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Abstract

Alternative splicing (AS) is a fundamental process that enhances transcriptomic diver-

sity and protein isoform complexity in eukaryotic cells. Deregulation of AS plays a critical

role in various diseases, particularly cancer, where erroneous splicing patterns contribute

to oncogenesis, tumor progression, and therapeutic resistance. Human epidermal growth

factor receptor (HER)2, overexpressed in more than 20% of breast cancers, has clinical

relevance in AS. The humanized monoclonal antibody (mAb) Trastuzumab has been used

for decades to fight HER2+ breast cancer with positive results. However, there are many

unknowns surrounding the mechanism of this drug and the effects it has on alternative

splicing. Next generation long read sequencing technologies like Oxford Nanopore allow

researchers to sequence full length transcripts. The ability to sequence long intron/exon

spans and repeating regions enables long read sequencing technology to provide new in-

sights into the AS patterns of genes.

Identifying AS events is important for understanding changes in function and pathways

affected by differing conditions (e.g., drug treatment, diseased cells). Software tools tailored

to long read data like Long-read Isoform Quantification and Analysis (LIQA), Full-Length

Alternative Isoform Analysis of RNA (FLAIR), FLAME, and Nanosplicer enhance data

analysis abilities to detect AS events. They analyze sequencing data by mapping reads to

genomes, identifying splice junctions, and clustering AS events. These tools then compare

AS events between conditions (e.g., treated vs. untreated cells) to pinpoint significant AS

variations.

Accurate transcriptome sequencing is vital for research in drug development and diag-

nostics. The optimization of sequencing methods is an ongoing endeavour that requires con-

tinuous development. A chapter of this thesis compares the impact of omitting polyadeny-

iii



lation (poly(A)) enrichment in Oxford Nanopore Technologies (ONT)’s direct complemen-

tary deoxyribonucleic acid (cDNA) sequencing protocol to improve library prep efficiency

and sequencing accuracy. Analysis indicated that excluding poly(A) selection does not

negatively affect sequencing metrics but enhances read length and enables the sequencing

of histone messenger ribonucleic acid (mRNA). Further, significant differences in poly(A)

tail lengths between selected and unselected samples were found, suggesting a bias against

shorter tails with enrichment. Gene composition and unique gene identification remain

consistent across conditions. These findings support the potential advantages of omitting

poly(A) enrichment in transcriptome sequencing while advocating for further validation.

With optimized methods, the impact of Trastuzumab on AS profiles in BT474 and

SKBR3 cell lines was tested. Using ONT long-read sequencing, significant AS events were

identified in response to Trastuzumab treatment. The findings reveal differential isoform

expression in genes involved in cellular signaling, RNA processing, and stress response

pathways. Notably, nuclear paraspeckle assembly transcript 1 (NEAT1) and pre-mRNA

processing factor 38B (PRPF38B) exhibited distinct AS patterns across multiple cell lines,

suggesting HER2-mediated regulatory mechanisms. This study underscores the utility of

ONT sequencing and high throughput data processing as an effective and efficient means

for explaining complex AS landscapes affected by therapeutic treatments.
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Chapter 1

Introduction

1.1 Alternative Splicing in Breast Cancer

1.1.1 mRNA

In eukaryotic cells, genetic information stored in deoxyribonucleic acid (DNA) is tran-

scribed into RNA by RNA polymerase 1 [1]. The maturation of most mRNA molecules

occur co-transcriptionally. The addition of the poly(A) tail to newly synthesized RNA

molecules involves multiple proteins and sequence elements, including a polyadenylation

signal and downstream GU- or U-rich sequences. Cleavage and polyadenylation occur

co-transcriptionally, with poly(A) polymerase adding adenosines to form the tail, typi-

cally 200–250 nucleotides long. However, some transcripts have shorter tails as a result

of poly(A) limiting elements. [2]. AS, discussed in the next section, involves the removal

of introns and splicing together the remaining exons. Finally, a 7-methyl guanosine cap

is added to the 5′ end of the processed mRNA molecule. The mature mRNA molecule
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is then translated into an amino acid sequence by ribosomes, and the resulting proteins

then serve various functional and structural roles in the cell, possibly causing additional

post-translational modifications to the protein. This is known as the central dogma of

molecular biology [1].

This energy-intensive process occurs continuously within the cell, and mRNA molecules

are translated into multiple proteins, and the mRNA molecule is quickly degraded as part

of the regulatory mechanisms for protein synthesis [3]. To be more efficient, systems are

in place at each phase of the central dogma to regulate the expression level of the proteins

produced. This thesis will discuss the regulatory pathway AS, which occurs during the

post-transcription modification phase of mRNA.

1.1.2 Alternative Splicing in mRNA

Within the human genome, there are estimated 20,000–25,000 protein-encoding genes [4].

However, the human proteome is estimated to have an upper limit of 6.13 million unique

protein isoforms [4]. Three mechanisms are attributed to the disparity between the number

of genes and proteins- amino acid polymorphisms, post-translational modifications, and AS

[4].

More than 90% of multi-exon human genes undergo AS which is a regulatory mechanism

that allows multiple different mRNA isoforms to be produced from a single gene, increasing

the diversity of the transcriptome and proteome of a cell. AS is the mechanism that

determines which introns are removed and which exons are joined to form the final mRNA

molecule [5].

Mechanisms of AS have been categorized into several types, shown in Figure 1.1. Many

genes exhibit intricate transcriptional control due to the use of alternative promoters.
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Figure 1.1: Types of alternative splicing. Constitutive splicing, the default mechanism
producing a single, unvarying transcript without AS events. Cassette splicing or exon
skipping, the complete exclusion of one or more exons. Intron retention, the retention of a
complete intron within the mature mRNA transcript [6]. Mutually exclusive exons, when
two or more exons are mutually exclusive in the mature mRNA. Alternative 5′ or 3′ splice
sites, partial intron retention or deletion by alternative splice sites at the ends of introns.
Alternative promoter splicing/usage, isoforms are transcribed using different promoters,
which include alternative first exons [6]. Alternative poly(A) splicing, mRNA isoforms
with variable lengths of the 3′ untranslated region by choosing different poly(A) sites,
which affects the stability, localization, and translation efficiency of the mRNA [7, 8, 6].
Light blue boxes represent exons and the thin line connecting them represent introns. The
red and green box in the mutually exclusive exon represent different exons that would not
be found in the same isoform. Created with BioRender.com.
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Approximately 30–50% of human genes and nearly half of mouse genes possess multiple

alternative promoters, spanning genomic distances of up to thousands of kilobases [6].

As illustrated in Figure 1.2, the splice event is split into 2 major steps. First, a spliceo-

some is formed that is mainly composed of five small nuclear ribonucleoproteins (snRNP)

U1, U2, U4, U5, and U6, named for their uridine rich sequences. It is responsible for iden-

tifying the 5′ splice site, branch point sequence, and 3′ splice site. Additionally, DExD/H-

type RNA-dependent ATPases/helicases play a role in spliceosome assembly and splicing

execution [6, 9]. AS events are determined by the interaction between cis-acting elements

(exonic splicing enhancers, intronic splicing enhancers, exonic splicing silencers and in-

tronic splicing silencers) and transacting factors, including serine/arginine rich proteins

and heterogeneous nuclear ribonucleoproteins (HnRNP) [6, 9]. Serine/arginine rich pro-

teins interact with enhancer elements and spliceosomal components, influencing splice site

selection, while HnRNPs bind to intronic splicing silencers to inhibit the actions of ser-

ine/arginine rich proteins, affecting the choices of splice sites. Furthermore, other factors

such as HnRNP H, HnRNP F, HnRNP M, and HnRNP L play a diverse role in AS reg-

ulation, including alteration of the isoform ratio and responses to cellular signals [6, 9].

External stimuli such as; receptor stimulation, cellular stress (pH, temperature, metal ion

and osmotic conditions), and changes in neuronal activity have been observed to influence

AS, even during cell development and differentiation [10].

1.1.3 AS in Cancer

Stringent regulation of AS is vital for normal tissue function, as irregular splicing is found

in many diseases. The SpliceDisease database, includes 2,337 entries of splicing mutations

linked to 303 genes and 370 diseases. These associations have been experimentally vali-
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Figure 1.2: Diagram of splicesome formation and Splicing. (A), the spliceosome
assembly begins with the recognition of the splice donor site by U1 snRNP and the splice
acceptor site by U2 snRNP, leading to the formation of complex E. (B), U2 snRNP iden-
tifies the adenosine at the branch-site, transitioning to complex A. (C), the U4/U6·U5
tri-snRNP integrates into the spliceosome, resulting in complex B formation. (D), U4 and
U1 dissociate, and U6 replaces U1 to recognize the splice donor site. This interaction with
U2 forms complex C, catalyzing the splicing reaction. (E), exons are ligated, and both in-
tronic pre-mRNA and spliceosomal snRNPs are released, completing the splicing process.
Source: [11]. Licensed under CC BY 4.0.
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dated in a total of 898 publications [12]. As stated above, irregular splicing can result from

changes in the concentration, composition, localization, or activity of regulatory splicing

factors, as well as mutations in the components of the core splicing machinery [6]. This

disruption leads to altered splice site recognition and produces irregular protein isoforms,

contributing to various disease states, including cancer. A study examined 8,705 patients’

RNA and whole-exome sequencing data and found that tumors have up to 30% more AS

events than normal samples [13]. AS has been shown to play an important role in cancer

development, influencing characteristics such as cell proliferation, migration, changes in

DNA methylation, and resistance to apoptosis and chemotherapy [14]. Although a com-

plete understanding has not yet been achieved, it is becoming more evident that alterations

in AS due to mutations or fluctuations in splicing factors can give rise to isoforms whose

functions play a role in the onset and advancement of cancer [14]. Understanding the fun-

damental mechanisms of splicing in cancer progression holds promise for advancing cancer

biology and developing diagnostic, prognostic, and minimally toxic therapeutic approaches

[6]. For example, the murine double minute 2 (MDM2) gene is an oncoprotein that inhibits

the transcriptional transactivation of the p53 tumor suppressor, relocating p53 from the

nucleus to the cytoplasm, and inducing polyubiquitylation of p53 [15]. MDM2 is both a

biomarker for cancer and a target for therapy, since alternative spliced forms that lack a

p53 binding region are found more frequently in poorly differentiated and late-stage tumors

[16, 17, 18].
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1.1.4 Human Epidermal Growth Factor Receptor 2 in Breast

Cancer

The HER2 oncogene is found in the 17q12 chromosome region. It is one of four membrane

receptor tyrosine kinases (RTKs) [19]. Figure 1.3 shows the structure and pathway of the

HER2 gene.

More than 20% of breast cancer tumors overexpress the HER2 gene (HER2+). A

study used in situ hybridization and found that the cell lines BT474 and SKBR3, which

are known to be HER2+, had ≈ 45 copies of the gene, representing an 8-11 fold increase,

compared to the normal human skin fibroblast cell lines [21]. The overexpression of HER2

impacts many pathways, illustrated in Figure 1.4. Another gene found to be overexpressed

in ≈ 80% of breast cancer is the estrogen receptor gene (ER) [22]. This gene along with

progesterone (PR) makes up what is known as hormone-positive breast cancer [23]. Breast

cancers that do not overexpress ER, HER2, and PR are classified as “triple negative” and

have been more closely associated with the BRCA1 gene [24]. A study in 2021 that looked

at over 34,000 patients with breast cancer found that there were significant differences in

survival rates between ER-/PR-/HER2+ and ER-/PR+/HER2+ breast cancer, compared

to ER+/PR+/HER2+ breast cancers [25]. ER and HER2 expression levels can be used

to determine whether hormonal therapy will be effective against the cancer tumor [23].
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Figure 1.3: Diagram of HER2 pathways. The HER2 protein consists of an extracellular
ligand binding domain, a transmembrane domain, and an intracellular catalytic domain of
tyrosine kinase. When the ligand is activated, the receptors dimerize to form homodimers
and/or hetrodimers which leads to transphosphorylation that impacts the phosphoinosi-
tide 3-kinase (PI3K)/protein kinase B (AKT) pathway. This pathway has a role in cell
metabolism, growth, proliferation, and survival [19, 20]. Created with BioRender.com.
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Figure 1.4: Diagram of signaling abnormalities resulting from HER2 overex-
pression. When HER2 is overexpressed, there is an increased formation of various dimers
that contain HER2. This includes an increase in HER2-epidermal growth factor recep-
tor (EGFR) dimers, which promote cell proliferation and invasion. Additionally, ele-
vated levels of HER2 homodimers disrupt cell polarity. In addition, HER2-HER3 dimers
are increased, leading to enhanced proliferation, cell survival, invasion, and metabolic
functions. Enhanced expression of HER2 also leads to an increase in the ∆HER2 iso-
form, which exhibits more potent signaling characteristics. Furthermore, in cells overex-
pressing HER2, numerous transcription factors are activated, resulting in a wide range
of changes in gene expression [26]. Reproduced with permission from Springer Nature
(https://www.nature.com/articles/1210477).
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1.2 Treatment of HER2+ Tumors

1.2.1 Monoclonal Antibodies

In the last 25 years, mAbs have become a predominant form of cancer treatment. One driv-

ing factor of the explosion in antibody therapeutics is fewer adverse effects due to their high

specificity [27]. In 2020, human, humanized, chimeric, and murine antibodies accounted

for 51, 34.7, 12.5, and 2.8% of all mAbs in clinical use, respectively [27]. Human and

humanized mAbs are mainly used as a result of the human antimouse antibody response

that can develop in patients. Human antimouse antibody’s clear mouse mAbs faster than

other mAbs and can lead to patient allergic responses and a lower tumor penetration by

the mAb [27]. Humanized mAbs do not share these challenges because of their increased

sequence similarity to human antibodies. Complementarity determining region grafting is

one of the most popular techniques in the production of humanized mAbs and was devel-

oped in 1986 by Gregory P. Smith [27]. This method involves transplanting non-human

complementarity determining region sequences into human antibody framework sequences,

allowing the designed antibody to continue to have a high affinity for the target antigen

[27].

1.2.2 Trastuzumab: Mechanisms and Effects

Trastuzumab (Herceptin®) is a humanized mAb that has been used in treatments against

HER2+ metastatic breast cancer since its approval in 1998 [28]. Trastuzumab interacts

with three specific regions within domain IV through electrostatic and hydrophobic binding

[28]. Initially, trastuzumab was thought to block tumor growth by preventing homodimer-

ization of HER2. However, research has yielded conflicting results regarding trastuzumab’s
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impact on HER2 homodimerization and heterodimerization. Studies have shown that

trastuzumab does not significantly affect HER2 heterodimerization when specific ligands

are present. However, its influence on ligand-independent pairing remains contentious [28].

For example, while some studies have shown that trastuzumab effectively blocks certain

dimerization interactions, others have found the results inconclusive. Additional research

using reversible cross-linkers has revealed that trastuzumab disrupts non-ligand-dependent

dimerization while leaving ligand-dependent dimer interactions unaffected. To investigate

the impact of trastuzumab on HER2 homodimerization, one study used Chinese hamster

ovary cells engineered to overexpress human HER2 [28]. These cells are ideal for studying

homodimerization because of their minimal expression of other HER receptors. Surpris-

ingly, the findings indicated that trastuzumab actually promotes HER2 homodimerization

in a manner dependent on dose and duration of exposure [28]. These results align with pre-

vious observations of increased HER2 homodimerization in HER2+ breast cancer cell lines

after trastuzumab treatment. However, the mechanism by which trastuzumab induces

both HER2 homodimerization and inhibits non-ligand-dependent heterodimerization re-

mains unclear [28]. Overall, these findings suggest that trastuzumab’s effects on HER2

dimerization are somewhat limited and complex. Beyond dimerization, the specific bind-

ing of trastuzumab to HER2 contributes to its therapeutic efficacy by affecting downstream

signaling pathways and cellular processes [29].

The phosphorylation dynamics induced by trastuzumab add an unexpected layer to its

effects. Contrary to expectations, the antibody triggers HER2 phosphorylation which is

linked to increased homodimerization and tyrosine kinase activity [28]. Although HER2

phosporylation is expected to up-regulate ADAM17 and other targets, promoting ligand-

dependent heterodimerization of HER2, studies show minimal impact on this process [30].

In particular, increased HER2 phosphorylation on tyrosine 1248 correlates with a positive
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prognosis in HER2+ breast cancers under trastuzumab therapy [31]. However, limited

research exists on trastuzumab’s effect on EGFR and HER4 phosphorylation, underscoring

the need for further exploration [31, 32]. The dual nature of trastuzumab in simultaneously

inducing HER2 phosphorylation and inhibiting cancerous characteristics in HER2+ breast

cancer cells remains a fascinating area for further investigation.

The impact of trastuzumab extends beyond its influence on HER2 dimerization and

phosphorylation, with connections to other cellular processes such as the mitogen-activated

protein kinases (MAPK) pathway [28, 33]. Deregulation of this pathway has been linked

to various cancers and is associated with HER2 overexpression in HER2+ breast cancer

[34]. Although trastuzumab is involved in MAPK signaling, several studies have presented

conflicting results. Short-term exposure increases Extracellular signal-regulated kinases 1

and 2 phosphorylation, but inhibitory effects vary between experimental conditions and cell

lines [35]. Interestingly, even with complete suppression of Extracellular signal-regulated

kinases 1 and 2 phosphorylation by Mitogen-activated protein kinase kinase inhibitors,

trastuzumab sensitive breast cancer cell lines maintain viability, suggesting a nuanced

relationship between trastuzumab and the MAPK pathway [28]. This underscores the

need for further investigation under consistent experimental conditions to delineate the

precise impact of trastuzumab on MAPK signaling and its potential implications for cell

viability [28].

In terms of intracellular signaling, the influence of trastuzumab on the PI3K/AKT

pathway, frequently activated in cancer, is of paramount importance [36]. In HER2+

breast cancer, where over-expression of HER2 leads to HER2-HER3 heterodimer forma-

tion, and activation of the PI3K/AKT signaling pathway, trastuzumab plays a crucial role

[28]. Trastuzumab’s impact on HER3 phosphorylation and PI3K activity in trastuzumab

sensitive breast cancer cell lines presents conflicting findings despite its established role
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in suppressing AKT phosphorylation, a pivotal component within this signaling cascade

[28]. Rapid reduction in AKT phosphorylation by trastuzumab appears to involve a path-

way independent of PI3K activity and HER2-mediated HER3 phosphorylation, suggesting

a complex and multifaceted mechanism of action. Understanding these complex interac-

tions is essential to refine treatment strategies and maximize the therapeutic potential of

trastuzumab [28].

Ongoing research endeavors are dedicated to unraveling the complexities surrounding

the effects of trastuzumab on HER2 endocytosis and degradation. Studies present conflict-

ing findings, with some indicating HER2 downregulation with trastuzumab, while others

report no significant effect [28]. Long-term use generally down-regulates HER2, yet the

precise mechanism remains elusive. Investigation of HER2 endocytosis reveals a nuanced

picture, one study suggesting no significant effect and another indicating internalization

and degradation after prolonged treatment [37, 38]. The potential involvement of Caveolin-

1 in stabilizing HER2 at the cell membrane, enhancing trastuzumab-induced cytotoxicity,

adds another layer of complexity to the ongoing research efforts [39]. The involvement

of truncated HER2 fragments, especially p95HER2, has emerged as an important area of

study to understand resistance to trastuzumab [40].

In conclusion, the ongoing research landscape surrounding trastuzumab reflects the

dynamic and multifaceted nature of its mechanisms and effects. The continued exploration

of these complexes is the key to refine treatment strategies, improve therapeutic outcomes,

and address challenges such as resistance to trastuzumab. As we dive deeper, we uncover

layers of complexity, paving the way for more targeted and effective interventions in the

realm of HER2+ breast cancer.
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1.2.3 Trastuzumab and HER2 Isoforms

Despite the widespread clinical use of trastuzumab, as HER2-targeted therapy, patients

with HER2-positive breast tumors still experience the lowest disease-specific survival rates,

and a considerable proportion do not benefit from trastuzumab treatment [41]. The pres-

ence of the HER2 isoform, HER2∆16, is observed in 90% of patients with tumor expression,

correlating with metastatic disease. Moreover, HER2∆16 expression in breast tumor cells

contributes to trastuzumab resistance [41].

In addition to the isoforms shown to inhibit the effects of Trastuzumab, little is known

about the effects Trastuzumab has on AS in HER2+ breast cancer. By performing ex-

periments to identify genes and pathways that undergo AS events due to Trastuzumab

treatment, the elusive mechanism of action of Trastuzumab may come closer to view.

1.3 Transcriptomics

Transcriptomics is the study of the complete set (transcriptome) of all mRNA molecules

(transcripts) in a cell, tissue, or organism [42]. The main areas of study range from

transcription and expression levels to functions, locations, trafficking, degradation of RNA,

and AS. Identifying AS events falls within the scope of transcriptomics [42].

1.3.1 Third-Generation Sequencing Methods

Third-generation sequencing or next generation sequencing (NGS) methods represent a

significant advancement in DNA sequencing technology and allow for high throughput,

in-depth studying of the transcriptome [43]. Both short and long-read sequencing meth-
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ods contribute to more comprehensive and accurate genomic and transcriptomic analy-

sis. Short-read technologies, such as Illumina sequencing, using a Sanger sequencing-by-

synthesis approach, involve fragmentation of DNA to <300 bases long, adding adapters and

performing bridge amplification to create clusters of identical DNA fragments in a flow cell

[43]. In the sequencing step, fluorescent-labeled nucleotides are added, and emitted signals

are captured by a camera, enabling the determination of DNA sequence [43]. This highly

parallel process, capable of sequencing millions of clusters simultaneously, offers high accu-

racy and cost-effectiveness. Renowned for its efficiency in generating large-scale genomic

data, Illumina sequencing has become a fundamental technology in genomics research [43].

However, short-read sequencing (SRS) technology has its drawbacks. Especially in struc-

tural variant detection and genome assembly, fragmented reads are too short to detect over

70% of the structural variation of the human genome [44]. Another potential issue with

Illumina sequencing is how to read and interpret sequences with high levels of guanine-

cytosine (GC) repeating regions [44]. This is due to the shorter reads not spanning the

beginning and end of the region which makes it difficult to accurately determine the number

of repeats that occur.

In contrast, long-read technologies, such as those offered by Pacific Biosciences and

ONT, generate significantly longer sequencing reads [43]. These longer reads can con-

tribute to improved genome assembly, better detection of structural variations, and better

understanding of complex genomic regions [44]. Pacific Biosciences uses single-molecule

real-time sequencing, while ONT uses nanopore sequencing, allowing direct sequencing of

native DNA molecules without the need for amplification [44].

More specifically, ONT sequencing employs nanopores embedded in a synthetic mem-

brane that pass through a single-stranded DNA molecule through the pore [44]. In tandem

with the movement of the DNA molecule, there is an ionic current passing through the
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pore. As each nucleotide passes through the pore, the current is disrupted. This current

disruption is measured in real time and saved in fast5/pod5 files, which can be converted

to raw reads through a process called basecalling [45].

1.3.2 Common Practices in NGS Data Processing

The median error rates of ONT sequencing are relatively high at 6% [46]. However, ONT’s

new Q20+ chemistry boasts an accuracy of ≥ 99%. Error rates and other factors such as

reads mapping to multiple genes and gene mutations make proper processing of the raw

sequenced data critical for accurate assembly and analysis. There are several tools in

the bioinformatics toolkit to allow for filtering, trimming and alignment and annotation.

Porechop is a program developed for ONT raw reads to remove adaptor sequences from

reads and split reads that contain an adaptor in the middle of said read [47]. This error

occurs when the Minknow software, which reads the current disruptions in real time, cannot

distinguish between the end of a read and the beginning of another [47, 48]. The output

from the basecalling software is a FASTQ file that contains read sequences and meta-

information about each target read. One important metadata that is collected is the

Phred Scores for each base in a given read. The Phred score is a value assigned to each

base in a read and represents the probability of error for that nucleotide. The equation to

calculate the basecalling accuracy is where Q is the Phred score and P is the probability

of error:

Q = −10 log10 P or P = 10−Q/10

Common practices are to trim the first 150 bases of any given genomic read and remove

reads with an average Phred score of less than 20 which would correspond to a 1% average
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error rate for the filtered read. Programs like Chopper are designed not only to filter based

on the average Phred score of a given read, but also to trim the ends of the said read based

on the input parameters [49].

Once reads are mapped to a reference in a program like minimap2, a long-read tailored

aligner, each alignment is given a few metrics related to quality that can be used to further

filter data. Minimap2 assigns a MAPQ score ranging from 0 to 60, scaled to be similar

to Phred scores, that represents the likelihood that an alignment is inaccurate. A score

of 60 indicates high confidence that the read is accurately assigned to a specific part of

the reference sequence. In contrast, lower scores indicate that the read shares similarities

with multiple regions of the reference sequence, making it difficult to confidently assign

it to a single region [50]. Samtools allows for filtering based on MAPQ score and pri-

mary/secondary alignments with parameters -F 260 -q 60 which will only return primary

mapped reads with a MAPQ score of 60 [51]. These parameters are very stringent and

lower MAPQ scores like 40 could be used for noisy error-prone reads.

Following the processing of reads, the filtered BAM file is ready for annotation. Bedtools

is a program with many bioinformatic analysis features. In the context of gene annotation,

the aligned reads are converted to a browser extensible data (BED) file. With the intersect

function and parameters -f 0.95 -r, the mapped reads are annotated on a reference BED file

with the gene that has reciprocal overlap 95% in terms of the location of the chromosome.

This means that both the mapped read and the given gene must contain at least a 95%

overlap of each other for the annotation to be in the final output [52].
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1.3.3 Gene Expression Analysis

Gene expression analysis involves studying the activity of genes to understand how they

function and contribute to cellular and biological processes. It provides insights into which

genes are turned on or off in specific conditions, tissues, or diseases. This analysis is crucial

for understanding normal biological processes, development, and various diseases, including

cancer. The two main methods for gene expression analysis are microarray technology and

RNA sequencing.

Microarrays allow simultaneous measurement of expression levels for thousands of

genes, while RNA sequencing provides a more detailed and accurate transcriptome anal-

ysis by directly sequencing RNA molecules with the sequencing methods discussed above

[53]. Gene expression analysis is used in cancer research to identify genes associated with

tumor development, progression, and response to treatment [54]. In drug testing, this anal-

ysis helps to evaluate the impact of pharmaceuticals on gene expression patterns, helping

to identify potential therapeutic targets and understand drug mechanisms [54]. This in-

formation is crucial for developing targeted therapies, improving treatment efficacy, and

minimizing adverse effects in cancer and other diseases [54].

1.3.4 Differential Alternative Splicing Analysis

Differential alternative splicing (DAS) analysis is used to study splice variations that are

used to develop diagnostics, prognosis, and treatment tools with limited negative effects

in cancer [6]. It involves detection, statistical comparison, and effect prediction of splicing

patterns under different conditions, aiding in the identification of specific splice variants

linked to cancer progression or treatment response [55]. Understanding the role of DAS

in cancer treatments may have important implications for personalized medicine, reveal-
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ing potential therapeutic targets and diagnostic markers [56]. Monitoring AS patterns

during treatments can provide information on the efficacy and potential drug resistance

mechanisms [56]. High-throughput sequencing enables detailed analyses of AS landscapes,

offering intricate details of splicing alterations in cancer cells. Integrating this knowledge

into treatment strategies holds promise for developing more precise interventions based

on the unique splicing profiles of patients [56]. Accurate isoform characterization allows

researchers to uncover isoform-specific expression patterns, identify novel isoforms, and

explore their roles in biological processes.

1.3.5 High Throughput Data Analysis

Whole transcriptomic sequencing outputs reach into gigabytes worth of data and it is

imperative to have access to analysis pipelines that can handle multiplexing, dynamic

computational power allocation and, parallel processing. While some programs offer multi-

threaded processing, most lack the flexibility and compatibility to handle multiple sample

inputs and seamless interaction with high performance computer clusters. Nextflow is a

powerful and scalable workflow management system designed specifically for bioinformatics

and scientific data analysis [57]. It simplifies the creation, execution, and maintenance of

complex computational pipelines, allowing researchers to seamlessly integrate diverse tools

and processes into a cohesive workflow. Nextflow utilizes a domain-specific language that

facilitates the definition of workflows in a portable and reproducible manner. Its key

strength lies in its ability to manage dependencies, handle parallelization, and efficiently

distribute computing tasks across various computing environments, such as local machines,

clusters, or cloud platforms [57].
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1.4 Conclusion

Investigation of significant AS events in HER2+ breast cancer when treated with the mAb

Trastuzumab could uncover novel isoforms, changes in isoform expression, and biological

processes and pathways affected by AS events. This deeper insight into Trastuzumab’s

mechanism of action will allow for more targeted therapeutics and understanding into the

complexities of breast cancer’s response to mAb’s at the transcriptional level. We set out to

first optimize the methods used in Direct cDNA sequencing with Oxford Nanopore’s long

read technology, with a focus on finding efficiencies and testing the effects on sequencing

outcome. We then performed a literature review on five AS identification software designed

for long-read sequencing. Finally, we developed an automated high-throughput pipeline,

integrating DAS software, to investigate the significant AS events in HER2+ breast cancer

cells, when treated with Trastuzumab.
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Chapter 2

Differential Alternative Splicing

Software Review

2.1 Introduction

Isoform identification plays a crucial role in transcriptomic research as it provides a deeper

understanding of the complexity and diversity of gene expression. Traditional gene expres-

sion analysis focuses on the overall expression levels of genes. However, genes can produce

multiple isoforms by AS, leading to significantly different protein structures and functions.

More than 95% of human multiexon genes are subject to AS [58]. Researchers can uncover

isoform-specific expression patterns by accurately characterizing isoforms, identifying novel

isoforms, and exploring their roles in various biological processes.

In the field of disease and medicine, dysregulation of AS has been associated with nu-

merous diseases, including cancer, neurodegenerative disorders, and cardiovascular diseases

[59, 60, 61]. Studying isoforms can provide insights into disease-specific isoform profiles that
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have the potential to guide the development of targeted therapies and precision medicine

approaches [59].

Advances in long-read sequencing technologies, such as Oxford Nanopore platforms,

can allow researchers to accurately identify AS events [58, 62]. Full-length transcripts are

sequenced and compared with a reference genome using isoform identification software

(IIS) tailored for long-read transcripts to identify and annotate AS events. In this chapter,

the algorithms used in long read AS identification will be discussed as well as how long

read IIS implements these algorithms. The IIS software that will be examined is LIQA,

Flames, FLAIR, and Nanosplicer [63, 64, 65, 66].

2.2 Algorithm Overview

The steps that are typically consistently found in the IIS examined is as are mapping reads,

identifying splice junctions, clustering splice junctions, and identifying differential splicing

events. These are described in Sections 2.2.1 to 2.2.4 below.

2.2.1 Mapping Reads to Reference Genome

Sequencing output (FASTA or FASTQ format) is mapped to a reference genome using

alignment/mapping software. For example, minimap2 reads a FASTA/FASTQ file that

contains multiple reads and aligns them with a reference genome [50]. The reference file is

a (gene transfer format (GTF)) file that contains detailed annotations of genomic features

such as genes, exons, and transcripts, specifying their positions and types on a reference

genome. Each entry includes information like sequence name, feature type, start and end

positions, strand, and additional attributes like gene and transcript IDs. First, an index
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of the reference genome is made using a data structure called a minimizer index. Indexing

enables fast retrieval of candidate regions that are likely to align with the query reads

[50]. Minimap2 follows a seed-chain-align process. A set of short sub-sequences called

seeds is extracted from the read. These “seeds” serve as potential starting points for

alignments and are selected based on their uniqueness and abundance in both the read

and the reference genomes. Generated seeds are then used to quickly identify candidate

regions in the reference genome that potentially match the read. The seeds are then aligned

to the candidate regions of the reference genome using an efficient alignment algorithm.

Minimap2 then employs a chaining algorithm to link the aligned seed regions, forming a

chain of potential alignment regions [50]. This helps to identify the most likely alignment

path and reduce the number of false positives. A dynamic programming-based algorithm is

then used to score and more precisely align the reads within each chain region, considering

alignment parameters such as gaps and mismatches. Finally secondary alignments can be

removed, and low quality or redundant alignments filtered out based on alignment scores

or alignment overlap with a tool samtools [50, 51].

The following parameters are recommended for long-read alignment to a reference

genome for AS detection with minimap2 [50]:

minimap2 -ax splice --junc-bed <anno.bed> <ref.fa> <query.fa> > <aln.sam>
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-ax splice

generate a Compact Idiosyncratic Gapped Alignment Report

(CIGAR) string and output alignments in the Sequence Align-

ment Map (SAM) file format. Also, it enables the splice mode,

where long deletions are taken as introns and shown as ’N’ in

the CIGAR string. A CIGAR is a concise way to show how a

sequence aligns to a reference genome. They use symbols like I

(for insertions), D (for deletions), and M (for matches) to repre-

sent how each base in the query aligns with the reference.

–junc-bed anno.bed

Prefers splicing in annotations, which are found in the BED file

that contains genomic coordinate data, such as gene annotations,

transcription factor binding sites, chromatin accessibility regions,

or variant positions.

ref.fa and query.fa
the reference genome file in FASTA format and the FASTA file

that is being aligned to the reference genome

aln.sam
SAM output file contains the aligned reads, CIGAR strings and

other information such as mapping score and tags.

2.2.2 Identify Splice Junctions

Splice junctions are regions of the mRNA sequence in which an intron was removed and

two exons joined [67]. Reads that span exon-intron boundaries and have proportions of

their sequence aligning to different exons in the reference genome are used to identify the

most probable splice junction locations [68]. Identified splice junctions are reported in the

alignment output files (SAM or BAM). Once a splice junction is identified, it is classified

as canonical (following the GT-AG rule), non-canonical, or AS events (see below), based

on characteristics such as junction coverage, alignment quality, and supporting reads. The
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identified reads are then filtered and refined to remove junctions with low confidence and

annotated by associated genes, transcripts, and protein function [68].

2.2.3 Cluster Splice Junctions into Splice Events

Splice events occur when a group of splice junctions have common acceptor and donor sites

but include or exclude different exons. Splice junctions that share genomic coordinates

and patterns are grouped together. These clusters are then used to create splice events by

separating according to the location of the splice junction in the genome, supporting reads,

and statistical measures of similarity. The splice events are then classified into categories

such as AS events or constitutive splicing events [63, 64, 65, 66].

2.2.4 Identify differential splicing events between Samples

Finally, splice events are compared between samples to determine AS events that occurred

due to the introduced variable. This can be a novel drug or a diseased cell compared to

a healthy cell. Depending on the program used, a statistical model, such as the Gaussian

copula regression model or the Dirichlet multinomial model, will be used to determine

which splicing events differ significantly between the samples in question [63, 64, 65, 66].

2.3 Examples

The following is a detailed overview of LIQA, Flame, FLAIR, and Nanosplicer [63, 65].

LIQA and FLAIR are commonly used comprehensive DAS programs. FLAME is an isoform
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identification program that is used in DAS analyses [64]. Nanosplicer is a long read align-

ment tool that harnesses the electrical current output file (fast5/pod5) from the nanopore

to enhance the identification of the splice junction [66].

2.3.1 LIQA

Like most software, the IIS listed above are bound by the computer’s memory and storage

capacity. However, LIQA is not able to run parallel processing which can affect performance

on large datasets [63]. The LIQA workflow is broken down into 3 ’tasks.’ The first step is

preprocessing of the reference file:

liqa -task refgene -ref <example.gtf> -format gtf -out <example.refgene>

-task refgene Enables preprocessing of reference file.

-ref example.gtf The reference file used is a GTF file.

-format gtf Sets the format of the reference file as GTF.

-out example.refgene Output file name.

The program takes a reference file in GTF format and creates a matrix file for the next

step. The second step is to quantify the expression of the isoform [63]. This step is broken

into 2 parts. The first is to filter the mapped reads (from minimap2 in sorted BAM format)

on the basis of quality and length. Then, following script can be used to quantify isoform

expression [63].

samtools view <bam_file> -F 2308 -q 50 -O BAM -o <bam_filtered>

liqa -task quantify -refgene <example.refgene> -bam <example.bam> -out \

isoform_expression_estimates -max_distance 20 -f_weight 1
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view bam file Enables user to view the Binary Alignment Map (BAM) file

-F 2308

Sets a filter to exclude reads based on their bitwise FLAG

values. In this case supplementary alignments, secondary

alignments and unmapped reads are excluded.

-q 50

Sets a filter to exclude reads that have a q score less than

the input value. In this case, a MAPQ score of 50 is the

threshold.

-O BAM Sets the output format to BAM.

-o bam filtered sets the output file name to bam filtered.

-task quantify

-max distance 20
Sets the maximum length of an alignment error at the exon

boundary and is recommended to remain at 20

-f weight 1
Sets the weight for bias correction in isoform usage and is

recommended that t remain at 1

The previous 2 steps would be conducted on 2 datasets, collected from different con-

ditions, such as a treatment and control group of cells. (3) during the last ’task’, LIQA

performs differential splicing detection. Below is an example command line input [63].

liqa -task diff \

-condition_1 <list_of_isoform_expression_estimation_file_for_condition1> \

-condition_2 <list_of_isoform_expression_estimation_file_for_condition2> \

-out <test_results_file>

-task diff Enables the Differential analysis program.

-condition *
Sets the 2 different lists of condition files that will be com-

pared.
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Figure 2.1: Example of a heatmap. Expression levels of p63 isoforms, averaged across
replicates, in FPKM (fragments per kilobase of transcript per million) across representative
cell lines that express p63. Source: [72]. Licensed under CC BY 4.0.

The output file is a Gene-based results file (.csv) that contains the gene name, test

P value, and Hellinger distance [63]. This measures the splicing difference between two

conditions/inputs for a gene in terms of isoform relative abundance. The resulting data can

be visualized in many ways to illustrate the observations made, for example, a heatmap can

show differential AS events across different groups or conditions. The columns are unique

conditions, and the rows are differential AS events. The color and intensity of each cell

on the heat map would represent the level of expression of that AS event. Furthermore,

a GO/KEGG term enrichment analysis can be performed to determine GO/KEGG terms

that are overrepresented in the list of genes that express significant AS. This would allow

researchers to determine gene pathways that are significantly affected by AS events [69,

70, 71]

2.3.2 FLAIR

FLAIR is another comprehensive AS analysis tool for long read data. It differs from the

other programs by only considering splice sites that are identified from a curated set of
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splice junctions and present in an input annotation file [65]. However, if a splice site is

within a window size of 10bp, it is replaced with a correct splice site. FLAIR is divided

into 3 main processing steps (align, correct, and collapse), followed by various analysis

pathways, including differential splicing analysis (FLAIR diffSplice) and Fisher’s exact

test (diff iso usage) to determine significant alternative splicing [65]. FLAIR align uses

minimap2 as the alignment method. Below is the FLAIR alignment command:

flair align -g ref.fa -r query.fa [OPTIONS]

FLAIR’s GitHub page described option arguments including multi threads, quality

thresholds, and additional annotation [65]. The output files consist of the alignment file

(BAM and index) and the annotations file (BED) are used in the correction step, along

with a GTF reference file. As mentioned above, the correction step replaces the incorrect

splice sites within 10bp of the correct splice sites with the corrected site and may be called

by the following command [65].

flair correct -q query.bed12 -g ref.fa [OPTIONS]

-q query.bed12

The output from FLAIR align in BED12 format, if reads are

already aligned in a BAM file, bam2Bed12 can be used to

convert to proper format.

The FLAIR collapse step generates a high-confidence set of expressed isoforms for

further analysis [65]. First, FLAIR creates a preliminary nanopore isoform transcriptome

from only the reads that have been fully corrected for splice errors, organizing reads into

unique groups based on identical splice junction chains [65]. Within each group, FLAIR

identifies one or more representative isoforms by determining confident transcription start
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and end sites, using the density of read start and end positions for guidance. The process

then includes reassigning all reads to a first-pass isoform, even those reads that could not

be fully corrected for splice errors but have minimap2-aligned splice sites [65]. This involves

realigning reads to the spliced sequences of the first-pass isoform set and assigning each

read to the isoform it aligns with best, requiring a minimum MAPQ score of 1 [65]. This

step is essential to address misalignment due to splice site errors by restricting reads to

align only with supported splice junction chains, which also helps to identify splice site

variations more accurately [65]. In the final step, FLAIR eliminates any first-pass isoforms

with less than three supporting reads, resulting in a final set of nanopore isoforms that are

backed by sufficient coverage and thus considered high-confidence [65].

flair collapse -g ref.fa -q <query.bed> -r <quary.fa> [OPTIONS]

-q query.bed Bed file of aligned/corrected reads.

Isoform quantification is performed using FLAIR quantify. The output isoform FASTA

file from the “FLAIR collapse” step is read, and only alignments that have quality scores of

1 or higher are considered. To normalize the isoform counts within each sample, each count

is divided by the upper quartile (75th percentile) of the read counts from protein-coding

genes. For this analysis, only genes identified as protein coding in the GENCODE v24

annotation were considered. The output is a counts file isoform by sample that is used for

the FLAIR diffSplice (Differential Splice Analysis) program [65].

flair quantify -r reads_manifest.tsv -i isoforms.fa [OPTIONS]

-r reads manifest.tsv

-i isoforms.fa Fasta of FLAIR collapsed isoforms.
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Custom scripts are available for FLAIR and were written to identify alternative ac-

ceptor, alternative donor, cassette exon skipping, and intron retention events (FLAIR

diffSplice) [65]. DRIMSeq is used to perform statistical analyzes that consider batch se-

quencing and RNA batch variations, factoring in the batch numbers associated with each

sample [65]. The final product is a text file that contains information such as the gene

name, isoform name, p-value, sample isoform count, and alternative sample isoforms for

the gene count. This data can be visualized similar to the outputs from LIQA and Flames.

In addition, FLAIR provides a program called plot isoform usage that allows for isoform

structure viewing and percentage usage [65].

diff_iso_usage counts_matrix colname1 colname2 diff_isos.txt

plot_isoform_usage <isoforms.psl>|<isoforms.bed> counts_matrix.tsv \

gene_name

2.3.3 Flame

The FLAME software has 2 main functions. The first is gene specific FLAME which

performs isoform identification on a query aligned transcriptome for a specific gene of

interest [64].The other function that FLAME can perform is FLAME-GLOW, which is

global isoform identification. FLAME is a Python-based program that is executable via the

command line, as shown below. Similarly to LIQA, FLAME does not allow multi threaded

analysis, which can affect performance on larger datasets [64]. The input file is a BED

file that contains genomic coordinate data, such as gene annotations, transcription factor

binding sites, chromatin accessibility regions, or variant positions [64] This file is created

using an alignment software like minimap2 to align the transcript data to a reference
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genome [50]. The resulting Sequence Alignment/Map (SAM) file is converted into a BAM

file with a samtools and then a BED file with bedtools [51, 52].

samtools view <input.sam> -b BAM -o <output.bam>

bedtools bamtobed [OPTIONS] -i <output.bam> > <anno.bed>

./FLAME.py -I <INPUT.bed> -GTF <anno.gtf> -G <Gene>

bamtobed converts a Binary Alignment/Map (BAM) file to a BED file

-G Gene
Enables user to set a target gene. If whole transcriptome

used, omit this parameter.

The “Annotation.gtf” file contains information about gene structures, including exons,

introns, coding sequences, and untranslated regions, for the target genome. The file can

be downloaded from the Ensembl website [73, 74]. Finally, the desired gene can be listed

under the annotation option -G [64]. FLAME-GLOW is called by omitting the -G option

in the command line above. FLAME-GLOW first categorizes long reads according to their

alignment with a reference annotation in GTF format [64]. Next, it untangles the exonic

regions of each read, identifying conflicting ones that differ in start position, end position,

or length from the reference. Identical exon arrangements are collapsed and quantified

to provide a quantitative description of splice variation patterns at the single transcript

level. It also detects long-range exon coupling resulting from primer artifacts [64]. The

exon/intron boundaries are cataloged to detect novel splice sites and exons, and the results

are compiled into an output file for manual assessment. The output file provides details

such as unique isoform IDs, transcript information that includes genomic coordinates and

lengths, exon structures, identified splicing events, and their expression levels [64].
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2.3.4 Nanosplicer

Nanosplicer is an alignment tool designed for enhancing long read splice results. Nanos-

plicer has the option of increasing the number of threads allocated to the task, which can

increase speeds and performance [66]. Nanosplicer takes information from a SAM file, a

BED file (converted from a GTF file), and the file that contains the raw electrical signal

data (FAST5/POD5 file) known as squiggles [66]. First, the junctions are identified within

the reads. Sequences with a pair of 5′ and 3′ splice sites, which are the boundaries be-

tween introns and exons, are identified by mapping the alignment reads to the reference

genome, similar to how LIQA performs [66]. Reads containing junctions are aligned with

their corresponding squiggle (from the FAST5 files) using the “resquiggle” tool in Tombo

[75]. The section of the squiggle aligned with the junction is extracted, and each current

measurement is assigned to each base of the read. Data are normalized to remove sys-

temic differences for an accurate comparison with candidate squiggles [66]. The candidate

squiggles are obtained by constructing a list of candidate splice junctions. These include

the junction supported by the read, nearby canonical splice junctions, annotated splice

junctions, user-defined candidate splice junctions, and nearby splice junctions supported

by other reads. The candidate junction motifs are assembled by connecting sequences on

each side of the candidate splice junction [66]. All candidates must have the same nu-

cleotide sequence and squiggle signal at the beginning and end. A dynamic time distortion

method is used to align each junction squiggle with each candidate squiggle [66]. Current

measurements are then assigned in the junction squiggle to each mean and standard devi-

ation in the candidate squiggle. This alignment allows for comparison and measurement

of similarity between the squiggles. The Nanosplicer model is then used to identify the

splice junctions, and the junction squiggles are split into segments and normalized [66].

A mixture model is then built using the candidate squiggles and alignments. Each junc-
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tion squiggle is assigned a variable that indicates which candidate the squiggle originated

from [66]. The probability of each splice junction is then calculated and used to confirm

candidate sites with the support of the junction squiggles. A squiggle information quality

step is also implemented to filter out junctions that do not have high-quality alignments

to any candidate squiggle. Below is an example of calling the Nanosplicer program from

the command line [66].

python3 JWR_checker.py [OPTIONS] <BAM file> <output hdf5 file>

python3 NanoSplicer.py -i <example.bam> -f <fast5s> -r <ref.fa> \

<output hdf5 file>

The output generated by Nanosplicer includes a probability table and a BED file. The

probability table provides information about each splice junction, such as: read id, ref-

erence name, initial junction, junction alignment quality, candidates (all candidate splice

junctions), candidate sequence motif preference (this shows preferential use of specific in-

tron sequence patterns near splice junctions), squiggle information quality and best prob

(the value of the best probability among all candidates). The BED file contains corrected

splice junctions which can be visualized in a genome browser like IGV (Integrative Ge-

nomics Viewer) [66]. The output can be used to enhance splice identification for DAS

programs like FLAIR and LIQA.

2.4 Conclusion

While there are many other long read isoform identification software that could be reviewed,

we focused on the 4 discussed above [76, 77]. All four programs have been used in peer-

34



reviewed literature and have unique capabilities while maintaining the overall method of

isoform identification and analysis. In chapter 4, LIQA is selected to identify significant

AS events in HER2+ breast cancer cells due to its simple, yet effective design and the

ability to be implemented into a high-throughput Nextflow script.
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Chapter 3

Optimization of Sequencing Methods

3.1 Introduction

Accurate sequencing and analyzing the transcriptome of an organism can be used in many

research areas, such as novel drug testing and diagnostics. NGS marks a significant ad-

vancement in DNA sequencing technology that enables thorough examination of the tran-

scriptome. Short- and long-read sequencing methods contribute to more comprehensive and

accurate genomic analysis [43]. Short-read technologies such as Illumina sequencing use a

Sanger sequencing-by-synthesis approach, which involves DNA fragmentation, adapter ad-

dition, and bridge amplification to create clusters of identical DNA fragments in a flow cell.

During sequencing, fluorescent-labeled nucleotides are incorporated and emitted signals are

captured by a camera to determine the DNA sequence [43]. This highly parallel process

offers high accuracy, making Illumina sequencing a dominant technology in genomics re-

search. However, SRS has limitations, particularly in detecting structural variants and

assembling genomes due to the short length of fragmented reads [44]. Additionally, in-
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terpreting sequences with high levels of GC repeating regions poses challenges. Long-read

technologies, such as ONT, generate substantially longer sequencing reads. These extended

reads offer enhanced capabilities in genome assembly, structural variation detection, and

comprehension of intricate genomic regions [44]. In ONT sequencing, nanopores within

a synthetic membrane facilitate the passage of single-stranded DNA molecules through

the pore. Concurrently, an ionic current flows through the pore, which is disrupted as

each nucleotide passes through. This disruption is measured in real time and recorded

in fast5/pod5 files, which can be converted into raw reads through a process known as

base-calling [44]. Long-read ONT sequencing methods can effectively analyze the whole

human transcriptome by sequencing full-length reads [78]. ONT transcriptomic sequencing

workflows often consist of sequencing an mRNA molecule using a single cDNA strand or

double stranded deoxyribonucleic acid (dsDNA) [79].

In order to create the cDNA, many ONT standard procedures call for isolating mRNA

through poly(A) enrichment, shown in Figure 3.1. While this protocol is effective in iso-

lating mRNA, there are some limitations. A recent study found that poly(A) selection

caused a poly(A) tail length bias and an increased starting material requirement for the

ONT direct RNA sequencing kit (SQK-RNA002, ONT; version of the protocol as released:

September 13th, 2021) [80].

Included in the library preparation for ONT sequencing, double stranded cDNA is

synthesized from mRNA by reverse transcription, shown in Figure 3.2. In the case of ONT

protocols, the cDNA undergoes end-prep, adaptor ligation, and then sequencing [82].

ONT Direct cDNA sequencing kit (SQK-DCS-109) only instructs for mRNA as the

starting material. Although this kit was recently placed on legacy, the recently released

Direct cDNA Sequencing Kit (SQK-LSK114) lists total RNA as the starting material. One

objective of this experiment was to determine if using total RNA as the starting material
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Figure 3.1: Protocol for poly(A) RNA enrichment. First, total RNA is collected
and poly(A) selection is performed to enrich the sample for mRNA. The poly(A) tail of
the mRNA molecule binds to Oligo (dT) metal beads and the supernatant is removed
[81]. After a wash with 70% ethanol, the bound mRNA is eluted into a final solution [81].
Created with BioRender.com.
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Figure 3.2: Protocol for cDNA synthesis. The poly(A) primer anneals to the 3′

poly(A) tail of the mRNA [82]. The reverse transcriptase enzyme then synthesizes the
cDNA strand using the mRNA as a template and the poly(A) primer as a starting point
[82]. The RNA strand is degraded using RNase H or other RNA-specific enzymes. DNA
polymerase synthesizes a complementary strand to the cDNA template. The resulting
double-stranded cDNA is then purified using magnetic beads, which selectively bind the
cDNA fragments based on their size, removing unwanted impurities such as primer dimers,
unincorporated dNTPs, and other contaminants [82]. The purified cDNA can then be used
for various downstream applications such as polymerase chain reaction (PCR), sequencing,
or cloning. Created with BioRender.com.
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for the direct cDNA sequencing protocol would yield similar results to those found with the

SQK-RNA002 when using total RNA as the starting material. It was hypothesized that

omitting the poly(A) selection step from the workflow would remove poly(A) tail selection

bias and would not have a significant negative impact on sequencing yield, read length and

coverage, gene make-up and unique gene capture. It was also hypothesized that poly(A)

selection would induce a selection bias for longer poly(A) tailed mRNA as seen in other

studies [80]. This hypothesis is based on the understanding that the use of poly(A) primers

and DNA binding beads act as an enrichment step.

3.2 Methods

Cell Culturing and RNA collection

Figure 3.3 depicts the experimental workflow for this experiment. RNA used for all the

prepped libraries was extracted from the BT474 cell line. Cells were grown in Dulbecco’s

Modified Eagle Medium with 10% Fetal Bovine Serum and 1% PenStrep at 37°C with 5%

CO2. Cells were subcultured once 80-90% confluency was reached (every 3 to 4 days) and

the RNA was collected with the Quick-RNA™ Miniprep Kit from Zymo Research, 3 days

after subculture. The quality of total RNA was analyzed with the Qubit 4 Fluorometer

RNA broad range kit. The quality of the total RNA was confirmed to verify that there

was minimal contamination with a 1% agarose gel.
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Poly(A) selection

The poly(A) mRNA Magnetic Isolation Module from NEBNext® was used to select

poly(A) mRNA. The manufacturer’s protocol was doubled to obtain the required amount

of mRNA needed for cDNA synthesis and subsequent sequencing and 10µL nuclease-free

water was used for the final solution as a substitute for 17 µL Tris buffer. The concentration

of the selected sample was determined with the Qubit 4 Fluorometer RNA broad range

kit.

Library Preparation

Direct cDNA sequencing libraries were prepared with the ONT (SQK-DCS109, ONT;

version of the protocol as released: Aug 2019). The amount of AMPure XP beads was

increased to the recommended AMPure XP ratio of 1.8 µL of beads to 1µL of the sample

[83]. No other modifications were made to the direct cDNA sequencing protocol.

Nanopore Sequencing and base calling

Raw voltage traces were collected as Fast5 files using the MinKNOW software of ONT

(version 4.1.22). Basecalling was conducted with Guppy and subsequent analysis was

completed on the high performance computer Narval from the Digital Research Alliance

of Canada [45].

Post-processing Analysis

A Nextflow workflow script was made to eliminate variability in the analysis. The scripts

are available here:
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https://github.com/benpiticaru/Nextflow-read analysis

Basecalled reads were aligned to the Human transcriptome (GRCh38) using MiniMap2

(version 2.24-r1122) with parameters -ax splice which enables the splice alignment mode

and interprets long deletions as introns [84, 50]. Using Bedtools, the output BAM file

was converted to a BED file and intersected with the Human Genome (GRCh38) BED file

with the following parameters -f 0.90 -r to identify mapped reads that had a 90% overlap

with a known annotated gene [52]. Primary mapped reads and bases were compiled with

Samtools (version 1.17) [51]. Individual reads were labeled with a gene type, according

to the corresponding gene name found in the GRCh38 BED reference [84]. Nanopolish

(version 0.14.0) was used with the default parameters to identify the poly(A) tail lengths

in all sequenced libraries.

Plotting and Visualizations

All statistical tests and visualizations were conducted with custom Python scripts.

3.3 Results and Discussion

The objective of this experiment was to determine if there was a significant negative impact

on sequencing yield, read length and coverage, gene make-up, and unique gene capture

when poly(A) enrichment was omitted from the library prep protocol. Eleven replicates of

the experiment were processed; however, only replicates 6 and 11 had sufficient amounts of

mRNA after poly(A) enrichment, so only samples 6 and 11 were sequenced. This speaks

to a significant potential drawback of conducting poly(A) enrichment, as the extra step
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Figure 3.3: Workflow overview for poly(A) selection experiment.
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in the protocol further decreases the material and yield variability. Table 3.1 shows input

RNA levels, read counts, primary aligned reads, reads aligned to protein-coding sequences

(CDS), and bases mapped to CDS. When comparing the average bases mapped to CDS per

ng of input RNA, A higher degree of variability was found between the selected samples,

compared to the unselected samples. Although not have enough samples were used to

provide statistical significance, the dramatic increase in variability shows that omitting

poly(A) enrichment may allow for more consistent results.

Table 3.1: Experiment RNA and read amounts overview.

Replicate Condition Total RNA (ng) Library Prep RNA (ng) Sequencing Time Read counts Primary Alignments CDS Alignments Bases Mapped to CDS Bases mapped per ng

11 Selected 75000 733 72h 5.66M 1038.4K 1012.1K 1379.2M 18389.9
6 Selected 83200 150 72h 2.37M 296.1K 287.9K 335.5M 4032.4
11 Unselected - 5625 72h 3.43M 88.5K 73.9K 110.8M 19696.8
6 Unselected - 6240 72h 4.97M 139.7K 119.2K 162.6M 26057.7

Looking between the selected and unselected conditions, a small but significant increase

was found in the median read length from 714 bases in the selected group to 805 bases in

the unselected group (s = 3.60e13, p = 0.0), depicted in figure 3.4.

When comparing the average read length for each gene identified under both conditions,

there was a slight increase in average read length in the unselected group compared to the

selected (Regression Line: y = 0.83x+ 1.31; Spearman R: 0.87), as seen in figure 3.5. The

slope coefficient of 0.83 demonstrates a positive correlation in read length between selected

and unselected groups. However, unselected average read lengths are being sequenced at

slightly longer lengths. Further, the Spearman R correlation of 0.87 shows that there is

little change in average read length for a given gene between the unselected and selected

conditions.

Therefore, omitting the poly(A) enrichment step in the library prep for direct cDNA

sequencing with nanopore has been shown to not negatively affect read lengths, but rather

possibly increase read lengths.
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Figure 3.4: Overall raw read length histogram for each condition. Statistical
analysis used Mann-Whitney U Test (s = 3.60e13, p = 0.0) µselected = 714.0, µunselected =
805.0.
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Figure 3.5: Average read length scatterplot. Each point represents the average length
of reads that mapped to specific gene. Only genes that were found in both the selected
and unselected groups are represented in this scatterplot.
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Figure 3.6 shows the TPM corrected read counts for each gene found in both selected

and unselected libraries. A minimum of five reads was used as a threshold for in each

condition. Omitting the poly(A) enrichment step did not significantly affect gene coverage,

as the TPM counts spearman R correlation was a notable 0.97. Several genes were found in

more abundance in the unselected group. Upon further investigation, of the 10 genes with

the largest log difference where the unselected group was larger than the selected group

(Table 3.2), 5 of them were clustered histones. A possible explanation for this is that

while most mRNA molecules in eukaryotes have a poly(A) tail at the 3′ end, the mRNA of

histones has a 3′ stem loop [85]. The lack of the poly(A) tail causes the histone mRNA to

be removed from the selected sample as a result of lack of binding to the oligo-dT beads.

However, the reverse transcriptase can use the stem loop as a primer to perform reverse

transcription, converting the mRNA to cDNA, allowing it to be sequenced. The top 20

genes where the log difference between the selected to unselected groups are listed in Table

3.3.

Table 3.2: Genes in unselected group with the largest log difference in TPM,
compared to the selected group.

Gene ID Gene Biotype Selected Unselected Log Difference Gene Name

ENSG00000197061 protein coding 4.15 9.44 5.30 H4 clustered histone 11
ENSG00000197409 protein coding 3.53 8.03 4.51 H3 clustered histone 12
ENSG00000185130 protein coding 3.45 7.79 4.34 H2B clustered histone 13
ENSG00000211459 Mt rRNA 7.55 11.10 3.55 mitochondrially encoded 12S rRNA
ENSG00000277209 ribozyme 3.76 6.74 2.98 ribonuclease P RNA component H1
ENSG00000277075 protein coding 4.60 7.07 2.47 H2A clustered histone 8
ENSG00000210082 Mt rRNA 9.61 12.04 2.43 mitochondrially encoded 16S rRNA
ENSG00000275713 protein coding 4.38 6.72 2.33 H2B clustered histone 9
ENSG00000169710 protein coding 1.38 3.27 1.89 fatty acid synthase
ENSG00000113300 protein coding -1.59 0.29 1.88 CCR4-NOT transcription complex subunit 6
ENSG00000156052 protein coding -3.10 -1.26 1.84 G protein subunit alpha q
ENSG00000139324 protein coding -1.40 0.44 1.84 transmembrane O-mannosyltransferase targeting cadherins 3
ENSG00000082175 protein coding -1.26 0.58 1.84 progesterone receptor
ENSG00000126821 protein coding -0.79 1.03 1.82 sphingosine-1-phosphate phosphatase 1
ENSG00000182827 protein coding -0.50 1.32 1.81 acyl-CoA binding domain containing 3
ENSG00000134086 protein coding 0.36 2.14 1.78 von Hippel-Lindau tumor suppressor
ENSG00000163125 protein coding -1.49 0.25 1.74 regulation of nuclear pre-mRNA domain containing 2
ENSG00000238227 protein coding 1.99 3.67 1.68 transmembrane protein 250
ENSG00000148943 protein coding 0.32 1.98 1.66 lin-7 homolog C, crumbs cell polarity complex component
ENSG00000183943 protein coding -1.86 -0.20 1.66 protein kinase cAMP-dependent X-linked catalytic subunit
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Figure 3.6: Transcripts per million scatterplot. The points highlighted in green are
the genes where the unselected group has the greatest log difference. The points highlighted
in blue are the genes where the selected group has the greatest log difference.

48



Table 3.3: Genes in unselected group with the largest log difference in TPM,
compared to the unselected group.

Gene ID Gene Biotype Selected Unselected Log Difference Gene Name

ENSG00000119335 protein coding 3.53 1.46 2.07 SET nuclear proto-oncogene
ENSG00000258315 protein coding 4.97 2.92 2.05 chromosome 17 open reading frame 49
ENSG00000283041 processed pseudogene 5.58 3.75 1.82 eukaryotic translation elongation factor 1 gamma
ENSG00000156990 protein coding 4.24 2.45 1.79 RNA pseudouridine synthase D3
ENSG00000100836 protein coding 4.26 2.48 1.78 poly(A) binding protein nuclear 1
ENSG00000148399 protein coding 2.51 0.83 1.68 diphthamide biosynthesis 7
ENSG00000088930 protein coding 1.36 -0.25 1.61 5’-3’ exoribonuclease 2
ENSG00000258232 lncRNA 5.75 4.15 1.60 novel transcript, antisense to TUBA1C
ENSG00000171224 protein coding 4.41 2.82 1.59 family with sequence similarity 241 member B
ENSG00000189060 protein coding 4.97 3.42 1.56 H1.0 linker histone
ENSG00000182952 protein coding 3.40 1.88 1.52 high mobility group nucleosomal binding domain 4
ENSG00000243364 protein coding 4.21 2.74 1.48 ephrin A4
ENSG00000260260 lncRNA 6.18 4.70 1.48 small nucleolar RNA host gene 19
ENSG00000198901 protein coding 2.57 1.11 1.46 protein regulator of cytokinesis 1
ENSG00000159231 protein coding 3.05 1.59 1.46 carbonyl reductase 3
ENSG00000267321 lncRNA 3.90 2.44 1.46 small nucleolar RNA host gene 30
ENSG00000124614 protein coding 7.19 5.74 1.45 ribosomal protein S10
ENSG00000213983 protein coding 4.03 2.58 1.45 adaptor related protein complex 1 subunit gamma 2
ENSG00000100814 protein coding 4.03 2.59 1.44 cyclin B1 interacting protein 1
ENSG00000239382 protein coding 4.01 2.58 1.43 alkB homolog 6

Other studies showed that the poly(A) enrichment step induced a bias against mRNA

reads with shorter poly(A) tails. However, this was yet to be tested for the direct cDNA

sequencing protocol, as previous studies used direct RNA protocols [80]. Figure 3.7 shows

the spread of poly(A) tail lengths for each sample. An analysis of variance (ANOVA) test

revealed a highly significant difference between the groups (p <0.05), with a p-value of

2.0456e-17. This indicates strong evidence to reject the null hypothesis of equal poly(A)

tail-length means between the sequenced libraries. A Post-hoc comparisons test using the

Tukey Honestly Significant Difference (HSD) test results are summarized in Table 3.4 and

further reinforce the claim that a slight bias is introduced against shorter poly(A)-tailed

reads. When comparing the mean poly(A) tail lengths, all of the unselected libraries had

significantly smaller mean tail lengths than the selected ones. The only comparison that

did not have a significant difference in tail length mean was between the unselected groups.

Due to the mechanism of PolyA enrichment, one concern was that by omitting this
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Figure 3.7: PolyA tail length boxplot for each sequenced library. The median
values for each group are as follows: selected 11 (50.63), selected 6 (47.71), unselected 11
(43.625), and unselected 6 (43.87). The interquartile ranges, represented by the boxes,
span from the 25th percentile (Q1) to the 75th percentile (Q3) with the following values:
selected 11 (Q1: 32, Q3: 85.47), selected 6 (Q1: 30.17, Q3: 78.4), unselected 11 (Q1: 28,
Q3: 71.75), and unselected 6 (Q1: 28.29, Q3: 75.43). The whiskers extend to the range
of the data, and each group’s sample size is as follows: selected 11 (n=3566), selected 6
(n=1307), unselected 11 (n=1346), and unselected 6 (n=1701).

50



Table 3.4: Multiple comparison of means - Tukey HSD.

Group 1 Group 2 Mean Difference p-adj Lower Bound Upper Bound Reject Null

selected 11 selected 6 -3.546 0.027 -6.805 -0.287 True
selected 11 unselected 11 -9.806 0.000 -13.041 -6.571 True
selected 11 unselected 6 -7.673 0.000 -10.653 -4.694 True
selected 6 unselected 11 -6.260 0.000 -10.185 -2.336 True
selected 6 unselected 6 -4.127 0.023 -7.844 -0.410 True
unselected 11 unselected 6 2.133 0.448 -1.562 5.828 False

selective step, a large portion of the sequenced library would be lost due to reads that were

not of interest. MRNA only constitutes approximately 5% of total RNA and although

cDNA synthesis in theory selects mRNA using oligo-dT primers, the other RNA molecules

are still present in the library and could find their way to the sequencing step. To determine

the effects that omitting the poly(A) enrichment step had on gene makeup and capture, The

proportion of gene types in each sequenced library is shown in figure 3.8. Reads mapping

to protein coding genes made up on average 97.36% of the selected libraries and 84.46% of

the unselected libraries. Of the remaining gene types, the notable difference between the

unselected and selected libraries was found to be mitochondrial ribosomal ribonucleic acid

(rRNA), which comprised an average of 12.9% of the unselected libraries. There is some

evidence that rRNA can have poly(A) tails, however, this does not explain the disparity

in gene type composition between unselected and selected groups [86]. While these gene

type compositions between conditions are large, the 12.9% loss in protein coding reads is

mitigated by the apparent decrease variability in average bases mapped to CDS per ng of

RNA when poly(A) enrichment is omitted and lower starting material requirement.

The number of unique genes found in each library and between libraries was obtained

and expressed in Figure 3.9. If there was no affect on gene composition, the majority of

uniquely identified genes would be found in all datasets. Figure 3.9 shows that 4215 genes
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Figure 3.8: Gene make-up plot for selected and unselected samples. The plot on
the right is a magnified bar graph of the gray “Other” category in the left plot.
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Figure 3.9: Upset plot for all samples. The bar graph on the top depicts the number
of unique genes that were found between different combinations of samples. For example,
867 genes were found to be in only the selected samples. The bar graph on bottom left
shows the total number of genes identified in each sample.
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were found in all datasets with the second highest number of unique genes being replicate

11, selected. The interpretation of these results is that the high levels of unique genes

found in the selected 11 dataset was due to the high level of sequenced data (between

3.26x and 0.85x more primary aligned reads, and 1.06x to 1.47x more unique identified

genes, compared to all other sequenced libraries). Other notable observations in figure 3.9

is that the number of unique genes found in either condition is not drastically different,

when considering the affects that the large selected 11 library has on the number of unique

genes found in each condition. While more data is required to solidify the findings, the

current data shows some support that omitting the poly(A) enrichment step does not

negatively change gene make up and capture.

3.4 Conclusions

The purpose of this experiment was to determine whether omitting the poly(A) enrichment

step prior to cDNA synthesis for direct cDNA sequencing with ONT long-read sequencing

would have negative effects on the data collected. Sequencing yields, read lengths and cov-

erage, poly(A) tail lengths, gene make-up, and capture were tested. In all cases, omitting

the poly(A) selection step did not negatively impact the outcomes of the experiment and

in the cases of sequencing yields, read lengths and coverage and poly(A) tail lengths, there

was a potential positive impact on experiment outcomes. Further, omitting the poly(A)

enrichment step allowed for a greater sequencing depth of histone mRNA molecules.

Cell lines tend to be more repeatable than population samples. You could say that the

experiments were conducted with data from a single cell line and additional confirmation

with other samples, cell types, and organisms such as yeast would provide additional

confirmation.
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Furthermore, the experiments were conducted with data from a single cell line and

additional confirmation with other samples, cell types, and organisms such as yeast would

provide additional confirmation. Finally, the results can be confirmed with more recently

developed kits. For example, the Ligation Sequencing kit (SQK-LSK114) from ONT, used

with the Direct cDNA sequencing protocol or the Native Barcoding kit (SQK-NBD114.24)

which includes barcoding, used with a double stranded cDNA synthesis protocol. These

kits are currently in use and therefore, the results would be more relevant when considering

library preparation methods.
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Chapter 4

Testing Affects of Trastuzumab

4.1 Introduction

AS is a biological mechanism in eukaryotic cells in which many different functional and

structural variants can be produced from a single gene by removing specific introns and

joining specific exons [87, 58, 88]. AS is a fundamental mechanism and may have important

implications to fully understand when dealing with clinical drugs, as AS events occur in

over 90% of human genes with multiple exons [87, 5]. Identifying AS events in breast cancer

has many clinical implications, such as breast cancer patient survival time [89]. One study

found that AS events occurred in groups of genes linked to oxidative stress, induced cell

death, and DNA damage response, affecting cancer development [89]. In approximately

20-25% of breast cancer diagnoses, the (HER2) protein is found in high concentrations

[90]. HER2 is a surface membrane protein involved in signal transduction, cell prolifer-

ation, survival, differentiation, angiogenesis, and metastasis [90]. Tumors overexpressing

the HER2 gene have higher proliferation rates, a greater frequency of aneuploidy, and
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poorer patient prognosis [91]. However, advances in targeted therapies, such as Herceptin

(Trastuzumab), have significantly improved the prognosis for individuals with HER2+ tu-

mors, making early detection and personalized treatment crucial in managing this sub-type

of breast cancer. Trastuzumab is a monoclonal antibody that binds to the HER2 domain

outside the cell and, among other interactions, inhibits homodimerization [92]. In binding

of Trastuzumab, the HER2 signaling pathway is altered, affecting transcription factors

that regulate many genes [90]. When given the drug in the early stages of breast cancer

development, the patient survival rate increases dramatically [90]. Although Trastuzumab

has been used clinically since 1998, not every aspect of the biological mechanisms of the

drug are understood. This paper aims to shed light on the effects that Trastuzumab has

on AS in HER2+ breast cancer cells.

The Illumina SRS technology platform has been the dominant sequencing platform for

the past decade. However, short-read sequencing technology has its drawbacks. Especially

in the detection of structural variants and genome assembly, the reads are too short to

detect over 70% of the structural variation of the human genome [44]. Another issue with

Illumina sequencing is how to read and interpret sequences with high levels of GC repeating

regions [44]. The third-generation long-read sequencing methods, like ONT, allow AS to

be observed by sequencing full-length cDNA transcripts and comparing these to a reference

genome [44, 62]. ONT has been shown to produce better results than SRS due to its ability

to sequence strands up to 2.3Mb in length, although at the cost of a higher error rate, which

allows the method to address the issues SRS faces by sequencing at lengths across repeating

regions [44]. Therefore, ONT can detect novel mRNA isoforms with greater sensitivity by

sequencing full-length mRNA or cDNA.

A suitable computational pipeline is required for the analysis of high-throughput se-

quence data. One such system is Nextflow [63, 57], which can be used to create a pipeline

57



for long read analysis using the LIQA software discussed in Chapter 2. Nextflow is a pow-

erful and scalable workflow management system designed specifically for bioinformatics

and scientific data analysis. It simplifies the creation, execution, and maintenance of com-

plex computational pipelines, allowing researchers to seamlessly integrate diverse tools and

processes into a cohesive workflow. Nextflow utilizes a domain-specific language that facil-

itates the definition of workflows in a portable and reproducible manner. Its key strength

lies in its ability to manage dependencies, handle parallelization, and efficiently distribute

computing tasks across various computing environments, such as local machines, clusters,

or cloud platforms [57]. The analysis pipeline was then used to perform a comparative

analysis on ONT long read sequenced data to test the effects that Trastuzumab has on AS

in HER2+ breast cancer.

4.2 Methods

Cell Lines and Culturing

Figure 4.1 depicts the workflow for the following methods. Human cell lines BT474,

SKBR3, and MCF-7 cells were purchased from the American Type Culture Collection

and cultured according to their instructions. Human cell line BT474 over-expresses HER2

and ER [93, 94]. The second is the human cell line SKBR3 which over-expresses HER2

[94]. The final cell line is MCF7 that does not overexpress HER2 or ER [94]. MCF7

will act as a negative control as treatment with Trastuzumab should have little effect as

neither HER2 nor ER is over-expressed. BT474 and SKBR3 will act as experiment groups

for HER2/ER and only HER2, respectively. BT474, SKBR3 and MCF7 will grow for up

to 4-5 weeks after thawing from cryo-preservation [95].
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Figure 4.1: Workflow overview of AS experiment. Created with BioRender.com.
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BT474, SKBR3 and MCF7 cells were grown in Dulbecco’s Modified Eagle Medium with

10% Fetal Bovine Serum and 1% Pen-strep for up to 4-5 weeks after thawing from cryo-

preservation [95]. Subculture occurred once the flask coverage reached 80-90%, following

the standard protocol for each cell line.

Mycoplasma presence was tested using the EZ-PC™Mycoplasma Detection Kit from

FroggaBio. The manufacturer protocol was followed, and all cell lines tested negative for

mycoplasma.

Cell Treatment and RNA Extraction

Cell cultures were grown to 80-90% confluency over 7 days, then was split into treatment

and control groups. Treatment groups received 22µg of Trastuzumab on days 1 and 4 after

subculture by pipetting 5µL into new media. Control cultures also had media changed

on days 1 and 4, without treatment of Trastuzumab. On day 7, treatment and control

cells were lysed and their RNA was extracted using the Quick-RNA™, Miniprep kit from

Zymo Research. The standard protocol was followed except for using 2 columns for each

sample and combining the elution of each column. The quality and quantity of total RNA

isolated from each sample were tested using a GelRed electrophoresis gel (4.3) and a Qubit

fluorometer Broad-Range RNA kit, respectively.

cDNA synthesis

First strand synthesis of cDNA was performed with the Maxima H Minus First Strand

cDNA Synthesis Kit (#K1652). One replicate of each cell line used 1 µL of M-MLV from the

RT-PCR kit (Cat. #R1011, 20 reactions). The Invitrogen second-strand cDNA synthesis
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kit and protocol were followed for second-strand synthesis. 180 µL of AMPure XP beads

were used in each sample for bead purification with a binding time of 10 minutes at room

temperature (20 C). 80% ethanol was used to wash the beads twice. The purified dsDNA

was eluted in 14µL of nuclease-free water and stored at -20 C.

Library Prep and Minion Sequencing

Library prep was performed with the ONT Native Barcoding Kit 24 V14 (SQK-NBD114.24)

and sequenced on the MinION Mk1B with the FLO-MIN114 flowcell. Three sequencing

runs with differing parameters were performed. Runs 1 and 2 were normalized to 130ng

of dsDNA per sample as input, while run 3 had between 669.2 ng and 2583.0 ng, which was

all the remaining sample. The rationale was that sequencing depth would be increased in

run 3. Furthermore, run 1 had all 24 samples in the sequenced pool, while runs 2 and 3

only had 18 due to lack of material. Sequencing runs 2 and 3 ran for 72 hours, while run

1 ran for 13 hours.

Post-Sequencing Processing

All code used for this experiment is available on Github at:

https://github.com/benpiticaru/Nextflow-Liqa

A custom Nextflow script was developed and used to perform the post-sequencing

processing [57]. Pod5 files were basecalled and demultiplexed using the Guppy base call

software (v6.4.6 + ae70e8f) [45]. Adapters were removed with Porechop (v0.2.4) and reads

were filtered according to length and quality with Chopper (v0.6.0) [96, 49]. The processed
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reads were then mapped to the NCBI Homo Sapiens GRCh38 DNA Primary Assembly

using Minimap2 (v2.17-r941) with the -ax splice parameters. Mapped reads were then

filtered and sorted with Samtools (v1.9) [51, 50]. Filtering parameters with read length

≥ 200, Phred score ≥ 10, and MAPQ score ≥ 60 were established. The score threshold

was determined by testing the number of reads after processing versus the number of reads

mapped and determining which threshold would produce high quality results with sufficient

data for analysis.

Differential AS Analysis

LIQA (v1.1.16) was used to perform isoform identification and differential AS identification

[63]. The read thresholds were optimized to obtain the maximum amount of data with-

out compromising the results. An false discovery rate correction was used to determine

statistical significance for genes showing potential AS.

Gene Ontology/KEGG Enrichment Analysis

The GO and Kyoto Encyclopedia of KEGG terms for genes that showed significant AS

were identified with the Python module Gprofiler (v1.2.2) [97]. Another false discovery rate

correction was performed to determine the Go and KEGG pathways that were significantly

overrepresented to display significant AS in each cell line and between cell lines [69, 70, 71].

Individual gene splicing was visualized using ggshashimi (v1.1.5) [98].
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4.3 Results and Discussion

The human cell lines BT474, SKBR3, and MCF7 were used to conduct the experiments.

According to liturgy and manufacturer documentation, the overexpression of HER2 and

ER is shown in table 4.1 [99].

Table 4.1: Cell lines used and their gene expression types.

Cell Line HER2+ ER+

BT474 + +
SKBR3 + -
MCF7 - -

Each cell line was tested for Mycoplasma contamination. Mycoplasma contamination

in cell cultures poses significant challenges by altering cell characteristics, such as gene ex-

pression which can interfere with experimental results, and impacting cell viability through

nutrient depletion. These small wall-less bacteria evade detection and filtration methods,

leading to unreliable data and potentially compromising the safety and efficacy of biophar-

maceutical products. Their resistance to many antibiotics due to the lack of a cell wall

makes eradication difficult, necessitating regular testing and strict sterile techniques to

prevent and manage contamination. A polymerase chain reaction (PCR) was performed

to amplify mycoplasma DNA found in the cell culture media. Gel electrophoresis was used

to detect the presence of amplified mycoplasma DNA. Mycoplasma was not detected in all

cell lines, as seen in Figure 4.2, confirming the negative result.

On day 7, the RNA was extracted from both groups of Trastuzumab treated and

untreated cells and electrophoresis was performed on agarose gel to determine the purity

of the RNA and genomic contamination, shown in the Figure 4.3. Two distinct bands were

expected to be found, one for 18S and one for 28S. All samples showed distinct bands with
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Figure 4.2: Mycoplasma test results agarose gel. Lanes consist of DNA ladder,
Positive Control, Negative Control, BT474, SKBR3, and MCF7 from left to right.

no smearing or genomic material in the input well. Some smaller RNA material separate

from the distinct bands was also observed. This was probably the mRNA and other RNA

molecules that were to be sequenced.

After converting the RNA to cDNA, library prep and sequencing was performed with

ONT’s SQK-NBD114.24 kit and the Minion FLO-MIN114 flowcell (R10.4.1). An overview

of the sequencing portion is shown on table 4.2. Different sequencing times and amounts of

input cDNA were used for each run to determine when the majority of sequencing occurred

and if an increase in starting material correlated with an increase in sequenced reads. Most

sequencing occurs in the first 13 hours and an increase in the input cDNA sample did not

improve the sequenced read count. A possible cause of the low read count is a limiting

reagent in the library prep kit that is causing the low sequencing yield. SQK-NBD114.24

is typically intended for genomic and amplicon sequencing, and it is possible that it is not
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(a) Replicate 1 (b) Replicate 2 (c) Replicate 3

(d) Replicate 4

Figure 4.3: Agarose gels for RNA extraction of all replicates. For replicates 2,3,
and 4, the lanes contain DNA ladder (lane 1), BT474 Treatment (lane 2), BT474 Control
(lane 3), SKBR3 Treatment (lane 4), SKBR3 Control (lane 5), MCF7 Treatment (lane 6),
and MCF7 Control (lane 7). (a) Replicate 1 lanes contain DNA ladder (lane 1), BT474
Treatment (lane 3), BT474 Control (lane 4), SKBR3 Treatment (lane 6), SKBR3 Control
(lane 7), MCF7 Treatment (lane 9), and MCF7 Control (lane 10). 18S and 28S bands can
be seen in all samples and no long genomic material near the wells.
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optimized to work with transcriptome sequencing. For future experiments involving DAS

analysis of ONT sequenced data, it is recommend increasing the amount of adaptor used

per barcoded sample or using another protocol that is specifically for full transcriptome

cDNA.

Table 4.2: AS sequencing overview.

Sequencing Run Samples Used cDNA Used/Sample Time Sequenced Reads Sequenced

1 18 + 6* 130ng 13 hours 1.84 M
2 18 130ng 72 hours 4.89 M
3 18 Max amount 72 hours 2.17 M

*6 additional replicates were added to this run.

Once all sequencing runs were completed, the Nextflow pipeline was run with various

Phred scores and MAPQ thresholds. Phred scores of 0, 10, 12, and 15 were tested, which are

accuracy thresholds of 0% (no error threshold), 90.0%, 93.7%, and 96.8%, respectively. The

goal was to determine a suitable cutoff threshold to maintain the quality of the result while

retaining most reads. The rationale for this approach was that the structural variation of

long reads was being examined, which allowed for a higher mutation/error rate because

the focus was on the presence of intron/exons rather than single-nucleotide polymorphisms

(SNPs).

MAPQ score, which is a metric to measure alignment accuracy, ranges from 0 to 60 for

the minimap2 output [50, 100]. MAPQ scores of 0, 10, 20, 50 and 60 were tested, combined

with each Phred score threshold. Increasing the MAPQ threshold had minimal impact on

the number of reads mapped. Based on the results in Figure 4.4, a read-average Phred score

of 10 and a MAPQ score of 60 provide sufficient read filtering while maintaining most of the

collected data. It is worth noting that if sequencing depth was increased, the thresholds
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would be able to be increased. However, with the lower sequencing depth obtained, a

conservative filtering approach was used as more sequence information is retained.

Once Phred and MAPQ thresholds were determined for filtering, the Nextflow pipeline

was rerun. Figure 4.4 shows the distribution of read lengths for all adapter-trimmed reads

in samples and the average Phred scores for the samples at each read length. Most reads

had a Phred score ≥ 20 with spikes ≤ 20 around read length of 500 and 1000 bases. In

terms of data processing, the pipeline removed adaptors from sequenced reads, and filtered

reads; less than an average Phred score of 10 (10% error rate), and MAPQ score of 60.

The median average Phred score for raw reads in each sample was similar, between 22-25.5,

with no apparent pattern compared to samples with higher spreads in Figure 4.5. The read

length for the raw reads in each sample was similar, with some samples exhibiting a larger

variance at random than others, as seen in the Figure 4.6. Due to similarities in the Phred

score and read lengths between samples, biological replicates were pooled for each cell line

and condition to increase the sample size for analysis. The mean Phred score of the pooled

samples increased due to read processing (M = 22.67, SD = 2.97 to M = 23.73, SD = 2.91),

seen in Figures 4.7 and 4.8. Finally, the mean and variance in the read length decreased

(M = 1385.50, SD = 1187.46 to M = 1241.43, SD = 1102.27) and the variance in the

average Phred score increased, as seen in Figs. 4.9 and 4.10.

In Figure 4.9, 91,651 raw reads had lengths greater than 5Kb (representing 1.4% of the

total sequenced reads), which is high, as the length of mRNA in mammals follows a lognor-

mal distribution with a median of 1.4Kb and a deviation of 2 [101]. Only 33,832 reads with
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Figure 4.4: Read length histogram for all adaptor trimmed samples with binned
stacked Phred scores.
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Figure 4.5: Boxplot of average Phred score per read for each sample.
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Figure 4.6: Boxplot of read lengths for each sample.
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Figure 4.7: Histogram of raw Phred scores across all samples.
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Figure 4.8: Histogram of processed Phred scores across all samples.
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Figure 4.9: Scatterplot of read length vs. average Phred score per read for all
raw samples.
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Figure 4.10: Scatterplot of read length vs. average Phred score per read for all
processed samples.
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lengths greater than 5Kb were found in the processed reads. Porechop (v0.2.4) was used

to determine the number of reads that contained an adaptor in the middle of the read and

considered the read to be a sequencing error in which the Minion recording software could

not differentiate between the end of one read and the beginning of another [47]. Adaptors

range from 20 to 60 bases in length, plus the 24 bases for the barcode sequence. Porechop

identified 30,670 reads containing adaptors in the middle of the reads. Of the remaining

60,981 reads greater than 5Kb in length, minimap2 was used with the parameters -ax splice

and a custom script, employing samtools and bedtools to determine the composition of the

gene type. After correction of reads per million, 96% of the remaining reads greater than

5Kb mapped to protein coding sequences and the remaining 4% mitochondrial rRNA. The

reasoning for using reads per million and not TPM stems from the purpose of determining

which type of genes make up these ultra long reads and not a gene expression analysis

which commonly uses TPM. Although identification of the type of gene to which these

ultra-long reads mapped, there are many questions that remain unanswered. For example,

there is a possibility that these reads are genomic contamination. While unlikely due to

the stringent filtering with samtools parameters -F 260 -q 60 which filters out any read

that is not a primary mapped read and uniquely mapped, and bedtools requiring a 95%

overlap in chromosome location to be considered a match, it is theoretically possible for a

DNA strand to escape RNA purification methods. In Figure 4.10, these ultra-long reads

are not present as they have been split into smaller reads in the adaptor removal process.

At the end of the DAS analysis, Table 4.3 shows the 27 genes that were found that

showed significant AS in the cell line BT474. Eight of the 27 genes had multiple isoforms in

the treatment group. NEAT1 expressed significant AS in cell line BT474. NEAT1 is a long

non-coding RNA that forms the main component of the paraspeckle sub-organelles. Some

research suggests it also acts as a transcriptional regulator for multiple genes involved in
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cancer progression [102]. NEAT1 also had significant AS in cell line MCF7 but with a

different isoform between the MCF7 and BT474 treatment groups. Upon examining the

isoform pileups in Figures A.1, A.2, and A.3, the presence of Trastuzumab caused drastic

change in the number of exons and overall size of the isoforms for NEAT1. Interestingly,

Trastuzumab caused similar changes in splicing patterns in both cell line BT474, which

overexpresses HER2 and ER, and in cell line MCF7 which does not overexpress either

HER2 or ER. The exact cause needs further study to confirm that overexpression of HER2

and ER does not play a role in the different isoforms that are expressed in the NEAT1 gene

due to Trastuzumab treatment. PRPF38B expressed significant AS in cell lines SKBR3

and MCF7, shown in Figures A.4 and A.5 respectively. The reads in the control group

had different isoform structures as seen in Figure A.6 and A.7 but none were found in the

treatment groups, possibly due to the presence of Trastuzumab. However, only 2 reads

in BT474 and MCF7 mapped to the PRPF38B gene. The localization of PRPF38B can

be used as a biomarker to predict the survival benefits of trastuzumab in patients with

HER2 + breast cancer [103]. Deeper sequencing depth of PRPF38B in treated BT474

and MCF7 cell lines will illuminate whether Trastuzumab is causing significant AS or

changes in gene expression. ARF4 was also found to express significant AS in more than

one cell line, BT474 and SKBR3, shown in Figure A.8 and A.9 respectively. ARF4 also

showed significant AS between BT474-MCF7 control groups (Figure A.10) and BT474-

SKBR3 control groups (Figure A.11). Unregulated ARF4 has been linked to cell migration,

invasion and proliferation in several types of cancer [104]. Interestingly, the isoform found

in the SKBR3 treatment group (Figure A.9 was the same found in the MCF7 control

group (Figure A.10). One interpretation of this finding is that Trastuzumab is causing

genes in cells that overexpress HER2 to revert to regular splicing patters in cells that

express regular levels of HER2. Fifteen genes were found in the cell line SKBR3, listed in
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Table 4.4, two expressed multiple isoforms in the treatment group. Figure A.12 depicts

GAPDH’s large change in isoform counts, going from 76 reads assigned to the gene in the

control group of SKBR3 to 29 in the treatment group. However, only small changes in

different isoform counts were found. GAPDH is a prominent housekeeping protein that is

overexpressed in many types of cancer [105]. In a study from 2012 and 2023, both used the

GAPDH mRNA levels as a normalization for the data [106, 107]. While the low sample

size is a factor, based on the findings in this experiment, if GAPDH undergoes significant

AS, it may not be the best choice for mRNA normalization, rather a potential target for

more research and therapies. PPIA is another gene that expressed significant AS in cell

line BT474. Figure A.13 shows multiple isoform structures between the treatment (HER)

and control (CON) groups. The PPIA protein is responsible for catalyzing the cis-trans

isomerization of proline imidic peptide bonds that regulate biological processes including

apoptosis, transcription, inflammation, and intracellular signalling [108, 109, 110, 111].

Twenty-eight genes were found in the cell line MCF7, 8 expressing multiple isoforms in the

treatment group, shown in Table 4.5. Between the control groups of BT474 and MCF7, 36

genes showed significant AS (Table 4.7). There were 44 genes with significant differentially

spliced genes between BT474 and SKBR3 (Table 4.6) and 25 between SKBR3 and MCF7

4.8.

Table 4.3: Genes expressing significant alternative splicing between cell line
BT474 treatment and control groups.

Gene Name adj p-value Description

PPIA 0.000000 peptidylprolyl isomerase A

FLNA 0.000000 Filamin A

Continued on next page
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Genes expressing significant alternative splicing between cell line BT474 treat-
ment and control groups.

Gene Name adj p-value Description

VTA1 0.000000 vesicle trafficking 1

SMC1A 0.000000 structural maintenance of chromosomes 1A

ATP6V1A 0.000000 H(+)-transporting two-sector ATPase

SUPT6H 0.000000 Transcription elongation factor spt6

ANGEL1 0.000000 Angel homolog 1

ARF4 0.000008 ADP-ribosylation factor

RBM3 0.000008 RNA binding motif protein 3

H2AC6 0.000134 Histone H2A

PEX26 0.000192 Peroxisome assembly protein 26

MTHFD2 0.000192 methenyltetrahydrofolate cyclohydrolase

RSRC2 0.001662 arginine and serine rich coiled-coil 2

NEAT1 0.001894 nuclear paraspeckle assembly transcript 1

ZNF652 0.002657 Zinc finger protein 652

CLPTM1 0.002657 Cleft lip and palate transmembrane protein 1

PFDN4 0.002921 Prefoldin subunit 4

C6orf62 0.002921 Chromosome 6 open reading frame 62

SSR1 0.004263 signal sequence receptor subunit 1

NIBAN2 0.010516 Niban apoptosis regulator 2

MICOS10 0.017827 MICOS complex subunit MIC10

TOB1 0.024012 Protein Tob1

Continued on next page
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Genes expressing significant alternative splicing between cell line BT474 treat-
ment and control groups.

Gene Name adj p-value Description

HMGB2 0.027383 High-mobility group box 2

MPI 0.044999 mannose phosphate isomerase

VEZF1 0.046871 vascular endothelial zinc finger 1

CCNG2 0.046954 Cyclin-G2

C8orf82 0.048743 Chromosome 8 open reading frame 82

Table 4.4: Genes expressing significant alternative splicing between cell line
SKBR3 treatment and control groups.

Gene Name adj p-value Description

BCAS4 0.000000 Breast carcinoma amplified sequence 4

AHR 0.000005 Aryl hydrocarbon receptor

PRPF38B 0.000023 Pre-mRNA-splicing factor 38B

HSD17B10 0.000030 3-hydroxyacyl-CoA dehydrogenase type-2

SDF4 0.000054 stromal cell derived factor 4

APPL1 0.000114 DCC-interacting protein 13-alpha

TMEM109 0.001033 Transmembrane protein 109

CALR 0.005584 Calreticulin

HIPK1 0.006876 Homeodomain interacting protein kinase 1

ARF4 0.006876 ADP-ribosylation factor

Continued on next page
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Genes expressing significant alternative splicing between cell line SKBR3 treat-
ment and control groups.

Gene Name adj p-value Description

MCL1 0.007858 MCL1 protein

MRPS16 0.012981 mitochondrial ribosomal protein S16

GAPDH 0.016266 Glyceraldehyde-3-phosphate dehydrogenase

FAM83H 0.045744 family with sequence similarity 83 member H

AP1S1 0.049220 AP complex subunit sigma

Table 4.5: Genes expressing significant alternative splicing between cell line
MCF7 treatment and control groups.

Gene Name adj p-value Description

HDGF 0.000000 heparin binding growth factor

HSP90AA1 0.000000 Heat shock protein HSP 90-alpha

ENSG00000124593 0.000000 novel protein

ATIC 0.000000 Bifunctional purine biosynthesis protein ATIC

QPRT 0.000000 quinolinate phosphoribosyltransferase

SEC62 0.000000 Translocation protein SEC62

LSM5 0.000000 U6 snRNA-associated Sm-like protein LSm5

RTN4 0.000000 Reticulon

GNA12 0.000000 G protein subunit alpha 12

TSC22D1 0.000001 TSC22 domain family member 1

Continued on next page
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Genes expressing significant alternative splicing between cell line MCF7 treat-
ment and control groups.

Gene Name adj p-value Description

UQCRQ 0.000003 Cytochrome b-c1 complex subunit 8

RPN1 0.000004 ribophorin I

SCAND1 0.000008 SCAN domain containing 1

ATN1 0.000015 Atrophin 1

CD2BP2 0.000020 CD2 cytoplasmic tail binding protein 2

PRPF38B 0.000127 Pre-mRNA-splicing factor 38B

UBE2K 0.001384 E2 ubiquitin-conjugating enzyme

PDXK 0.001808 Pyridoxal kinase

CSE1L 0.002676 Exportin-2

SCAF8 0.002676 SR-related CTD associated factor 8

UBE2Z 0.003408 Ubiquitin-conjugating enzyme E2 Z

PACSIN2 0.005653 protein kinase C and casein kinase sub. in neurons 2

NEAT1 0.008693 nuclear paraspeckle assembly transcript 1

CREBBP 0.009021 CREB binding protein

ATP6V0E1 0.012804 V-type proton ATPase subunit

PRRC2A 0.020351 Proline-rich coiled-coil 2A

ABI2 0.033503 Abl-interactor 2

BASP1 0.048726 Brain abundant membrane attached signal protein 1
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Table 4.6: Genes expressing significant alternative splicing between cell line
BT474 and SKBR3 control groups.

Gene Name adj p-value Description

UQCRQ 0.000000 Cytochrome b-c1 complex subunit 8

NUTF2 0.000000 Nuclear transport factor 2

CMBL 0.000000 Carboxymethylenebutenolidase homolog

HSD17B10 0.000000 3-hydroxyacyl-CoA dehydrogenase type-2

MEPCE 0.000000 RNA methyltransferase

TMPO 0.000000 thymopoietin

ARF4 0.000002 ADP-ribosylation factor

NEDD8 0.000002 NEDD8

RPL23A 0.000006 ribosomal protein L23a

NHERF2 0.000009 NHERF family PDZ scaffold protein 2

PAQR4 0.000015 progestin and adipoQ receptor family member 4

EIF3D 0.000054 Eukaryotic translation initiation factor 3 subunit D

CNN3 0.000115 Calponin

DCTPP1 0.000210 dCTP pyrophosphatase 1

RBM42 0.000330 RNA-binding protein 42

SELENOF 0.000330 Selenoprotein F

MTA2 0.001165 Mta2 protein

QSOX1 0.001411 Sulfhydryl oxidase

MRPS16 0.001703 mitochondrial ribosomal protein S16

PRPF38B 0.001779 Pre-mRNA-splicing factor 38B

Continued on next page

82



Genes expressing significant alternative splicing between cell line BT474 and
SKBR3 control groups.

Gene Name adj p-value Description

MICOS10 0.002706 MICOS complex subunit MIC10

STARD7 0.002706 StAR related lipid transfer domain containing 7

OTUD6B-AS1 0.003045 OTUD6B antisense RNA 1 (head to head)

RXRA 0.005189 retinoid X receptor alpha

PCBP4 0.005189 Poly(RC)-binding protein 4

H2AC6 0.005375 Histone H2A

DDX21 0.007388 RNA helicase

UBQLN1 0.007443 Ubiquilin-1

CSNK2A2 0.010382 casein kinase 2 alpha 2

TMEM167A 0.012547 Protein kish

NME1-NME2 0.012602 NME1-NME2 readthrough

ARCN1 0.014300 archain 1

SLC7A5 0.023441 Solute carrier family 7 member 5

ATP9A 0.024450 ATP synthase subunit 9, mitochondrial

PSMC2 0.024450 proteasome 26S subunit, ATPase 2

ENSG00000288534 0.025171 TMX2-CTNND1 readthrough (NMD candidate)

MRPS14 0.027020 mitochondrial ribosomal protein S14

MED1 0.032321 mediator complex subunit 1

MPI 0.038142 mannose phosphate isomerase

SNRNP200 0.041480 small nuclear ribonucleoprotein U5 subunit 200

Continued on next page
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Genes expressing significant alternative splicing between cell line BT474 and
SKBR3 control groups.

Gene Name adj p-value Description

BCL9L 0.041539 BCL9 like

YEATS2 0.043772 YEATS domain containing 2

KPNA4 0.047423 Importin subunit alpha

ATN1 0.048678 Atrophin 1

Table 4.7: Genes expressing significant alternative splicing between cell line
BT474 and MCF7 control groups.

Gene Name adj p-value Description

STARD7 0.000000 StAR-related lipid transfer protein 7, mitochondrial

CREBBP 0.000000 histone acetyltransferase

PACSIN2 0.000000 Protein kinase C and casein kinase

substrate in neurons protein 2 isoform X1

UQCRQ 0.000000 Cytochrome b-c1 complex subunit 8

CLNS1A 0.000000 Methylosome subunit pICln

DDX46 0.000000 RNA helicase

NHP2 0.000000 H/ACA ribonucleoprotein complex subunit 2

ELP2 0.000000 Elongator complex protein 2

ARF4 0.000000 ADP-ribosylation factor

TSEN34 0.000000 tRNA-splicing endonuclease subunit Sen34

Continued on next page

84



Genes expressing significant alternative splicing between cell line BT474 and
MCF7 control groups.

Gene Name adj p-value Description

NEAT1 0.000000 nuclear paraspeckle assembly transcript 1

OTUD6B-AS1 0.000000 OTUD6B antisense RNA 1 (head to head)

SMC1A 0.000000 Structural maintenance of chromosomes protein

SUPT6H 0.000000 Transcription elongation factor spt6

PSMA1 0.000000 Proteasome subunit alpha type

RPL10A 0.000000 Ribosomal protein

SEC62 0.000001 Translocation protein SEC62

BCL9L 0.000007 BCL9 like

HMGB2 0.000012 High-mobility group box 2

LANCL1 0.000014 Glutathione S-transferase LANCL1

TAB2 0.000267 TGF-beta-activated kinase 1 and

MAP3K7-binding protein 2

ATP9A 0.000372 ATP synthase subunit 9, mitochondrial

ZCRB1 0.000726 Zinc finger CCHC-type and RNA-binding

motif-containing protein 1

TXNDC5 0.001225 protein disulfide-isomerase

PRPF38B 0.001345 Pre-mRNA-splicing factor 38B

MSI2 0.001376 Musashi RNA binding protein 2

ENSG00000258466 0.001886 novel protein

DSCAM-AS1 0.002185 DSCAM antisense RNA 1

Continued on next page
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Genes expressing significant alternative splicing between cell line BT474 and
MCF7 control groups.

Gene Name adj p-value Description

SCAND1 0.009361 SCAN domain-containing protein 1

MRPL51 0.009721 Large ribosomal subunit protein mL51

SPAG7 0.011720 Sperm-associated antigen 7 homolog

CCNI 0.020537 Cyclin-I

AK6 0.020537 Adenylate kinase isoenzyme 6

SRP14 0.032246 Signal recognition particle 14 kDa protein

H2AC6 0.032246 Histone H2A

ENSG00000124593 0.032246 novel protein

Table 4.8: Genes expressing significant alternative splicing between cell line
MCF7 and SKBR3 control groups.

Gene Name adj p-value Description

UBE2Z 0.000000 Ubiquitin-conjugating enzyme E2 Z

GNA12 0.000000 G protein subunit alpha 12

PABPN1 0.000000 Polyadenylate-binding protein 2

NUTF2 0.000000 Nuclear transport factor 2

SLC25A44 0.000000 Solute carrier family 25 member 44

SPPL2A 0.000000 Signal peptide peptidase-like 2A

DNAJC5 0.000000 DnaJ homolog subfamily C member 5

Continued on next page
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Genes expressing significant alternative splicing between cell line MCF7 and
SKBR3 control groups.

Gene Name adj p-value Description

GOLGB1 0.000000 golgin B1

PIEZO1 0.000000 Piezo-type mechanosensitive ion channel component 1

AKT1S1 0.000000 AKT1 substrate 1

PNKD 0.000000 PNKD metallo-beta-lactamase domain containing

NPEPL1 0.000009 aminopeptidase like 1

PSMA1 0.000009 Proteasome subunit alpha type

STARD7 0.000022 StAR related lipid transfer domain containing 7

HIF1A 0.000023 Hypoxia-inducible factor 1 alpha

UBE2L3 0.000058 E2 ubiquitin-conjugating enzyme

DDX21 0.000740 RNA helicase

RAP1A 0.002312 small monomeric GTPase

SLC38A2 0.006063 solute carrier family 38 member 2

FAM83H 0.006320 family with sequence similarity 83 member H

DDIT4 0.019521 DNA damage inducible transcript 4

CALU 0.019521 calumenin

KDELR1 0.030372 ER lumen protein-retaining receptor

AK6 0.035540 adenylate kinase 3

CISD3 0.042890 CDGSH iron sulfur domain 3

A GO enrichment analysis was performed to determine which GO or KEGG terms were

overrepresented in the list of significant AS genes for each cell line and between cell line
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control groups. Intrinsic apoptotic signaling pathway in response to DNA damage was

identified as a biological process significantly overrepresented in genes that expressed AS

between the treatment and control groups in cell line SKBR3, shown in Table 4.9. MCF7

had only two GO terms significantly over representation and both were cellular component

in function, shown in Table 4.10. However, between cell line control groups MCF7 and

SKBR3, in Table 4.13, the largest number of GO terms were significantly over represented

with 5 of the 6 GO terms being biological process in function. Tables 4.12 and 4.11 list the

GO terms found between cell lines BT474 and MCF7, and BT474 and SKBR3 respectively.

Furthermore, when the filtering Phred score threshold was changed, genes that expressed

significant AS and significantly enriched GO terms changed drastically. This led to further

investigation of the read coverage of each AS event and found that of the genes that

expressed significant AS, less than 77 reads were assigned to each isoform, some as low as

a count of 1 to 2.
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Table 4.9: GO/KEGG enrichment analysis results for cell line SKBR3.

Source Native Name p-value Term Size Query Size Precision Recall

GO:BP GO:0008630 intrinsic apoptotic signaling pathway 0.036790 106 12 0.250000 0.028302
in response to DNA damage

Table 4.10: GO/KEGG enrichment analysis results for cell line MCF7.

Source Native Name p-value Term Size Query Size Precision Recall

GO:CC GO:0005654 nucleoplasm 0.008664 4220 25 0.560000 0.003318
GO:CC GO:0032433 filopodium tip 0.040720 19 25 0.080000 0.105263

Table 4.11: GO/KEGG enrichment analysis results for cell line BT474 vs
SKBR3.

Source Native Name p-value Term Size Query Size Precision Recall

GO:MF GO:0050693 LBD domain binding 0.036224 7 40 0.050000 0.285714

Table 4.12: GO/KEGG enrichment analysis results for cell line BT474 vs MCF7.

Source Native Name p-value Term Size Query Size Precision Recall

GO:CC GO:0043231 intracellular membrane- 0.009867 14605 31 0.967742 0.002054
bounded organelle

GO:CC GO:0005654 nucleoplasm 0.010714 4220 31 0.516129 0.003791
GO:CC GO:0005681 spliceosomal complex 0.041922 206 31 0.129032 0.019417
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Table 4.13: GO/KEGG enrichment analysis results for cell line MCF7 vs
SKBR3.

Source Native Name p-value Term Size Query Size Precision Recall

GO:CC GO:0005737 cytoplasm 0.000093 12345 25 1.000000 0.002025
GO:BP GO:0038179 neurotrophin signaling pathway 0.021634 40 24 0.125000 0.075000
GO:BP GO:0007269 neurotransmitter secretion 0.035673 145 24 0.166667 0.027586
GO:BP GO:0099643 signal release from synapse 0.035673 145 24 0.166667 0.027586
GO:BP GO:0032006 regulation of TOR signaling 0.037647 147 24 0.166667 0.027211

Several of the genes that expressed AS showed reads that corresponded to isoforms only

under one condition. For example, in cell line BT474, gene High-mobility group protein

B2 (HMGB2) had 9 reads mapping to 6 different isoforms in the control group but 0 in the

treatment group. This raised concern that the significant change observed in AS was due

to changes in gene expression. A gene expression analysis was performed for each cell line

independently with a custom bash and Python script, implementing samtools, bedtools,

and pyDeseq2. At the end of the analysis, no genes were found showing significant changes

in gene expression due to Trastuzumab treatment. Although this is likely inaccurate due

to the low sample size, the lack of differences in expression level suggests that changes in

expression are unlikely to be producing false positive results for AS.

4.4 Conclusions

The development of this high-throughput pipeline and sequencing protocol shows promise.

Notable AS events were identified due to the presence of Trastuzumab, causing different

splice patterns between HER2+ and control cell lines. Trastuzumab caused ARF4 in

HER2+ cell lines to express isoforms similar to the control group of regular expressing

HER2. With more sequencing, a larger dataset would add more significance power to

support or provide more information on the genes and biological pathways impacted by
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Trastuzumab. The protocol used can further be optimized by enabling adaptive sampling to

increase protein coding representation. However, this comes with its own set of challenges

and limitations. The pipeline that was developed shows that a multistep complex RNA

sequencing pipeline can be transformed into a scalable and comprehensive workflow which

could be used in different comparative studies. For example, the analysis pipeline could

be used to find significant AS events between the collected libraries and the normal breast

cell library to determine AS at the start of the study to see if trastuzumab is causing any

pathways to return to ”normal” splicing.
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Chapter 5

Conclusion and Future Directions

This thesis describes the use of transcriptomics and high-throughput data analysis to in-

vestigate AS changes in HER2+ breast cancer cells, treated with the monoclonal antibody

Trastuzumab. Different methods and tools for sequencing library preparation and AS

analysis were compared to determine the best method for accurate, high throughput al-

ternative splicing analysis. The optimized method was then used to sequence and analyze

Trastuzumab-treated BT474, SKBR3, and MCF7 cultured cells. The development of the

high-throughput Nextflow pipeline and sequencing workflow revealed a great potential for

quick and efficient AS detection.

Chapter 2 investigated several AS identification software and compared the differences

in methods used. The AS identification software LIQA was determined to be best suited

for the AS identification experiment because of its simplicity and ability to be built out

into a high throughput Nextflow script. Chapter 2 investigates the methods used in ONT

sequencing library preparation. Comparison between prepared libraries that underwent

poly(A) enrichment and those that did not revealed that the omission of this step allowed
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for reduced RNA sample requirements, without sacrificing the quality of data collected.

Chapter 4 implements the strategies from chapter 2 and 3 to determine the significant

changes in AS due to Trastuzumab in HER2+ breast cancer cells. Multiple genes were

identified in all 3 cell lines that displayed significant AS due to Trastuzumab, some indi-

cating a connection to the drug and overexpression of HER2. While results were obtained,

low sequencing yields limited the significance of the findings.

The research conducted in this thesis lays a solid foundation to be built upon. Further

testing of the affects that omitting poly(A) selection has on sequencing outcomes will help

researchers save time and resources by removing a non-essential step from library prepara-

tion protocols. The DAS analysis sequencing workflow and pipeline developed in chapter 4

provides researchers with an efficient and reproducible workflow for any DAS comparative

analysis with ONT sequenced data. For example, using the workflow to identify cryptic

exons in Amyotrophic Lateral Sclerosis (ALS) tissues. Cryptic exons are non-conserved,

non-annotated intronic sequences that can be spliced into the mature mRNA due to mu-

tations that cause new splice sites [112]. These novel mRNA isoforms can lead to novel

protein structures and functions that can be targeted for gene-therapy treatments and

biomarkers. By sequencing the transcriptome of a healthy mouse tissue and tissue from a

mouse with ALS, genes that undergo significant AS can be quickly and efficiently identi-

fied. This workflow can also be used in combination with amlicon sequencing and adaptive

sequencing on the ONT Flongle flowcell to identify cryptic exons for specific genes that are

known to cause ALS. In conclusion, while further develop of the workflows in this can be

made, there are many new experiments that can be done with the methods and workflows

discussed in this thesis.
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Figure A.1: Sashimi plot of AS isoforms in the NEAT1 gene, cell line BT474. The
top plot shows the control isoforms and abundances on the y axis. The middle plot shows
the isoforms from the Trastuzumab/Herceptin treated cells and abundances on the y axis.
The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38 gene
annotation GTF file.
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Figure A.2: Sashimi plot of AS isoforms in the NEAT1 gene, cell line MCF7. The
top plot shows the control isoforms and abundances on the y axis. The middle plot shows
the isoforms from the Trastuzumab/Herceptin treated cells and abundances on the y axis.
The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38 gene
annotation GTF file.

122



Figure A.3: Sashimi plot of AS isoforms in NEAT1 gene between cell lines BT474
and MCF7. The top plot shows the isoforms in cell line BT474 and abundances on the y
axis. The middle plot shows the isoforms in cell line MCF7 and abundances on the y axis.
The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38 gene
annotation GTF file.
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Figure A.4: Sashimi plot of AS isoforms in the PRPF38B gene, cell line SKBR3.
The top plot shows the control isoforms and abundances on the y axis. The middle plot
shows the isoforms from the Trastuzumab/Herceptin treated cells and abundances on the y
axis. The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38
gene annotation GTF file.
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Figure A.5: Sashimi plot of AS isoforms in the PRPF38B gene, cell line MCF7.
The top plot shows the control isoforms and abundances on the y axis. The middle plot
shows the isoforms from the Trastuzumab/Herceptin treated cells and abundances on the y
axis. The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38
gene annotation GTF file.
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Figure A.6: Sashimi plot of AS isoforms in PRPF38B gene between cell lines
BT474 and MCF7. The top plot shows the isoforms in cell line BT474 and abundances
on the y axis. The middle plot shows the isoforms in cell line MCF7 and abundances on
the y axis. The bottom plot shows known isoform structures found in the Homo Sapiens
GRCh38 gene annotation GTF file.

126



Figure A.7: Sashimi plot of AS isoforms in PRPF38B gene between cell lines
BT474 and SKBR3. The top plot shows the isoforms in cell line BT474 and abundances
on the y axis. The middle plot shows the isoforms in cell line SKBR3 and abundances on
the y axis. The bottom plot shows known isoform structures found in the Homo Sapiens
GRCh38 gene annotation GTF file.
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Figure A.8: Sashimi plot of AS isoforms in the ARF4 gene, cell line BT474. The
top plot shows the control isoforms and abundances on the y axis. The middle plot shows
the isoforms from the Trastuzumab/Herceptin treated cells and abundances on the y axis.
The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38 gene
annotation GTF file.
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Figure A.9: Sashimi plot of AS isoforms in the ARF4 gene, cell line SKBR3. The
top plot shows the control isoforms and abundances on the y axis. The middle plot shows
the isoforms from the Trastuzumab/Herceptin treated cells and abundances on the y axis.
The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38 gene
annotation GTF file.
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Figure A.10: Sashimi plot of AS isoforms in ARF4 gene between cell lines BT474
and MCF7. The top plot shows the isoforms in cell line BT474 and abundances on the y
axis. The middle plot shows the isoforms in cell line MCF7 and abundances on the y axis.
The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38 gene
annotation GTF file.
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Figure A.11: Sashimi plot of AS isoforms in ARF4 gene between cell lines BT474
and SKBR3. The top plot shows the isoforms in cell line BT474 and abundances on the y
axis. The middle plot shows the isoforms in cell line SKBR3 and abundances on the y axis.
The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38 gene
annotation GTF file.
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Figure A.12: Sashimi plot of AS isoforms in the GAPDH gene, cell line SKBR3.
The top plot shows the control isoforms and abundances on the y axis. The middle plot
shows the isoforms from the Trastuzumab/Herceptin treated cells and abundances on the y
axis. The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38
gene annotation GTF file.
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Figure A.13: Sashimi plot of AS isoforms in the PPIA gene, cell line BT474. The
top plot shows the control isoforms and abundances on the y axis. The middle plot shows
the isoforms from the Trastuzumab/Herceptin treated cells and abundances on the y axis.
The bottom plot shows known isoform structures found in the Homo Sapiens GRCh38 gene
annotation GTF file.
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