.3 displaying highest expression in late 

blastulation, followed by decreasing expression towards the eyed stage 

(Figure 4.11). In contrast, G7805.6 shows low expression in early 

development, with expression peaking during early somitogenesis. 

Expression remains high throughout somitogenesis before decreasing 

towards the late-eyed stage (Figure 4.11). In total, G7805 has 9 transcripts in 

the long-read annotation, 7 of which were not identified as significantly 

expressed. Plotting all (Figure 4.11) for G7805 and comparing them with the 
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three Ensembl transcripts reveals that the two isoforms contributing to DTU 

differ in their TSS and exon structure. The promoter region identified in the 

Ensembl regulatory build supports 3 out of 9 long-read transcripts, including 

G7805.6, which is most expressed in somitogenesis. G7805.3 is not 

supported by the promoter annotation, however, several models in the long-

read annotation possess TSS approximately 3kb downstream of the 

promotor region. The TSS of the canonical Ensembl transcript is not 

supported by either promoter or long-read annotations. 

4.3.5.2   DTU in Ribosomal Protein L3 

Ribosomal protein genes constitute a significant proportion of the genes in 

the DTU subset (section 4.3.4). G26082 overlaps rpl3l 

(ENSSSAG00000001684), which codes for an L3-like ribosomal protein. This 

model showed three DETs clustered into two distinct SOM clusters. 

G26082.3 was captured by SOM1, whilst G26082.7 and G26082.10 were 

captured by SOM6. Plotting transcript expression supports these 

classifications with a sharp increase in expression of G26082.7 and 

G26082.10 at the eyed stage, whilst G26082.3 shows highest expression in 

late blastulation, with a subsequent reduction during early-mid somitogenesis 

and further decrease towards late somitogenesis (Figure 4.12). The three 

DET models differ in their TSS, with G26082.10 possessing one fewer exon 

(Figure 4.12). TSSs for all three models fall within Ensembl annotated UTRs. 

There are two promoters associated with this gene, and both support the 

long-read transcript models.  

G26082 has an ohnologue pair (G29398) retained from Ss4R (Chapter 1, 

section 1.4.2) in collinear blocks 3q-6p (Lien et al., 2016) that also displayed 

evidence of DTU. G29398 has 6 transcripts, all significantly upregulated 

during development. G29398.3, G29398.18, G29398.22 and G29398.23 

were classified into SOM6, whilst G29398.24 and G29398.25 were classified 

into SOM5 and SOM1 respectively. The expression patterns of these 

transcripts support their SOM classifications (Figure 4.13) and indeed match 

those of G26082 (inlayed Figure 4.13). However, the 6 DETs for G29398 

display striking differences in exon structure. G29398.3 shows a large intron 
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retention event encompassing exon 1, or exons 1 and 2, of the other 4 late 

development isoforms (.18, .22, .23, .24). G29398.25, expressed in SOM1, 

has a different exon chaining pattern, with no exonic sequence in the intron-

retention region encompassed by G29398.3 (Figure 4.13). These 5’ end 

differences again overlap the UTR regions predicted by Ensembl.  

4.3.5.3   Exon Skipping in a Phosphate Carrier Protein 

G31138 has 3 isoforms contributing to its DTU signature and associated with 

Ensembl gene slc25a3b (ENSSSAG00055931), which encodes a phosphate 

carrier protein located in the inner mitochondrial membrane involved in 

oxidative phosphorylation (Boulet et al., 2018; Peoples et al., 2021). 

G31138.6 and G31138.8 are in SOM2 and SOM1, respectively, which show  

highest expression in early development, followed by a gradual decline in 

expression as development progresses (Figure 4.14). G31138.10 is a 

member of SOM5, characterised by low expression during blastulation and 

an increase in expression towards late somitogenesis and the eyed stage. All 

three of these transcripts comprise 8 exons, with differences evident in exon 

3, which is coding sequence according to Ensembl (Figure 4.14). The 

canonical Ensembl transcript possesses a TSS not shared by any of the 

long-read models, nor by the Ensembl promoter. All but 2 of the 21 G31138 

transcripts have a TSS within the bounds of the Ensembl promoter. 

4.4 Discussion 

This chapter reports a new approach to apply long-read transcriptomics to 

explore the dynamics of transcript expression and usage across embryonic 

development in a non-model fish. The methods reported, namely DTE 

analysis followed by SOM clustering of DETs, have proved powerful for 

prioritising genes displaying DTU in a timecourse dataset, successfully 

differentiating between the expression of structurally distinct transcript 

isoforms. My approach uses publicly-available tools and is transferable to 

many experimental designs involving multiple comparisons where clustering 

is necessary to summarise complex expression dynamics.  
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4.4.1 Potential Capture of Zygotic Genome Activation 

Zygotic genome activation signals the cessation of maternal transcriptional 

control during embryogenesis (Jukam et al., 2017). The timecourse 

experiment in this chapter was designed with the intention of being able to 

capture this change in transcription in the late blastulation. SOM2 of the DET 

SOM clustering (Figure 4.9) captured transcripts showing highest expression 

in late blastulation samples, with a clear reduction in expression in mid 

gastrulation and minimal expression in subsequent development stages. 

These patterns are consistent with previous studies which report rapid 

degradation of maternal RNA post-blastulation (Aanes et al., 2011; Walser & 

Lipshitz, 2011; Vastenhouw et al., 2019; Solnica-Krezel, 2020; Perojil-Morata 

2024).  

Early embryonic development relies on translation of maternal mRNA by 

maternally-deposited ribosomal proteins (Cenik et al., 2019; Breznak et al., 

2023). Genes encoding ribosome component proteins were highly common 

among those showing DTU. Indeed, rpl3l was shown to express distinct 

transcripts in SOM2 and SOM6, the earliest and latest development clusters. 

In both ohnologues of rpl3l, only a single isoform was expressed in early 

development SOM clusters, whereas there was an increase in transcript 

diversity expressed in later development from the same gene. This result 

may have captured the switch between maternal ribosomal machinery, to 

that of the zygote, which needs to express diverse ribosomal proteins as the 

embryo undergoes differentiation and organogenesis (Pollard, 2016). 

The maternal RNA repertoire deposited into the oocyte has been linked with 

successful development of embryos, and proposed as a marker of egg 

quality in farmed fish (Sullivan et al., 2015; Reading et al., 2018; Weber et 

al., 2021). Increasing our knowledge of the diversity of transcripts involved in 

maternal transcriptional control during early embryonic development may 

allow better understanding of the impact of maternal RNA on the processes 

underlying successful embryonic progression in aquaculture species, while 

also offering novel markers of egg quality in the future. 
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4.4.2 Characterisation of Structural Changes in Alternative Transcripts 

DETs used in distinct development stages were differentiated by structural 

variations including exon skipping and alternative TSSs. In the cases of 

G7805 (Figure 4.11), G26082 (Figure 4.12), and G29398 (Figure 4.13), 

alternative TSSs were employed by transcripts expressed in later 

development. This is consistent with Nepal et al. (2013), who revealed that 

after ZGA, new transcript variants with alternative TSSs can be expressed 

from the same loci as maternally-derived transcripts. 

The identification of a plethora of novel transcript structures in this chapter, 

including changes to predicted coding regions such as that captured in 

G31138, is important for understanding the transcriptional mechanisms 

governing embryonic development. Structural changes in protein-coding 

regions of transcripts can potentially lead to the production of proteins with 

distinct biological functions (Wright et al., 2022). However, the role of 

transcript diversity is poorly understood in salmonids. The data in this 

chapter represent a push towards characterising and annotating transcript 

diversity in early development of salmonids.  

4.4.3 Flexibility of SOM Clustering Approach 

Perojil-Morata (2024) demonstrated the ability of SOM clustering to profile 

gene expression during Atlantic salmon embryogenesis using short-read 

RNA-seq. This chapter builds on those foundations and successfully applies 

the method to long-read RNA-seq data to examine transcript-level 

expression dynamics. In comparison with traditional pairwise methods of 

differential expression analysis, SOM clustering can be scaled to 

accommodate complex experimental designs such as the timecourse 

detailed here, making it suitable for a wide variety of study designs and 

applicable to both model and non-model species. This chapter in particular 

demonstrates that long-read RNA-seq and subsequent SOM clustering 

analysis is a powerful tool for alternative transcript discovery and 

characterisation of transcript-level expression patterns. 
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4.4.4 Reflections on Normalisation Approach 

This chapter employed TPM normalisation followed by z-score scaling to 

produce normalised transcript expression values between samples. Whilst 

an established approach for both DTE and SOM clustering analyses (Perojil-

Morata, 2024), potential improvements in false-discovery rates could be 

yielded by using an alternative normalisation approach. For example, using a 

spike-in control RNA sample to perform conventional normalisation 

techniques on, then subsequently applying a spike-in-based normalisation 

factor to the experimental data (Evans et al., 2018) may be more appropriate 

for DTE where the focus is on transcript expression rather than the 

cumulative expression forming total gene expression (e.g., Byrne et al., 

2017).  

In the DTE analysis, lowly expressed transcripts were removed if they did not 

possess at least 5 counts per million in at least 2/3 samples within a single 

developmental stage. Whilst this threshold was set to be commensurate with 

previous analyses and short-read methods, this meant that some transcripts 

were retained if they were expressed in only 2/18 total samples. Increasing 

this threshold to retaining transcripts expressed in at least 3/3 samples in a 

single treatment group, or introducing a stricter across all sample read count 

filter (e.g 20 reads or more across all samples), may improve the robustness 

of the DTE and SOM clustering.  

4.4.5 Concluding Words 

The use of long-read RNA-seq for characterising transcript diversity and 

expression is limited for studying embryogenesis. In this chapter, I 

successfully identify significant differential transcript expression across a 

timecourse of 6 embryonic stages in Atlantic salmon. This data enhances our 

understanding of transcriptional regulation during Atlantic salmon and serves 

as a valuable resource for further research into embryonic transcriptome 

expression. In addition, I present a versatile methodology that may be 

transferred to other species and experimental designs.  

In relation to this thesis, this chapter builds on quantitative approaches for 

transcript-level expression analysis introduced in Chapter 3 and the data 
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herein forms a foundation to better understand transcriptional regulation 

displayed in salmonid embryonic development.  
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Figure 4.1: UpSet plots showing the number of genes (A) and transcripts (B) supported by full-length embryonic reads. The sets on the left 

represent stages of development, dots at the bottom combinations of stages, whilst bars show the number of reads in each combination of 

stages. 
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Table 4.1: Number of reads for each embryo sample during transcriptome assembly pipeline 

Sample 
Development 

Stage 

Number of Filtered 

Reads (q>7) 

Number of Full-

Length Reads 

Number of Primary 

Alignments 

LB_R1 

Late Blastulation 

2,001,768 542,482 497,792 

LB_R2 2,235,605 675,788 596,872 

LB_R3 929,058 271,961 229,113 

MG_R1 

Mid Gastrulation 

2,129,501 668,162 626,798 

MG_R2 1,032,196 328,056 281,486 

MG_R3 2,337,840 695,255 633,523 

ES_R1 
Early 

Somitogenesis 

1,805,464 538,582 469,632 

ES_R2 2,018,411 577,174 530,395 

ES_R3 1,633,852 493,427 395,569 

MS_R1 
Mid 

Somitogenesis 

1,598,574 459,779 413,289 

MS_R2 1,867,737 561,247 530,224 

MS_R3 1,849,907 531,086 488,157 

LS_R1 
Late 

Somitogenesis 

1,912,119 537,673 504,174 

LS_R2 2,181,588 703,152 608,789 

LS_R3 1,957,175 624,001 560,389 

LE_R1 

Late-Eyed 

2,783,932 896,237 782,815 

LE_R2 2,421,376 773,813 685,295 

LE_R3 2,699,711 831,780 780,549 
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Figure 4.2: PCA plots for Atlantic salmon embryonic development timecourse. 6 stages of development (n=3) were sequenced with long-read 

Nanopore RNA-seq. PCs generated from vst-transformed counts for long-read transcript models possessing a minimum of 5 reads in at least 

2/3 replicates in at least one stage of development. Count filtering conducted with edgeR. Dots represent individual samples, colours represent 

stages of development.
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Figure 4.3: Sample similarity matrix plot of vst-transformed counts for Atlantic 

salmon embryo transcripts sampled at 6 stages of embryogenesis. Transcripts were 

filtered with edgeR based on read counts and retained if they possessed a minimum 

5 reads in at least 2/3 replicates in at least one stage of development. Data 

displayed is Euclidean distance and dendrogram based on hierarchical clustering. 

Sample names shown on right-hand side indicate development stage: LB = Late 

Blastulation, MG = Mid Gastrulation, ES = Early Somitogenesis, MS = Mid 

Somitogenesis, LS = Late Somitogenesis, LE = Late-Eyed. Heatmap shows tight 

within-stage clustering of replicates except LB_R3 which clusters with the mid 

gastrulation group. Additionally, stages cluster sequentially from early to late 

(bottom to top). 
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Figure 4.4: Violin plots of transcript expression following standard deviation 

standardisation for each SOM cluster. The lines in each plot denote expression 

trends, whilst the violins show the expression distribution for each stage of 

development. The num ers aside each “SOM” heading show the num er of 

transcripts within that SOM cluster. SOM clusters are ordered from early 

development cluster (SOM1) to late development cluster (SOM4) from left to right 

reading down the rows. SOM clusters 7, 10 and 11 represent constitutive 

expression, i.e. clusters of transcripts showing relatively similar expression levels 

across all stages of development. SOM clusters are coloured according to the 

progression of development with clusters showing early-stage expression coloured 

in yellower hues, middle stage clusters coloured in orange hues and late-stage 

clusters coloured in purple hues. Constitutive clusters are coloured in grey. 
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Figure 4.5: Heatmap of transcript expression showing normalised TPM values. 

Cluster numbers generated through SOM are displayed on the left. The colours on 

the right denote the type of cluster, with stage-specific clusters in vibrant colours 

matching Figure 4.4, whilst constitutive clusters are de-saturated. The column 

colours denote the development stage and match Figures 4.1 and 4.2. SOM 

clusters are coloured according to the progression of development with clusters 

showing early-stage expression coloured in yellower hues, middle stage clusters 

coloured in orange hues and late-stage clusters coloured in purple hues. 

Constitutive clusters are coloured in grey. 
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Figure 4.6: UMAP of transcript expression of the edgeR filtered long-read dataset 

across development. Each point in the UMAP is an individual transcript coloured 

according to which SOM cluster it belongs to. UMAP is a dimensionality reduction 

method and as such the x-axis and y-axis are labelled V1 and V2 which denotes the 

first two components of reduced dimensional space. SOM clusters are coloured 

according to the progression of development with clusters showing early-stage 

expression coloured in yellower hues, middle stage clusters coloured in orange 

hues and late-stage clusters coloured in purple hues. Constitutive clusters are 

coloured in grey. The arrow shows direction of development from blastulation to 

late-eyed stage. Diagrams are a visualisation representing the developmental 

progression path in the UMAP from blastulation, through somitogenesis and ending 

with the late-eyed stage.  
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Figure 4.7: Transcript-to-gene ratio within each SOM cluster. Transcript-to-gene 

ratio was calculated by dividing the total number of transcripts by the total number of 

genes in each SOM cluster. The x-axis shows the SOM clusters ordered by 

development, early-to-late with a split indicating constitutive clusters. SOM clusters 

are coloured as per Figure 4.5 showing development from early (yellow) to late 

(purple) stages. Constitutive clusters are coloured grey as per Figure 4.5. 
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Figure 4.8: Dotplot of enriched GO terms (“Biological Processes”) for each SOM 

cluster. A maximum of 5 distinct GO terms were plotted for each SOM cluster based 

on FDR adjusted p-value. The clusters on the x-axis are arranged in order of 

development, from early to late stages. SOM11 and SOM10 are constitutive 

clusters. The y-axis denotes the GO term with the size of each dot indicating gene 

ratio and colour indicating the adjusted p-value. The coloured bar at the top 

indicates SOM cluster membership, and the gradient from yellow to purple is as 

used in Figures 4.5, 4.6 and 4.7.  
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Figure 4.9: SOM clustering of DETs identified by edgeR. (A) violin plots of the 6 

master clusters,(B) heatmap of the scaled transcript expression of the DETs. 

Colours indicate SOM Cluster from early (light blue), to late development (dark 

green).  
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Figure 4.10: UpSet plot showing the number of genes with DETs in multiple SOM clusters. SOM clusters are displayed on the left in order of 

early to late development along the y-axis (top to bottom, light blue = early development, dark green = late development). Dots indicate DTEs 

shared among SOM clusters and bars denote the number of DTEs shared by combinations of SOM clusters displayed by the dots.
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Table 4.2: Gene Ontology (GO) enrichment results for genes displaying evidence of differential 

transcript usage. 

Term 
Gene 
Count 

Adjusted 
P-Value 

Gene 
Ratio 

Background 
Ratio 

Homologous
Gene Names 
(if present) 

Contributing Genes 
(Ensembl ID) 

GO:0006869 - 
lipid transport 

12 0.000093 12/278 28/3522 

apoeb 

pg12b 

apoa-i-1 

afp4 

apoeb 

apoa1 

npc2.1 

apob 

ENSSSAG00000086296 

ENSSSAG00000085443 

ENSSSAG00000010289 

ENSSSAG00000047184 

ENSSSAG00000115227 

ENSSSAG00000103268 

ENSSSAG00000007048 

ENSSSAG00000120281 

ENSSSAG00000097945 

ENSSSAG00000003002 

ENSSSAG00000065331 

ENSSSAG00000102777 

GO:0015671 - 
oxygen 
transport 

10 0.00013 10/278 21/3522 

hbb 

hbba2 

hbb-bh1 

hbae3 

hbbe1 

ENSSSAG00000065233 

ENSSSAG00000103747 

ENSSSAG00000093862 

ENSSSAG00000065398 

ENSSSAG00000086616 

ENSSSAG00000087487 

ENSSSAG00000119552 

ENSSSAG00000045065 

ENSSSAG00000065229 

ENSSSAG00000087439 

GO:0042157 - 
lipoprotein 
metabolic 
process 

8 0.014 8/278 22/3522 

apoeb 

apoa1 

apoa-i-1 

afp4 

apoc-lb 

ENSSSAG00000003126 

ENSSSAG00000086296 

ENSSSAG00000085443 

ENSSSAG00000115227 

ENSSSAG00000007048 

ENSSSAG00000010260 

ENSSSAG00000120281 

ENSSSAG00000097945 

GO:0043603 - 
amide 
metabolic 
process 

45 0.039 45/278 335/3522 

rpl3l 

rl18 

rpl39 

rps23 

rpl4 

rpl27a 

rps19 

rpl10a 

rpl9 

eef1b2 

rpl26 

rl17 

rpl19 

rl29 

ENSSSAG00000051618 

ENSSSAG00000072884 

ENSSSAG00000041178 

ENSSSAG00000046726 

ENSSSAG00000010392 

ENSSSAG00000067773 

ENSSSAG00000075399 

ENSSSAG00000071589 

ENSSSAG00000066273 

ENSSSAG00000007090 

ENSSSAG00000047422 

ENSSSAG00000008596 

ENSSSAG00000098459 

ENSSSAG00000076201 

ENSSSAG00000078842 

ENSSSAG00000089657 
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Term 
Gene 
Count 

Adjusted 
P-Value 

Gene 
Ratio 

Background 
Ratio 

Homologous
Gene Names 
(if present) 

Contributing Genes 
(Ensembl ID) 

rps13 

rpl10 

rps24 

eef1g 

ef1a 

rpl11 

rpsa 

rpl35a 

zgc: 103559 

rpl35 

rpl13 

uba52 

ef1a 

acer1 

rpl31 

rpl37a 

rps8a 

rps11 

rpl36 

rps16 

rpl32 

cers5 

eef1da 

ENSSSAG00000039434 

ENSSSAG00000006614 

ENSSSAG00000077735 

ENSSSAG00000024307 

ENSSSAG00000001684 

ENSSSAG00000046051 

ENSSSAG00000002154 

ENSSSAG00000072444 

ENSSSAG00000002140 

ENSSSAG00000008448 

ENSSSAG00000008668 

ENSSSAG00000046508 

ENSSSAG00000109892 

ENSSSAG00000045463 

ENSSSAG00000058507 

ENSSSAG00000032246 

ENSSSAG00000051583 

ENSSSAG00000071292 

ENSSSAG00000018086 

ENSSSAG00000066907 

ENSSSAG00000054819 

ENSSSAG00000056402 

ENSSSAG00000068533 

ENSSSAG00000006077 

ENSSSAG00000005944 

ENSSSAG00000053970 

ENSSSAG00000062937 

ENSSSAG00000063001 

ENSSSAG00000077892 

GO:0006412 - 
translation 

42 0.040 42/278 328/3522 

rpl3l 

rl18 

rpl39 

rps23 

rpl4 

rpl27a 

rps19 

rpl10a 

rpl9 

eef1b2 

rpl26 

rl17 

rpl19 

rl29 

rps13 

rpl10 

rps24 

ENSSSAG00000051618 

ENSSSAG00000072884 

ENSSSAG00000041178 

ENSSSAG00000046726 

ENSSSAG00000010392 

ENSSSAG00000067773 

ENSSSAG00000075399 

ENSSSAG00000071589 

ENSSSAG00000066273 

ENSSSAG00000007090 

ENSSSAG00000047422 

ENSSSAG00000008596 

ENSSSAG00000098459 

ENSSSAG00000076201 

ENSSSAG00000078842 

ENSSSAG00000039434 

ENSSSAG00000006614 

ENSSSAG00000077735 

ENSSSAG00000024307 

ENSSSAG00000001684 

ENSSSAG00000046051 



 

175 
  

Term 
Gene 
Count 

Adjusted 
P-Value 

Gene 
Ratio 

Background 
Ratio 

Homologous
Gene Names 
(if present) 

Contributing Genes 
(Ensembl ID) 

eef1g 

ef1a 

rpl11 

rpsa 

rpl35a 

zgc: 103559 

rpl35 

rpl13 

uba52 

ef1a 

acer1 

rpl31 

rpl37a 

rps8a 

rps11 

rpl36 

rps16 

rpl32 

cers5 

eef1da 

ENSSSAG00000002154 

ENSSSAG00000002140 

ENSSSAG00000008448 

ENSSSAG00000008668 

ENSSSAG00000046508 

ENSSSAG00000109892 

ENSSSAG00000045463 

ENSSSAG00000058507 

ENSSSAG00000032246 

ENSSSAG00000051583 

ENSSSAG00000071292 

ENSSSAG00000018086 

ENSSSAG00000066907 

ENSSSAG00000054819 

ENSSSAG00000056402 

ENSSSAG00000006077 

ENSSSAG00000005944 

ENSSSAG00000053970 

ENSSSAG00000062937 

ENSSSAG00000063001 

ENSSSAG00000077892 
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Figure 4.11: Visualisation of DETs (left) with matched transcript structures (right) for gene G7805 – tagl…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G7805 – tagl.  

Lineplots on left show TPMs (n=3) for all DETs over the 6 stages of development; late blastulation (LB), mid gastrulation (MG), early 

somitogenesis (ES), mid somitogenesis (MS), late somitogenesis (LS) and late-eyed (LE). Error bars are standard deviation and DETs are 

coloured to indicate DTU SOM cluster membership as per Figure 4.9. Average TPM for all replicates for all non-DETs is plotted in grey; ribbon 

shows standard deviation. On the right is a visualisation of transcript models for 1) the Ensembl reference annotation transcripts (dark red) for 

ENSSSAG00000074856, 2) DETs for G7805, coloured according to SOM cluster membership, 3) the non-DETs for gene G7805, and 4) 

promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, while the canonical 

transcript is indicated by an asterisk. 
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Figure 4.12: Visualisation of DETs (left) with matched transcript structures (right) for gene G26082 – rpl3l…(Legend continued on next page) 

Non DE Transcripts

G26082.10

G26082.7

G26082.3

LB MG ES MS LS LE

0

20

 0

60

0

20

 0

60

0

20

 0

60

0

20

 0

60

Development Stage

M
e
a
n
 T
P
M

DET SOM
Cluster

SOM1

SOM6

Non DET

11.26082G

9.26082G

8.26082G

6.26082G

5.26082G

 .26082G

2.26082G

1.26082G

10.26082G

7.26082G

3.26082G

00000178383ENSSSAT

00000003577ENSSSAT

Promoters

Transcript Origin  
DET SOM

Ensembl   CDS

Ensembl   UTR

Non DET

Promoter

SOM1

SOM6

* 



 

 
  

1
7
9
 

(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G26082 – rpl3l.  

Lineplots on left show TPMs (n=3) for all DETs over the 6 stages of development; late blastulation (LB), mid gastrulation (MG), early 

somitogenesis (ES), mid somitogenesis (MS), late somitogenesis (LS) and late-eyed (LE). Error bars are standard deviation and DETs are 

coloured to indicate DTU SOM cluster membership as per Figure 4.9. Average TPM for all replicates for all non-DETs is plotted in grey; ribbon 

shows standard deviation. On the right is a visualisation of transcript models for 1) the Ensembl reference annotation transcripts (dark red) for 

ENSSSAG00000001684, 2) DETs for G26082, coloured according to SOM cluster membership, 3) the non-DETs for gene G26082, and 4) 

promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, while the canonical 

transcript is indicated by an asterisk. 
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Figure 4.13: Visualisation of DETs (left) with matched transcript structures (right) for gene G29398 – rpl3l…(Legend continued on next page) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G29398 – rpl3l. G29398 is the ohnologue pair 

of G26082 displayed in Figure 4.12 (collinear blocks 3q-6p; Lien et al., 2016) 

Lineplots on left show TPMs (n=3) for all DETs over the 6 stages of development; late blastulation (LB), mid gastrulation (MG), early 

somitogenesis (ES), mid somitogenesis (MS), late somitogenesis (LS) and late-eyed (LE). Error bars are standard deviation and DETs are 

coloured to indicate DTU SOM cluster membership as per Figure 4.9. Average TPM for all replicates for all non-DETs is plotted in grey; ribbon 

shows standard deviation. Inlayed in the box is the TPM plot for G26082, the ohnologue of G29398, extracted from Figure 4.12. On the right is 

a visualisation of transcript models for 1) the Ensembl reference annotation transcripts (dark red) for ENSSSAG00000008448, 2) DETs for 

G29398, coloured according to SOM cluster membership, 3) the non-DETs for gene G29398, and 4) promoter regions from the Ssal_v3.1 

regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, while the canonical transcript is indicated by an asterisk. 
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Figure 4.14: Visualisation of DETs (left) with matched transcript structures (right) for gene G31138 – slc25a3 …(Legend continued overleaf) 
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(Legend continued) Visualisation of DETs (left) with matched transcript structures (right) for gene G31138 – slc25a3b.  

Lineplots on left show TPMs (n=3) for all DETs over the 6 stages of development; late blastulation (LB), mid gastrulation (MG), early 

somitogenesis (ES), mid somitogenesis (MS), late somitogenesis (LS) and late-eyed (LE). Error bars are standard deviation and DETs are 

coloured to indicate DTU SOM cluster membership as per Figure 4.9. Average TPM for all replicates for all non-DETs is plotted in grey; ribbon 

shows standard deviation. On the right is a visualisation of transcript models for 1) the Ensembl reference annotation transcripts (dark red) for 

ENSSSAG00000055931, 2) DETs for G31138, coloured according to SOM cluster membership, 3) the non-DETs for gene G31138, and 4) 

promoter regions from the Ssal_v3.1 regulatory build (bright red). UTRs for Ensembl transcripts are displayed in white, while the canonical 

transcript is indicated by an asterisk. 



 

184 
  

Chapter 5: Characterisation of Mono-Exonic Transcript 

Models in the Atlantic Salmon Genome 

Summary  

A high prevalence of novel mono-exonic transcript models was observed in 

the Atlantic salmon long-read transcriptome generated in Chapter 2. Often 

considered transcriptional noise or sequencing artifacts, mono-exonic 

transcripts are commonly excluded from transcriptomic analysis. However, 

recent long-read RNA-seq studies have captured mono-exonic transcripts 

with greater fidelity and highlighted their potential biological relevance in 

eukaryotes. In this chapter, I characterise 15,072 mono-exonic transcripts 

described in Chapter 2, most of which were not annotated by Ensembl. 

Approximately a third have putative protein-coding potential and some may 

represent enhancer RNAs. Additionally, a novel family of highly repetitive, 

expressed retrogene elements was discovered.  

5.1 Introduction 

Historically, most transcriptome research has focussed on protein-coding 

mRNAs produced by alternative splicing of multi-exonic RNA. However, 

many classes of RNA lack coding potential and instead have potential 

regulatory functions, including long non-coding RNA (lncRNA), microRNA 

(miRNA), and circular RNAs (Wang et al., 2011; Lu & Rothenberg, 2018; 

Nemeth et al., 2024), among diverse others. Such discoveries raise many 

questions on the function of non-coding regions, which make up the majority 

of eukaryotic genomes (Mattick, 2001; Alexander et al., 2010). Mono-exonic 

transcripts, unlike typical mRNAs, lack introns and are often produced by 

genes solely producing mono-exonic transcripts (Aviña-Padilla et al., 2021). 

They are captured in small numbers by short-read RNA-seq and often 

considered transcriptional noise or artifacts; thus, they are often filtered from 

short-read datasets (e.g. Pertea et al., 2018; Torre et al., 2023).  

Recent studies employing long-read RNA-seq have revealed extensive 

unannotated mono-exonic transcript diversity with potential impacts on gene 

expression and regulation (Kuo et al., 2020). Using PacBio RNA-seq, Kuo et 
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al. (2020) identified over 2,000 novel mono-exonic lncRNAs in humans, 

whilst approximately 9,000 non-coding mono-exonic genes were identified in 

Arabidopsis thaliana (Zhang et al., 2022). Nanopore RNA-seq identified 

22,934 mono-exonic transcripts in Hereford cattle, Bos taurus, predominantly 

expressed in brain, with just 5% having putative coding potential (Halstead et 

al., 2021). PacBio sequencing in chicken captured 14,831 non-coding and 

5,533 coding mono-exonic transcripts (Kuo et al., 2017). These studies 

suggest that mono-exonic transcripts are widespread, suggesting their 

biological relevance, and are readily captured by long-read RNA-seq. 

Despite this, many long-read RNA-seq studies retain the practice of filtering 

them as transcriptional noise (Su et al., 2024). 

Similar to other long-read RNA-seq studies, I identified 15,072 mono-exonic 

transcripts in my Atlantic salmon transcriptome (Chapter 2). In this chapter, 

after comparing them with mono-exonic transcripts annotated by Ensembl, I 

investigated their genomic and functional properties and established their 

association with repetitive regions and active regulatory elements, to better 

understand the potential biological importance and evolutionary history of 

these enigmatic transcripts. 

5.2 Materials and Methods 

5.2.1 Extraction of Mono-Exonic Transcripts  

Part of the classification output file generated by SQANTI3 (reported in 

Chapter 2) (Tardaguila et al, 2018; Pardo-Palacios et al., 2024) assigned a 

tag to each transcript model indicating whether it was multi-exonic or mono-

exonic. A custom “awk” script was used to subset the mono-exonic transcript 

models from the long-read transcriptome assembly .bed file based on this 

tag. Then, sequences of all mono-exonic transcripts were extracted by first 

converting the subsetted .bed file to .gtf format with the TAMA GO format 

converter (Kuo et al., 2020) and then extracting the sequences from the 

Atlantic salmon Ensembl annotation (Ssal_v3.1) based on genomic 

coordinates with the “getfasta” function from the BEDtools suite v2.30.0 

(Quinlan & Hall, 2010). 



 

186 
  

In Chapter 2, the TAMA suite was used to create a file detailing the number 

of reads supporting each transcript model in the long-read transcriptome. 

This was subsetted based on the transcript model ID to form a read-support 

file for the mono-exonic subset. Finally, transcript model lengths were 

imported into RStudio (R4.3.3) by extracting column 11 of the mono-exonic 

.bed file. A histogram of mono-exonic transcript lengths was generated with 

ggplot2 v3.5.0 (Wickham, 2016). 

5.2.2 Clustering Mono-Exonic Subset 

All mono-exonic transcript sequences were processed using CD-HIT v4.8.1 

(Li & Godzik, 2006; Fu et al., 2012) with options “-c 0.95 -n 10 -d 0 -

M 16000 -T 2” to cluster them into groups based on similarity. A sequence 

identity threshold of 95% (-c 0.95) was used. Sequence identity is 

calculated by totalling the number of identical nucleotides and dividing them 

by the length of the shortest sequence in the comparison. For CD-HIT 

clusters containing >10 members, I extracted chromosome coordinates from 

the transcriptome annotation files using a custom “awk” script.  

5.2.3 Overlap with Ensembl Reference Mono-Exonic Models 

To compare mono-exonic transcript models from the long-read transcriptome 

with those annotated by Ensembl, I first extracted the reference models 

using a custom bash script and then converted the reference subset to .bed 

format with the “gtf2bed” function in the BEDOPS suite v2.4.41 (Neph et 

al., 2012). BEDtools “intersect” was used to run a reciprocal overlap 

between the long-read and Ensembl reference mono-exonic models with 

these options: “-wo -f 0.7 -r -a”. The “-f” option sets how much of 

the query model needs to overlap the reference model to be considered a 

true overlap (as a decimal percentage), whilst the “-r” option denotes this 

overlap needs to be reciprocal (two way), i.e. in this case, 70% of the length 

of the long-read transcript model needs to overlap the reference model AND 

70% of the reference model needs to overlap the long-read query model. 

Reciprocal overlaps of 50%, 20%, 10%, and any overlap (1bp) were also 

tested for comparison. 
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5.2.4 Predicting Protein-Coding Function 

TransDecoder v5.7.1 (Haas, 2023) was used to check the mono-exonic 

models for protein-coding potential. First, open-reading frames (ORFs) were 

predicted from the mono-exonic sequences using 

“TransDecoder.LongOrfs” with a minimum peptide length cut-off of 80 

amino acids (aa). TransDecoder categorises ORFs into 4 subcategories; 

“complete” if ORFs contains both a start and stop codon, “5’ partial” if no 

start codon is detected but ORFs contains a stop codon, “3’ partial” if a start 

codon is present but no stop codon is identified, and “incomplete” if the 

predicted ORFs lacks both start and stop codons. The number of ORFs 

belonging to each subcategory was imported into RStudio and plotted as a 

barchart with ggplot2. 

Secondly, all predicted ORFs were tested for homology to known proteins in 

the combined database of proteins extracted from the Atlantic salmon, 

rainbow trout, zebrafish, mouse and human UniProt annotations generated in 

Chapter 3, section 3.2.4 using DIAMOND v2.1.9 (Buchfink et al., 2021). The 

options “--evalue 1e-5 --max-target-seqs 1” were used to retain 

only the top hit for each mono-exonic model. Finally, 

“TransDecoder.Predict” with options “--single_best_only” was 

used to filter hits down to the single best match per mono-exonic transcript 

model.  

I finally extracted and counted the length of aa sequences from both the 

Ensembl reference and my long-read transcriptome mono-exonic models. 

This data was imported into RStudio and a histogram plotted with ggplot2 for 

comparison.  

5.2.5 Overlapping Repeat Genomic Regions 

Mono-exonic transcript models were overlapped with repeat regions masked 

by Ensembl in the Ssal_v3.1 reference genome to determine if any were 

repetitive elements. I generated a .bed file including coordinates of the 

masked regions using a custom “awk” script. A one-way BEDtools intersect 

was used to overlap mono-exonic transcripts and masked regions with 
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option: “-wo”, outputting the length of each mono-exonic model overlapping 

a repeat region. The output intersect .bed file was imported to RStudio.  

There were multiple instances of masked repeats existing in close proximity 

to other repeat regions with few bases separating them. In some cases, 

mono-exonic transcript models spanned these gaps, creating intersections 

spanning consecutive repeat regions. In these instances, I summed the 

lengths of all individual intersections for each transcript ID in R and then 

calculated the percentage overlap of the total transcript model length. The 

percentage overlap was then plotted in a barplot with ggplot2.  

5.2.6 Overlapping with Known Enhancer Regions 

The AQUA-FAANG project produced a comprehensive list of putative 

enhancer regions in the Atlantic salmon genome, made publicly available 

through the Ensembl Ssal_v3.1 regulatory build (Johnston et al. 2024). 

Enhancer RNAs (eRNA) are non-coding RNAs transcribed from enhancer 

regions, with hotly debated functional relevance (Natoli & Andrau, 2012). To 

identify candidate eRNAs among my dataset, I overlapped the mono-exonic 

transcripts with the Ensembl predicted enhancers. First, I downloaded the 

regulatory build from Ensembl and converted it to .bed format with the 

“gff2bed” function in the BEDOPS suite v2.4.41 (Neph et al., 2012). I then 

specifically extracted enhancer coordinates with a custom “awk” script and 

used BEDtools intersect, employing a non-reciprocal overlap of 50% to 

identify mono-exonic model showing ≥50% overlaps with these regions. 

Finally, bed files of mono-exonic models overlapping Ensembl enhancers 

were imported into RStudio, alongside a gff3 file containing the Ensembl 

regulatory build, and structures plotted using ggtranscript v0.99.9 

(Gustavsson et al., 2022).  

5.2.7 Identification of Retrogenes 

Retrogenes originate from the re-insertion of retrotransposed mature mRNAs 

into the genome (Kaessmann et al., 2009). The result is a mono-exonic copy 

of an existing gene at a different locus (Figure 5.1). Retrogenes initially 

possess a genomic polyA signature immediately following their transcription 
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termination site (TTS; Casola & Betrán, 2017). To search for expressed 

retrogenes in the mono-exonic transcripts, these sequences were aligned to 

the Ensembl transcriptome annotation using the “blastn” function within the 

BLAST+ suite v2.15.0 (Camacho et al., 2009), applying a percentage identity 

filter ≥95% (“-perc_identity 95”) to retain only transcripts with highly 

similar sequences. BLAST results were further filtered to only retain mono-

exonic transcript queries and Ensembl transcripts showing reciprocal 

coverage ≥95% of their respective lengths. The rationale is that recently 

inserted retrogenes should initially comprise the full length of their expressed 

parent transcript. A further step was conducted to remove hits associated 

with a known gene in the Ensembl transcriptome, which presumably 

represent novel transcripts from existing genes, rather than retrogenes, 

which should have distinct coordinates in the genome.  

One of the outputs of the SQANTI3 classification file generated in Chapter 2 

is a 20bp sequence following the TTS. To determine how many of the mono-

exonic transcripts showed evidence of a (genomic) polyA tail, I used a 

custom bash script to extract the first 12bp downstream of the TTS from the 

SQANTI3 classification. Mono-exonic models where ≥10bp of their post-TTS 

genomic sequence represented a string of either A or T bases were 

considered to show evidence of a genomic polyA tail.  

Following filtering, the remaining mono-exonic models were sorted into two 

retrogene families, each containing all the mono-exonic transcripts 

associated with a set of paralogous parent genes. Then, for each retrogene 

family, Ensembl IDs of putative parent transcripts and their genes of origin 

for the filtered mono-exonic models containing a genomic polyA tail (i.e. 

candidate Atlantic salmon retrogenes) were extracted from the BLAST 

results. BioMart (Smedley et al., 2009) was then used (Ensembl release 112) 

to extract cDNA sequences for all Atlantic salmon transcripts derived from 

candidate parent genes and their paralogues predicted by Compara (Herrero 

et al. 2016). BioMart was further used to extract cDNA sequences for all 

brown trout (Salmo trutta) Compara-predicted orthologues for the candidate 

parent genes and their paralogues. Sequences for the Atlantic salmon mono-

exonic models, their parent genes and predicted paralogues, and their 
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predicted orthologues from brown trout, were aligned using MAFFT version 7 

(Katoh et al., 2019) with command “mafft --thread 8 --threadtb 5 

--threadit 0 --reorder --adjustdirection --auto input > 

output”. The resultant alignment was trimmed to retain only blocks of 

conserved alignment between the mono-exonic transcript sequences and the 

other aligned sequences. The alignment was submitted to IQTREE (Nguyen 

et al. 2015; Trifinopoulos et al., 2016) to generate a maximum-likelihood 

phylogenetic tree using the best-fitting substitution model estimated by 

ModelFinder (Kalyaanamoorthy et al. 2017). Branch support was determined 

using the ultrafast bootstrap algorithm (Minh et al., 2013). The phylogenetic 

tree in Newick format was imported into FigTree v1.4.3 (Rambaut, 2016: 

http://tree.bio.ed.ac.uk/software/figtree/) for viewing and annotation. 

5.3 Results  

The 15,092 mono-exonic transcript models derived from 11,601 unique 

genes and had a mean length of 1,350bp and N50 of 2,319bp (Figure 5.2). 

Many derived from genes that produced multi-exonic transcripts (see Figure 

5.3). Specifically, 5,828 genes produced only mono-exonic transcripts and of 

these, 5,151 produced a single transcript for a total of 6,722 transcripts. 

Thus, just over half of the mono-exonic transcript models derived from genes 

that also produced multi-exonic transcripts (55%; 8,350/15,072).  

11,586 mono-exonic models (derived from 11,127 unique genes) are 

currently annotated by Ensembl. 10,589 (95%) of these genes only produce 

mono-exonic transcripts. Comparing my long-read mono-exonic transcripts 

with the Ensembl set revealed that 505 overlapped with ≥50% reciprocal 

overlap, whilst 1,681 showed any overlap (min. 1bp). Therefore, much of the 

mono-exonic transcripts captured by Nanopore long-read RNA-seq is 

currently unannotated.  

5.3.1 Coding Potential of Mono-Exonic Transcripts 

Approximately 35% of the mono-exonic transcript models (5,349/15,072) 

contained an ORF sequence ≥80aa, indicative of protein-coding function 

(Figure 5.4). Of these, 68.5% were deemed complete ORFs containing both 

a start and stop codon. The next most common category was 5’ partial. 

http://tree.bio.ed.ac.uk/software/figtree/
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Around 16% (1,845/11,586) of the Ensembl mono-exonic transcripts are 

classified as coding. However, only 286 of the 5,349 protein-coding mono-

exonic models in my transcriptome overlapped the Ensembl set.  

Predicted amino acid sequences from the long-read mono-exonic models 

displayed a similar length distribution to the Ensembl set (Figure 5.5). Of 

note, 78 of the Ensembl predicted proteins were smaller than 80aa in length, 

the cut-off I deployed for the long-read mono-exonic ORFs. 

5.3.2 Clustering of Mono-Exonic Models 

CD-HIT clustered the long-read mono-exonic transcript models into 11,298 

unique clusters with members sharing >95% similarity. Only 36 clusters had 

≥10 members, representing 986 mono-exonic transcript models, indicating 

that much of the captured mono-exonic transcript repertoire represents 

unique sequence (Figure 5.6).  

Determining the genomic coordinates for transcripts in the 36 clusters 

revealed some interesting patterns. In several cases, e.g. CD-HIT cluster 29, 

all members were mono-exonic transcripts originating from the same gene. 

At the other end of the spectrum, CD-HIT cluster 157 contained 60 transcript 

models derived from 50 loci spanning 31 chromosomes and unplaced 

scaffolds (Table 5.1).  

5.3.3 Mono-Exonic Transcripts Overlap Repetitive Genomic Regions 

3,814 of the 15,092 total mono-exonic transcripts had at least 50% of their 

length overlapping a repeat region in the Atlantic salmon genome (Figure 

5.7). 814 had their entire length contained within a repeat region. 264 

transcripts showing 90% or greater overlap with repeat regions were found 

within the 26 CD-HIT clusters containing 10 or more members, consistent 

with them representing distinct groups of expressed repeats sharing high 

similarity.  

5.3.4 Identification of Candidate eRNAs 

164,105 putative enhancer regions are annotated in the Ensembl regulatory 

build. 696 mono-exonic transcripts overlapped at least 50% of the length of 
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an enhancer region. 128 models showed reciprocal overlap ≥50% with an 

enhancer and are strong candidates to represent eRNAs.  

For example, gene G971 produces 4 mono-exonic transcripts of this type 

(Figure 5.8), all showing support from reads deriving solely from embryo 

samples. G971.1 is highly supported by 54 reads whilst G971.18, G971.21 

and G971.55 are supported by 4 to 6 reads each. Another highly supported 

mono-exonic eRNA is transcript G3837.1, with 66 reads supporting it from 

both embryo and head kidney datasets (Figure 5.9). Most of the 128 

candidate eRNA mono-exonic transcripts were well-supported, with 109 

(85%) and 63 (49%) having read support of ≥5 and 10, respectively. High 

read support was also observed for the 696 non-reciprocally overlapped 

mono-exonic transcripts with 553 (79%) and 332 (48%) having read support 

of ≥5 and 10, respectively.  

5.3.5 Salmonid-Specific Retrogene Family Identified in Mono-Exonic 

Transcripts 

37 mono-exonic transcript models showed BLASTn hits with ≥95% identity 

and ≥95% coverage against multi-exonic Ensembl reference transcripts and 

were found in different genomic locations. 28 out of 37 possessed a putative 

polyA tail (e.g. Figure 5.10) indicative of a retrogene, all derived from CD-HIT 

cluster 157 (Table 5.1). These 28 transcripts had BLAST hits against 4 

unique Ensembl transcripts, each derived from a unique gene 

(ENSSSAT00000105940 from ENSSSAG00000104719 (16 hits); 

ENSSSAT00000022212 from ENSSSAG00000010098 (1 hit); 

ENSSSAT00000098881 from ENSSSAG00000086375 (1 hit); 

ENSSSAT00000174305 from ENSSSAG00000089398 (11 hits).  

These candidate retrogene parent genes are closely related paralogues 

according to Ensembl Compara, both with each other, in addition to other 

genes, comprising a family of 27 unique Ensembl genes. Furthermore, these 

genes were predicted by Ensembl to be orthologous to a gene family with 16 

members in the brown trout genome, each with a single mono-exonic 

transcript. A single orthologous Ensembl gene exists in the rainbow trout 
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genome, with no other predicted paralogues, consistent with a retrogene 

family expansion specific to Salmo.  

A maximum likelihood phylogenetic analysis was used to investigate the 

evolution of the 28 mono-exonic transcripts representing candidate 

retrogenes. This was done in a framework containing the homologous gene 

families annotated in the Ensembl Atlantic salmon and brown trout genomes. 

Most of the 28 sequences branched closely to each other, in a polytomy 

excluding most other Atlantic salmon and all brown trout sequences, implying 

they arose very recently (Figure 5.11). In addition, most of the brown trout 

orthologues form a monophyletic group, which supports that the expansion of 

this gene family was largely species-specific. However, two brown trout 

orthologues branch with Atlantic salmon sequences, suggesting distinct 

retrogene expansions have occurred from genes present in the common 

ancestor of Salmo. 

Finally, these 28 retrogenes were expressed from 21 unique genomic 

locations. 27 completely overlap masked regions, whilst G33119.1 overlaps 

a repeat region with 98% of its length. Overall, the data indicates long-read-

RNA-seq has captured a highly expressed repetitive element widely 

distributed throughout the Atlantic salmon genome. 

5.4 Discussion 

Mono-exonic transcripts are an underexplored feature of transcriptomes 

gaining recognition for their potential roles in gene expression and regulation. 

Captured with greater frequency by long-read RNA-seq, this chapter 

supports and expands on work conducted in other species (Kuo et al., 2017; 

Kuo et al, 2020; Halstead et al., 2021) utilising a variety of approaches to 

elucidate mono-exonic transcript characteristics.  

5.4.1 Identification of Retrogene Families 

Retrogenes were historically thought to be non-functional copies of other 

similar genes. However, an increasing body of research has recognised the 

potential roles of retrocopies for regulating gene expression (Kubiak & 

Makałowska, 2017; Cheetham et al., 2020; Ciomborowska-Basheer et al., 
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2021; Elbarbary et al., 2016). Retrogenes are often pseudogenised 

(Salmena, 2021), but in some instances they remain active and elicit novel 

protein functions, called neofunctionalisation (Kubiak & Makałowska, 2017). 

In some cases where retrogenes retain activity, protein-coding function is lost 

and instead these genes may assume regulatory roles; for example, lncRNA 

deriving from retrogenes can bind to mRNA of the parent gene to inhibit 

translation (Bryzghalov et al., 2016) whilst sense retrogenes can form 

truncated coding sequences that are translated into proteins with biological 

activity (Dennis et al., 2012). 

Retrotransposition was first observed in salmonids in the 1980s (Matsumoto 

et al., 1986) and a diverse repertoire of retrotransposons have been 

characterised since (Matveev & Okada, 2009). However, little research has 

been conducted on salmonid retrogenes in the post-genomic era. A 

significant discovery in this chapter was the identification of mono-exonic 

retrogene families including a common repeat element expressed in 21 

different loci throughout the genome. This demonstrates the ability of my 

long-read RNA-seq approach for identifying retrogene diversity in complex 

genomic regions. Improved annotation of retrogene elements in Atlantic 

salmon is a first step towards understanding their potential functional roles in 

salmonids. 

5.4.2 Mono-Exonic Transcripts Derived from Multi-Exonic Genes 

5.7% of the long-read transcriptome consists of mono-exonic transcripts 

compared with 6.2% in the Ensembl reference. Despite this high-level 

similarity, ~55% of the long-read mono-exonic transcripts originated from 

genes that also produce multi-exonic transcripts, which was ten-fold less 

common in the Ensembl annotation. It seems that these mono-exonic 

transcripts originating from multi-exonic genes also explained the two-fold 

higher proportion of predicted coding mono-exonic transcripts in the long-

read annotation. A recent short-read RNA-seq study found limited evidence 

for protein-coding mono-exonic transcripts derived from multi-exonic genes 

(Aviña-Padilla et al., 2021). This can be attributed to challenges resolving 

exon-chaining and intron-retention events using short-read data (Dong et al., 
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2021). Recent long-read RNA-seq studies also support my observations, 

though the majority of mono-exonic transcripts have previously been 

annotated as non-coding (Kuo et al., 2020; Zhang et al., 2022). In fact, it is 

difficult to find information about mono-exonic transcripts deriving from multi-

exonic genes in the literature. Protein-coding mono-exonic transcripts were 

identified in Bos taurus with high prevalence in brain tissue (Halstead et al., 

2021), whereas maternal genes captured in advance of zygotic genome 

activation in Drosophila embryos either contained intronic regions or were 

purely mono-exonic (Riemondy et al., 2023). This chapter highlights that 

many mono-exonic transcripts transcribed from multi-exonic genes retain 

protein-coding potential, with more work needed to identify and elucidate 

their functions.  

5.4.3 Long-Read RNA-Seq Resolves Expression of Repetitive Loci 

Long-read RNA-seq is effective at resolving stretches of repetitive genomic 

DNA during genome assembly (Kono & Arakawa, 2019) and, at the 

transcriptional level, can distinguish between highly-similar repetitive RNA 

molecules (Reggiardo et al., 2023). In this chapter, I successfully identified 

many mono-exonic transcripts overlapping repeat regions. It is often 

postulated that expressed repetitive elements constitute transcriptional noise 

or so-called ‘junk’ RNA (discussed in Lee et al., 2019). Indeed, it is possible 

that many of the long-read mono-exonic transcripts lack function and fit such 

definitions. Currently, more investigation is required to fully understand the 

repetitive transcripts in all species, not just salmonids. Given that the Atlantic 

salmon genome has one of the highest levels of repeat content in eukaryotes 

(Lien et al., 2016), the ability of long-read RNA-seq to better resolve RNA 

expression from repetitive stretches of the genome will allow improved 

characterisation of expressed repetitive RNAs in salmonids.  

5.4.4. Enhancer RNA Expression   

They study of eRNAs is an emerging field within transcriptomics, broadly 

implicated in human disease (Ren et al., 2017). Expression of eRNAs is 

correlated with the induction of mRNA transcription of neighbouring genes 

(Arner et al., 2015; Andersson et al., 2014) and overexpression of eRNA 
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leads to an increase in expression of its target gene (Jiao et al., 2018). In 

addition, eRNAs can influence enhancer function, which in turn affects the 

expression of enhancer target genes (Ntini & Marsico, 2019). However, it is 

yet unknown if these regulatory effects are common to all eRNAs and 

consequently there is a focus on identifying which eRNAs have impact, and 

to what extent, on mRNA expression (Arnold et al., 2020). My long-read 

method was able to identify candidate eRNAs in the Atlantic salmon genome. 

Twinned with other functional genomic tools aimed at describing regulatory 

elements including ChIP-seq, this method, with sufficient sequencing depth 

and sample representation, has potential to improve understanding of full-

length eRNA structures and potentially lead to better understanding of the 

mechanisms by which cis-regulatory elements drive gene expression 

(Panigrahi & O’Malley, 2021). 

5.4.5 Potential for DNA Contamination 

Mono-exonic transcript models are often considered transcriptional noise or 

artifacts and subsequently filtered from RNA-seq datasets (Torre et al., 

2023). In this chapter, I have described a potential myriad of characteristics 

and potential functions of mono-exonic transcripts including enhancer RNA 

and retrogenes. However, some additional factors should be taken into 

account when interpreting these results. Firstly, there is a possibility that the 

mono-exonic transcript set may include signatures derived from genomic 

DNA contamination as no DNase treatment was used during RNA extraction 

from the embryo samples. Whilst polyA selection was used to capture the 

mRNA and would in theory reduce genomic DNA prevalence, it is possible 

that poly(dT) priming to genomic runs of polyA could still occur (Li et al., 

2015) thereby producing apparently mono-exonic transcript models. It is 

possible that these artifacts could be filtered out of the dataset in future 

analyses by examining the genome sequence downstream of the TTS, 

however, applying a strict filter on this feature this may lead to the reduction 

in capture of elements of interest like retrogenes. Taking this into account, 

we might expect genomic contamination to be of greater length than true 

mono-exonic transcripts. However, comparing the mean lengths of the 

15,072 mono-exonic transcripts with the multi-exonic transcript models 
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reveals that the mono-exonic transcript are substantially shorter than the 

multi-exonic models (1,349.76bp vs 2,298.95bp), providing minimal evidence 

for genomic DNA contamination. To mediate for genomic DNA 

contamination, DNase treatment could have been applied to the embryo 

samples during RNA extraction to eliminate possible DNA contamination 

Finally, due to the possibility of genomic DNA contamination, it is possible 

that a portion of the identified retrogenes may not be truly transcribed and 

are instead artifacts captured through intra-polyA priming. Retrogene 

insertion occurs randomly (Kaessmann et al., 2009) and thus the retrogene 

may not be inserted into a region downstream of a promoter. Transcription of 

genes without associated promoters is rare, which makes an expressed 

retrogene an even rarer occurrence.  

5.4.6. Concluding Thoughts 

In this chapter, I successfully investigated the origin and characteristics of 

mono-exonic transcripts, an often-overlooked component of the 

transcriptome that remains poorly understood in salmonids. The description 

of 15,072 mono-exonic transcripts, most unannotated by Ensembl, offers a 

significant advance to functional annotation of the Atlantic salmon genome. 

Additionally, the methods developed in this study provide useful resources 

for further research into mono-exonic transcripts.  
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Figure 5.1: Retrogene formation process. Genes are transcribed into mRNAs which 

are usually translated into proteins. A retrogene is formed when a mature mRNA is 

reverse-transcribed and re-inserted into the genome in a new locus forming a mono-

exonic copy of the original multi-exonic gene with a stretch of genomic polyA at the 

3’ end. Created with BioRender.com, adapted from Oshima (2013). 
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Figure 5.2: Histogram showing length distribution of the 15,072 mono-exonic 

transcript models defined in my long-read transcriptome. 
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Figure 5.3: Schematic showing the difference between mono-exonic transcript 

models originating from (A) genes that produce multi-exonic and mono-exonic 

transcript variants, versus (B) genes that solely encode mono-exonic transcripts. 

Created with BioRender.com. 
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Figure 5.4: Number of mono-exonic transcripts with ORFs categorised by 

TransDecoder; “Complete” = start and stop codon present, “5’ partial” = missing 

start codon  ut contains a stop codon, “3’ partial” = contains a start codon  ut no 

stop codon, and “Internal” = contains  oth a start and stop codon but the ORF is 

contained within a longer sequence which could potentially encode a longer protein. 

Inset table shows exact numbers of each category. 
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Figure 5.5: Lengths of the predicted peptides extracted from the long-read mono-

exonic ORFs versus the peptide sequences predicted by Ensembl in the Ssal_v3.1 

annotation. 
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Figure 5.6: Barplot showing the number of mono-exonic transcript models assigned 

to CD-HIT clusters based on nucleotide sequence similarity >95%. Numbers above 

the bars indicate how many clusters are in each bin. 
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Table 5.1: Details of CD-HIT clusters containing 10 or more mono-exonic transcripts 

from the long-read transcriptome 

CD-HIT 
Cluster ID 

# Transcripts in 
Cluster 

# Unique Genes 
in Cluster 

Number of 
Chromosomes/Scaffolds 

0 12 12 11 

1 16 16 15 

10 38 10 9 

11 12 8 8 

19 13 2 2 

29 20 1 1 

30 20 3 3 

33 17 1 1 

35 28 6 6 

38 15 2 2 

57 21 3 3 

64 14 3 1 

87 122 25 15 

105 85 36 17 

126 173 37 19 

157 60 50 31 

256 10 6 5 

266 10 2 1 

297 18 17 17 

593 77 7 1 

608 11 1 1 

670 13 5 1 

685 12 12 11 

754 10 5 1 

924 11 4 2 

1210 10 7 6 

1353 16 2 1 

2287 11 2 2 

3133 24 23 18 

4328 13 3 2 

5178 16 4 1 

5793 12 2 1 

6723 10 9 8 

7388 11 2 2 

8005 13 10 7 

10123 12 5 1 
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Figure 5.7: Proportion of the length of mono-exonic transcript sequences 

overlapping repeat regions in the Ensembl annotation of the Ssal_v3.1 assembly.  
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Figure 5.8: Overlap of mono-exonic transcripts G971.1, G971.18, G971.21 and G971.55 with annotated enhancers in the Atlantic salmon 

Ensembl regulatory build (Ensembl version 112)…(Legend continued on next page).  

Regulatory Elements

55.971G

21.971G

18.971G

1.971G

00000221519ENSSSAT

00000016 7 ENSSSAT

Enhancer
Ensembl Transcript   CDS
Ensembl Transcript   UTR
Mono Exonic Transcript
Open Chromatin
Promoter

> 

> 

> 

> 

54 

5 

6 

4 



 

 
  

2
0
7
 

(Legend continued) Overlap of mono-exonic transcripts G971.1, G971.18, G971. 21 and G971.55 with annotated enhancers in the Atlantic 

salmon Ensembl regulatory build (Ensembl version 112). The surrounding area is shown to illustrate where the mono-exonic-enhancer overlap 

occurs in relation to other nearby features. The Ensembl gene shown is cilk1 (ENSSSAG00000007519). Regulatory element IDs are; promoter 

= ENSSSAR00000375493, open chromatin region = ENSSSAR00000375494, and enhancer = ENSSSAR00000375495. Region depicted is 

chr1:79,224,600-79,242,700. Arrows depict either forward or reverse strand where introns not marked. Numbers above the mono-exonic model 

show its read support. 
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Figure 5.9: Overlap of mono-exonic transcript G3837.1 with annotated enhancers in the Atlantic salmon Ensembl regulatory build (Ensembl 

version 112)…(Legend continued on next page).   
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(Legend continued) Overlap of mono-exonic transcript G3837.1 with annotated enhancers in the Atlantic salmon Ensembl regulatory build 

(Ensembl version 112). The surrounding area is shown to illustrate where the mono-exonic-enhancer overlap occurs in relation with other 

nearby features. Ensembl genes shown are ENSSSAG00000029006 (reverse strand) and nrn1lb (ENSSSAG00000118447; forward strand). 

The regulatory elements IDs are as follows; enhancers a) ENSSSAR00000517371, b) ENSSSAR00000517372, and open chromatin regions c) 

ENSSSAR00000517373, d) ENSSSAR00000517374, e) ENSSSAR00000517375. Region depicted is chr11: 21,083,000-21,115,800. Arrows 

depict either forward or reverse strand where introns not marked. Numbers above the mono-exonic model show its read support 

.
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Figure 5.10: Diagram showing polyA motif located at TTS of predicted mono-exonic 

retrogene G12161.1. Sequence shown accurate to is G12161.1 showing 11/12 

bases post-TSS to be As. Created with BioRender.com. 
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Figure 5.11: Maximum-likelihood phylogenetic tree showing long-read RNA-seq 

mono-exonic retrogene candidates (green), the transcripts of the Ensembl genes 

they hit against using BLAST (red), predicted paralogues of the reference BLAST 

hits (black) and predicted brown trout orthologues of the Atlantic salmon reference 

family (purple). Tree is midpoint rooted and branch support is annotated in italics for 

key nodes.  
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Chapter 6: General Discussion 

6.1 Main Findings 

This Thesis reports the first ONT-based transcriptome assembly for Atlantic 

salmon and develops techniques for conducting transcript-level expression 

analysis with long-read RNA-seq data. As such, my work represents a 

significant advancement in salmonid and non-model fish genomics, where 

the power of long-read RNA-seq for resolving gene and transcript expression 

dynamics for species with complex genomes is increasingly recognised.  

In Chapter 2, I present a long-read transcriptome assembled using data from 

two distinct experiments; an embryonic development timecourse, and an 

immunostimulation study. The ONT transcriptome captured significant novel 

transcript diversity originating from both previously annotated and novel 

genes, highlighting the value of long-read RNA-seq for genome functional 

annotation in salmonids.  

Using this long-read transcriptome, Chapter 3 describes the development of 

methods for DTE analysis, done using established short-read bioinformatic 

tools to examine transcript expression regulation in response to viral and 

bacterial immunostimulation. DTE remains an underexplored approach for 

long-read RNA-seq due to historic limitations in sequencing accuracy, 

throughput and the high costs of early TGS platforms (Van Dijk et al., 2018; 

Stark et al., 2019). However, by leveraging recent improvements in ONT 

RNA-seq per-base accuracy and throughput, I successfully captured the 

dynamics of alternative transcript expression during Atlantic salmon innate 

immune responses. Simply focussing on whole gene level expression 

overlooks potentially important changes in transcript usage, which are 

considered important to immune responses (Ergun et al., 2012; Liu et al., 

2022b). Chapter 3 builds knowledge of the transcriptome underlying innate 

immunity in salmonids, contributing to the body of research dedicated to 

improving fish health in aquaculture settings. 

Chapter 4 reports the use of SOM clustering to resolve transcript expression 

dynamics across embryonic development - from blastula to the eyed stage, 
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capturing many key transitions, including ZGA, gastrulation, segmentation 

and tissue patterning. The SOM approach deployed builds on past work in 

Atlantic salmon (Perojil-Morata, 2024) and zebrafish (Baranasic et al., 2022; 

White et al., 2017a) performed using bulk RNA-seq and other short-read 

‘omics data. With SOM clustering I was able to identify within-gene 

alternative transcript usage at different stages of development. For some 

genes, this indicated distinct transcript usage between maternally-derived 

mRNA and mRNAs transcribed by the embryo after ZGA. Focussing on 

salmonids, the SOM clustering approach employed in Chapter 4 provides a 

versatile method for studying embryogenesis, an important stage of 

ontogeny which forms the basis for adult traits essential to aquaculture 

production. The data reported in Chapter 4 provides a foundation for further 

investigations into both transcriptional regulation of development and the 

transcriptomic basis for developing traits in salmonid embryos. SOM (or 

other clustering methods) can further be readily adapted for long-read RNA-

seq studies aiming to identify alternative transcript usage in complex 

datasets, including timecourses and other multifactorial experimental 

designs.  

Chapter 5 explores the prevalence of mono-exonic transcripts, a class of 

RNA commonly discarded from RNA-seq analysis (Su et al., 2024). Previous 

studies have identified mono-exonic transcripts as largely representing non-

coding RNAs, including lncRNAs and eRNAs (Laurent et al., 2015; Kubiak & 

Makałowska, 2017). Results from Chapter 5, including identification of a 

novel retrogene family and potential eRNAs, add to our knowledge of the 

expressed mono-exonic transcript repertoire in Atlantic salmon, forming a 

basis for further investigations into the role of these molecules in gene 

regulation in a variety of settings.  

6.2 Applications and Benefits of this Research 

Long-read RNA-seq is yet to be widely applied to aquaculture finfish species 

despite its proven ability to identify novel transcript structures and resolve 

transcript expression deriving from complex loci. The long-read approaches 
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developed in this Thesis fundamentally advance the field of long-read RNA-

seq in finfish to include ONT-based RNA-seq methods in Atlantic salmon. 

6.2.1 Functional Annotation of Immune Responses 

The characterisation of transcript variants highly upregulated in the immune 

response provides a valuable resource to researchers studying salmonid 

immunity. DETs could be putative biomarkers for rapid disease diagnosis in 

aquaculture stocks. Early detection enables a faster response to disease 

outbreaks, better control measures and reduced transmission (Adams & 

Thompson, 2011). Alternative transcripts could also be used as targets for 

novel therapeutic treatments (Zhao, 2019) whilst long-read RNA-seq has 

applications for understanding transcriptional responses to aquaculture 

vaccines (Fu et al., 2022). Finally, the integration of long-read RNA-seq into 

quantitative trait locus (QTL) analysis may offer opportunities for describing 

the genetic basis behind transcript variant expression and its impacts on 

disease resistance. 

6.2.2 Long-Read RNA-Seq-Guided QTL Analysis 

QTLs are genomic regions where DNA variants (often single-nucleotide 

polymorphism [SNP]) are statistically associated with phenotypic traits 

(Ashton et al., 2016). QTLs are commonly incorporated into marker-assisted 

selection (MAS) practices in salmonid aquaculture breeding for traits such as 

disease resistance (Houston et al., 2010; Gonen et al., 2015; Fraslin et al., 

2019; Marana et al., 2021), growth (Gutierrez et al., 2012; Wringe et al., 

2010), harvest attributes like flesh colour and fat content (Houston et al., 

2009; Baranski et al., 2010), and early maturation (Haidle et al., 2008).  

QTLs typically contain many correlated variants and consequently it is a 

challenge to differentiate between causal variants or those in linkage 

disequilibrium with true casual variants. However, molecular QTLs, where 

the association is between genetic variants and molecular phenotypes 

including expression QTLs (eQTL) associated with changes to gene 

expression, and splicing QTLs (sQTL) associated with alterations to splicing 

activity, are promising for prioritising potential causal variants within QTLs. 

eQTLs traditionally interrogate the impact of DNA variants on total gene 
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expression. My long-read methods would allow transcript-specific eQTLs to 

associate variation with transcript-specific TPMs thus providing a more 

refined eQTL. sQTLs can identify genetic variants associated with individual 

variation in protein-coding isoform usage, which may be responsible for a 

trait of interest (Yamaguchi et al., 2022; Xiang et al., 2023; Qi et al., 2022). 

Nevertheless, sQTL analyses are often guided by incomplete or 

misannotated transcriptomes which limits their power (Bhattacharya et al., 

2023). Thus, improvements to transcriptome assembly offered by long-read 

RNA-seq will significantly aid sQTL analysis by better prediction of protein 

isoforms produced by alternative splicing (Glinos et al., 2022).  

Alternative splicing events and transcript diversity are clearly more accurately 

captured by long-read RNA-seq. When this approach becomes sufficiently 

cost effective to upscale to the large numbers of individuals required for 

statistical power in QTL analysis, it should become possible to identify the 

genetic basis for transcript-resolved expression and usage in a range of 

conditions (Castaldi et al., 2022), revealing variants causal for traits of 

importance in aquaculture.  

6.2.3 Predicting Influence of Embryonic Rearing Conditions on Adult Traits 

The importance of rearing conditions during teleost embryogenesis is well 

documented, for example, the impact of embryonic temperatures on long-

term muscle development in zebrafish and Atlantic salmon (Johnston et al., 

2009; Macqueen et al., 2008). Burgerhout et al. (2017) highlighted the effects 

of embryonic temperature on DNA methylation in Atlantic salmon, postulating 

that embryonic conditions have significant impacts on epigenetic variation 

with knock-on long-term effects for transcriptome expression, including 

transcript variants (Zhang et al., 2020). However, currently little is known 

about the role of alternative transcripts in early development of salmonids. 

The description of embryonic transcript diversity provided by my project 

provides researchers with a baseline from which to evaluate the impacts of 

the environment on embryonic transcriptomes and their knock-on effects to 

the adult fish. Additionally, increased transcriptome characterisation may 

allow elucidation of the impact of alternative protein isoforms on embryonic 
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processes like stem cell pluripotency (Das et al., 2011) or impacts of splicing 

on transcription factors such as nanog and cdx2 that influence embryonic 

differentiation (Revil et al., 2010).  

6.2.4 Identification of Gene Editing Targets 

The ability to alter genomes with CRISPR-Cas9 methods has revolutionised 

genome editing practices and facilitated assessment of functional impacts of 

knocking out or inserting target genes (Ran et al., 2013; Doudna & 

Charpentier, 2014). CRISPR-Cas9 genome editing has been used widely in 

aquaculture settings to target production traits including disease resistance, 

growth and sterility (reviewed in Gratacap et al., 2019). The work herein 

provides greater scope for more precise genome editing by annotating 

previously undescribed transcript features that could be targeted in future 

genome editing studies. In addition, the transcript-level resolution of my data 

may lead to improvements to the design of guide RNAs used in the delivery 

of the Cas9 protein to the genome, thus increasing precision of gene edits. 

Conversely, long-read RNA-seq has been used to validate the efficacy of 

gene edits in model species (Kim et al., 2021b), an approach which could be 

applied to aquaculture species in the future. 

6.3. Limitations and Opportunities  

6.3.1 Sample Diversity 

Whilst this Thesis has provided valuable insights into transcriptomic diversity 

associated with Atlantic salmon immunity and embryogenesis, it is important 

to acknowledge limitations of the project. Considering the transcriptome 

assembly in Chapter 2, I obviously have not captured the full complement of 

transcripts expressed by Atlantic salmon on account of only sequencing 

whole embryos and adult head kidney tissue. Tissue, or even cell-specific 

transcripts have been identified as a key contributor to transcriptome 

diversity (Inamo et al., 2024). Consequently, incorporating additional tissue 

panels to the transcriptome assembly would improve the capture of transcript 

repertoire and hence diversity of future transcriptome assemblies. For 

instance, AQUA-FAANG conducted short-read RNA-seq on 8 tissues from 

both sexually immature and mature salmon individuals (brain, ovary, testes, 
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liver, muscle, gill, head kidney and distal intestine), a dataset which remains 

untouched by long-read RNA-seq. Carrying out long-read RNA-seq on this 

dataset would capture a host of tissue-specific transcript variation not 

expressed in head kidney or embryos thus increasing completeness of the 

transcriptome assembly. 

Many other stressors have been shown to elicit transcriptomic responses. 

Alternative feed sources have impacts on immune function in Atlantic salmon 

(Tawfik et al., 2024) and can cause intestinal inflammation (Kiron et al., 

2020). Understanding the transcripts driving these responses may offer the 

clues needed to resolve these issues and produce non-harmful alternative 

feeds. Another stressor becoming more pertinent to salmonid aquaculture is 

heat stress. Acute heat stress caused abnormal steroid synthesis in Atlantic 

salmon liver (Shi et al., 2019) whilst elevated temperatures in Chinook 

salmon were linked to increased apoptosis and induction of the inflammatory 

response (Tomalty et al., 2015). The expansion of salmonid aquaculture to 

warmer coastal waters such as China places fish under heat stress due to 

high summer water temperatures (Shi et al., 2019). Additionally, sea 

temperature increases caused by global warming will begin to place salmon 

under chronic stress in cold-water producers like Norway and Scotland, 

potentially having drastic economic ramifications to these industries (Ahmed 

et al., 2019). Thus, it is paramount to better understand the transcriptomic 

responses to stressors which drive physiological changes. Long-read RNA-

seq studies will be able to address transcriptome responses to a range of 

potential stressors at greater resolution than short-read methods. 

A constraint related to the immunostimulation study in Chapter 3 is the sole 

use of head kidney tissue. Whilst head kidney is the primary haematopoietic 

organ in teleosts (Martorell Ribera et al., 2020), other organs have immune 

activity such as spleen, thymus, kidney and interbrachial lymphoid tissue 

(reviewed in Bjørgen & Koppang, 2021), as well as gill (Emam et al., 2022), 

intestine (Kortner et al., 2024), and liver (Taylor et al., 2024). Thus, the 

findings in Chapter 3 fail to fully encapsulate transcriptional variability 

employed in the innate immune response. Future long-read RNA-seq studies 

in different immune tissues would capture tissue-specific transcript variants 
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(Inamo et al., 2024) and allow a more comprehensive analysis of the innate 

immune response in salmonids.  

Furthermore, the use of poly I:C and inactivated Vibrio as mimics of natural 

infection do not represent a natural infection scenario so care should be 

taken when applying the findings of Chapter 3 to cases involving natural 

infection. Natural viruses can engage a broader range of immune receptors 

through recognition of proteins like viral envelope glycoproteins (Zhou et al., 

2021) which may induce expression of specific transcripts not captured by 

the mimic stimulations in this project. Whilst inactivated Vibrio should present 

the same PAMPs to PRRs as a live Vibrio strain, live pathogens themselves 

also employ various tactics to evade host immune responses. For instance, 

intracellular bacteria affecting teleosts can evade phagocytic reactive oxygen 

responses by converting reactive oxygen anions to hydrogen peroxide and 

catalysing this further into non harmful O2 and H2O (Grayfer et al., 2014). 

Looking to viruses, the salmonid viral pathogens IPNV and ISAV possess the 

ability to suppress interferon pathways (Collet, 2014) whilst a non-virion gene 

expressed by viral hemorrhagic septicemia virus (VHSV) and infectious 

hematopoietic necrosis virus (IHNV) has been implicated in the suppression 

of host apoptosis in early innate immune responses (Ammayappan & 

Vakharia, 2011). 

As discussed in Chapter 1, section 1.4.3, aquatic diseases represent a 

significant challenge for aquaculture sustainability. Given the ability of long-

read RNA-seq to resolve transcript-level immune responses this, future 

studies should prioritise using long-read RNA-seq for understanding host 

pathogen interactions.  

Six stages of embryonic development were sampled in Chapter 4, using 

three biological replicates. Aside from increasing replication to enhance 

statistical power of the DTE analysis, sampling more development stages 

would provide a higher resolution examination of transcriptional regulation of 

embryogenesis. The AQUA-FAANG project studied 14 development stages 

with short-read RNA-seq including a pre-basculation stage at the end of 

cleavage which contained greater signatures of maternally-derived mRNAs 
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than in my data (Perojil-Morata, 2024). Another study conducted by White 

and colleagues (2017) in zebrafish employed a similar clustering approach 

with short-read RNA-seq covering 18 developmental time points covering 4 

pre-ZGA stages up to 5 days post-fertilisation, revealing a wealth of novel 

gene and transcript diversity.  

In addition to alternative splicing, my results describe much novel transcript 

diversity generated via the use of alternative TSSs and TTSs. Long-read 

RNA-seq has already identified large numbers of unannotated TSSs and 

TTSs in humans (Byrne et al., 2017) and Drosophila (Alfonso-Gonzalez et 

al., 2023). Integrating other technologies into long-read RNA-seq may allow 

better characterisation of TSSs and TTSs. 5’-capture sequencing methods 

like CAGE-seq offer the ability to accurately identify the 5’ ends of RNA 

transcripts and the integration of CAGE and long-read RNA-seq has proved 

effective for resolving full-length RNA structures, thus better characterising 

both TSSs and TTSs (Pardo-Palacios et al., 2024b). RAMPAGE methods 

which are effective for identifying promoter regions and quantifying their 

expression (Batut & Gingeras, 2015), are being used in conjunction with 

long-read RNA-seq to validate alternative TSS usage in humans (Reese et 

al., 2023). Adapting these methods for use in salmonids as well as 

incorporating the regulatory element information collected by AQUA-FAANG 

via ChIP-seq and ATAC-seq would constitute a comprehensive approach to 

both confidently annotate TSSs and quantify their usage under a variety of 

conditions.  

6.3.2 Ohnologue Expression  

Due to the recent Ss4R WGD (discussed in Chapter 1, section 1.4.2), the 

Atlantic salmon genome retains high levels of duplication and ohnologue 

retention (Lien et al., 2016). As such, salmonids offer a rare opportunity to 

study the potential fates of ohnologous gene pairs such as 

neofunctionalisation, subfunctionalisation and pseudogenisation (Gillard et 

al., 2021). It has been shown that human ohnologue pairs have a 

measurable loss of alternatively spliced transcript forms as time since WGD 

increases (Su et al., 2006) perhaps supporting a subfunctionalisation 
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situation where one ohnologue retains a portion of the ancestral transcript 

variants and its pair retains the remainder (Iñiguez & Hernández, 2017). 

These findings are consistent with a study in Arabidopsis thaliana which 

reveal extensive divergence of alternative splicing products between 

ohnologue pairs (Zhang et al., 2010). Currently, little is known about the 

regulation of alternative splicing and the extent of transcript partitioning 

between diverging ohnologues in the salmonids. 

I have shown that long-read RNA-seq can differentiate highly similar 

ohnologues (Chapter 2, section 2.3.1) and results in Chapters 3 and 4 

indicate similar transcript expression patterns in the few ohnologue pairs 

highlighted. However, questions regarding the conservation of ohnologue 

expression at the transcript level remain unanswered. Genetic redundancy 

following WGD allows for divergence of ohnologue function (Robertson et al., 

2017), however, it is unknown to what extent this redundancy facilitates the 

evolution of transcript diversity as ohnologues diverge. Another unanswered 

question is how the complex rediploidisation process of salmonids 

(Gundappa et al. 2022) has impacted transcript expression and further, how 

it impacts alternative transcript usage between ohnologue pairs perhaps 

inducing subfunctionalisation. The data produced in this project could be 

used to resolve global transcript-level expression dynamics in ohnologues 

retained from Ss4R, providing novel insights into genome functional 

evolution after WGD. Finally, the evolution of ohnologue-specific transcript 

variants could be studied by conducting comparative long-read studies 

between salmonids, a teleost outgroup like northern pike, and other 

vertebrates.  

6.3.3 Long-Read Single-Cell RNA-Seq 

My long-read RNA-seq method is a form of bulk RNA-seq where cells or 

tissues are homogenised before sequencing. However, we know that tissue 

phenotypes are underwritten by cell-specific transcript expression (Inamo et 

al., 2024; Paik et al., 2020). As such, the contribution of gene and transcript 

expression from individual cell types was masked by the bulk RNA-seq 

nature of my method.  
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Single-cell and single-nuclei RNA-seq is an exciting recent development, 

which can elucidate the transcriptomic profiles of hundreds to millions of 

individual cells in single experiments (Papalexi & Satija, 2018; Kolodziejczyk 

et al., 2015; Aldridge & Teichmann, 2020). In Atlantic salmon, single-nuclei 

sequencing has already been used to describe the roles of different liver cell 

types for fighting bacterial infection (Taylor et al., 2022). Another study 

revealed significant T-cell and B-cell heterogeneity in healthy Atlantic salmon 

head kidney with matched single-cell and single-nuclei RNA-seq (Andresen 

et al., 2024). Single-cell RNA-seq is gaining increasing interest for 

aquaculture research with widespread applications including resolving the 

cell-specific basis for immune function and development (reviewed in Daniels 

et al., 2023). Long-read single-cell RNA-seq has been developed for 

mammal species (Tian et al., 2021; Lebrigand et al., 2020), revealing cell-

type-specific mutations in human cancer (Shiau et al., 2023) and generating 

comprehensive annotations of T-cell receptor repertoires in human ovarian 

cancer (Byrne et al., 2024). However, long-read single-cell RNA-seq has yet 

to be applied to finfish. This represents an exciting opportunity to pair the 

transcript-level resolution provided by long-read RNA-seq with the cell-

specific resolution of single-cell RNA-seq to further elucidate alternative 

transcript expression dynamics between individual cell types. 

6.4 Closing Words 

To conclude, this Thesis represents a major contribution towards 

understanding transcript diversity and expression dynamics of 

embryogenesis and the innate immune response in Atlantic salmon. It places 

long-read sequencing as a powerful emerging technology with potentially 

wide-reaching applications to advance fundamental knowledge in fish 

biology, and the sustainability of aquaculture. The data, bioinformatic 

pipelines and code generated in this project will be made publicly available to 

contribute to improved Atlantic salmon reference annotations which will 

undoubtedly assist further transcriptomic study of the salmonids and beyond. 
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