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Abstract
Most mammalian genes generate multiple transcripts via splicing, and we do not know
the function of most splice variants. Currently, there is a debate about how many splice variants
are likely nonfunctional or “noisy” transcripts. My thesis explores the claim that alternative
splicing vastly increases the genome’s functional diversity in the context of noisy splicing, and in
doing so attempts to identify candidate cases for which alternative splicing is likely to be of
consequence.
To ground computational analyses of genes with multiple splice variants in experimental
data, the field needs a corpus of genes that have experimental evidence of functionally distinct
splice isoforms (FDSIs). We curated the literature for 743 genes and found that ~5% had
literature evidence of FDSIs. This suggests that the claim that alternative splicing vastly
increases genomic functional diversity is extrapolated from a few key genes.
Next, I developed a pipeline to identify candidate genes with FDSIs using long-read
RNA-seq data. The output of my pipeline is a computationally-prioritized list of candidate genes
likely to have FDSIs based on features such as expression, conservation, functional domains, and
coding-potential. From an initial set of 6,799 genes with multiple splice variants, I prioritized 79
candidate genes. While I had limited long-read data, my work aids in establishing guidelines for
high-throughput prioritization of genes with FDSIs for future study.
With our collaborators, I investigated a specific application of my pipeline to the voltagegated calcium channel gene Cacna1e. Using novel long-read data, I established a set of 2,110
splice variants for Cacna1e. Based on properties of the channel, I determined that at most 154
splice variants are likely to encode a functional channel. My results highlighted the amount of
potential noise produced by one gene’s expression.
iii

Through my investigation, I added to the growing body of literature in support of noisy
splicing. I also provided the field with a list of interesting genes with multiple splice variants.
This includes a gold standard set of genes from the experimental literature, and a novel set of
prioritized genes. Both sets of genes will be useful for future studies of gene function.
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Lay Summary
Traditionally, biologists believed that one gene made one functional product, or protein.
However, we now know that portions of the gene (exons) can be “shuffled” to create multiple
different proteins (alternative splicing). In the field, there is a debate regarding whether
alternative splicing results in mostly functional or nonfunctional proteins. My thesis adds to this
debate by (1) providing a list of experimentally verified genes that code for multiple functional
proteins, (2) building a computational pipeline that prioritizes candidate genes likely to have
multiple functional proteins, and (3) applying this pipeline to publicly available and novel
datasets. In general, the results of my work provide more evidence that only a few genes likely
code for multiple functional proteins. Nonetheless, I highlight genes that are most interesting in
the context of alternative splicing, and would be good candidates for experimental validation.
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Chapter 1: Introduction
Most mammalian genes have multiple transcripts via “alternative” splicing, and we continue to
detect more transcripts as our sequencing technologies improve in sensitivity. Although we do
not know the function of most of these transcripts, many claim that alternative splicing vastly
increases the functional diversity of the genome. Many computational studies operate under the
assumption that this is true and are dedicated to predicting the function of all transcripts.
However, the mere presence of a transcript is insufficient evidence for functionality, and a
growing body of work has provided evidence that many transcripts are likely nonfunctional
“noise”. For my thesis, I explore how much splicing drives the genome’s functional diversity.
In the debate about the functional consequences of alternative splicing, one side argues
that we can never prove non-functionality, and future studies will eventually reveal the function
of most transcripts (Blencowe, 2017). In contrast, the other side argues that most alternative
splicing is a result of splicing error or biological “noise”, and only a few genes increase their
functional diversity via this posttranscriptional modification (Pertea et al., 2018a; Tress et al.,
2017a). This chapter introduces the relevant literature about “noisy splicing” that makes
interpreting transcriptomic diversity challenging.
The noisy splicing model proposes that most mRNA splicing stochastically produces
erroneous transcripts (Zhang et al., 2009). The model bears similarities to pervasive
transcription, where RNA polymerase randomly transcribes the likely nonfunctional parts of the
genome (Jensen et al., 2013; Meer et al., 2019; Pertea et al., 2018a). Likewise, the splicing
machinery stochastically binds to pre-mRNAs to produce noisy transcripts. Due to the random
error introduced by the splicing machinery, some noise must exist. Disagreements arise in
determining how much of splicing produces noise.
1

Noisy splicing model proponents agree that the set of genes for which alternative splicing
increases functional diversity is limited. The literature discussed in this chapter yields estimates
that 2% to 15% of genes likely have multiple functional transcripts (Table 1.1) (Abascal et al.,
2015a; Bhuiyan et al., 2018; Hao et al., 2015; Melamud and Moult, 2009; Pickrell et al., 2010;
Reyes et al., 2013; Saudemont et al., 2017; Tress et al., 2017b; Xiong et al., 2018; Zhang et al.,
2009). While these studies are mostly high-throughput and computational, most claims about
alternative splicing increasing the genome’s functional diversity derive from computational and
high-throughput studies as well. Only a limited number of genes have direct experimental
evidence of multiple functional transcripts.
Study

Study type

Reyes et al., 2013
Melamud and Moult, 2009

% Genes with multiple
functional isoforms
20
20

Differential expression and conservation
Computational models of alternative
splicing
Tress et al., 2017
Mass spectrometry and conservation
2
Zhang et al., 2009
Differential expression and conservation
4
Pickrell et al., 2010
Computational modeling of splice
2
isoform expression
Table 1.1 Estimates of human genes with multiple functional isoforms from key noisy splicing papers

I calculated the proportion of genes with multiple functional isoforms based on the initial set of detected genes, and
the number of genes with multiple functional isoforms based on the investigator’s definition of function. For
example, in Tress et al. 2017, the investigators defined a gene with multiple functional isoforms as a gene with
multiple splice variants detected in mass spectrometry experiments. They initially had a set of 12,227 genes in their
mass spectrometry datasets, but only 246 (2%) of these genes had multiple splice variants.

Whether alternative splicing functionally diversifies 5% or 95% of genes, the focus of my
thesis is prioritizing the specific genes where alternative splicing drives functional diversity.
However, if the evidence only supports this in a few exceptional genes, then the assumed
functional importance of most alternative splicing would need re-evaluation by molecular
biologists. For example, determining gene function through wet-lab experiments on randomly
picked splice variants would be wasteful, and computational algorithms trained on all splice
2

variants would make erroneous gene function predictions. This applies to not only mRNA
splicing, but to other RNA modifications as well (Li et al., 2016; Liu and Zhang, 2018; Mudge et
al., 2013).
1.1

The term “alternative splicing” is a potential source of confusion
The term used to describe when a gene has at least two transcripts generated by mRNA

splicing is “alternative splicing”. However, this is a term I tend to avoid, because the word
“alternative” is often taken as implying a secondary function to a “primary” transcript. Instead,
we consider all transcripts as potentially equally important without necessitating any arbitrary
definition of what is “primary”. For similar reasons I reserve the term “isoform” for cases where
the transcripts are shown to be functional. “Transcript variant” would be a more general term in
some contexts (RNA modifications unrelated to splicing), but I use “splice variant” to emphasize
my focus on transcripts distinguished by splicing events. Thus, a gene can produce multiple
splice variants, and our objective is to determine which of those actually represent isoforms and
which are likely to be noise. The production of different splice variants requires differences in
“splicing events”, which are defined as the use of a splicing junction.
1.2

Defining genes with functionally distinct splice isoforms

A central theme of my thesis project is isoform function. Importantly, I have an operational
definition of “functional” throughout my thesis: A functional isoform is a splice variant that is
necessary for phenotype(s) associated with the gene. As discussed below (1.2.1), this definition
is intentionally a liberal one compared to a definition based on organismal fitness (however, the
associated phenotype ideally impacts organismal fitness). For genes with multiple splice variants
to have functionally distinct splice isoforms (FDSIs), they must have at least two splice variants
that are necessary for the gene’s wildtype phenotype. Thus, the loss of either isoform would
3

cause a change in phenotype. This definition of genes with FDSIs allows for cases where the
FDSIs are necessary for the same phenotype, as in, the loss of either isoform causes a change in
the same phenotype. However, if the removal of a splice variant does not cause a change in
phenotype, then it is likely functionally redundant, and mRNA splicing has not diversified the
gene’s function. Note that for the purposes of my thesis, I will focus on the splicing of proteincoding genes. However, non-coding genes can also have multiple splice variants.
Functional
distinctness

Intrinsic functional
distinctness

Dominant
negative

Protein domain

Expression-pattern
distinctness

Protein terminus
change

Tissue-speci c

Developmentalstage-speci c

Cell-typespeci c

Subcellular
locali ation

Other conditionspeci c

Figure 1.1 Types of functional distinctness for genes with FDSIs
For genes with FDSIs, I categorized the specific subtypes of functional distinctness which contributed to the
distinctness between FDSIs. FDSIs from the same gene can generally be distinct by having non-overlapping patterns
of expression (e.g. each FDSI is expressed in a different tissue type), or they can be distinct due to intrinsic
functional differences (e.g. each FDSI has a different protein domain). These categories are non-mutually exclusive.
I use these categories to guide part of my work in Chapter 2.

The distinctness between FDSIs of the same gene can be due to intrinsic functional
differences (e.g. has distinct protein domains), expression pattern differences (e.g. nonoverlapping tissue-specific expression pattern), or both (see Figure 1.1). The human gene TP63
has two FDSIs with intrinsic functional differences (Mitani et al., 2011). The isoform Tap63
contains a transactivation domain, whereas the isoform DNp63 lacks this domain. In contrast,
mouse Calca is a gene with FDSIs (Calcitonin and CGRP) distinct at least in part due to nonoverlapping tissue-specific expression pattern differences. In the thyroid gland, Calcitonin
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regulates calcium and phosphate metabolism, while in the brain, CGRP regulates vasodilation
(Hoff et al., 2002; Schinke et al., 2004; Toda et al., 2008; Yang et al., 2013). Thus Calca requires
both isoforms, even though the peptides encoded are very similar and could be interchangeable
(Hoff et al., 2002).
1.2.1

Systematic definitions of biological function
In biology, the term “function” can have different definitions depending on the speaker

and context; nevertheless, my thesis requires a definition. I make use of the recently proposed
Pittsburg model, which attempts to systemize the term into multi-level definitions (Table 1.2)
(Keeling et al., 2019) The Pittsburgh model describes different biological definitions or “levels”
of function: evolution, physiological, interaction, capacities, expression, and vague. My
definition of genes with FDSIs requires genes to have multiple functional splice variants by these
levels. The cellular machinery must transcribe, splice, and – for protein-coding genes – translate
each splice variant into a protein that “does something”. The isoform’s existence is necessary but
insufficient alone to establish functional distinctness. To be biologically necessary, there must
either be evidence of evolutionary constraint (Section 1.6) or a physiological effect (Chapter 2).
Throughout this chapter, I discuss how each level of function applies to splice variants.
Level of function

Example of evidence in splicing context

Evidence of functionally
distinct?

Evolutionary
implications
Physiological
implications
Interactions

Splice variant has highly conserved exons or splice
Yes
junctions
Knockdown of isoforms produces a change in
Yes
phenotype
Splice variant binds to other proteins in column;
No
position in a protein-protein interaction network
Capacities
Splice variant has complete protein domain
No
Expression
Splice variant exists in RNA-seq data or MS data
No
Vague
“The absence of evidence is not evidence of
No
absence”
Table 1.2 Pittsburg model of function applied to my definition of genes with FDSIs
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The column “Level of function” is defined by the Pittsburg Model of Function. The columns of “Example of
evidence” and “Evidence of functional distinctness?” indicate how my operational definition of genes with FDSIs
fits with the Pittsburg model of function. For “Example of evidence” and “Evidence of functionally distinct?” the
evidence must apply to at least two splice variants from the same gene. “Evidence of functionally distinct?” is based
on my interpretation of whether the evidence shows that the splice variant is necessary. Note that these columns
contain key examples of the types of evidence that supports these levels, but other types of evidence for each level
likely exists. See (Keeling et al., 2019) for more details on the Pittsburgh model.

Doolittle and colleagues adapted a philosophical definition of function into a systemized
definition of biological function, this one heavily delineated by molecular evolution (Doolittle,
2018). Biological components can have “causal roles”, or “selected effects”. Causal roles explain
what the biological component does in a system, which is predefined by an investigator. A
biological component can have innumerable causal roles. For example, one causal role of the
heart is to make a “lub dub” sound. In the context of splicing of CALCA, CGRP’s causal roles
include increasing the length of chromosome 11. While some causal roles can be important
properties for the component, they do not have to explain why the component exists (Graur,
2017). In contrast to causal roles, selected effects explain why the biological component exists, if
for any reason at all. These effects are necessary, etiological, and under evolutionary constraint.
Biologists generally do not want to focus on causal roles if a selected effect exists. For example,
the selected effect of the heart is to pump blood, and the selected effect of CGRP is to regulate
vasodilation in the brain. These are likely more biologically relevant than the sound the heart
makes, or the number of nucleotides CGRP adds to the genome. Importantly, all selected effects
are causal roles, and while the converse is not true, we need to investigate the causal roles for a
biological component to learn the selected effects. Nevertheless, Doolittle et al. emphasized that
we should only use a component’s selected effect when describing the component’s function,
though most biologists use causal roles to describe a component’s function. For my thesis, I will
refer to splice isoform function by the selected effects, rather than causal roles. Thus, splice
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variants do not necessarily have a function – though they could be assigned causal roles – while
the subset I refer to as splice isoforms will have a function in the selected effects sense. I note the
work described in Chapter 2 is based on observed phenotypes assayed by independent
investigators. While strictly speaking this is a casual role definition, it is likely the phenotypes
measured are associated with selected effects, on the basis that experimental work tends to
measure phenotypes which plausibly impact fitness, such as cell growth rates.
The distinction between causal roles and selected effects can help systemize splice
isoform function. Since causal roles can be trivial (e.g. splice variant mass), all biological
components theoretically have causal roles; however, not all components have selected effects.
Doolittle et al. provided many reasons why this may be the case, but the most applicable reason
for my purposes is that biological components can arise through noisy processes (Doolittle et al.,
2014). These components from noisy processes can have causal roles depending on how the
component is tested. For example, the detection of a splice variant at the peptide level, or its
interaction with another protein may provide proof of a causal role, but it does not necessarily
support a selected effect. In section 1.3, I discuss the sources of noise in the mRNA splicing
process, and in section 1.6, I discuss the lack of selected effect evidence for most splice variants.
1.2.2

How do NMD-targeted splice variants fit my operational definitions?

Nonsense mediated decay (NMD) is thought to primarily act as a quality-control mechanism by
which some erroneous transcripts can be efficiently targeted for destruction. However, it has
been proposed that some mammalians genes have evolved to express NMD-targeted splice
variants with a defined regulatory function (Jaillon et al., 2008; McGlincy and Smith, 2008). The
proposal is that the gene will shift to express an NMD-targeted splice variant instead of a nonNMD-targeted splice variant until the gene requires the non-NMD-targeted splice variant.
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However, in the noisy splicing literature, this assumption is challenged, as most NMD-targeted
splice variants are not evolving under selection (see section 1.6) (Zhang et al., 2009).
In my definition of FDSIs, the presence of such NMD-targeted splice variants does not
mean that the gene has more than one functional isoform. By any reasonable definition, the
NMD-targeted splice variants are non-functional and failing to express them would presumably
have little consequence so long as the expression of the other splice variant was appropriately
regulated. However, at least one exceptional case has been reported where an NMD-targeted
transcript is first translated a single time prior to destruction to produce a required protein (Chen
et al., 2008). As such, I do not immediately exclude splice variants predicted to undergo NMD in
my analysis in Chapters 3 and 4. Rather, I first determine whether these splice variants evolve
under selection.
1.3

Biochemical sources of noise in mRNA splicing

In order to understand the impact of noisy splicing on the functional diversity of the genome, we
must first understand the potential biochemical sources for error (Eling et al., 2019; Hsu and
Hertel, 2009; Kurmangaliyev and Gelfand, 2008; Mironov et al., 1999). By understanding that
splicing must give rise to noise, we understand that it would be erroneous to assume that every
splice variant is functional.
Biochemical reactions are imperfect processes. Given how many different molecules are
involved, their high concentration, and their thermodynamics, it is essentially impossible for a
biochemical process to generate only one outcome with 100% probability. This applies not only
to splicing, but to all biochemical reactions. While more precise processes will produce less
noise, even low levels of noise will contribute to measurements if they are sufficiently sensitive;
current RNA-seq technologies can detect molecules expressed at less than one copy per cell
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(Marioni et al., 2008; Palazzo and Lee, 2015; Pertea et al., 2018b; Raj et al., 2006; Trapnell et
al., 2010, 2012).
1.3.1

The mRNA splicing process

In order to appreciate the sources of noise in the mRNA splicing process, it is important to
understand the general biochemical process of removing introns. Here, I briefly describe the
biochemical steps relevant to producing noise.
Small nuclear ribonucleoproteins (snRNPs) make up the splicing machinery, or
spliceosome, which recognizes specific motifs in order to excise introns from pre-mRNA (Figure
1.2) (Lim and Burge, 2001). At the 5’ side, the motif GT defines the exon-intron boundary while
at the 3’ side, AG defines the intron-exon boundary. Another necessary intronic feature is the
branchpoint (a single nucleotide ‘A’). Between the 3’ splice site (SS) and the branchpoint is a
polypyrimidine-rich region.
5’ splice site

Branch point

3’ splice site

Polypyrimidine tract (10 - 50 bp)

NNNNNNNNNNGTRAGTNNNNNNYURACYYYYYYYYYYYYNCAGNNNNNNNNNNN
Exon

Intron

Exon

Figure 1.2 The structure of U2 snRNP (major) introns are defined by motifs
The splicing machinery recognizes key motifs at the 5’ and 3’ ends of the intron. In bold are the nucleotides that are
100% present across all introns.

These motifs guide the binding of RNPs throughout the splicing process, and the RNPs
catalyze the two necessary transesterification steps (Lee and Rio, 2015; Raj and Blencowe,
2015). When U1 snRNP binds to the 5’ SS, Branch Point Protein (BPP) binds to the branch point
and a U2AF65/U2AF35 complex binds to the 3’ SS. U2AF65/U2AF35 and BPP recruit U2
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snRNP to bind at the BP which in turn causes U2AF65/U2AF35 and BPP to disassociate. Next, a
U4/U5/U6 snRNP trimer bridges U2 and U1 snRNP, causing the mRNA strand to bend. An OH
group on the BP nucleophilically attacks the 5’ SS (first transesterification step) and causes the
mRNA strand to form a loop (the intron lariat) where the exon at the 5’ SS is cleaved. At this
point an OH group on the 5’ exon nucleophilically attacks (second transesterification step) the 3’
SS. The intron separates from the mRNA strand while the two exons are ligated using ATP
hydrolysis.
Nearly all mRNA splicing involves U2-dependent (major) introns, however about 1% of
mammalian splicing is U12-dependent (minor) splicing (Turunen et al., 2013). The key
difference between major and minor splicing is the snRNPs that guide the splicing process
recognizes different motifs at the 5’ and 3’ splice sites. In my thesis, I treat these as the same: a
gene can have multiple splice variants via major or minor splicing. The question remains
whether the gene requires these splice variants. A minor intron may erroneously arise from
similar biochemical activities that cause a major intron to erroneously arise. Likewise, a gene can
have FDSIs via major or minor splicing.
There are multiple types of splicing events that can cause variation in transcript structure.
The spliceosome may skip an exon entirely (“cassette exon”), shift the 3’ or the 5’ splice sites
(alternative 3’ splice site, or alternative 5’ splice site), include an entire intron between two
exons (intron retention), recognize a different first exon (alternative first exon, or alternative
transcriptional start site), or recognize a different last exon (alternative last exon, or alternative
transcriptional stop site). For the purposes of my thesis, I also include differences in
transcriptional start and stop sites. Transcription initiates with RNA polymerase binding to a
promoter, and some eukaryotic genes have multiple promoters (Xu et al., 2019). RNA
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polymerase will continue to transcribe the gene until the terminator, and some eukaryotic genes
have multiple termination sequences. Via the use of these alternative transcriptional initiation or
termination sites, a single gene may have multiple transcripts with different first or last exons.
While these are not always counted as differences in splicing, they change exon boundaries and
thus fit into my analytical framework.
Regardless of the splicing mechanism, two parts of the mRNA splicing process are
important for understanding the biochemical source of splicing errors. First, different snRNPs
work in concert and, second, the snRNPs bind to small splice site recognition motifs. While both
steps are necessary for mRNA splicing, in Section 1.3.2, I outline how these steps can produce
splicing noise.
1.3.2

Sources of splicing noise
In the nucleus, pre-mRNAs interact stochastically with components of the splicing

machinery, and some of these interactions will result in splicing (Coulon et al., 2014; Hu et al.,
2017; Rino et al., 2007). The snRNPs are present at high concentrations and have many
opportunities to interact with pre-mRNAs. The probability that an interaction results in splicing
is a function of the affinity of the sites in the mRNA, and there is no strict threshold for this.
Thus, even at non-optimal sites, we would expect splicing to occur at some rate. If this “nonspecific” splicing is frequent enough, then it will be detected. (Pickrell et al., 2010; Warnecke
and Hurst, 2011). Previous studies have shown that lowly-expressed splice junctions are enriched
near highly expressed splice sites, suggesting that the spliceosome has easy access to many
splice sites and can miss its “intended” splice site (Chern et al., 2006; Pickrell et al., 2010).
Given the short length of the splicing motifs and the multi-step splicing process, a single
pre-mRNA strand can theoretically lead to many different transcripts (Fekete et al., 2017; Wang
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et al., 2014). For example, the spliceosome may bind to the “correct” 5’ splice site but an
“erroneous” 3’ splice site because the spliceosome commits to each splice site separately. As
another example, introns tend to harbor sequence variants (discussed further in section 1.6)
which can introduce novel splice sites for the spliceosome to erroneously recognize. (Lim and
Hertel, 2004; Lynch, 2007; Sahebi et al., 2016).
In order to understand the “alternative splicing code” – the regulatory principles which
the cell uses to convert a pre-mRNA into processed mRNA – previous studies have investigated
the error introduced throughout splicing (Table 1.3). Hsu and Hertel (2009) provided the first
estimate of splicing error, 0.001% per splice junction, based on qRT-PCR of the human genes
UBA52 and RPL23. For three other genes (HPRT, POLB, TRPV), Skandalis reported an error
rate estimate between 0.1% and 0.3% per splice junction (Skandalis, 2016). However, the
investigators in both of these studies treated any unknown transcript for the genes as erroneous.
Furthermore, they biased their gene selection to a limited set of highly expressed, well known
genes with multiple splice variants.
Study
% estimate error
Hsu and Hertel, 2009
0.001% per splice junction
Skandalis 2016
0.1-0.3% per splice junction
Melamud and Moult, 2009
1% - 10% per gene
Pickrell et al., 2010
0.7% per splice junction
Table 1.3 Estimates of splicing error rates from different studies
Error estimates for splice junctions refer the splicing reactions which occur at the 5’ and 3’ splice sites of a single
intron.

To address these limitations, two studies estimate the splicing error using high throughput
transcriptome-wide approaches. In the first study, Melamud and Moult used EST libraries and
microarray expression levels to estimate a splicing error rate of 1% to 10% per gene. In the
second study, using splice junctions found in GENCODE, evolutionary conservation, and RNA12

seq, Pickrell and colleagues estimated that 0.7% of splicing reactions per splice junction produce
erroneous transcripts (Pickrell et al., 2010). Both studies provided a splicing model where genes
expressed most splice variants based on a probability distribution, rather than a deterministic,
regulated outcome. They furthered our understanding of the splicing code by hypothesizing the
parameters that guide this distribution.
The above estimates (Table 1.3) are mostly at the level of a splice junction. At the gene
level, the outcome of these studies suggests that very large numbers of “erroneous” transcripts
are produced. Even if the rate of error per junction is low, the cumulative effect per gene can be
high. Consider that the average gene has 6 splice junctions. If the spliceosome has an error rate
of 1% at each junction, the binomial probability of producing an erroneously processed transcript
is ~5.8% for each pre-mRNA. Simplistically, this would imply that 5.8% of mRNA molecules in
the cell might be erroneous.
Although the above calculation gives a sense of how much noise could exist, for some
genes noise might be more or less tolerated (in terms of selection pressure against cryptic splice
sites, for example), and the error rates are likely not uniform. Previous studies have found that
splicing error is inversely proportional to gene expression and the number of introns in the gene
(Melamud and Moult, 2009; Saudemont et al., 2017). The central principle is that cells can
tolerate the accumulation of only a certain number of erroneous transcripts. Since the probability
of producing erroneous transcripts increases with the number of introns, selection pressures for
intron-rich genes might drive error rates lower. Furthermore, error rates might be lower for
highly expressed genes to avoid too many erroneous transcripts. In the intron-rich Paramecium
tetraurelia, Saudemont and colleagues provide support for these hypotheses (Saudemont et al.,
2017). By measuring the effects of disabling the NMD pathway, they reported a negative
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correlation between erroneous splicing (defined operationally as NMD-targeted transcripts), and
both gene expression and number of introns.
1.4

Most splice variants are lowly-expressed and not detected at the peptide level

In section 1.3, I discussed how the multi-step process of splicing can produce erroneous
transcripts. In this section, I will discuss the expression level evidence of splice variants at both
the mRNA level (Section 1.4.1) and the protein level (Section 1.4.2).
1.4.1
1.4.1.1

Transcript level evidence of most splice variants
Nearly all multi-exonic genes have multiple splice variants

Two studies published in 2008 changed the field’s perception of alternative splicing in mammals.
Pan and colleagues (cited 3,069 times as of July 16th, 2020), and Wang and colleagues (cited
4,233 times as of July 16th, 2020) both claimed that ~95% of multi-exonic genes have multiple
splice isoforms (Pan et al., 2008; Wang et al., 2008a). Earlier estimates based on ESTs had been
lower, but still nontrivial (40-60% of genes) (Blencowe, 2006; Matlin et al., 2005; Modrek and
Lee, 2002). RNA-seq provides far greater sensitivity than ESTs, so the 95% value has been
widely accepted. Based on these types of studies, many researchers have assumed that most of
the “alternative splicing” reported increases functional diversity, because (essentially) they
assume it must be there for a reason – that is, not noise (Blencowe, 2017). The effect of this
approach is apparent in genomic databases, which tend to take a permissive approach in
including observed transcripts. Thus, the number of splice variants per gene has increased
dramatically over the last 10 years (Figure 1.3). However, there are multiple reasons not to take
the observed RNA at face value beyond the known error rate of splicing.
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Figure 1.3 Splice variants entry into Ensembl steadily increases over time
Using BioMart, I downloaded all human protein-coding genes and all transcript IDs associated to those protein
coding genes. Though these data are only for protein-coding genes, these transcript IDs may correspond to
transcripts that do not encode for a protein. The Ensembl versions used to generate these figures were 50, 54, 59, 63,
67, 75, 80, 87, 89, 93, 97 and 100. A) The mean number of transcript IDs per Ensembl protein-coding gene has
increased over time. Annotated with each data point is the number of protein coding genes for that version of
Ensembl. The number of protein-coding genes that each data point corresponds to: 21 779 (2008), 21 411 (2009), 21
882 (2010), 21 783 (2011), 21 941 (2012), 22 805 (2014), 21 997 (2015), 22 280 (2016), 22 352 (2017), 22 638
(2018), 22 717 (2019), and 22 797 (2020) B) The maximum number of transcript IDs linked to a protein coding gene
has increased over time. These are the genes that each data point corresponds to: CACNA1C (2008 - 2009), DDR1
(2010), EEF1D (2011), ADGRG1 (2012 - 2014), NDRG2 (2015), TCF4 (2016), KCNMA1 (2017), and MAPK10
(2018 - 2020) C) The total number of transcript IDs associated with protein coding genes has increased over time.

Short-read RNA-seq faces a challenge in assigning reads to specific splice variants
(Figure 1.4). One critical step in RNA-seq processing is mapping the reads to a reference
transcriptome. Typically, there is ambiguity in which transcript a short read comes from. RNAseq quantification algorithms attempt to address this by using probabilistic methods to allocate
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reads to transcripts (Merino et al., 2019). However, if a read maps to an exon that is shared
between different splice variants for the same gene, the algorithm may assign the read to the
wrong splice variant (Hardwick et al., 2016; Steijger et al., 2013). Not only does this mean that
RNA-seq pipelines can characterize transcript structure incorrectly, but a lowly expressed, and
potentially noisy, splice variant may be reported at a significantly higher expression. It is thus
not surprising that algorithms disagree substantially when assigning reads to splice variants
(Hong et al., 2018).

Gene
Short read
sequencing

Sequence fragments of strands

Long read
sequencing

Sequence entire strand

Accurate transcript structure
Probabilistic “guesses” of transcript structure

Figure 1.4 Long read RNA-seq reduces transcript structure ambiguity
In this toy example, the gene has a total of 5 exons (colored boxes) and has two different splice variants. On the left
side of the figure, we have an overview of short-read sequencing. In brief, short-read computational pipelines
involve taking small reads and mapping them to previously known transcript structures. Since these splice variants
have overlapping exons, computational pipelines have to do probabilistic guesses in determining which read belongs
to which splice variant. This can lead to error in estimating expression of splice variants. On the right, with long read
sequencing the entire transcript can be sequenced in one read. Thus, computational pipelines do not have to map
reads to previously known transcript structures. The sequence simply represents the entire transcript.
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In my work (Chapters 3 and 4), I use long read RNA-seq data as a promising alternative
(or at least adjunct) to short-reads (Figure 1.4). Long-read technologies attempt to sequence an
entire transcript at once, in principle removing the problem of reconstructing transcript structure
(Križanovic et al., 2018). Given the advantages of the approach, long-read sequencing has been
used to identify splice variants with more confidence. For example, a recent analysis used this
approach to sequence a cell line (GM12878) transcriptome, and reported 78,199 splice variants
for more than 12,000 genes (Workman et al., 2018). Furthermore, the authors could not connect
~50% of these splice variants to GENCODE transcripts and suggested that their approach
detected “novel” splice variants. While the number of long-read studies grow, to my knowledge
my research is the first to examine splice variants identified with long-read RNA-seq in the
context of noisy splicing.
While there are clear advantages to using long-read sequencing to study splice variants,
the current technology has a high base call error rate (5 to 15%) relative to short-read sequencing
(<1%) (Zhang et al., 2019). This could lead to erroneous splice junctions (a technical error,
rather than biological error) in the sequenced reads. One approach to alleviate this error is to
combine short-read data with long-read data. Junction-spanning short-reads provide a more
accurate picture of where specific splice junctions are expressed in the genome. Long-read
sequencing pipelines, including mine (Chapters 3 and 4), often use short-reads to correct
potentially erroneous splice junctions in the long-read data.
1.4.1.2

Condition-specific function or condition-specific noise

A common argument for “alternative splicing” vastly increasing genomic functional diversity is
the differential expression of splice variants (Han et al., 2017). Many claim that differential
expression of splice variants implies condition-specific regulation of splice variants, and
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condition-specific regulation implies condition-specific function. For example, in both landmark
papers from Pan et al. and Wang et al., the investigators described the plethora of differentially
expressed splice “isoforms” between tissue types (Pan et al., 2008; Wang et al., 2008a).
Furthermore, in cases where a gene is not differentially expressed, the splice variant could still
be differentially expressed (isoform-switch) (Chen et al., 2019; Merino et al., 2019; Trapnell et
al., 2012). However, there are reasons to doubt the interpretation that differentially expressed
splice variants implies condition-specific function.
Most genes have one dominantly expressed splice variant regardless of tissue-type or
cell-type, suggesting that previous claims exaggerate the significance of how much splicing
changes across conditions (Gonzalez-Porta et al., 2013). The sum of the highest expressed splice
variant for each human gene contributes to about 85% of the total transcriptomic expression.
Though genes do vary somewhat in the multiple splice variants expressed between tissue- or
cell-type, only 35% of genes have an isoform-switch between conditions where a different splice
variant has a significantly higher expression level than the gene’s most expressed splice variant
in another condition (Gonzalez-Porta et al., 2013). This represents more than a third of proteincoding genes, which is a nontrivial proportion, but much less than 95% of genes.
Crucially, changes in expression are not prima facie evidence for function or distinct
function. The splicing process often involves condition-specific regulators – these regulators can
bind to mRNA in a stochastic process, similarly to snRNPs (Zhang et al., 2016). The stochastic
process and promiscuity of the condition-specific regulators gives rise to condition-specific noise
(Hu et al., 2017). As the field begins to collect more data about splicing regulation, the challenge
remains to separate signal from noise. I am unaware of any studies which specifically explore
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condition-specific noise for splicing regulators, though there is discussion of condition-specific
noise in overall gene expression levels (de Jong et al., 2019).
1.4.1.3

Parallels to ENCODE criticisms

In sections 1.4.1.1 and 1.4.1.2, I discussed the evidence for and against noisy splicing from
transcriptomic studies, which parallels the criticism of the initial ENCyclopedia Of DNA
Elements (ENCODE) project. The ENCODE project aimed to provide a “parts list” to the human
genome, and broadly interpreted any RNA transcription in any of the 147 cell-types they tested
as evidence of function (Consortium, 2012; ENCODE Project Consortium, 2004). They found
evidence that most of the human genome was transcribed or bound by a protein, and concluded
that most of the genome was functional. While the ENCODE project did provide a “parts list”,
this key conclusion was heavily criticized. One central criticism to the ENCODE project was
their causal role definition of function (section 1.2) based on any RNA transcription. Challenging
this assumption that any reproducible, biochemical activity is biologically meaningful, Eddy
(2013) posed a thought experiment known as the “Random Genome Project”. If one were to
construct a genome with a random sequence of nucleotides, put the genome in a cell, and provide
this genome with all regulatory factors and RNA polymerase, then the cell would surely
transcribe this random genome. This is because transcriptional regulatory factors bind to small
sites in the genome, and these binding sites will frequently occur at random. While this random
genome might be unrealistic, if ENCODE would have analyzed the random genome instead of
the human genome, they would have erroneously concluded that the random genome was mostly
functional. Eddy also pointed out that this principle applies to other biochemical processes, such
as mRNA splicing.
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A commonly used argument in support of the ENCODE project’s conclusions is that a
nontrivial proportion of the detected RNA transcription is cell-type specific and thus regulated
for an important function. However, the principles of the random genome still apply (Clark et al.,
2011). Eddy points out that condition-specific regulators would still bind to a random genome
(Eddy, 2013). This would result in condition-specific noise and applies equally to splice variants.
From a modern molecular evolutionary perspective, the criticisms of ENCODE again
parallel the criticism of widespread functional alternative splicing (Jensen et al., 2013). I discuss
the evolutionary perspective of gene function diversification and alternative splicing in Section
1.6.
1.4.1.4

Can we assess noise from RNA-seq data?
If the observation of a splice variant is insufficient to determine its functionality, it raises

the question of how functionality (and distinct functionality) can be determined purely from
transcriptomics. To my knowledge, no one has put forth standards for how to determine if a
splice variant is biological noise. However, there are standards for whether a sequence of
nucleotides with a transcribed product is a gene or biological noise (Pertea et al., 2018b). A
proportion of erroneous transcripts are likely lowly-expressed, and some may consider the
(standard) removal of lowly expressed transcripts in RNA-seq pipelines as a first step at filtering
for noise. However, bioinformaticians may need to be more deliberate as to what they consider
“noisy” transcripts. While observing a splice variant is not evidence of function, the case for
functionality can be strengthened if the transcript is expressed “appreciably”.
The evaluation of “appreciable expression” may have to be on a gene by gene basis, and
there exists few studies that explore this (Gonzalez-Porta et al., 2013; Meer et al., 2019). The
central point is that a splice variant that is present at one molecule per cell is unlikely to have a
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function, especially if that molecule must interact with another species having a much higher
concentration. Thus, it is not only reasonable to prioritize splice variants expressed at high levels,
it is less reasonable to focus on splice variants expressed at extremely low levels. As part of
Chapter 2 and Chapter 3, I explore the impact of prioritizing genes with FDSIs based on splice
variant expression relative to overall gene expression.
1.4.2

Proteomics: Ribosomal profiling vs. Mass spectrometry
The difficulties of determining whether a certain expression level of an RNA is

compatible with function can be ameliorated if the transcript is known to result in protein
expression. This is reasonable even while recognizing that the translational machinery has the
same potential for producing noise as the transcriptional machinery. Observation of a protein
thus can be taken to be consistent with functionality. For this reason, there is interest in gathering
evidence of splice variant translation. There are two dominant high-throughput approaches used:
mass spectrometry (MS) and ribosomal profiling (or ribo-seq). In this section, I review
applications of proteomics to understand the impact of genes with multiple splice variants on
protein diversity.
1.4.2.1

Ribosomal profiling
Ribosomal profiling (ribo-seq) aims to isolate ribosome-bound mRNA. The motivation

for this approach rests on the assumption that that any mRNA bound to the ribosome is being
translated. If a gene has multiple splice variants detected via ribo-seq, one can infer that the gene
has multiple translated splice variants.
In the ribo-seq literature, I found a wide range of claims about the exact impact of genes
with multiple splice variants on functional diversity – estimates range from 40% to 70% of the
protein coding genes having multiple translated splice variants (Blencowe, 2017; Weatheritt et
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al., 2016). Weatheritt et al. reported one of these extremes. They surveyed exon-skipping events
across 5,463 genes and found evidence that between 75% to 85% of splicing events detected in
RNA-seq were also bound to the ribosome. Thus, they concluded that ~70% of genes have
multiple splice variants that translate into a protein. However, there are some limitations of riboseq that limit confidence in this estimate. The initial step to isolate for ribosome-bound mRNA
sometimes retrieves non-ribosomal RNA-protein complexes (Ingolia, 2016; Ji et al., 2016).
Ribo-seq experiments have been shown to detect RNAs with no translation potential, such as
lncRNAs (Guttman et al., 2013). Furthermore, due to ribosomal stalling, scanning and other
quality control mechanisms, a bound mRNA is not guaranteed to undergo successful translation
(Inada, 2017).
Accounting for some of the aforementioned technical limitations in ribosomal profiling
and the ribosome’s quality control mechanisms, Reixachs-Sole et al. determined that 53% of
genes have multiple translated splice variants (Reixachs-Solé et al., 2019). This contrasts with
the 95% statistic reported based on transcript-level observations (section 1.4.1) for which
Reixachs-Sole et al. offered two explanations. First, ribosomal profiling has limited coverage of
the transcriptome in comparison to RNA-seq. Second, RNA-seq tends to artificially amplify
fragments of erroneous transcripts. Reixachs-Sole and colleagues concluded that the latter reason
is more likely, as their 53% statistic agrees more with mass spectrometry and conservation
studies. In the next section, I discuss these mass spectrometry studies, and in Section 1.6, I
discuss the conservation studies.
1.4.2.2

Mass spectrometry

In contrast to the RNA-based approaches discussed thus far, protein mass spectrometry (MS) can
provide more direct evidence of translation. The mass spectrometer breaks down proteins into
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small peptides and calculates the mass-to-charge ratio of a single small peptide in increasingly
larger fragments (e.g. first fragment is first amino acid of peptide, second fragment is the first
two amino acids, etc.) (Coon et al., 2005). This allows investigators to determine the small
peptide’s sequence. In the context of genes with multiple splice variants, one can look for
whether distinct exons of splice variants for the same gene are present in MS data. This is often
referred to as looking for the “discriminating peptide”.
I found a wide range of estimates for the number of genes with MS evidence of multiple
splice variants, ranging from 2% to 100% (Abascal et al., 2015a; Ly et al., 2014a; Wilhelm et al.,
2014; Yang et al., 2016). At the high end, Ly and colleagues concluded that all genes likely have
multiple translated splice variants. The peer reviewers of their study and other research groups
have reported the limitations of this study, such as the lack of replicates (Ly et al., 2014b). For
my purposes, the central limitation is that this study (and other studies yielding high estimates of
splice variants in mass spectrometry experiments) identify the discriminating peptide of only one
splice variant per gene, instead of at least two splice variants from the same gene. But even
ignoring the Ly et al. study, the upper bound of the estimates still remains large: 57% of genes.
While I do not use MS data in my thesis, the study by Abascal et al. (2015a) and the
response to the study is important to outline because it had a profound impact on proteomics
studies into genes with multiple splice variants. Abascal and colleagues reported that ~2% of
genes have MS evidence for multiple translated splice variants, based on whether a gene had at
least two splice variants with discriminating peptides (Abascal et al., 2015a). For this analysis,
these investigators collected over 100 MS experiments across different human cell types and
tissues from different studies. Since the groups who originally performed the MS experiments
did not use identical methods, Abascal and colleagues controlled for certain differences. These
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differences included the type of spectra search engine used, the spectra scoring scale, and the
accepted FDR threshold. Furthermore, Abascal and colleagues only accepted a splice variant as a
true positive if they detected the splice variant in more than one experiment. Using these filters,
they reported that only 246 out of 12,227 genes (~2%) have support for multiple translated splice
variants, despite initially detecting 277,244 proteins. In agreement with this statistic, a recent
MS analysis from the GTEx Consortium reported that 353 out of 6,963 genes (~5%) have
evidence for multiple splice variants (Jiang et al., 2020).
The dearth of alternative splicing evidence reported by Abascal and colleagues sparked a
rebuttal from Blencowe (2017). Blencowe had three main criticisms. First, he claimed the
literature has hundreds of examples of functionally important splice variants, and that this
number is only limited by the effort needed to study each gene. Second, he argued mass
spectrometry experiments have technical limitations in detecting lowly expressed or conditionspecific peptides. Blencowe cited ribo-seq studies which tend to capture a wider breath of splice
variants, closer to those found in RNA-seq studies. Thus, using ribosomal profiling data,
Blencowe claims that alternative splicing vastly increases proteomic complexity despite the
limited protein evidence.
In response, Tress and colleagues (Tress et al., 2017a) argued that the mass spectrometry
data was only an adjunct to evidence based on conservation and protein domain analysis
(discussed further in sections 1.5 and 1.6). Furthermore, they challenged whether the limitations
of mass spectrometry really explained the substantial dearth of alternative splicing evidence in
their study. The mass-spectrometry based findings are more compatible with the current
understanding of molecular evolution (neutral theory) whereas the ribo-seq studies cited by
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Blencowe did not provide an evolutionary analysis (see section 1.6) (Kimura, 1968; Ohta, 1992;
Saudemont et al., 2017).
Despite these counterarguments, there is some validity to Blencowe’s critiques. The mass
spectrometry analysis done by Abascal and colleagues failed to detect some well-documented
genes with FDSIs, such as BDNF and CALCA. This is a challenge of prioritizing putative genes
with FDSIs without a gold standard list. Perhaps the stringent filters applied to the mass
spectrometry experiments excluded these genes, and future studies require somewhat relaxed
constraints. Computational and high-throughput studies need a list of gold-standard genes with
FDSIs to improve the tools we use to understand alternative splicing (see Chapter 2).
Nevertheless, in order to resolve the noisy splicing debate and determine the functional relevance
of genes with multiple splice variants, we will require more experimental data, and
computational prioritization will help on this matter. The genes that Abascal et al. found in their
investigation, despite their arguably stringent approach, are of interest for follow-up. In Chapter
3, I provide my own prioritized list of genes with FDSIs.
1.5

Impact of splicing on protein domains

Alteration of protein domains among splice variants from the same gene may provide evidence
of functional diversity. Protein domains are evolutionarily conserved structural and functional
amino acid sequences. Intuitively, one may expect their alteration to result in alteration of protein
function (Lees et al., 2016; Light and Elofsson, 2013; Sulakhe et al., 2018). In general, there are
three scenarios in which one can use protein domain annotations to infer whether alternative
splicing has increased functional diversity of a gene:
1. Addition or removal of a domain.
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2. Modification of a domain (annotatable domains remains the same, but with a different
amino acid sequence)
3. Modification of the remainder of the protein, without modification of a domain.
None of the above scenarios sufficiently constitute evidence of a gene with FDSIs; however,
given that we can infer function from protein domains, cataloging genes with splice variants that
have distinct domains seems a viable approach to prioritization of genes more likely to harbor
FDSIs. As such, I use protein domain annotations for my analyses in Chapter 3 and 4.
For the purposes of using protein domain annotations on high-throughput datasets, I
developed a hierarchy of how protein domains can relate to functional distinctness (Figure 1.5).
At level 1 are all genes with multiple splice variants. At this level, a gene can have only one
splice variant with an annotatable domain, while the remainder of the gene’s splice variants lack
any annotatable domain. For level 2, genes must have at least two splice variants where both
splice variants have at least one complete domain. Both splice variants could have the exact same
set of domains among them. At level 3, a gene must have at least two splice variants where each
splice variant has a different set of domains. One might assume that the gene has FDSIs and the
differences in domains guide that distinctness. Finally, at level 4, the gene has at least two splice
variants where each splice variant has at least one domain from different domain families. As
domains can be grouped together based on sequence and functional similarity, a gene at this level
may have more intrinsic functional differences in its FDSIs, than a gene only at level 3. The
protein domains, the annotation approach and the domain families can be defined by a protein
domain database (such as Pfam (El-Gebali et al., 2019) or CDD (Marchler-Bauer et al., 2015)).
This hierarchy guides part of the analysis in Chapter 3.
26

% Genes
CDD
Level 1

Gene has
multiple splice
variants

6,799 (100%)

Gene has at least
two splice variants
Level 2
with complete
protein domains
Gene has at least
two splice variants
Level 3 with different
protein domains

Gene has at least
two splice variants
Level 4 with different
domain families

5,649 (83%)

435 (5%)

424 (4%)

Figure 1.5 Hierarchy for the functional distinctness of protein domains for a gene’s splice variants
I produced this hierarchy to aid in my study of splice variants likely to have FDSIs based on splice variant domain
annotations. Lines with or without shapes represents splice variants, and splice variants with the same color belong
to the same gene. Each shape represents a protein domain. Level 1: All genes with multiple splice variants are in this
level, regardless of their annotatable domains. Level 2: At this level, the gene must have at least two splice variants
where each splice variant has at least one complete annotatable domain. The domains can be the same among a
gene’s splice variants, or different. Level 3: At this level, a gene must have at least two splice variants where the
protein domains differ between the splice variants. Level 4: Genes in this level have at least two splice variants
where the annotated domains for each splice variant is from a different domain family.

1.5.1.1

Adding or removing a domain

Alternative splicing can excise or include an exon which wholly contains the protein domain
within the exon’s boundaries (Kriventseva et al., 2003). This may result in the swapping of
protein domains among splice variants of the same gene, or the creation of splice variants that
contain extra or missing domains. In short, a gene can have multiple splice variants each with its
distinct set of protein domains (Level 3 in Figure 1.4).
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High-throughput studies, such as the mass-spectrometry study by Abascal and colleagues,
sometimes consider whether alternative splicing added or removed protein domains (Abascal et
al., 2015a; Tress et al., 2017b). They reported that 7.1% of their mass spectrometry validated
splice variants (246 genes) resulted in the loss of a domain, while the majority of splicing events
had no effect on domain architecture. In contrast, when they analyzed GENCODE splicing
events, they reported that about one-third of splicing events led to the exclusion of at least one
whole protein domain. Similarly, Eksi and colleagues reported that a third of mouse genes have
an addition or loss of an entire protein domain due to alternative splicing (Eksi et al., 2013).
1.5.1.2

Modifying a domain

In addition to adding and removing domains, alternative splicing can modify domains by
swapping in mutually exclusive exons for a given domain. Doing so maintains the general
structure of the domain but might alter the specific function. For example, a gene’s splice
variants may have a protein domain that plays a role in cell-recognition. Variation in this domain
among splice variants could enable interactions with additional binding partners.
A famous example of domain modification via splicing comes from studies of
Drosophila melanogaster. In the Drosophila nervous system, the expression pattern of Dscam1
splice isoforms play a role in regulating synaptic composition and cellular self-avoidance
(Millard et al., 2010; Wojtowicz et al., 2007). Dscam1 has three clusters of exons where the
combination of exons can potentially yield up to 38,000 splice variants. All splice variants for
this neural receptor contain 10 Ig domains, with changes in the precise structure among isoforms
(Schmucker et al., 2000; Wojtowicz et al., 2004). Each cell stochastically selects a specific
combination of exons for expression (how this is accomplished is unknown), so that no neuron
has the exact same combination of Dscam1 isoforms expressed on its surface (Miura et al.,
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2013). Each neuron’s unique Dscam1 identity facilitates the neuron’s binding to other neurons
with a different Dscam1 splice isoform repertoire while inhibiting neurons from binding to
themselves (self-avoidance) (Matthews et al., 2007). Critically, limiting Dscam1 splice isoform
diversity has phenotypic effects, providing direct evidence that Dscam1 has multiple FDSIs
(Huang et al., 2011; Schmucker et al., 2000).
The example of Dscam1 suggests that variation of amino acid sequence, while
maintaining domain structure, is a potential mechanism for isoform functional diversity.
However, it is important to note that the evidence for functional diversity in these cases does not
rely simply on observing the presence of the RNA molecules, but on evidence from
conservation, protein expression, and experimentally showing that the transcriptomic diversity
contributes to the function of the gene (Han et al., 2010; Nicoludis et al., 2015; Schreiner et al.,
2015; Watson et al., 2005).
1.5.1.3

Maintaining domains while modifying other parts of a protein

Alternative splicing can cause a single gene’s splice variants to have a different amino acid
composition in the parts of a protein without an annotatable domain. This might preserve the
overall function of the gene, as the necessary protein domains remain intact for each splice
variant, but the variability in the rest of the protein causes some change in regulation. In a survey
of Ensembl splice variants, Tress et al. noted that most splicing between protein domains are
frame-shifting which disrupts protein domains (Tress et al., 2017a). For only a few genes did
they report that the domains were maintained.
There are documented cases of non-domain-affecting splicing having a role in generating
functional diversity. For example, the CACNA1 genes encode for the a1 subunit component of
voltage-gated calcium channels (VGCCs), and each gene produces numerous splice variants. The
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functional splice variants have the same four pore-forming domains (Bourinet et al., 1999;
Catterall, 2011). VGCCs in the nervous and cardiovascular system require these four poreforming domains to regulate calcium ion influx when the cell depolarizes (Weyrer et al., 2019).
The absence or change of any of these four pore-forming domains causes the loss of a functional
VGCC (Arikkath and Campbell, 2003; Catterall, 1995; Guida et al., 2001; Heinemann et al.,
1992).
Rather than change the pore-forming domains of the a1 subunit, alternative splicing
causes the amino acid residues between the domains to differ between splice variants of the
CACNA1 genes (Adams et al., 2009; Bourinet et al., 1999; David et al., 2010; Hirano et al.,
2017; Powell et al., 2009; Snutch et al., 1991). This difference between the transmembrane
domains is hypothesized to provide binding sites for regulators. For example, Calnexin binds to
specific splice variants of CACNA1 genes to inhibit calcium ion influx (Proft et al., 2017).
Splicing of VGCC genes is often a focus of study. CACNA1 genes and their splice
variants are evolutionarily conserved and have evidence of translation (Lipscombe et al., 2013a;
Richards et al., 2010). Knockdowns of Cacna1h’s exon 25 in rat epilepsy models show a
reduction in seizures (Cain et al., 2018). However, there are challenges to determining FDSIs in
CACNA1 genes. One challenge is short read sequencing, since this provides inaccurate
characterization of the splice variant profiles of each CACNA1 gene. There has been some effort
to get a more accurate picture for CACNA1 splice variants using long read RNA-sequencing
technology (Clark et al., 2018). In Chapter 4, I investigate the splicing profile of one relatively
poorly studied VGCC gene, Cacna1e.
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1.6

Most splice variants evolve neutrally

As with many biological processes, biologists seek an evolutionary explanation for the fact that
most genes have multiple splice variants. Many claim that alternative splicing solves the “Gvalue paradox” – the finding that the number of genes in a genome does not predict organismal
complexity (Bush et al., 2017; Hahn and Wray, 2002; Schad et al., 2011). However, we must
first ground any evolutionary analysis with modern evolutionary concepts.
The exact evolutionary explanation of spliceosomal introns continues to be an ongoing
area of research, but the most explored ideas do not hypothesize that splicing has evolved to
generate within-gene functional diversity (Doolittle et al., 2014). One popular concept is the
intron-late hypothesis (Koonin, 2006). Under this hypothesis, around the time of eukaryogenesis,
ancestral cells were invaded by selfish group II introns (self-splicing). Along with the
development of other eukaryotic properties (nucleus, linear chromosomes, etc.), the spliceosome
evolved to excise these introns and the evolutionary constraint for these introns to self-splice
relaxed. The intron-late hypothesis also postulates that with the relaxation of selection pressure
in specific eukaryotic lineages, introns grew, and genomes began to accumulate more introns.
The evolution of alternative splicing is likely a consequence of mis-splicing occasionally
creating advantageous splice variants that then evolved under evolutionary constraint (Roy and
Irimia, 2008, 2009). These evolutionary models position alternative splicing as a source of
variability which may or may not be subject to selection, rather than an evolved mechanism to
generate functional diversity in the first place. This reinforces our reasoning that we should not
assume every single splice variant is functional. As I will elaborate in this section, identifying
genes with multiple splice variants evolving under constraint is central to computational studies
of genes with FDSIs.
31

Modern evolutionary theory – and how we view molecular processes like splicing –
shifted with the emergence of the neutral theory of molecular evolution (Kimura, 1968; Kimura
and Ohta, 1972). Kimura proposed that random genetic drift, rather than Darwinian selection,
can be a cause of allele fixation, and in fact is predicted to be a major force in evolution (Kimura,
1983). This is particularly true in species with small effective population sizes, including humans
and most mammals, such that selection against mildly detrimental variation is too weak to
eliminate it effectively. Thus it is thought that many variants have become fixed in the
population despite offering no advantage to organismal reproductive success (Charlesworth,
2009). Though many evolutionary biologists originally challenged Kimura’s claims (the
selectionist-neutralist debate), the principles of neutral evolution and drift are now widely
accepted and integrated into evolutionary theory and quantitative models of population genetics
(Charlesworth and Charlesworth, 2018; Nei, 2005).
As a consequence of the neutral theory, modern molecular evolution studies center
around separating neutrally evolving biological processes from biological processes that evolve
under selection (Li and Zhang, 2019; Liu and Zhang, 2018; Xu et al., 2019; Zhang, 2018). In
these studies, the investigators treat a given molecular event as a hypothesis test: the null
hypothesis is neutral evolution while the alternative hypothesis is selection. They then analyze
the data to determine whether there is enough evidence to reject the null hypothesis of neutral
evolution. Thus, the absence of evidence for selection is the failure to reject neutral evolution.
In this section, I discuss the three possible evolutionary scenarios for a splice variant:
evolution under the two different types of selection (negative or positive selection) and evolution
under genetic drift (neutral evolution).
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1.6.1

Few splice variants have conservation evidence

Splice variant conservation, or the presence of a splice variant in multiple species, indicates that
a splice variant evolves under negative selection, and mutations detrimental to the splice variant
will be purified from the population. In other words, the splice variant affects reproductive
success. Splice variant conservation is a powerful metric in assessing whether a gene has
multiple necessary splice variants. If a gene has two or more conserved splice variants, this
provides evidence that the gene has multiple necessary splice variants. Thus, this gene likely has
FDSIs, based on my operational definition. A lack of conservation evidence means that the null
hypothesis of neutral evolution cannot be rejected.
While an early RNA-seq study reported that ~86% of multi-exonic human genes have
multiple conserved “alternative” splice junctions (Wang et al., 2008a), the current consensus is
that most mammalian genes do not have multiple conserved splice variants. The work by Wang
et al. used PhastCons, a conservation metric which is not suitable for nucleotide-level
observations, but rather designed to detect conserved genomic regions (Pollard et al., 2010;
Siepel et al., 2005). When Pickrell and colleagues reanalyzed splice junctions using a more
appropriate method, PhyloP, they reported a much lower proportion of conserved “alternative”
splice junctions, and concluded that drift drives most splice variant evolution (Pickrell et al.,
2010). Indeed, the same research group as Wang et al. has also since published work agreeing
that only a minority of splice variants were conserved throughout vertebrate evolution (Merkin et
al., 2012). The findings of Pickrell et al. and Merkin et al. were later confirmed in studies of
RNA-seq datasets from primates (Reyes et al., 2013; Xiong et al., 2018). Thus, the general
agreement is that most mammalian genes do not have multiple splice variants evolving under
negative selection.
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In proteomic studies, splice variant conservation was correlated with splice variants
present in mass-spectrometry datasets (Abascal et al., 2015a; Tress et al., 2017b). These analyses
found 246/12,227 (~2%) genes have multiple detected splice variants in mass-spectrometry
datasets, and the investigators confirmed the conservation of these genes’ multiple splice variants
using BLAST homology searches. They found that all 246 of these genes had orthologous splice
variants in 5 distantly related species, thus providing multiple lines of evidence for FDSIs in
these genes.
In this section, I described the dearth of evidence for conservation of most splice variants.
Though their methods may differ, multiple research groups have concluded that most
mammalian genes have only one conserved splice variant. This means that most genes have only
one splice variant present in multiple species, and the remaining splice variants are likely
evolving under genetic drift. In the next section, I discuss the dearth of evidence that genes with
multiple splice variants are lineage specific innovations.
1.6.2

Limited evidence for positively selected splice variants

A counterargument to the dearth of multi-isoform genes detected by conservation is the fact that
many “alternative” splicing events are lineage-specific and may have lineage-specific functions.
Support for this could come from signs of positive selection. In contrast to negative selection,
splice variants evolving under positive selection would be detected as adaptive lineage-specific
innovations and suggest functional importance to one species (Blencowe, 2017; Lu et al., 2009;
Xing and Lee, 2005a, 2006). In other words, lack of conservation in a phylogeny could be
misleading and most species-specific splice variants could, in theory, have selected effect
functions (Section 1.3). However, only a low proportion of mammalian genomes are thought to
be under positive selection – for humans, about 0.03% (Lunter et al., 2006), suggesting an upper
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bound on how much this would be true for the splice variant level. Detection of positive
selection is challenging in general, especially in species with low effective population sizes
where the lineage-specific fixation of neutral or nearly-neutral sites is common (Booker et al.,
2017). As such, tests for positive selection use neutral evolution as the null hypothesis.
Additionally, distinguishing between positive selection and neutral evolution generally requires
species-specific population-level sequence data to test for evidence of within-lineage constraint,
though some tests may be done with multiple species. Under our operational definition, if a gene
has multiple splice variants evolving under selection (constraint), and at least one of the variants
has evidence of evolving under positive selection, it would be evidence in favor of the gene
having FDSIs.
The evidence is strongly against the idea that many mammalian splice variants are
evolving under positive selection. The same two research groups which published the claim that
~95% of multi-exonic genes have multiple splice variants published two high-profile, multispecies, multi-tissue RNA-seq studies with the conclusion that most “alternative” splicing is
species-specific (Barbosa-Morais et al., 2012; Merkin et al., 2012). While this observation is
likely true, the authors from both groups concluded that this species-specific splicing drove
species-specific phenotypic diversity without acknowledging the effects of genetic drift in their
analyses. In contrast, for a future study, Reyes et al. performed a similar analysis but tested for
selection. They were able to reject the null hypothesis of neutrality for only a minority of splice
variants (Reyes et al., 2013). While the inability to reject the null hypothesis is not evidence in
favor of the null hypothesis, Reyes et al. concluded that most splice variants were neutrally
evolving, given our understanding of the neutral theory and noisy splicing.
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In terms of direct tests of splice variants evolving under positive selection, there has not
been substantial evidence. To my knowledge, the only experimental support for this claim
originates from frequently cited work by Xing and Lee (Xing and Lee, 2005b, 2005a).
Unfortunately, their claim appears to be based on a misinterpretation of their data and is not
supported by other work. Xing and Lee calculated selection pressures based on the ratio of
nonsynonymous to synonymous substitutions (Ka/Ks). A ratio of less than 1.0 is generally taken
to indicate negative selection, while a ratio greater than 1.0 signals positive selection; a ratio near
1.0 indicates neutral evolution (Spielman and Wilke, 2015). Xing and Lee reported that most
lineage-specific splice variants have a Ka/Ks ratio closer to (but still less than) 1.0 compared to
conserved splice variants, consistent with weak negative selection or neutrality, not positive
selection. Furthermore, they did not perform appropriate hypothesis testing (Jukes, 2000; Yang,
1998). Nevertheless, they reported that non-conserved splice variants evolved rapidly and then
falsely equated “relaxed conservation” or “relaxed selection” with lineage-specific innovations, a
severe mischaracterization of modern evolutionary theory (Tress et al., 2017a). In fact, the lack
of conservation is more consistent with genetic drift. It is important to point this out because
Xing and Lee are frequently cited in support of claims against the noisy splicing model
(essentially, that the alleged noise is actually important evolutionary innovation).
Importantly, other studies of positive selection have failed to support the claims of Xing
and Lee. Xiong et al. (2018) used a standard interpretation of Ka/Ks ratios to suggest that in fact
most non-conserved exons in primates are evolving neutrally (Xiong et al., 2018). Tress and
colleagues attempted to provide evidence for positively selected splice variants from GENCODE
but failed to find any (Tress et al., 2017b). Using allele frequencies from the 1000 Genomes
Project, they annotated the variation in non-conserved splice variants. If a positively selected for
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splice variant exists, then that splice variant should be responding to evolutionary constraints and
be less variable in the human population. All non-conserved splice variants had an enriched
amount of variation, suggesting that these splice variants evolved neutrally, and not under
positive selection.
While the weight of the evidence is against positive selection being a general feature of
non-conserved exons (and splice variants), any individual such cases would be interesting – no
matter how few may exist. With the increase in population level data, there are many methods to
determine positive selection on splice variants across the genome (Hsiao et al., 2016; Ramensky
et al., 2008). To better refine the search for positively selected for splice variants, one likely
needs to focus on specific genes and molecular processes that may be biased towards positive
selection. For example, genes whose products function at the interface between the environment
and organism tend to evolve under positive selection, such as reproduction, digestion, sensory
and immune function (Voight et al., 2006). Furthermore, some intrinsically disordered domains
(IDDs) evolve under positive selection (Afanasyeva et al., 2018). Given the subset of splice
variants that have IDDs, some new cases of genes with FDSIs may emerge with better tests/data
of positive selection.
1.6.2.1

Exceptional splicing in humans?

A common misunderstanding of genes with multiple splice variants is based on the observation
that many splice variants are only present in humans (and not other primates or mammals), and
therefore alternative splicing is at least partially responsible for our “special” status and
complexity (Shabalina et al., 2014). Besides the flawed tests of positive selection discussed
above, I offer two likely explanations for the correlation between number of splice variants and
organismal complexity. First, cellular complexity (as measured by number of cell types, a
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commonly used proxy for organismal complexity) and number of splicing events tend to
negatively correlate with effective population size (Bush et al., 2017). Neutral and slightly
detrimental processes tend to fix more often in species with low effective population sizes. This
observation may derive from the breeding rate in small populations, or sampling approaches for
allele frequencies. Regardless, the low population sizes in mammalian species means many
neutrally evolving splice sites will fix to the population. Second, the number of splice variants
documented per species is likely a function of factors such as sequencing depth (Zhang et al.,
2017). Increasing sequencing depth will increase sensitivity in detecting more splice variants.
Humans for example tend to have more RNA-seq studies, with deeper sequencing than other
species. Thus, we are more likely to detect more splice variants in humans, than in other species.
In Table 1.4, I highlight key RNA-seq studies from a variety of species, the sequencing depth,
and the splicing proportion reported. The suggestion that humans are exceptional because we
have more genes with multiple splice variants is likely just a result of deeper sequencing.
Species

Number of Reads

Effective population
size

PMID

Human

Proportion of multiexonic genes with
multiple splice
variants
95%

435,000,000

10,000

18978772

Mouse

93%

140,000,000

25,000

18516045

Rat

84%

20,000,000

-

29116075

Rabbit

44%

1,194,102

-

28794490

Drosophila
melanogaster

37%

6,453,796,999

822,351

27935948

Saccharomyces
1-4%
2,562,065
26469855
cerevisiae
Table 1.4 The percentage of genes with multiple splice variant in a species is likely drive by the number of
sequencing reads and effective population size

38

The data in “Proportion of genes with multiple splice variants” and “Number of reads” corresponds to the study
under the “PMID” column. Effective population size estimates were from (Charlesworth and Charlesworth, 2018)

In summary, the neutralist perspective of alternative splicing parallels the noisy splicing
model (Saudemont et al., 2017). Much of human splicing is present only in humans, and most of
these splice variants are likely evolving neutrally (Bush et al., 2017). Since neutral evolution
does not equate to any selective advantage for reproductive success, humans and other organisms
likely do not need most splice variants. Thus, for my thesis, unless a gene has two or more splice
variants evolving under selection rather than neutral evolution, it likely does not have FDSIs.
1.7

Thesis outline and research contributions

As I have described, there is a debate about how much alternative splicing contributes to
genomic functional diversity. One of the primary arguments in favor of broad, functional
importance to most splice variants is that the lack of functionality of most splice variants has not
been proven. Proving a negative is impossible, so no amount of negative evidence will be
satisfying to those who prefer to assume an observed transcript is functional. I take the stance
that to make progress in this discussion, we must seek out positive evidence for more genes with
FDSIs. At the same time, I am convinced that the noisy splicing model is valid, implying there is
a potentially vast amount of irrelevant splice variants to sift through. To address this needle-in-ahaystack problem in a pragmatic fashion, I have taken the approach that the null hypothesis for
any observed transcript is that it is non-functional, and computational evidence can lead to a
provisional rejection of that null hypothesis. In this framework, the genes (and transcripts) for
which we have the most evidence against the null hypothesis are candidates for further study.
Genes for which we fail to reject the null hypothesis are simply “not guilty” of having multiple
functional isoforms based on the evidence presented, and we withhold judgement on whether
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they are truly “innocent”. Below I briefly review my objectives and findings from the three
research chapters.
As a first step, I felt it was important to document as many cases of genes with FDSIs as
possible. It could be that most genes in fact do have experimental evidence of FDSIs already
reported. Even if not, a list of known cases would strongly inform computational approaches for
automated identification of candidates. Therefore, in Chapter 2, I document the literature support
for genes with FDSIs, where each FDSI has ex silico evidence of necessity. My first goal was to
ground the field in the evidence-based reality of alternative splicing function by producing a gold
standard set of genes with literature evidence of FDSIs. With a team of trained curators, I curated
the literature for 743 human and mouse genes and found that only ~5% have support for FDSIs. I
conclude that one source of the claim that “alternative splicing vastly increases the functional
diversity of the genome” is extrapolated from a very small number of cases.
In Chapter 3, I annotate splice variants from long-read mouse brain and liver
transcriptomes to prioritize genes likely to have FDSIs. Due to the low yield of gold standard
genes with FDSIs in Chapter 2, my goal was to determine the “low-hanging fruit” of genes likely
to have FDSIs using annotations based on lessons learned from both noisy splicing and my
manual literature curation. As part of this research project, I annotated long-read splice variants,
which removed much of the transcript structure ambiguity found in short-read data. From a set of
6,799 genes, I prioritize a set of 79 genes likely have FDSIs.
In Chapter 4, I prioritize splice variants of the voltage-gated calcium channel (VGCC)
gene, Cacna1e, that our collaborators hypothesize to have FDSIs. VGCCs are large genes with
complex transcript structures. Cacna1e is predicted to have hundreds, if not thousands, of splice
variants. As with Chapter 3, I annotate splice variants from long-read data to alleviate the
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transcript structure ambiguity, however, my annotations are also based on the known functional
properties of voltage-gated calcium channels. With a priori knowledge of Cacna1e’s function, I
provide the field with the gene’s splicing profile and support Cacna1e’s candidacy as a gene with
FDSIs.
In Chapter 5, I provide some concluding thoughts on the implications of my research and
considerations for future work. In brief, my results agree with the hypothesis that most splice
variants are likely biological noise. On the other hand, the small number of genes that I
hypothesize to have FDSIs throughout my thesis will aid the field in determining the specific
contexts where alternative splicing increases a gene’s functional diversity.
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Chapter 2: Systematic evaluation of isoform function in literature reports of
alternative splicing
2.1

Introduction

As described in Chapter 1, an ongoing debate is whether most mammalian genes produce more
than one functional isoform (Blencowe, 2017; Tress et al., 2017b, 2017a). The mere presence of
multiple splice variants in public sequence databases is clearly insufficient to settle the question
(Light and Elofsson, 2013). Arguments against widespread functional alternative isoforms
include the fact that the splicing machinery’s limited fidelity causes the stochastic generation of
“junk” splice variants (Hsu and Hertel, 2009; Melamud and Moult, 2009). Analyses using
proteomics and molecular evolution approaches have also failed to support the expression and
conservation of most splice variants (Abascal et al., 2015b; Pickrell et al., 2010; Reyes et al.,
2013; Saudemont et al., 2017; Tress et al., 2017b). Nevertheless, the question lingers because the
lack of evidence is not generally accepted as evidence and the function of most splice variants
remain unknown (Blencowe, 2017; Light and Elofsson, 2013). Beyond the question of whether
most genes have more than one functional isoform is a critical issue: whether these variants
increase the functional repertoire of genes, or are merely functionally redundant (Kriventseva et
al., 2003; Lipscombe et al., 2002, 2013a; Stetefeld and Ruegg, 2005). In this chapter, I take steps
to address the gap between the commonplace assumption that most genes have more than one
distinct functional product and the evidence-based reality.
Establishing whether a gene has functionally distinct isoforms requires experimental
validation. While databases that contain information on transcript isoforms gather information on
isoform features, none attempt to assess functionally distinct isoform reports from the
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experimental literature. For example, Ensembl, RefSeq, and UniProt catalog and annotate splice
isoforms based on evidence that they exist as a transcript or protein (Aken et al., 2016; Bely et
al., 2010; Light and Elofsson, 2013; Zhao and Zhang, 2015). However, the existence of a splice
isoform alone does not provide direct support for its functionality, much less functional
distinctness.
To establish the extent to which splice variants increase the functional repertoire of the
genome, we need data on which genes have functionally distinct splice isoforms (FDSIs).
Identification of genes with FDSIs requires experimental support to demonstrate the necessity of
each splice isoform. A classical method to determine the function of a given gene is to knock it
out and observe the phenotypic consequence (Alberts et al., 2002; Shehu et al., 2016). This idea
readily extends to splice variants; if a single splice variant is made absent and that variant is
necessary for the normal function of the gene, then a consequence (change in phenotype) would
be expected. A gene has FDSIs if two or more isoforms meet this criterion independently (Figure
2.1). In contrast, the depletion of an unnecessary or redundant splice variant will not cause a
phenotype. Another approach that is often used to probe the function of splice variant is
overexpression. However, overexpression is well known to be fraught with interpretational
challenges including artifacts so the gold standard is to generate loss-of-function alleles (Gibson
et al., 2013). Note that a negative result from experiments is not evidence of a lack of functional
distinctness, as it is possible the functional distinction between the splice variants may be
eventually discovered. Curating the genes with FDSIs is of obvious importance to evaluate the
state of the literature support for the commonplace claim that alternative splicing increases the
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functional repertoire of the genome.

Figure 2.1 Non-mutually exclusive types of functional distinctness for literature reported genes with FDSIs
Generally, the distinctness of FDSIs of the same gene can be attributed to expression-pattern distinctness or
biochemical distinctness. Expression-pattern distinctness is defined as a gene having specific splice isoforms
necessary in distinct conditions. The depletion of the splice isoform in its distinct condition causes a phenotype.
Biochemical distinctness is defined as a protein structure difference between splice isoforms of the same genes.
While the FDSIs of the gene can be expressed in the same condition, the depletion of either splice isoform causes a
phenotype.

Beyond identifying knowledge gaps, establishing a set of genes with FDSIs provides
potential avenues for improving computational approaches to analyzing alternative splicing. For
example, classifiers, such as PULSE, attempt to predict genes with multiple functional splice
isoforms (Hao et al., 2015). Hao et al. trained PULSE using a set of splice isoforms confirmed by
Western blot experiments. PULSE predicted that one-third of human protein-coding genes have
multiple functional isoforms (not necessarily functionally distinct). A difficulty cited by Hao et
al. was in the identification of training data, an issue which is even worse if one is interested in
functional distinctness. Having lists of experimentally validated genes with FDSIs could open
the door to improved algorithmic approaches in characterizing isoform function.
Here I present a literature-based analysis of experimental evidence for functionally
distinct splice isoforms (FDSIs) for over 700 human and mouse genes. Despite a gene selection
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strategy that was highly biased towards genes suggested to have multiple functional isoforms, I
found good experimental evidence for FDSIs for fewer than 10% of genes.
2.2
2.2.1

Methods
Determining the type of functional distinctness

I developed a scheme to describe non-mutually exclusive types of functional distinctness found
in genes with FDSIs. I recognize two general biological mechanisms by which functional
distinctness could arise, schematized in Figure 2.1, and elaborated on further below: “expressionpattern distinctness” or “biochemical distinctness”. Figure 1.1 outlines our full scheme for
classifying functional distinctness. The subclasses I identified were designed to accommodate
how functional distinctness is reported in the literature I curated, that is, I did not create this
classification wholly ab initio. I determined the type of functional distinctness using the
publication which provided the evidence for FDSI, but some cases required an inference based
on other literature by the authors. I stress that a gene can have multiple types of functional
distinctness. For example, biochemically distinct isoforms could also have expression pattern
distinctness. I annotated as many types of functional distinctness as were provided by the
literature reports.
2.2.2

Expression pattern distinctness

Expression-pattern distinctness requires the condition-dependent expression of isoforms of a
single gene. Generally, in this category, splice isoforms of the same gene have functional
relevance in distinct conditions. I further specified expression-pattern distinctness as
“subcellular-localization-specific”, “cell-type-specific”, “tissue-specific”, “developmental stagespecific”, and “other-condition-specific”. Thus, genes with cell-type-specific FDSIs express their
splice isoforms in distinct cell types, and the elimination of expression of either splice isoform
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causes a phenotype (Figure 2.1). These isoforms’ final products could be identical (that is, they
are not intrinsically functionally distinct). However, they are still functionally distinct because
they have partially different expression patterns and one cannot fully compensate for the other.
2.2.3

Intrinsic-functional distinctness

Intrinsic-functional distinctness is defined as differences in biochemical properties or activities,
and which cannot compensate for each other even if co-expressed in the same condition (Figure
1.1). I further specified intrinsic-functional distinctness as “protein domain change”, “dominant
negative”, “subcellular localization”, “UTR change” and “protein terminus change”. Genes
categorized as FDSIs with distinct protein-domains indicate that each splice isoform has a unique
structural or functional unit in their final protein product. I manually extracted information about
the specific protein domain from the authors providing the evidence of functional distinctness. In
some cases, this could involve the presence or absence of one or more protein domains. Genes
categorized as “protein terminus change” indicates that the FDSIs’ final protein product differ
from each other either in their C-terminus or their N-terminus. These changes to the C- or Ntermini usually do not affect the presence or absence of protein domains (or the paper did not
make any note of changes to protein domains). Genes with dominant-negative FDSIs have splice
isoforms with antagonistic phenotypes. Typically, these splice isoforms regulate each other’s
function. The loss of one splice isoform generally affects the function of the other splice isoform.
Gene categorized as “UTR change” indicates that the FDSIs of the same gene differ in the UTRs
of the mRNA (coding regions may change as well).
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2.2.4

Literature selection

On July 17th, 2017, I generated a “starting set” of publications associated with human and mouse
genes to curate using PubMed e-utilities and the search term “alternative splicing”. From here
curation was both “gene-centric” and “paper-centric.”
2.2.5

Gene-centric curation

The gene-centric approach attempted to curate all relevant studies associated with a specific
gene. PubMed linked each study from our starting set to a specific gene which provided a list of
genes with literature. The genes I selected to curate from this list were genes suggested to us by
the community, PULSE’s training genes or commonly discussed by the literature (Hao et al.,
2015). As suggestions from the community might be biased, 100 random genes were also
selected for gene-centric curation.
2.2.6

Paper-centric curation

The paper-centric approach attempted to curate literature likely enriched for evidence of genes
with FDSIs. Using this approach, I make no attempt to curate all relevant reports for any specific
gene. As a targeted source of literature likely to be enriched for functional evidence, I used
review articles on the function of alternative splicing that provided citations for 603 genes
(Kelemen et al., 2013; Kovacs et al., 2010; Lipscombe et al., 2013a; Ramanouskaya and Grinev,
2017; Stamm et al., 2005; Tress et al., 2017b). I further extended paper-centric curation with
specific search phrases in PubMed. Search terms were: “functionally distinct splice isoforms”,
“CRISPR alternative splicing”, “alternative splicing knockdown” and “alternative splicing
knockout.” These queries identified an additional 260 papers for our starting set of papers. The
genes found in the publications retrieved by these PubMed queries and provided in the
aforementioned reviews further informed us of which genes to gene-centrically curate. For
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example, BDNF and XBP1 were commonly reviewed in the literature and consequently, I genecentrically curated them.
2.2.7

Curation process

For each paper, a trained curator first identified general features of that study by manually
extracting the following information: the investigated gene, the reported number of the splice
variants for the gene, the names used by the authors for the splice variants, the number of splice
variants specifically investigated in the paper (“the investigated variants”), the experiments
performed, the organism where the gene was identified, the organism or cell line used for the
experiments, and any claims of functional distinctness.
Next, using a decision tree (Figure 2.2), we annotated each paper as to whether the data
provided positive evidence of functional distinctness for the investigated splice isoforms. We
sought evidence where the loss of one isoform (via knockdown, knockout or other means of
isoform-specific depletion) produced a phenotype in the test system. We also curated
experiments which performed overexpression analyses, which were retained as a separate
category from the isoform loss studies (as an example, see study by Scotton and colleagues
(Scotton et al., 2006)). We did not accept studies of aberrant splice variants caused by rare
mutations (for example in cancer), as we deemed these as not relevant to the normal function of
the gene as we have defined it (as an example, see Cogan et al. (Cogan et al., 2012)). If a study
provided evidence where investigators depleted multiple splice variants of a single gene but at
most one splice variant caused a phenotype, we classified the gene as having negative support for
FDSIs. Finally, regardless of study type, the curators provided a concise explanation of the
functions investigated.
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Figure 2.2 Overview of literature curation
We sought papers which study the functional distinctness of a single human or mouse gene’s splice isoforms.
Positive studies are those that provide evidence where multiple splice isoforms of a single gene are depleted and at
least two isoforms show a phenotype. We annotated studies as providing negative evidence for functional
distinctness when investigators deplete multiple splice isoforms of the same gene but only one produces an
observable phenotype. The numbers in bold represent the number of studies in each category. Clip art designed from
Flaticon (free license with attribution).

For our definition of genes with FDSIs, I required evidence for the independent depletion
of at least two splice isoforms of the same gene. If the curated study investigated the outcome of
the absence of a single isoform for a given gene, then that study alone insufficiently provides
evidence of FDSIs. While such studies demonstrate an existence of a single functional isoform,
the support for FDSIs requires data on at least two isoforms from the same gene. However, I
subsequently attempted to identify a second paper that provided functional evidence for a
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different splice isoform of the same gene. In situations where a second paper identified evidence
of a different functional splice isoform, I recorded the gene as having FDSIs.
2.2.8

Curator Validation

To ensure consistent curation, I evaluated the curators. These tests consisted of all curators
curating the exact same randomly selected 50 papers. After the test, I addressed any discrepancy
between curators, and I updated the curation standards with any necessary clarifications (curation
standards provided in Appendix A1). This evaluation process was conducted three times. I also
further scrutinized papers annotated as providing positive evidence of a gene with FDSI to
eliminate any false positives.
2.2.9

Linking FDSIs to Ensembl

If a paper provided positive evidence for FDSIs, we linked the splice isoforms with the
appropriate Ensembl transcript ID. Generally, studies provided GenBank or RefSeq accession
IDs and these accession IDs linked to Ensembl. In the absence of an accession ID, we referred to
the literature for sequence information about the splice isoforms and aligned splice isoform
sequences to Ensembl using ClustalOmega (Sievers et al., 2011).
2.2.10 Computational predictions of genes with FDSIs
PULSE, a computational classifier developed by Hao et al., predicted 2,419 of 15,639 UniProt
genes to have multiple functional isoforms based on a training set of 145 genes (Hao et al.,
2015). I downloaded the supplementary data provided by Hao et al. to determine whether
PULSE predicted our genes with FDSIs to have multiple functional splice isoforms. I also
investigated whether any of our genes with FDSIs were part of PULSE training and validation
set of genes. This was of interest because a training set enriched for genes with FDSIs may yield
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predictions for genes with FDSIs, even though PULSE was only designed to detect function, not
distinct function. For our comparison to PULSE prediction, I used the human orthologue for any
mouse gene with FDSI as determined by BioMart (Smedley et al., 2009).
2.3
2.3.1

Results
Landscape of the alternative splicing literature

To generate a starting set of papers to curate, I queried PubMed on August 2017 using the term
“alternative splicing”. I found 19,049 human studies and 8,197 mouse studies representing
12,891 human genes and 7,585 mouse genes. While the median number of papers per gene was
one, there was a large variance (see Figure 2.3). Most human genes (7,738) had only one such
paper associated with them, while some have up to 100 (for example, SRSF1). I also observed
that genes with many “alternative splicing”-mentioning papers tend to have many papers in
PubMed overall (Spearman’s rank correlation = 0.55). For example, I identified 86 studies linked
to human TP53 with the term “alternative splicing” (rank 2), but this is not particularly
remarkable because overall, PubMed contains 8,261 studies linked to TP53 – the most studies for
any single gene. This suggests, unsurprisingly, that heavily studied genes tend to have more
research done on their splicing.
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B

52

Figure 2.3 Number of alternative splicing studies linked to human or mouse genes
A) Most human genes have one study linked to alternative splicing in PubMed. The total number of human studies
retrieved with the term “alternative splicing” was 19,049. These studies linked to 12,891 human genes. Genes (taken
from Ensembl) that were not retrieved from this query were labelled as 0. B) Most mouse genes have one or two
studies linked to alternative splicing on PubMed. The total number of mouse studies retrieved with the term
“alternative splicing” was 8,203. These studies linked to 28,167 mouse genes. Note that this gene count, unlike the
human gene count, include non-protein coding genes. This was likely due to six transcriptome-wide mouse studies
which include the term “alternative splicing” and all mouse genes. Removal of these six studies from the query
results led to only 7,585 mouse genes associated with a total of 8,197 “alternative splicing”-mentioning studies as
described in the Results. Furthermore, after filtering these six studies, most mouse genes had one study which
mentioned alternative splicing. We did not see a similar issue in our human query shown in Figure S1. Genes (taken
from Ensembl) that were not retrieved from this query were labelled as 0.

2.3.2

Curation summary

We manually curated primary studies which provide evidence for the function of splice variants.
As described in Methods, we selected genes and publications for curation in a manner that we
expected should enrich for documentation of functional distinctness – for example, using review
articles on splicing function. The curation process primarily focused on determining whether the
elimination of expression of each splice variant from a single gene caused an observable
phenotype. Table 2.1 provides a summary of the knowledgebase as of July 20th, 2018, and
Additional File A1 and Additional File A2 contain full details of all curated studies for human
and mouse. In total, we curated 1,127 human and mouse studies. This encompasses 903 human
studies (555 genes) and 272 mouse studies (227 genes). We have curated a median of 1 study per
human gene and 1 study per mouse gene (mean = 1.5 studies and 1.2 studies, respectively). Our
curation evaluations (see Methods) revealed that the curators agree on the interpretation of a
paper 98% of the time. Errors were generally false positives for functional distinctness, which we
addressed in the final review (see Methods).
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Species

Curated
genes

Genes
with
FDSIs

Studies
curated

Study Type

Splice
Overexpression
Localization
Other
variant
study
removal
types
Human
555
23
903
149
294
80
380
Mouse
227
20
272
82
70
37
83
Total
782
43
1,127
222
353
109
443
Table 2.1 Curation of alternative splicing literature revealed 23 human genes and 20 mouse genes with
functionally distinct splice isoforms (FDSIs)
The 23 human genes with FDSIs accounted for almost 4% of human genes annotated in this knowledgebase, while
the 20 mouse genes accounted for 9% of the all mouse genes annotated. The majority of curated studies could be
classified into three different types: “splice variant removal”, “overexpression” and “localization”. Splice variant
removal studies have experiments where expression of at least one splice variant is eliminated and a phenotypic
change is evaluated. Overexpression studies have experiments where at least one splice variant is overexpressed.
This “abundance” of the splice variant can cause a phenotype (not necessarily distinct). Localization studies have
experiments that characterize where in the cell or organism the splice isoform is expressed. A single study can report
experiments with multiple study types. The total number of human and mouse studies curated do not sum to 1,158
studies because some publications investigated both human and mouse forms of a single gene.

2.3.3

Identification of 23 human genes with direct evidence of functionally distinct splice

isoforms
By definition, a gene with functionally distinct splice isoforms (FDSIs) has at least two splice
isoforms necessary for the gene’s normal function. We find that genes with such evidence are
rare: about 4% of curated human genes (9% of mouse genes) have FDSIs, based on reports in a
total of 64 studies out of 1,127 studies. Note that 138 studies depleted only one splice isoform of
a gene and no other study we curated had depleted any other isoforms of the same gene. I
provided the full list of the 23 human genes and the 20 mouse genes with FDSIs in Table 2.2
with additional information in Additional File A3. RNAi knockdown experiments provided
support for over 75% of these FDSIs, while the remaining FDSIs were characterized using gene
knockouts combined with isoform-specific rescue.
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Human

AR
BDNF
BOK
CFLAR
DPF3
EIF4G2
KLF6
MST1R
PGAM5
STIM2
TICAM1
TP63

Mouse

Gene

Cacna1b
Cdc42
Homer1
Lpin1
Mecp2
Nf1
Oprm1
Robo3
Ryr3
Snap25

Number Number of Number Mappable PULSE
of
Ensembl
of
to
FDSIs Transcripts Studies Ensembl?
3
9
31
Yes
NA
3
19
12
No
NA
2
2
1
No
Missed
2
25
6
Yes
Predicted
2
16
2
Yes
NA
3
32
3
No
NA
2
7
16
No
Missed
2
15
11
Yes
Predicted
2
4
1
Yes
Missed
2
12
2
No
NA
2
2
1
No
NA
2
14
27
Yes
NA
2
2
2
2
2
2
3
2
2
2

10
2
12
8
6
9
31
6
12
3

2
8
7
5
9
5
20
5
5
12

No
Yes
Yes
No
Yes
Yes
Yes
Yes
No
Yes

Missed
NA
NA
Missed
Missed
Missed
Predicted
Missed
NA
NA

Gene

BCAR1
BIRC5
CD44
CSPP1
EIF4G1
HBS1L
MADD
PML
PRMT5
SUN1
TICAM2
Calca
Enc1
Il1rap
Lrp8
Myh10
Opn4
Rbfox1
Rock2
Sirt3
Tp63

Number Number of Number Mappable PULSE
of
Ensembl
of
to
FDSIs Transcripts Studies Ensembl?
3
17
1
No
Missed
3
11
34
Yes
NA
2
39
58
Yes
Predicted
2
7
1
Yes
NA
2
38
6
No
NA
2
14
1
Yes
Predicted
2
23
2
Yes
Predicted
2
22
12
Yes
Predicted
2
20
4
Yes
Missed
2
35
2
No
NA
2
2
1
No
NA
2
2
2
2
2
2
2
2
2
2

7
1
7
12
10
3
2
12
10
8

10
3
4
13
7
2
22
4
3
9

Yes
No
Yes
No
No
Yes
No
No
No
Yes

NA
NA
Training
Predicted
Predicted
NA
Predicted
Missed
Missed
NA

Table 2.2 Genes with positive literature evidence of FDSIs
Studies have provided positive evidence of functional distinctness for these genes in experiments where individual
splice isoforms were eliminated, and a phenotypic change was observed. See Additional File 3 for study
demonstrating functional distinctness. “Number of FDSIs” indicates the number of splice isoforms where depletion
of splice isoforms causes a phenotype. “Number of Ensembl Transcripts” indicates number of transcripts found in
Ensembl entry for gene. “Number of studies” indicates the number of studies associated with the gene retrieved with
the term “alternative splicing” on PubMed. The highest number of FDSIs found in a single gene is three. “Mappable
to Ensembl” indicates genes where we successfully linked all FDSIs back to Ensembl. “PULSE” indicates whether
the gene was used at all by Hao and colleagues in their computational predictions. “Training” in this column means
that the gene was used as part of PULSE’s training set. “Predicted” means that PULSE predicted that the gene has
multiple functional splice isoforms. “Missed” means that PULSE failed to predict that the gene has multiple
functional splice isoforms. “NA” means that the gene was not an input for PULSE.

We sought genes with negative evidence for FDSIs. For these cases, experiments
individually depleted multiple splice variants for a single gene, however, only one splice
variant’s depletion caused a phenotype and while the depletion of the other splice variants caused
no phenotype. We found 16 genes with such evidence (shown in Table 2.3).
As mentioned, I biased our gene and paper selection in such a way that our estimate of
~4% (~9% for mouse) might be too high. To help clarify this issue, I randomly selected 100
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human genes (from those that had at least one alternative splicing related paper) for gene-centric
curation. Of these 100 genes, two genes (PML and DPF3, 2%, of the curated genes) had
experimental evidence of FDSIs.
We also curated gain-of-function experiments where investigators overexpressed multiple
splice isoforms of the same gene. From our 555 curated human genes and 227 curated mouse
genes, we found 50 human genes (~9%) and 14 mouse genes (~4%) where investigators
overexpressed individual splice isoforms and yielded multiple distinct phenotypes. Such studies
did not meet our criteria for FDSIs, but I report them in case this relaxed criterion is of interest to
others.
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Gene

Experimental method

Tissue/Cell Type

Ank3
Ar

Isoform-specific rescue
Knockdown

Neuron
Prostate cancer cell line

Reference
(PubMed ID)
25552556
20823238

Ccnd1

Isoform-specific rescue

Embryonic fibroblast

21200149

Dab1

Isoform-specific rescue

Neuron

28968791

Dntt

Isoform-specific rescue

Bone marrow

11136823

FANCE

Isoform-specific rescue

Breast cancer cell line

26277624

FNBP1L

Isoform-specific rescue

MDCK cell line

26063734

Pcdha1

Isoform-specific rescue

Brain

18973563

PDE4D

Knockdown

Kidney

PEX19

Isoform-specific rescue

Fibroblast

16030021,
17673687
11883941

Pparg

Knockdown and isoform-specific rescue

Adipose

11782442

RAP1GSDS1

Knockdown

Breast cancer cell line

24197117

RREB1

Knockdown

Bladder

21703425

SIRT1

Knockdown

Colon cancer cell line

22124156

Smad2

Isoform-specific rescue

Embryonic stem cells

15630024

STAT1

Knockdown

Embryonic cells

21914475

Table 2.3 Genes with evidence failing to support FDSIs
These genes had multiple isoforms tested however only one splice isoform caused a change in phenotype.

2.3.4

Genes tend to express functionally distinct splice isoforms in the same condition

To further explore functional distinctness in splicing, I identified non-mutually exclusive types
of functional distinctness between FDSIs of the same gene, summarized in Table 2.4. I classified
two main types of distinctness, expression-pattern distinctness and intrinsic-functional
distinctness. Genes with expression-pattern distinct FDSIs have splice isoforms necessary for
specific conditions while genes with intrinsic-functional distinctness have FDSIs with distinct
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biochemical properties that cannot compensate for each other even when co-expressed (for
further description see Methods and Figure 1).
The majority of genes (27/43) have intrinsically-functionally distinct isoforms, rather
than expression-pattern distinct. I identified “dominant-negative” as the most common subtype
of biochemically distinct FDSIs (12/31 genes). For example, the mouse gene Enc1 has two
FDSIs, named “57 kDa” and “67 kDa” by the authors, interacting in the Wnt-signalling pathway
(Worton et al., 2017). Knockdown of 57 kDa promoted osteoblast mineralization while the
knockdown of 67 kDa inhibited osteoblast mineralization.
In contrast to intrinsic-functional distinctness, I identified fewer cases of genes with
expression-pattern distinct FDSIs. Only a total of 17 human and mouse genes had FDSIs in
which the distinctness arises from distinct expression patterns. For example, the mouse gene
Myh10 has two FDSIs, named B1 and B2 by the authors (Ma et al., 2006). Cells in the brainstem
express B1 to promote normal migration of facial neurons, while cells in the cerebellum
expressed B2 to promote normal cerebellar Purkinje cell development.
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Distinct
expression
patterns
Intrinsically-functionally
distinct

Types of distinctness
Cell-type-specific
Developmental-stage-specific

Human genes
AR, MADD
CD44

Mouse genes

Cellular localization
Tissue-specific
Other-condition-specific
Protein domain

BIRC5, CSPP1, PRMT5, PML
MST1R
BOK
CFLAR, DPF3, EIF4G1,
TICAM1, TP63
BIRC5, HBS1L, KLF6, Nf1,
PRMT5, STIM2, SUN1, TICAM
BCAR1, BDNF, EIF4G2,
IL1RAP, PGAM5

Myh10, Rbfox1, Robo3, Sirt3
Calca, Rock2

Dominant negative
Protein terminus change
UTR Change

Myh10, Robo3

Lrp8
Enc1, Nf1, Robo3, Ryr3, Tp63
Cacna1b, Mecp2, Oprm1, Pn4

BDNF

Table 2.4 Most genes with FDSIs have intrinsically-functionally distinct FDSIs
Genes with FDSIs were categorized on functional type based on the literature that reported on the FDSIs using the
scheme outlined in Figure 1. Genes categorized as “distinct expression patterns” express FDSIs in specific
conditions. Genes categorized as “intrinsically-functionally distinct” have FDSIs whose functional distinctness is a
consequence of biochemical differences in their final protein product. Genes can be categorized as both “distinct
expression patterns” and “intrinsically-functionally distinct” such as Myh10 and Robo3.

2.3.5

Challenges linking FDSIs to sequence databases

We attempted to link all identified FDSIs back to Ensembl transcript identifiers and were
successful in 25/43 cases. Our process was as follows. First, in the studies for seven genes,
investigators provided a GenBank or RefSeq ID. We were able to map three of these to Ensembl
(which includes GenBank and RefSeq data), but not for the other four (for more details see
Additional File A3), accounting for four of the 16 failures. Next, for 36 genes with missing
accession information, we used sequence alignment or other information to identify likely
matches (See Methods). This was successful in 25 cases. In a further 6 cases, we were able to
determine a sequence by referring to other papers by the same authors. Despite extensive efforts,
we were unable to find matching Ensembl transcripts or sequence data for the isoforms of 5
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genes. This situation was not specific to Ensembl as we failed to link isoforms of 8 genes to
UniProt; see Additional File A3.
2.3.6

Only a quarter of genes with FDSIs are predicted by a computational classifier

Hao et al. (Hao et al., 2015) developed a machine learning algorithm (PULSE) that predicted 1/3
of human genes have more than one functional isoform (but not necessarily functionally
distinct). I hypothesized that our curated genes with FDSIs would be enriched among those
predictions, because even though Hao and colleagues were not attempting to predict functional
distinctness, genes with FDSIs by definition have more than one functional isoform. Though I
included PULSE’s training genes in our gene-centric curation, only two gene with FDSIs
(including human orthologues of our curated mouse genes) were used by Hao et al., in their
training data. In their validation gene set of 212 genes, I found none of our genes with FDSIs.
Hao et al. predicted 2,419 genes to each have multiple functional splice isoforms. Ten of our
genes with FDSIs are included in this set. Based on input set used for PULSE predictions, the
classifier failed to predict 12 of our genes with experimentally-validated FDSIs to have multiple
functional splice isoforms. However, our interpretation of these is limited because of the small
number of genes with FDSIs.
2.4

Discussion

This chapter represents progress towards documenting and evaluating the breadth of evidence for
functionally distinct splice isoforms (FDSIs) for human and mouse genes. The inspiration for our
study was strong arguments against the likelihood of most genes having multiple functional
isoforms, contrasted with the ubiquitous claim that splicing vastly increases the functional
repertoire of the genome (Auboeuf, 2018; Kriventseva et al., 2003; Lipscombe et al., 2002,
2013a; Stetefeld and Ruegg, 2005; Tress et al., 2017b; Wang et al., 2008a). This led us to ask
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where this latter claim comes from: while surely there are interesting cases of multi-isoform
genes, has this been optimistically extrapolated to the entire human genome? Our analysis
suggests this is the case and supports the hypothesis that the majority of splice variants functions
remain unknown (Frankish et al., 2012; Light and Elofsson, 2013; Mudge et al., 2011). While it
was not surprising that there is no evidence of FDSIs for most genes, I was surprised by the low
fraction for which there is supporting data, a mere 4% in human genes and 9% in mouse genes.
Regardless of whether this number holds true with more curated studies, by contributing a list of
genes with documented functionally distinct isoforms, we start to identify the scope of the gaps,
the parameters for future experimental work, and assist computational methods that require
training examples.
The low fraction of genes surveyed for which we found evidence of FDSIs (~4-9%)
agrees with the general sense that we still have limited concrete evidence of more than one
functional splice isoform per gene (Kelemen et al., 2013; Reyes et al., 2013; Tress et al., 2017b).
Even if we loosen our criteria to include overexpression studies, this fraction rises only to ~1213%. Furthermore, we only considered genes for which some literature exists for their isoforms,
so the range 4% to 9% is relative to genes that have at least one publication about them
associated with splicing. Based on our PubMed queries, I estimate that one-third of human
protein-coding genes do not have any type of specific experimental study of differences among
their isoforms. For most genes the main available sources of information come from genomewide studies of transcript expression patterns, which do not address function.
One might question whether the fraction 4% will rise substantially as we continue our
curation efforts, but I hypothesize a lower true fraction of genes with documentation of FDSIs in
the literature. First, I aimed the gene-centric aspect of our curation at genes mentioned in review
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articles or otherwise prominent genes, and thus is highly biased towards genes with
experimentally-backed function, yielding an over-estimate. Second, the gene-centric survey of
100 randomly-selected human genes yielded only two genes with evidence of FDSIs. Third, I
found a median of only one study per gene from PubMed. Since the genes with FDSIs tended to
be genes with relatively more associated studies (Table 2.2), genes with few associated studies
seem less likely to yield existing positive evidence for functional distinctness. Fourth,
investigators face technical and/or resource challenges when testing the functional distinctness of
splice variants, requiring either the ability to conduct splice variant-specific depletion
experiments, or splice variant-specific rescue following a complete gene knockout. Reasonably,
one might suppose that in many cases the experiments have not been done. The essential
problem remains that most genes simply have not had their splice variants tested in such a way
as to establish distinct functions.
We also sought negative evidence of genes having FDSIs from experiments where the
depletion of only one splice isoform causes a phenotype while the depletion of the remaining
splice variants of the same gene causes no phenotype. However, we only identified eight human
genes and eight mouse genes from 16 studies with this type of evidence in our current curation of
1,127 studies (Table 2.3). Since most studies consider only one type of functional assay, it
remains possible that tests of different functions would yield positive results for these genes.
Nevertheless, the “file-drawer effect” – a type of publication bias against negative results –
potentially plays a role in the dearth of negative evidence (Kennedy, 2004).
A natural question is whether genes with FDSIs have distinguishing features compared to
genes without FDSIs. However, we identified too few genes to perform an adequately powered
analysis. Furthermore, both the literature and our curation process have large biases in the
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identification of FDISs. They tend to involve highly studied genes, while at the same time the
extent and types of investigations into isoform function are highly variable. If there are
biological principles that explain the distribution of FDSIs in the genome, discovering them will
require a larger and less biased source of data than is currently available.
2.4.1

Evaluating the evidence for FDSIs at the gene level

After the curation of over 1,000 alternative splicing studies, we identified 23 human genes and
20 mouse genes with evidence for functionally distinct splice isoforms, mostly determined by
RNAi knockdown experiments. RNAi knockdowns naturally align with our definition of a
functional splice isoform and how researchers traditionally determine function in molecular
biology. One question that arises in discussing RNAi is target specificity and efficacy. In most,
but not all, of the papers we curated as having FDSIs, the authors demonstrate the target
specificity of their siRNA to effectively deplete a single isoform. I raise this as a reminder that
reports of evidence for functional distinctness may vary in quality.
Isoform-specific rescues demonstrating functional distinctness provide an alternative
option to knockdown studies, but the method has limitations when determining whether the
splice isoforms rescue distinct phenotypes. In some studies, splice isoforms of the same gene
clearly rescued distinct functions. For example, Candi and colleagues performed rescue
experiments on Tp63-null mice (Candi et al., 2006). The knockout of Tp63 impeded the
development of skin. In the rescue experiments, the splice isoform DNp63 restored the skin’s
basal layer while the TAp63 restored the skin’s upper layers. In contrast, other studies rescued
the same phenotype with each splice isoform, which makes evidence of functional distinctness
unclear. For example, in the investigation by Coldwell and colleagues, each splice isoform of
EIF4G1 (eIF4G1e and eIF4G1f) rescued the phenotype of translation by restoring the translation
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rate (Coldwell et al., 2012). It is unclear whether this constitutes evidence of functional
distinctness. Since both splice isoforms rescued the same phenotype, they appear functionally
redundant. Nevertheless, in cases such as these, we accepted the claim of the authors that the
gene has FDSIs.
I resisted accepting overexpression studies as demonstrating FDSIs for two reasons. First,
overexpression experiments are known to be subject to a variety of artifacts (Gibson et al., 2013).
Second, and more importantly, overexpression experiments fail to provide evidence for a splice
variant’s necessity. In molecular biology, a molecule’s necessity can only be supported by the
effects of the molecule’s absence (Gannett, 1999; Gifford, 1990). Thus, I have more confidence
in splice variant depletion experiments to provide support for genes with FDSIs compared to
overexpression. I draw a parallel to the standards of evidence for characterizing gene function, in
which evaluation of a loss of function is the gold standard (Kopp and Mendell, 2018). I argue
that the same criteria used to establish gene function must be applied to isoforms.
2.4.2

Types of functional distinctness in FDSIs

It has been speculated that many poorly-characterized variants may have function because genes
express splice variants in specific conditions, perhaps yet to be studied (Blencowe, 2017; Pan et
al., 2008; Wang et al., 2008b). It is therefore relevant that the minority (17) of genes had
functional distinctness due to condition-specificity. This may simply be due to a lack of study of
condition-specific studies, as it might be generally easier to study splice variants expressed in the
same conditions. Our results thus point to a potential gap in the literature.
2.4.3

Disconnect between literature and gene databases

In one-third of the genes with FDSIs, the isoforms studied in a paper could not be matched to
transcripts in Ensembl (as mentioned, this is not an Ensembl-specific problem; ~20% of genes
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had functional isoforms that could not be matched to UniProt). Conversely, Ensembl contains
many transcripts that the literature ignores. This observation has fairly serious implications for
basing splice isoform research on the contents of Ensembl (or related databases). If one
developed experiments to functionally test the splice isoforms of the genes I identified to have
FDSIs based on Ensembl transcripts for that gene, their experiments would not contain the
correct FDSIs in at least one-third of the genes. In bioinformatics research, computational
methods that make predictions based on Ensembl transcripts might be valueless to experimental
biologists as Ensembl does not reflect the literature. Large-scale databases specialized for
alternative splicing, such as the Alternative Splicing encyclopedia (ASpedia) and the APPRIS
database, tend to anchor to Ensembl (Hyung et al., 2018; Rodriguez et al., 2018). Of note,
previous discussions used APPRIS to understand the functional impact of alternative splicing
(Tress et al., 2017b). The disconnect between Ensembl the literature also impacts datasets not
specific to splicing but where splice isoform information is important. For example, the GTEx
consortium provides transcript-level quantification based on the Ensembl transcriptome
(Lonsdale et al., 2013). The FDSIs that are not in Ensembl are therefore not included in GTEx.
Given the few known cases of genes with FDSIs and PULSE’s inability to predict all our genes
with FDSIs, it remains crucial that computational resources contain FDSIs and experimentalists
ensure that they submit their sequence data to these resources.
2.4.4

Implication for alternative splicing’s impact on gene function

Recent studies have challenged whether most genes can produce multiple functional splice
isoforms and our results can offer something to both sides of the debate. I acknowledge that
other researchers may have different definitions of a functional splice isoform, but I view the
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debate within our operational definition – a functional splice isoform is one that is necessary for
the gene’s overall function.
One side of the debate claims that most genes have multiple functionally distinct
isoforms (Blencowe, 2017). Viewing our findings optimistically, I provide what is to our
knowledge the only substantial list of human and mouse genes for which this is actually
documented to be true. The low number of genes with such evidence can be interpreted as a vast
opportunity for experimentalists to identify the functions of the splice variants for >80% of
genes. The other side of the debate approaches alternative splicing with a less Panglossian view,
with the null hypothesis being that most splice variants do not have a specific distinct function
(Gould and Lewontin, 1979). Multiple studies taking a genomic or evolutionary perspective have
concluded that it is unlikely that most genes have multiple functional splice isoforms (Abascal et
al., 2015a; Hsu and Hertel, 2009; Hu et al., 2017; Kurmangaliyev and Gelfand, 2008; Light and
Elofsson, 2013; Melamud and Moult, 2009; Pickrell et al., 2010; Reyes et al., 2013; Saudemont
et al., 2017; Tress et al., 2017b; Wang et al., 2014; Zhang et al., 2009). Viewed pessimistically,
our data is consistent with this body of work. If the literature lacks supporting evidence for
widespread FDSIs, the null hypothesis should be maintained and claims that every observed
splice variant has a function to be discovered should be viewed skeptically.
2.5

Conclusion

To our knowledge, the work in this chapter represents the first effort to curate the literature in
order to determine the genes where splicing increases the genome’s functional potential. Such
individual reports have been generally ignored in the debate about the function of alternative
splicing, which has instead focused on databases and high-throughput data sets. Our estimate that
only 4% of human and 9% of mouse genes have evidence for functionally distinct isoforms
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serves both a sobering reminder of the limited evidence, and a motivation for increased
experimental efforts to settle the debate. At the same time, I also recognize there are likely genes
with FDSIs that I did not curate and should be included.
The dearth of experimental evidence for genes with FDSIs poses challenges for future
computational predictions of genes with FDSIs. For example, building a classifier for genes with
FDSIs would require more gold standard genes with FDSIs. Nevertheless, there are likely genes
with FDSIs that are yet to be experimentally evaluated. In my next chapter, I look at
transcriptomic data to prioritize the most likely genes to have FDSIs using functional genomic
annotations, based on what I learned throughout my literature curation.

67

Chapter 3: Prioritizing genes likely to have functionally distinct splice
isoforms using long-read RNA-seq data
3.1

Background

As explored in Chapter 2, the best evidence for genes with FDSIs must be established ex silico,
by directly testing the phenotypic effects of disrupting each splice variant in turn. However, in
contrast to the gene-level case, there seems to be only a small number of cases of FDSI genes.
Our previous curation of the alternative splicing literature found that only 5% of genes (at most)
are likely to have such evidence (Chapter 2; Bhuiyan et al., 2018). In lieu of ex silico
experiments, computational annotations can help us establish genes that are likely to have FDSIs.
This is the goal of the work presented in this chapter.
A key aspect of my approach is that I consider the null hypothesis to be that observed
splice variants are non-functional; that is, I treat the “noisy splicing model” as the source of all
observed splice variants, until evidence is collected to suggest otherwise. The noisy splicing
model arises from the observation that there are many biochemical steps in splicing, all with
finite precision, resulting in erroneous, non-functional RNAs (Hsu and Hertel, 2009; Melamud
and Moult, 2009; Saudemont et al., 2017). Previous work has sought to identify how much
splicing arises from these stochastic, “noisy” events, versus how much arises from a biologically
necessary and regulated process (Section 1.3). Since most splice variants are lowly expressed
(Section 1.4), evolving neutrally (Section 1.6), and lack evidence of protein translation (Section
1.4), many have concluded that most genes do not have multiple functional splice variants
(Ezkurdia et al., 2015; Gonzalez-Porta et al., 2013; Pickrell et al., 2010; Reyes et al., 2013; Tress
et al., 2017b). Therefore, I do not assume that every gene has FDSIs, and in fact there is good
68

evidence to suggest that genome-wide, most genes do not have multiple functional splice
variants.
For the purposes of this chapter, a key issue is how computational methods can help
prioritize candidate genes with FDSIs. In line with past work, I can use functional genomic
annotations to help determine genes likely to have FDSIs. For this chapter, I categorize
functional genomic annotations such as conservation, expression level, coding potential, and
protein domain annotations. For my purposes of prioritizing genes likely to have FDSIs (multiple
necessary splice variants), a gene must have at least two splice variants that satisfy criteria in
each of these categories.
Notably, previous high-throughput studies of functional genomic annotations of splice
variants exist. One high-throughput resource, APPRIS, uses annotations based on conservation
and protein structure to assign a principal splice variant for each Ensembl gene ID (Rodriguez et
al., 2013). Though their main goal was not to determine genes with FDSIs, their annotation
scheme provides direction towards the most necessary splice variant for a gene’s overall
function. Based on their annotations, about 70% of Ensembl splice variants are lacking amino
acids key to their gene’s overall function – that is, they are likely to be non-functional.
Annotations by APPRIS and similar studies represent significant progress towards
understanding the functional consequences of alternative splicing, but the use of short-read
RNA-sequencing data and large genomic databases like Ensembl are limitations (Hyung et al.,
2018; Rodriguez et al., 2013). Our previous curation of the literature revealed that about a third
of splice variants studied in the literature could not be found in Ensembl (Bhuiyan et al., 2018).
Furthermore, annotating splice variants found in short-read RNA-sequencing is problematic due
to the difficulties in transcript-structure reconstruction (Merino et al., 2019). If a short-read maps
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to an exon shared by multiple splice variants, computational pipelines perform probabilistic
assignment (essentially educated guesses) to predicting which read belongs to which splice
variant (Hardwick et al., 2016; Steijger et al., 2013). While this is not a problem when studying
gene-level expression, it creates ambiguity when interpreting splice variant expression profiles
(Hong et al., 2018).
In contrast to short-read RNA-sequencing, long-read RNA-sequencing has the potential
to remove much transcript structure ambiguity (Križanovic et al., 2018). Long-reads, such as
those from Oxford Nanopore Technology’s MinION sequencer or PacBio’s SMRT sequencer,
are long enough to span an entire mRNA molecule. For example, MinION sequencing will
sequence the entire transcript as one read (Clark et al., 2019). Consequently, the MinION
sequencer can detect known splice variants as well as detect novel splice variants (Workman et
al., 2019). In this chapter, I use splice variants found in MinION transcriptomes.
Previous studies have annotated splice variants found in long-read transcriptomes. Wang
and colleagues recently used functional genomics to annotate splice variants found in a PacBio
SMRT rat hippocampal transcriptome (Wang et al., 2019). Their annotation scheme focused
primarily on the translation potential of the splice variants. From a starting set of 102,377 splice
variants that mapped to 22,629 gene loci, they produced an annotated set of 22,268 “highconfidence” isoforms for 6,380 genes. A subset of these high-confidence isoforms was
conserved. This work offers molecular biologists a direction towards splice variants that are most
likely to be necessary for the gene’s overall function. However, this must also be implemented
for other species (such as mouse and human) and must be considered in the context of noisy
splicing.
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In this chapter, I describe a computational pipeline for prioritizing splice variants in
MinION long-read RNA-seq data based on the noisy splicing model and the criteria outlined
above. I designed the prioritization approach using splice variant-specific conservation
(PhastCons and PhyloP), expression, coding-potential, and protein domain annotations. Based on
these annotations, the pipeline outputs a prioritized list of genes likely to have FDSIs, and I
report a small number of highly prioritized genes for mouse. While more long-read data from
additional tissues are needed to do a full genome-wide prioritization, and for more species, our
work establishes methods and guidelines for high-throughput prioritization of genes with FDSIs.
3.2

Methods

3.2.1
3.2.1.1

Data collection
Publicly available mouse brain and liver transcriptome data collection

I downloaded a mouse brain MinION dataset (7 samples) and liver MinION dataset (2 samples)
from a published study by Sessegolo and colleagues (Sessegolo et al., 2019). The study also
provided short-read datasets for the mouse brain and liver. This was used for long-read error
correction later in our pipeline. I chose these datasets because they were the only publicly
available MinION RNA-seq datasets for mice at the time.
3.2.1.2

Mouse colliculus full length cDNA sequencing using Nanopore sequencing

Our collaborators in the Snutch Lab at UBC performed the Nanopore sequencing of mouse
colliculus cDNA. Total RNA was extracted from the mouse inferior and superior colliculus using
a MagMax Kit (Ambion) and full length cDNAs was generated using Maxima H Minus reverse
transcriptase (ThermoFisher #EP0751) with oligo-dT priming (Invitrogen) as per the Oxford
Nanopore Technologies (ONT) cDNA-PCR Sequencing kit (SQK-PCS109). Full length PCR
amplified cDNA was generated as per the SQK-PCS109 kit for each of the four samples. These
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individual amplified cDNA pools were each end-repaired and barcoded using ONT Native
barcodes (EXP-NBD103), before being prepared for sequencing as per the Oxford Nanopore
Technologies (ONT) SQK-LSK109 adapter ligation procedure. The individual sample libraries
were each run sequentially on a single ONT MinION flow cell with DNaseI mediated clearing
between each sample library addition. Signal data was captured for base calling and sequence
data generated from the raw captured data using ONT specific software (Guppy 3.4) on a GPU
enabled desktop PC. A breakdown of the long-read datasets use can be found in Table 3.1.
Brain

Liver

Reads

12,943,803

3,097,077

Bases

13,935,095,347

2,986,120,105

cDNA samples

7

1

RNA samples

4

1

Median length

793

820

Mean length

1,076

964

Median base
quality
Mean base quality

9.3

9.2

8.4

8.7

Table 3.1 Summary of mouse long-read data.
A total of 11 brain datasets and two liver datasets were identified. Four brain datasets were generated within this
research, with the remaining taken from publish work by Sessegolo and colleagues (2019).

3.2.2

FLAIR Processing

For the purposes of processing the raw long-read data into genes with multiple splice variants, I
used FLAIR (Tang et al., 2020), with default settings. At the time I started my work, FLAIR was
the primary tool cited in the literature for MinION long-read RNA-seq analysis, and thus
represented the best practices and state of the art (furthermore, later in the project I evaluated
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new tools including TALON (Wyman et al., 2020) and StringTie2 (Kovaka et al., 2019), and
found they had no substantial effect on my findings [not shown]). Previous work in the field
considered each splice variant that FLAIR outputs as representing a molecule that existed in the
sample, and thus potentially has a function, regardless of length or structure (Tang et al., 2020;
Workman et al., 2019). I followed the same practice, as my goal was to evaluate each transcript
on biologically-motivated grounds rather than making potentially contentious decisions about
what to consider a “technical artifact”.
FLAIR aligns raw long-reads to the genome using MiniMap2 (Li, 2018). Since long-read
sequencers can have high base call error rates, FLAIR will “correct” erroneous splice junctions.
This is accomplished by using the splice junctions identified in a short-read RNA-seq pipeline.
Specifically, FLAIR corrects a splice junction identified in the long-read data to a splice junction
identified in the short-read data if they are within a 10-bp window. After this, FLAIR performs a
collapse step, where reads with the exact same exon boundaries are clustered together. FLAIR
removes splice variants clustered with less than 3 reads total across all samples. Also, in this
step, FLAIR will annotate reads to Ensembl transcripts if the reads have the exact same exon
boundaries as an Ensembl transcript. This processing yields a set of splice variants across the
dataset. This set of splice variants were the splice variants I annotated, and I describe the
annotation approach in Section 3.2.3. Next, at the quantify step, FLAIR maps the aligned reads
to a specific splice variant and outputs expression values (raw read counts and normalized TPM
values) for each splice variants for each sample. FLAIR next removes splice variants without at
least one read in the majority of the samples. Finally, FLAIR outputs the set of splice variants
organized by their mechanism of alternative splicing (for example, skipped exons).
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In order to correct for potential erroneous splice junctions in the long-read data, we
processed the mouse short-read data provided by Sessegolo and colleagues (2019). The mouse
splice junction data that was produced using the "rsem-prepare-reference" script from RSEM
RNA-Seq quantification software (Li and Dewey, 2011). The build used was Ensembl GRCm38.
All files pertaining to this assembly were downloaded from the Illumina iGenomes collection for
this build (https://support.illumina.com/sequencing/sequencing_software/igenome.html).
Each accession was processed separately. Illumina short reads were aligned using STAR version
2.4.0h (Dobin et al., 2013). RSEM version 1.2.31 was used for gene and splice variant
quantification and count matrix generation.
I processed raw long-read data using FLAIR -align, -correct, -collapse, -quantify, and diffSplice (Tang et al., 2020). FLAIR was downloaded on January 9th, 2020 and all default
settings were used. I aligned raw reads to the GRCm38 genome. The aligned long-reads were
then corrected using the SJ.tab.out file produced from processing the study’s short read data. For
the purposes of prioritization, I used the following FLAIR outputs: flair.collapse.isoforms.fasta,
flair.collapse.isoforms.bed, counts_matrix.tsv (normalized TPM values and raw read counts),
and flair.diffsplice.* files.
3.2.3

Splice-variant specific annotations

Scripts for prioritization will be available on GitHub. Figure 3.1 provides an overview of the
prioritization scheme, which I detail in the following sub-sections. The figure also shows key
statistics for the outcome of the analysis, described in detail in the Results section (3.3.2).
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Long-read data

Short read correction

Splice variant-specific
annotations (2+ splice
variants)
Protein domains
(CDD, Pfam)
83%

Genes with
multiple splice
variants

Conservation

6,799 genes
41,281 splice
variants

Appreciable expression

6%

Candidate genes
with FDSIs
79 genes

29%
Coding potential
100%

Figure 3.1 Workflow for annotation and prioritization of splice variants found in long-read RNA-seq
See main text for details.

3.2.3.1

Expression Annotations

As many transcripts are lowly expressed, I considered genes with multiple appreciably expressed
splice variants as stronger candidate genes with FDSIs (Gonzalez-Porta et al., 2013). This could
mean the gene has two splice variants expressed at similar levels in the same condition.
Using the FLAIR output of counts_matrix.tsv (raw read counts or normalized TPM
values), I annotated each splice variant with the total expression across all samples, average
number expression across all samples, total expression per different tissue types (brain and liver),
and average expression in different tissue types. For our annotation purposes, I treated the brain
samples and the colliculus samples as the same “brain” tissue. I then calculated total gene
expression by summing all the read counts or TPM values for the splice variants for a given gene
across all samples.
75

I annotated each splice variant with a gene-specific ranking and gene-specific expression
proportion. For each gene, the most highly expressed splice variant was ranked ‘1’, the second
most expressed splice variant was ranked ‘2’, and so on until all splice variants were ranked. I
produced ranks based on the total expression across all samples and ranks for each tissue type.
Using the gene-specific rankings, I calculated two separate ratios for each gene. First, I
calculated an expression ratio between a gene’s rank 1 splice variant and its rank 2 splice variant.
Second, I calculated a sum-expression ratio between a gene’s rank 1 splice variant and the sum
of the expression of all other splice variants for the gene.
For our final set of candidate genes with FDSIs, I considered genes where the expression
level of the rank 2 splice variant was at least 50% of the expression level of the rank 1 splice
variant (expression ratio less than 2).
3.2.3.2

Open reading frame (ORF) annotations

When prioritizing protein-coding genes as candidates with FDSIs, I want to ensure that the
candidate have multiple splice variants that can each permit translation into a protein. Since I do
not have appropriate mass spectrometry or ribo-seq data, at minimum I wanted to ensure that a
candidate gene had at least two splice variants that each had an ORF.
Using TransDecoder (https://github.com/TransDecoder/TransDecoder/wiki) on each
splice variant’s cDNA sequence, I annotated each splice variant with the type of ORF, and the
length of the ORF. TransDecoder categorizes types of ORFs as complete (start codon, stop
codon and at least 30 amino acids in-frame), 5’ incomplete (no start codon, but a stop codon with
at least 30 preceding in-frame amino acids), 3’ incomplete (no stop codon, but a start codon
followed by at least 30 in-frame amino acids), and incomplete (no start or stop codon, but at least
30 in-frame amino acids). For our purposes, I do not have a priori thresholds for open reading
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frame length across all genes. As such, I use the longest open reading frame predicted by
TransDecoder. If the splice variant does not contain any ORF category, I remove it from FDSI
consideration. For each gene with multiple splice variants, I aligned the two most expressed
splice variants using MAFFT, and counted the differences (amino acid substitutions and
insertions/deletions) between the rank 1 splice variant’s ORF and the rank 2 splice variant’s ORF
using EMBOSS infoalign (Katoh et al., 2002; Rice et al., 2000).
For our final candidate set of genes with FDSIs, I only considered genes with at least two
splice variants, each with any type of ORF.
3.2.3.3

Protein domain annotations

In order to determine whether a single gene had at least two splice variants that encoded different
proteins, I used the Conserved Domain Database (CDD) and their Perl script (pwrpsb.pl) to
annotate the longest ORF for each splice variant (Marchler-Bauer et al., 2015). The CDD uses
BLAST to categorize what domains a protein sequence has, what domain families these protein
domains are from, and whether the domains are complete. As an alternative protein annotation
approach, we also annotated splice variants using the Pfam domain database (El-Gebali et al.,
2019).
At minimum, all genes should have at least one splice variant with a protein domain. In
order to assess whether the CDD had functional domains for each gene, I also annotated Ensembl
genes and Ensembl splice variants to determine whether most genes would have known protein
domains.
I then organized each gene and splice variant from our long-read data based on our post hoc
domain hierarchy (introduced in Figure 1.5, with CDD and Pfam statistics in Figure 3.5; the
statistics in Figure 3.5 are discussed in the Results section 3.3.5):
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•
•
•
•

Level 1: The gene has multiple splice variants
Level 2: The gene has at least two splice variants, each with at least one complete protein
domains
Level 3: The gene has at least two splice variants with different sets of domains. These
domains can have some overlap. For example, splice variant 1 can contain domains A, B
and C, and splice variant 2 can have domains B and C.
Level 4: The genes has at least two splice variants with domains from different domain
families.

Since about 83% of Ensembl gene IDs have at least one splice variant with a protein domain,
I only considered genes that pass level 2 of our hierarchy in our final set of candidate genes. This
means that a candidate gene can have multiple splice variants that encode for similar proteins,
and something else explains the functional diversity of the splice variants (e.g. tissue-specific
expression). However, level 3 genes and level 4 genes are considered stronger candidates in the
prioritization.
3.2.3.4

Conservation

Splice variant conservation across multiple species indicates that the splice variant is important
for the organism’s fitness; hence, I used splice variant conservation as a signal for functional
importance. When a gene has at least two conserved splice variants, that gene is likely a
candidate for having FDSIs.
PhyloP (Pollard et al., 2010) and PhastCons (Siepel et al., 2005) scores are widely used
methods to determine if genomic sequences are under evolutionary constraint. Starting from a
multiple DNA sequence alignment, PhyloP produces base-specific scores that are negative log pvalues. These p-values are derived from likelihood ratio tests where the null hypothesis is neutral
evolution, and the alternative hypothesis is evolutionary selection (either positive or negative
selection). A PhyloP score greater than 1.0 suggests that a base is more identical than one would
expect by random chance, under the assumption that the null hypothesis is true. The
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interpretation of this is that the base is evolving under negative selection. PhastCons similarly
produces base-specific scores from multiple sequence alignments, however these scores are only
evidence of conservation (negative selection). Furthermore, PhastCons scores are calculated
using a Hidden Markov Model (HMM) which considers the sequence similarity of the
neighboring position across the alignment as well. The interpretation of PhastCons score is that
higher PhastCons scores are in a region that is more similar than those at a lower PhastCons
score.
I downloaded 40-way mammalian PhyloP and PhastCons scores for the GRCm38 build
of the mouse genome from the UCSC genome browser. Using the FLAIR diffSplice outputs for
our splice variants and KentUtils (https://github.com/ENCODE-DCC/kentUtils) on these
conservation scores, I annotated each discriminating exon (an alternatively spliced exon or one
that is spliced in) with its average PhyloP score and average PhastCons score.
For our prioritization, I considered genes with at least one discriminating exon with a
PhastCons score greater than 0.75 or a PhyloP score greater than 1.0 as candidates to have
FDSIs. These scores are based on previous investigations of splice variant conservation (Kovalak
et al., 2019).
By using PhyloP or PhastCons scores to interpret the functional diversity of a gene with
multiple splice variants, I assumed that a discriminating exon with a high score was present in
other species and was also alternatively spliced. I interpret this as an exon evolving under
negative selection (conservation).
3.2.4

Summary of the prioritization process

In summary of the steps describe above (as outlined in Figure 3.1), I prioritized genes as likely
candidates to have FDSIs based on the following:
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•
•
•
•
3.2.5

The gene has an expression ratio less than 2 (expression ratio = gene’s most expressed
splice variant/gene’s second most expressed splice variant)
The gene has at least two splice variants that each have an ORF
The gene has at least two splice variants that each have at least one complete domain
The gene has at least one alternatively spliced exon with a PhastCons score greater than
0.75 or a PhyloP score greater than 1.0
Retrieving previously known “biologically interesting” genes in our prioritization

In Chapter 2, I manually curated alternative splicing experiments for 743 human and mouse
genes, and found that 43 genes have evidence of FDSIs in the literature (Bhuiyan et al., 2018).
Of these genes, 20 were from mouse, which I extracted for our current purposes. Where possible
I also collected the cDNA sequence and ORF sequence of the FDSIs.
I then mapped these 20 mouse genes and their FDSIs to our prioritization scheme. First, I
determined whether I detected these genes in the data, and then I determined whether I detected
their FDSIs in the data using either the cDNA sequence or the ORF sequence. Then I determined
if the genes were included in our final candidate genes with FDSIs. If a gene was not present in
the final candidate set, I determined at what part of the prioritization scheme the gene was lost.
3.2.6

IsoVision visualization

We developed a visualization tool for splice variants, IsoVision, to assist in our prioritization and
presentation of results. IsoVision is implemented in R and takes three input files: a BEDformatted file of splice variants for a gene (FLAIR output), a tab-delimited CDD output file, and
a CSV formatted file of expression levels for each variant. The visualization tool calculates,
based on chromosomal position and exon sizes, the set of similarly annotated exons that are
preserved between all splice variants of interest, and draws the result as a stack of aligned exon
patterns. IsoVision and instructions for use are freely available online at
https://github.com/jsicherman/IsoVision2.
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3.3

Results

In order to prioritize genes likely to have functionally distinct splice isoforms (FDSIs), I
processed long-read RNA-seq data from mouse brain and liver samples, and then annotated the
splice variants found in these datasets. I then prioritized the genes likely to have FDSIs based on
these splice-variant specific annotations, as outlined in Figure 3.1. In the remainder of Section
3.3, I first describe the overall results of the raw data processing and the number of prioritized
candidate genes with FDSIs. I then provide detailed results of each functional genomic
annotation, and characterize the genes that had multiple splice variants to “pass” each functional
genomic annotation.
3.3.1

Data processing
For the long-read data (Table 3.1), I used 4 novel mouse colliculus datasets from the

Snutch lab, 7 mouse brain datasets from Sessegolo and colleagues, and 2 mouse liver datasets
from Sessegolo and colleagues (summary of each dataset is provided in Appendix B, Tables B1,
B2, and B3) (Sessegolo et al., 2019). In total, I had 16,027,088 raw reads with 14,224,215,452
bases. Among the brain and liver transcriptome, our data have a mean read length of ~1,317
bases.
I used FLAIR to align, correct, and collapse the long-reads into transcript variants for
genomic loci (Table 3.2). A total of 14,208,862 of 16,040,880 reads (88%) aligned to the mouse
genome. If these aligned reads could be collapsed (clustered) together into groups of at least 3
(FLAIR default settings), they would be considered the same transcript variant. Of the
14,208,862 aligned reads, 11,312,080 (70%) reads collapsed into 221,190 transcript variants
(Table 3.3). I defined the transcript variants that FLAIR mapped to Ensembl gene IDs as splice
variants. Of the 221,190 transcript variants, 46,991 (21%) mapped to 12,509 Ensembl genes
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(Table 3.3). The 79% of transcript variants that did not map to any known Ensembl gene are in
effect treated as technical or biological artifacts and ignored by the rest of my analysis; these
removed reads tend to be short (<500 bases) which suggests they are enriched for incomplete
transcripts. At the transcript level, 6% of the 46,991 splice variants were annotatable to Ensembl
transcript IDs.
Brain

Liver

Total reads

12,943,803

3,097,077

Aligned reads

12,007,910

2,200,952

Unaligned reads

935,893

896,125

Collapsed reads

9,693,640

1,618,440

Uncollapsed reads

2,314,270

582,512

Table 3.2 FLAIR processing of mouse brain and liver transcriptomes
Here I summarize the FLAIR processing of a total of 16,040,880 reads for mouse brain and liver. The row “Aligned
reads” and “Unaligned reads” relates to the successful or unsuccessful mapping reads directly to the mouse genome.
“Collapsed reads” are the total number of reads that were clustered in groups of at least 3, due to similar transcript
structures, indicating these reads were for the same splice variant. If a cluster had fewer than 3 reads, FLAIR
removed them from the results (Uncollapsed reads)

Transcript variants

221,190

Splice variants (mappable to gene)

46,991

Ensembl genes

12,509

Ensembl splice variants

2,751

Median splice variants per gene

2.0

Mean splice variants per gene

3.8

Genes with multiple splice variants

6,799

Mean splice variants per genes with multiple splice
variants

6.1
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Gene with most splice variants

169 (Mup3)

Table 3.3 Summary of transcript variants found after FLAIR processing of mouse long-reads

Alternative 3’ splice site

1,261 genes

Alternative 5’ splice site

1,027 genes

Cassette exons

4,477 genes

Intron retention

1,192 genes

Table 3.4 Summary of splice variant classes found after FLAIR processing of mouse long-reads
Each splicing event can only map to one gene, however a single gene can have multiple splicing events.

About 54% of genes (6,799/12,509) had multiple splice variants and I used these 6,799
genes for our prioritization purposes (Table 3.4). In Table 3.4, I provide a summary of the nonmutually exclusive alternative splicing events occurring in these genes. As these splicing events
are defined by FLAIR, I note that these splicing events must be present with at least one read in
the majority of the samples of either the brain or liver transcriptome.
3.3.2

79 candidate genes likely to have FDSIs

Of the 6,799 genes in our mouse brain and liver long-read transcriptomes, I prioritized 79 genes
as likely candidates with FDSIs (Table 3.5 for 33 genes with cassette exons; Table 3.6 for 45
genes with intron retention; Table 3.7 for 9 genes with alternative 5’ splice sites; Table 3.8 for 7
genes with alternative 3’ splice sites; a single candidate gene can have multiple splicing
mechanisms). In Sections 3.3.3 to 3.3.6, I describe how the annotation scheme (Figure 3.1) led to
prioritize these 79 candidates. In summary, these 79 genes had at least two appreciably expressed
and conserved splice variants. Furthermore, each splice variant had an CDD-annotatable protein
domain and open reading frame (ORF). The median amino acid difference between the ORFs of
the two most expressed splice variants for each gene was 0% (range: 0% to 34%). Only 18/79
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have two splice variants that each encode for at least one different protein domain (Level 3 in
Figure 3.5).
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Borcs7
(BLOC-1 Related Complex Subunit 7)

Hikeshi
(Hikeshi)

Stx8
(Syntaxin-8)

Cdc42
(Cell Division Cycle 42)
Cdipt
(CDP-Diacylglycerol--Inositol 3Phosphatidyltransferase)
Chmp2a
(Charged Multivesicular Body Protein
2A)
Coro1b
(Coronin 1B)
Cuedc2
(CUE Domain Containing 2)

Hspbp1 (HSPA binding protein,
cytoplasmic cochaperone 1)
Iah1
(Isoamyl Acetate Hydrolyzing Esterase
1)
Nars
(Asparaginyl-tRNA synthetase)

Tle5 (TLE Family Member 5,
Transcriptional Modulator)
Tpd52
(Tumor Protein D52)

Dap3
(Death Associated Protein 3)
Dctn2
(Dynactin Subunit 2)
Dhrs7b (Dehydrogenase/Reductase 7B)
Ech1
(Delta-Delta-dienoyl-CoA isomerase)
Fxyd7
(FXYD Domain Containing Ion
Transport Regulator 7)
Gm20390
(Nucleoside diphosphate kinase)

Nipsnap1
(Nipsnap Homolog 1)
Otub1
(OTU Deubiquitinase, Ubiquitin
Aldehyde Binding 1)
Psmc4
(Proteasome 26S Subunit, ATPase 4)
Rpl22l1 (Ribosomal Protein L22 Like
1)
Rtn3
(Reticulon-3)
Scn1a (sodium channel, voltage-gated,
type I, alpha)

Trappc1
(Trafficking Protein Particle
Complex 1)
Ugp2 (UDP-Glucose
Pyrophosphorylase 2)
Zfand6 (Zinc Finger AN1-Type
Containing 6)

Sdcbp
(Syntenin-1)
Selenow
(Selenoprotein W)

Gstz1
Stoml2
(Glutathione S-Transferase Zeta 1)
(Stomatin Like 2)
Table 3.5 33 candidate genes likely to have FDSIs (cassette exons)
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Akap8l (A kinase
(PRKA) anchor protein
8-like)

Doc2a (double C2, alpha)

Nsd1 (nuclear receptorbinding SET-domain
protein 1)

Ambp (alpha 1
microglobulin/bikunin
precursor)
Arnt2 (aryl hydrocarbon
receptor nuclear)
Atxn2l (ataxin 2-like)

Enpp5 (ectonucleotide
pyrophosphatase/phosphodiesterase
5)
Ewsr1 (Ewing sarcoma breakpoint
region 1)
Gprc5b (G protein-coupled
receptor, family C, group 5,
member B)
Gria2 (glutamate receptor,
ionotropic, AMPA2)

Pcnp (PEST proteolytic
signal containing
nuclear protein)
Phf1 (PHD finger
protein 1)
Phf24 (PHD finger
protein 24)

Brd1 (bromodomain
containing 1)
Bag6 (BCL2-associated
athanogene 6)
Cdk11b (cyclindependent kinase 11B)
Cfl2 (cofilin 2, muscle)

Hnrnpm (heterogeneous nuclear
ribonucleoprotein M)
Ivns1abp (influenza virus NS1A
binding protein)
Kat5 (K(lysine) acetyltransferase
5)

Chmp2a
(charged multivesicular
body protein 2A)
Clk4 (CDC like kinase
4)

Med24 (mediator complex subunit
24)

Cryab (crystallin, alpha
B)

Nacc2 (nucleus accumbens
associated 2, BEN and BTB (POZ)
domain containing)

Mkrn1 (makorin, ring finger
protein, 1)

Pigo
(phosphatidylinositol
glycan anchor
biosynthesis, class O)
Plp1 (proteolipid
protein (myelin) 1)
Prpf39 (pre-mRNA
processing factor 39)
Rgl2 (ral guanine
nucleotide dissociation
stimulator-like 2)

Smarcc2 (SWI/SNF related,
matrix associated, actin
dependent regulator of
chromatin, subfamily c,
member 2)
Srek1 (splicing regulatory
glutamine/lysine-rich protein
1)
Srrm1 (serine/arginine
repetitive matrix 1)
Srrt (serrate RNA effector
molecule homolog)
Srsf12 (serine and argininerich splicing factor 12)
Thoc1 (THO complex 1)
Xpot (exportin, tRNA)
Zfp131 (zinc finger protein
131)

Rit2 (Ras-like without
CAAX 2)
Serbp1 (serpine1
mRNA binding protein
1)
Serpinc1 (serine (or
cysteine) peptidase
inhibitor, clade C
(antithrombin), member
1)

Cstf2 (cleavage
Nap1l1 (nucleosome assembly
stimulation factor, 3'
protein 1-like 1)
Sf3b1 (splicing factor
pre-RNA subunit 2)
3b, subunit 1)
Table 3.6 45 candidate genes likely to have FDSIs (intron retention)
Cfl2 (cofilin 2, muscle)

Gria2 (glutamate receptor, ionotropic,
AMPA2 (alpha 2))
Ehbp1 (EH domain binding protein Hnrnpc (heterogeneous nuclear
1)
ribonucleoprotein C)
Ewsr1 (Ewing sarcoma breakpoint
Vcpkmt (valosin containing protein
region 1)
lysine (K) methyltransferase)
Table 3.7 9 candidate genes likely to have FDSIs (alternative 5’ splice site)

Sh2b1 (SH2B adaptor protein 1)
Rps6kb1 (ribosomal protein S6 kinase,
polypeptide 1)
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Phf1 (PHD finger protein 1)

Sf1 (splicing factor 1)

Zswim8 (zinc finger SWIM-type
containing 8)

Plp1 (proteolipid protein (myelin)
Thra (thyroid hormone receptor alpha)
1)
Serbp1 (serpine1 mRNA binding
Ttc14 (tetratricopeptide repeat domain
protein 1)
14)
Table 3.8 7 candidate genes likely to have FDSIs (alternative 3’ splice site)

I determined whether our approach prioritized genes with experimental evidence of
FDSIs from Chapter 2 (Bhuiyan et al., 2018). In Chapter 2, we identified 20 mouse genes with
FDSIs, of which I detected expression of 12 in our long-read data. However, only 8/12 genes had
multiple splice variants detectable in our data, while 4/12 genes had only one detectable splice
variant. For the 4/12 genes with only one detectable splice variant, the variant detected matches
one of the isoforms annotated in Chapter 2. Of the 8/12 genes with multiple detectable splice
variants, I did not detect the expected isoforms for five genes (Il1rap, Myh10, Nf1, Snap25,
Cacna1b). For one gene (Rock2), I detected one splice variant matching one of two literaturereported isoforms, but the remaining detected splice variants did not match the remaining
reported isoform. Another gene (Lpin1) had both FDSIs detected in our data, however the gene
was lowly expressed in a minority of our samples and had been filtered out FLAIR. Thus, of the
genes previously identified in Chapter 2, only one emerged as being among the 79 genes
prioritized by my pipeline. The fact that I only prioritized one gene with FDSIs from Chapter 2
in my long-read data is likely a consequence of my data’s limitations (see Discussion in Section
3.4).
3.3.3

Over a quarter of genes have multiple appreciably expressed splice variants

I defined a gene to have multiple appreciably expressed splice variants based on an expression
ratio between the gene’s most expressed splice variant and the gene’s second-most expressed
splice variant. If a gene’s expression ratio was less than 2, I considered the gene to have multiple
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appreciably expressed splice variants. Using the total reads for each splice variant in both brain
and liver transcriptomes, I found that 1,960/6,799 genes (29%) have an expression ratio less than
2 (Figure 3.2A). I further assessed how dominant the expression of rank 1 splice variants was
compared to splice variants of differing ranks (Figure 3.2B). Rank 1 splice variants tend to
dominate their gene’s overall expression, suggesting that splice variants contribute to
transcriptomic diversity unevenly. Finally, I calculated a sum-expression ratio for each gene
based on the gene’s rank 1 splice variant’s expression to the sum of the gene’s other splice
variants. About 54% (3,666 genes) had a sum expression ratio (the gene’s most expressed splice
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Figure 3.2 Most genes have one dominantly expressed splice variant across both tissue types
A) 71% of genes have a rank 1 splice variant that is at least double in expression compared to its rank 2 expression
(red line). For each gene, I ranked the splice variants by their total expression. For example, the most expressed
splice variant was ranked 1, the second most expressed splice variant was ranked 2. Then I divided the rank 1 splice
variant’s expression by its rank 2 splice variant’s expression to produce the expression ratio plotted along the x-axis.
At the red line, the expression ratio equals 2.0. At the cyan line, expression ratio equals to 5.0. For prioritization
purposes, the genes to the left of the red line were retained. B) Rank 1 splice variants tend to dominate gene
expression relative to other splice variants. Stratified by splice variant expression rank (x-axis), the contribution of
each splice variant’s expression relative to the gene’s overall expression (y-axis) is plotted. C) 64% of genes have a
rank 1 splice variant double in expression than the sum total of all other splice variants for the same gene. For each
gene, I ranked the splice variants by their total expression (x-axis). For example, the most expressed splice variant
was ranked 1, the second most expressed splice variant was ranked 2, and so on until each splice variant is ranked. I
then divided the rank 1 splice variant’s expression by the sum of all other splice variants for the same gene (y-axis).

I also investigated whether genes had a different rank 1 splice variant among our brain
and liver samples. About 41% of genes (2,781/6,799) had a tissue-specific rank 1 splice variant.
These genes overlapped with many of the genes with an expression ratio of less than 2 (1,295
genes).
3.3.4

Nearly all splice variants had an open reading frame (ORF)

I annotated each splice variant with a TransDecoder-predicted ORF in order to determine
whether a gene had at least two splice variants that encoded a protein. A splice variant could
have a “complete”, “5’ incomplete”, “3’ incomplete”, or “incomplete” ORF. For our
prioritization purposes, I kept any splice variant with any annotatable ORF of at least 30 amino
acids. Of the 41,285 splice variants mapped to our 6,799 genes, nearly all (41,174) have an ORF
(Figure 3.3A). While I removed 111 splice variants without a predicted ORF from further
analysis, all 6,799 genes still had multiple annotatable ORFs. Thus, no genes were removed from
analysis by this step. Furthermore, about 69% of genes (4,688/6,799) have two or more splice
variants with complete ORFs (Figure 3.3B).
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Figure 3.3 All genes with multiple splice variants have an annotatable ORF
A) All 6,799 genes with multiple splice variants had multiple splice variants with an annotatable ORF frame B)
About 69% of genes have multiple splice variants with complete ORFs

I combined our previous expression rank annotations with our ORF annotations (Figure
3.4). For our 6,799 genes with multiple splice variants, about 57% (3,893) had a rank 1 splice
variant with a complete ORF (Figure 3.4A). However, regardless of the type of ORF, 40% of the
genes (2,762) had the exact same amino acid sequence among their rank 1 and rank 2 splice
variants (Figure 3.5B).
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Figure 3.4 Rank 1 splice variants mostly have complete open reading frames that are similar to rank 2 splice
variants
A) About 57% genes have a rank 1 splice variant with a complete open reading frame (ORF). I annotated the most
abundantly expressed splice variant for each gene (rank 1 splice variant) with an ORF of at least 30 amino acids
using TransDecoder. TransDecoder classifies ORFs as complete (start and stop codon), 5prime_partial (missing a
start codon), 3prime_partial (missing a stop codon), and incomplete (missing start and stop codon, but at least 30
amino acids in frame). B) 40% of genes have a rank 1 splice variant ORF that is the same as their rank 2 splice
variant ORF (red). Using EMBOSS, I compared the differences in amino acid composition (x-axis) and length (yaxis) of the rank 1 and 2 splice variant for each gene. Diagonal with a slope of 1 added as a visual guide.

3.3.5

83% of genes have two splice variants with an annotatable protein domain

I annotated each splice variant with an ORF with protein domain annotations from the CDD
(Marchler-Bauer et al., 2011) and produced a hierarchy of protein domain distinctness for genes
with multiple splice variants (Figure 3.5). Of the 6,799 genes with multiple splice variants, 83%
had at least two splice variants where both splice variants had an annotatable domain (Level 2 on
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Figure 3.5). Annotating the splice variants using Pfam instead of CDD yielded similar results
(80%).
For the purposes of my prioritization, I kept the 83% of genes at Level 2 when annotating
splice variants using the CDD. However, the subset of genes from Level 2 that are part Level 3
and 4 may be more interesting for follow-up. Level 3 (CDD: 20%; Pfam: 19%) genes are cases
where at least two splice variants have a distinct set of protein domains. In principle this would
be a good indication of functional distinctness in protein function. At Level 4 (CDD: 20%; Pfam:
19%), genes have two splice variants where the splice variants were annotated with at least one
domain from a different domain family. As differences in molecular function between domain
families tend to be greater than those within, level 4 genes could represent larger effects of
alternative splicing on “functional diversity”.

% Genes
CDD

Level 1

Level 2

Gene has
multiple splice
variants

Gene has at least
two splice variants
with at least one
complete protein
domains

Gene has at least
two splice variants
Level 3 with different
protein domains

Gene has at least
two splice variants
Level 4 with different
domain families

Pfam

6,799 (100%)

6,799 (100%)

5,649 (83%)

5,437 (80%)

1,399 (20%)

1,323 (19%)

1,373 (20%)

714 (10%)

Figure 3.5 Levels of protein domain distinctness for genes with multiple splice variants
The scheme introduced in Figure 1.5 is shown augmented with results statistics.
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3.3.6

Few genes have at least one conserved spliced in exon

I used conservation of a discriminating exon (one that is spliced in or out) as a signal for
biological importance. For our candidate set of genes, I annotated four different splicing events:
cassette exons, retained introns, alternative 5’ splice sites, and alternative 3’ splice sites. I
extracted these splicing events from FLAIR’s output and annotated each one with PhastCons and
PhyloP scores.
From the 6,799 genes with multiple splice variants in our long-read data, 483 genes have
multiple conserved splice variants where one conserved exon is spliced (Figure 3.6; for
PhastCons distributions, see appendix). Broken down by splicing events, 483 genes have
multiple conserved cassette exons (Figure 3.6A), 113 genes have multiple conserved retained
introns (Figure 3.6B), 9 genes have multiple conserved alternative 5’ splice sites (Figure 3.6C),
and 15 genes have multiple conserved alternative 3’ splice sites (Figure 3.6D). I used this set of
483 genes for our list of 79 likely to have FDSIs.
The conservation of one exon may be difficult to interpret. A transcript that contains a
spliced-in exon with a high PhyloP score suggests functional importance, however, the same
principle does not apply to a transcript without that exon. The splice variant without the
conserved exon could simply be a consequence of splicing error. As such, I also subsetted for
genes with two alternatively spliced exons on separate splice variants, resulting in 283 genes.
Broken down by splicing events, 236 genes have multiple conserved cassette exons, 44 genes
have multiple conserved retained introns, 1 gene has multiple conserved alternative 5’ splice
sites, and 2 genes have multiple conserved alternative 3’ splice sites. By prioritizing a set of
genes with at least two conserved and alternatively spliced exons, our final set consists of 48

93

prioritized candidates when considering our other annotations (protein domains, expression, and
coding potential).

A

B

341 genes

C

113 genes

D

9 genes

15 genes

Figure 3.6 6% of genes have at least one conserved alternatively spliced exon.
Each histogram shows the distribution of PhyloP scores for each alternatively splice exon, organized by splicing
mechanism. The orange line is our threshold for a conserved exon (1.0), and next to the orange line is the number of
genes with at least one alternatively and conserved spliced exon. A) Skipped Exons: Of the 8,215 skipped exons, 910
(11%) exons were conserved. B) Retained introns: Of 6,196 retained introns, only 311 (3%) are conserved. C) Of
the 6,722 alternative 5’ splice sites, only 10 (~0.14%) are conserved. D) Alternative 3’ splice sites: Of the 7,037
splice sites, only 17 (~0.2%) are conserved.
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3.3.7

Description of selected candidate genes with FDSIs

Here I detail examples of three candidate genes with FDSIs, chosen as illustrating three distinct
scenarios in terms of previous evidence supporting my findings. The first gene, Cdc42, is a gene
with literature evidence of FDSIs from Chapter 2 of my thesis. The selected effect of the Cdc42
splice variants have experimental support of necessity. For the second gene, Tpd52l1, I could not
find literature to support it as a gene with FDSIs, though there have been studies into the causal
role of this gene’s splice variants. In future experiments, these may be established as selected
effects. Finally, the third gene, Gstz1, I found no literature investigating the function of its splice
variants – selected effects or causal role. As I have prioritized Gstz1 based on conservation,
protein domains, expression and coding potential, Gstz1 may be a truly novel gene with FDSIs.
Details on these genes are given in the next subsections.
3.3.7.1

Previously known case of FDSIs: Cdc42

In my long-read dataset, I prioritized one gene from our previous curation of genes with
literature evidence of FDSIs, Cdc42 (Bhuiyan et al., 2018; Yap et al., 2016). Cdc42 is a gene that
plays a role in cell projection growth and cell polarity. In neuronal precursors, an isoform
containing exon 7 is expressed. As the neuronal precursor comes to its neuronal identity, the cell
co-expresses the Cdc42 isoform containing exon 7, and another isoform containing exon 6. Yap
and colleagues showed that a knockdown of isoforms containing exon 7 reduces axonogenesis.
In contrast, the knockdown of isoforms containing exon 6 decreases dendritic spine density. The
investigators concluded that Cdc42 had FDSIs important to the development of the nervous
system. In our long-read data, Cdc42’s two most abundantly expressed splice variants are these
same two FDSIs tested by Yap and colleagues.
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3.3.7.2

Literature pointing towards functional distinctness: Tpd52l1

In humans, the TPD52 family consists of 4 genes: TPD52 (tumor protein D52), TPD52L1 (tumor
protein D52 like-1 or D53), TPD52L2 (tumor protein 52 like-2 or D54), and TPD52L3 (tumor
protein 52 like-3 or D55) (Boutros et al., 2004). The TPD52 family is generally implicated in
cell-proliferation. TPD52 proteins hetero- or homodimerize via the coil-coil motif and do not
harbor any catalytic domains; therefore, the general consensus is that this gene family encodes
adaptor proteins. As adaptor proteins found in the brain, they are implicated in calcium signaling
(Boutros et al., 2004).
My dataset has 9 splice variants for mouse Tpd52l1. The two most expressed splice
variants had a total expression of 167 and 110 reads (Figure 3.7A). The most expressed was
novel, whereas the second most abundantly expressed splice variant corresponds to an Ensembl
transcript (ENSMUST00000000305). Structurally, they have alternative first exons, and the
second most expressed splice variant lacks exon 5. These splice variants encoded for open
reading frames that differ by one amino acid.
My literature review indicated that the 5th exon of our Tpd52l1 splice variants has been
studied, but in humans rather than mice. Boutros and colleagues used Y2H to investigate the
interaction partners of human TPD52L1 splice variants (Boutros et al., 2003). They found that
exon 5 affects the binding dimerization partner of D53. Homodimers of D53 (where both D53s
have exon 5) were more likely to bind to 14-3-3 proteins than those that lacked exon 5. The
human exon 5 that they characterized contained the amino acid sequence SHSIG, whereas our
mouse exon 5 was SHSFG. The high degree of protein sequence similarity among the mouse and
human exon 5 likely indicates similarity in function.
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Additionally, Nourse and colleagues demonstrated the functional importance of
TPD52L1 splice variants lacking exon 5 (similar exons were not found in other TPD52 genes)
(Nourse et al., 1998). Tpd52l1 splice variants that lacked exons 5 and 6 were similar to the splice
variants for other genes in TPD52 family. This suggested to Nourse and colleagues that Tpd52l1
splice variants that lack exons 5 and 6 will have a distinct functional role. To strengthen this
point, Cho et al. found TPD52L1 splice variants lacking exon 5 interacted with C-terminal
regulatory domain of ASK1 (Cho et al., 2004). When they overexpressed these splice variants,
they induced ASK1-promoted apoptosis in HEK cells.
Based on previous literature about Tpd52l1 and its splice variants, and my prioritization
scheme, I hypothesize that Tpd52l1 may have FDSIs. As Tpd52l1 encodes for adaptor proteins,
the presence/absence of exon 5 influences the binding partner of Tpd52l1 and ultimately, allows
for the gene to function in distinct molecular pathways.
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Figure 3.7 Example candidate genes with FDSIs
Annotated domains are highlighted in color. Figures generated using IsoVision. A) Most abundantly expressed
Tpd52l1 splice variants. B) Most abundantly expressed Gstz1 splice variants.
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3.3.7.3

A novel candidate FDSI gene: Gstz1

Gstz1 is a member of the Glutathione S-transferase (GST) gene family. These genes encode
enzymes that aid in the detoxification of electrophilic molecules by conjugation with glutathione
(Nebert and Vasiliou, 2004). GSTs are extremely diverse in their function. Gstz1 is specifically
known for catalyzing glutathione-dependent isomerization of maleylacetoacetate to
fumarylacetoacetate, which is the second-to-last step in the vital phenylalanine and tyrosine
degradation pathway. It is the only enzyme in the GST family that catalyzes a significant process
in intermediary metabolism, and can be found in a variety of species, from humans to bacteria.
I observed 18 splice variants for Gstz1 which were all expressed in the liver, but few
were expressed in the brain (gene expression in liver was 866 reads vs. brain was 279 reads). The
most abundantly expressed splice variant was primarily expressed in the liver and was not found
in Ensembl. In contrast, the second-most abundantly expressed splice variant was similarly
expressed among brain and liver samples, and Ensembl reported the transcript
(ENSMUST00000063117). Structurally, the two most expressed Gstz1 splice variants were
similar, differing only in their first exons (Figure 3.7B). The splice variants encoded for the exact
same amino acid sequence. Thus, both variants had the maleylacetoacetate isomerase domain
which is necessary for catalysis.
I investigated the Gstz1 literature, and found that both first exons were present in CAGEseq reports (Lizio et al., 2015). However, I failed to find any indication in the literature that there
was “functional distinctness” between the splice variants, making Gstz1 a truly novel candidate
gene. Given that both splice variants encoded for identical protein sequences, I hypothesize that
Gstz1 has FDSIs that are distinct via expression pattern differences (Figure 1.1 in Chapter 1).
That is, the two isoforms should have different expression patterns (in time and/or space), such
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that they are not completely redundant. The data on hand is insufficient to establish this, so it
remains a topic for future study.
3.4

Discussion

Previous work in the field has used functional genomic annotations to determine genes likely to
have multiple functional splice variants, however, to our knowledge our work represents the first
step in applying these annotations to long-read splice variants. Nearly all splice variants (95%)
were apparently novel to Ensembl. By applying functional genomic annotations to long-read
splice variants, I prioritized a set of 79 genes out of 6,799 (1.1%) as genes most likely to have
functionally distinct splice isoforms (FDSIs). These genes had multiple conserved splice variants
that were appreciably expressed relative to the gene’s overall expression. Furthermore, these
genes had more than one splice variant encoding for an open reading frame with an annotatable
protein domains. While these functional genomics properties cannot be taken as conclusive
evidence of functional distinctness, these genes have more convincing evidence of functional
distinctness compared to the remaining genes in our long-read data. For example, a gene with
multiple conserved splice variants is more likely to have multiple necessary splice variants, than
a gene with only one conserved splice variant.
My analysis is clearly incomplete, largely due to data limitations. I had data for only
about 1/3 of annotated mouse protein-coding genes, and I had only detected 12 mouse genes with
FDSIs from Chapter 2. In addition, the long-read data has relatively shallow sequencing depth
compared to short-read datasets, and for just two tissues (Table 3.1). Short-read datasets used in
comparable analyses tend to have more sequencing depth and many more tissue types. I believe
this explains why I missed prioritizing two detected genes (Rock2 and Lpin1) with previous
experimental evidence of FDSIs. Rock2 has literature evidence of FDSIs in muscle cells, while I
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only had samples for the brain and liver. In the case of, Lpin1, I detected the two literature
FDSIs, but I detected gene expression in a minority of the samples. Nevertheless, the literature
for the 79 prioritized genes suggests some promise towards their candidacy, such as Gstz1 and
Tpd52l1.
3.4.1

Effects of thresholds

One may ask how many more genes would remain for our prioritization if we loosened our
thresholds. For example, if we kept genes where the expression ratio between the most expressed
splice variant and the second most expressed splice variant is less than 2.5, the remaining genes
for prioritization would change from 1,960 (29%) to 2,498 (36%) genes. Changing the threshold
to be less than 3 would leave 2,891 (42%) genes for prioritization. For our conservation
thresholds, our use of 1.0 as a PhyloP score yielded 483 genes (~7%) with one conserved
alternatively spliced exon. A threshold of 1.3 or 0.6 would change our yield to 396 (~6%) or 646
(9%) genes, respectively. While loosening either expression or conservation threshold would
increase the yield of prioritized genes, it may introduce more lowly expressed, or non-conserved
splice variants. These are more likely to be noise (Abascal et al., 2015a; Ezkurdia et al., 2015;
Saudemont et al., 2017). However, to enable threshold-free investigation of our results, complete
annotations are available from the authors.
I used base-specific PhyloP scores (Figure 3.7) to determine whether an exon evolved
under negative selection (conservation). These PhyloP scores were calculated using a 40mammalian species multiple sequence alignment. A high PhyloP score suggests a high degree of
similarity of the exon across all 40 mammals. This similarity indicates functional importance, as
evolution has likely maintained this sequence for organismal fitness. While PhyloP and similar
methods provide a useful metric in assessing conservation, it is important to acknowledge that
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they have limitations. For example, multiple sequence alignments can have poorly aligned
regions especially if it includes species with poor reference genomes (Gouin et al., 2015; Prakash
and Tompa, 2007). Even with a lenient conservation threshold, a few genes likely to have FDSIs
may be missed in my prioritization.
I based our PhyloP threshold on a previous study by Kovalak and colleagues (Kovalak et
al., 2019). These investigators sampled PhyloP scores for random 5’ splice sites and 3’ splice
sites, where they detected an average PhyloP score of ~1.0 and ~0.6 respectively. Since PhyloP
scores are negative logged p-values (-log10(0.05) = 1.3), some may interpret these scores as less
stringent for a standard conservation analysis. However, Kovalak and colleagues established
these PhyloP scores for the purposes of investigating the functional consequences of alternative
splicing.
For the purposes of prioritizing genes with multiple appreciably expressed splice variants,
we kept genes where the ratio of the most expressed splice variant to the second most expressed
splice variant was less than 2. Consequently, of 6,799 genes, only 1,960 (29%) remained (Figure
3.3A). We had three reasons why we used this specific approach in our prioritization. First, to
our knowledge, there exists no general expression thresholds in the field for long-read data. In
short-read data, lowly expressed transcripts will be removed either as technical artefacts, or
biological noise (Pertea et al., 2018a). Without a standard, we did not want to apply a sweeping
threshold across all genes, but rather apply a gene-specific threshold. Second, Gonzalez-Porta
and colleagues defined a gene with a dominantly expressed splice variant as a gene that has a
most expressed splice variant that is double in expression from the second-most expressed splice
variant (Gonzalez-Porta et al., 2013). We assume that every gene has at least one functional
splice variant, and that the most expressed splice variant is functional. By that reasoning, if the
101

gene has another splice variant that contributes similarly to transcriptomic diversity, then that
splice variant may likely be functional. Thus, we maintain that the ratio between the most
expressed splice variant and second-most expressed splice variant must be less than 2. However,
to allow readers to decide the best threshold for themselves, I provide all gene expression ratios
if requested. Finally, in Figure 3.3C, we demonstrate just how dominantly each gene’s most
expressed splice variant contributes to transcriptomic diversity over other splice variants. About
54% of genes have a most expressed splice variant that is double than the sum of all other splice
variants of the same gene.
With such a low proportion of genes (1.1%) considered most likely to have FDSIs in our
analysis, it is reasonable to ask whether this proportion would change with additional long-read
data or deeper long-read data, for the same tissues. However, there are several reasons why the
proportion will likely remain low. First, most splice variants are lowly expressed relative to the
gene’s overall expression. Increasing our sequencing depth will likely only detect more lowly
expressed splice variants. Second, we report, like other studies, that most splice variants evolve
neutrally rather than via natural selection (Reyes et al., 2013). The lack of a selection signal
suggests a lack of biological importance. There tends to be an inverse correlation between gene
expression, and the amount of unconserved, erroneous transcripts (Saudemont et al., 2017).
Again, increasing our sequencing depth would likely result in more lowly expressed splice
variants, which are likely to be lowly conserved. Finally, though we did not exhaustively explore
proteomic datasets, we do not believe that we would be able to detect the vast majority of these
long-read splice variants in mass spectrometry experiments. Mass spectrometry fails to detect the
vast majority of splice variants found in RNA-seq studies (Tress et al., 2017b). While some of
this can be explained by technical limitations, splice variants found in mass spectrometry
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datasets tend to be highly expressed and well-conserved. Taking these lines of reasoning
together, we hypothesize that additional data will not greatly increase the proportion of genes
prioritized.
After considering my annotation scheme, readers may question whether more functional
genomic annotations that might functionally distinguish isoforms would provide me with more
candidate genes with FDSIs, other than protein domains. Besides the fact that there is an upper
bound on how many genes could pass my (liberal) conservation criterion for multiple isoforms
(6%), my preliminary investigations suggest adding other annotations will have little effect. I
tested annotations for intrinsically disordered domains, positive selection metrics, signal peptides
and ribosomal profiling expression, none of which yielded any additional positive predictions of
FDSIs (data not shown).
3.4.2

Support for the noisy splicing model

There is an ongoing debate in the field about the extent to which alternative splicing diversifies
the function of mammalian proteomes. Some adopt a Panglossian view of alternative splicing
where each splice variants produces a novel, functionally distinct product and thus greatly
increases functional diversity (Blencowe, 2017; Kelemen et al., 2013; Li et al., 2014; Ryu et al.,
2017; Shabalina et al., 2014). However, in the absence of any evidence of functionality (much
less distinct functionality), many of these alternative transcripts could also be “noise” (Chapter 1)
(Melamud and Moult, 2009; Pickrell et al., 2010; Tress et al., 2017b; Zhang et al., 2009). We
investigated whether our long-read RNA-seq data would also support the noisy splicing model.
One key consequence of noisy splicing is that most splice variants are lowly expressed.
In our data, we detected that 71% of genes have their total expression dominated by one splice
variant (Figure 3.3). Furthermore, about 60% of genes have the same most expressed splice
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variants among our brain and liver samples. These statistics mirror those from a study by
Gonzàlez-Porta et al. (2013), who used Illumina BodyMap data to demonstrate that the vast
majority of the mRNA pool in a transcriptome comes from one splice variant per gene, despite
having data for 16 different tissue types. By combining mass spectrometry and RNA-seq,
Ezkurdia and colleagues provided further support for this observation (Ezkurdia et al., 2015).
Another consequence of the noisy splicing model is that most splice variants are poorly
conserved. Conservation suggests that natural selection has maintained the splice variant
throughout evolution, and therefore is a signal of biological importance. We investigated the
conservation of alternative exons with the multiple sequence alignment-based methods, PhyloP
(Figure 3.6). Regardless of splicing mechanism, the vast majority of discriminating exons remain
poorly conserved in the mammalian phylogeny. These results are also consistent with the noisy
splicing literature (Pickrell et al., 2010; Reyes et al., 2013).
3.5

Conclusions

While 95% of protein-coding genes have multiple splice variants, the functional consequences of
most remain unclear. In this study, we prioritize a set of 79 mouse genes we consider most likely
to have functionally distinct splice isoforms (FDSIs). The long-read data provides confidence in
the transcript structure, compared to short-read data, while the functional genomic annotations
provide insight into the most biologically interesting genes for wet-lab follow up. Some of our
candidates, such as Gstz1, meet all of our expectations of a gene with FDSIs, but apparently lack
any literature support, indicating the potential of our candidate genes for uncovering novel
biology. Finally, our results from long-read data generally agree with the noisy splicing model,
whereas previous support for the noisy splicing model comes from short-read data. As such,
while the addition of more long-read data may provide the field with more candidate genes with
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FDSIs, the proportion of candidates is unlikely to increase. Based on the analysis presented in
this chapter, I expect that additional data would provide more evidence that alternative splicing
only increases the functional diversity of a limited set of genes.
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Chapter 4: Cataloging the potential functional diversity of Cacna1e splice
variants
4.1

Background

Voltage-gated calcium channels (VGCCs) play a crucial role in regulating the influx of calcium
ions into neuronal cells. The pore-forming a1-subunit genes (CACNA1s, also termed Cavs) are
linked to developmental disorders such as epilepsy, schizophrenia, and autism spectrum disorder
(Heyes et al., 2015). Despite the importance of these genes, our understanding of CACNA1s
remains incomplete, largely because each gene undergoes extensive mRNA splicing (Adams et
al., 2009). To fully appreciate VGCCs, we must first have a complete splicing repertoire of each
CACNA1 gene and determine which splice variant, if any, impact the overall function of the
gene. Here, I describe our work to profile the distinct splice variants of a single CACNA1 gene,
Cacna1e.
As a member of the CACNA1 gene family, Cacna1e encodes for the a1-subunit (poreforming subunit) for the VGCC Cav2.3 (Wormuth et al., 2016). Knock out of Cacna1e in rodents
causes a decrease in calcium current in pyramidal cells, a decreased sensitivity to pain, and a
resistance to drug-induced seizures (Park and Luo, 2010; Saegusa et al., 2002; Simms and
Zamponi, 2014; Weiergräber et al., 2007; Zaman et al., 2011). Gain-of-function mutations in
human CACNA1E have been associated with epileptic encephalopathy, macrocephaly, and
dyskinesia (Helbig et al., 2018; Weiergräber et al., 2006; Wormuth et al., 2016; Zaman et al.,
2011). Furthermore, CACNA1E potentially has tissue-specific functions because CACNA1E’s
splice variants have tissue-specific expression (Fang et al., 2007).
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As described in previous chapters, the extent to which splice variants contribute to
genomic functional diversity remains an ongoing debate, but the issues are magnified with
CACNA1E (Blencowe, 2017; Light and Elofsson, 2013; Pickrell et al., 2010; Tress et al., 2017b;
Zhang et al., 2009). CACNA1E undergoes widespread alternative splicing, and each splice
variant’s function is an active area of research (Donaldson and Beazley-Long, 2016; Scott and
Kammermeier, 2017). Cacna1 genes are large and contain at least 36 exons. The a1-subunit
must be at least 2000 amino acids long and contain four pore-forming domains to make a
functional pore (Catterall, 2011; Lee, 2013). The loss or change to any of these pore-forming
domains likely results in a dysfunctional channel (Guida et al., 2001). Consequently, the multiple
splice variants for a single CACNA1 gene have similar exons encoding for the pore-forming
domains; however they will vary in their use of exons in between the pore-forming domains (the
linker regions) (Lipscombe and Andrade, 2015; Lipscombe et al., 2013a).
Cacna1e’s splicing pattern is an ongoing topic of research. Pereverzev and colleagues
studied the electrophysiological characteristics of seven splice variants in HEK-293 cells
(Pereverzev et al., 2002). They found that different splice variants encode for VGCCs with
distinct channel inactivation and recovery time courses. With similar splice variants and the same
model system, Klockner and colleagues noted distinct binding affinities among Cav2.3
regulatory proteins and CACNA1E splice variants (Klöckner et al., 2004). Furthermore, as
CACNA1E antagonists are used to treat to epilepsy, understanding the role of CACNA1E splice
variants may play a role in developing better drug targets as different splice variants have
different pharmacological sensitivities (Lipscombe and Andrade, 2015).
Extreme estimates of CACNA1E’s splicing predicts thousands of splice variants
(Lipscombe et al., 2013a). To date, only short-read sequencing has been used to characterize
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CACNA1E’s full splicing profile (Lipscombe et al., 2013b). Short-read sequencing presents a
number of challenges for splice variant-level study, the primary one being that the relationship of
an individual read with a full-length transcript structure is fundamentally unresolvable
(Hardwick et al., 2016; Mehmood et al., 2019; Steijger et al., 2013). Large genes like the Cacna1
gene family particularly amplify these short-read sequencing problems.
Short-read sequencing’s problems with capturing CACNA1E’s splicing profile can be
found in public genomic databases. Many large-scale genomic databases, such as Ensembl, have
reports of a single gene’s splice variants based on short-read sequencing (Aken et al., 2016,
2017). In Ensembl, human CACNA1E has 11 splice variants, mouse Cacna1e has 9, and rat
Cacna1e has 3; these numbers differ greatly from the thousands of splice variants estimated in
the literature (Lipscombe et al., 2013a). Given how much we have learned and can potentially
learn from rodent models, the low number of splice variants reported in our databases for rodent
Cacna1e is problematic (Jarre et al., 2017).
As an alternative to short-read sequencing, long-read RNA-seq by Oxford Nanopore’s
MinION sequencer provides an option that potentially improves our characterization of a
CACNA1 gene’s splicing repertoire (Clark et al., 2019). Specific to CACNA1 genes, Clark et al.
recently used MinION sequencing to establish CACNA1C’s transcriptional complexity in the
human brain, though they did not correct for the base caller’s error rate (Clark et al., 2019). They
found a trivial minority of CACNA1C’s splice variants were present in GENCODE. Clark and
colleagues further hypothesized that these splice variants contributed to the functional diversity
of CACNA1C in different brain regions.
In mammals, 10 genes (Cacna1a, Cacna1b, Cacna1c, Cacna1d, Cacna1e, Cacna1f,
Cacna1g, Cacna1h, Cacna1i Cacna1s) have potentially thousands of splice variants that encode
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the entire a1-subunit (Lipscombe et al., 2013b). Previous work in studying the Cacna1 genes in
rodent models has provided evidence that the regions surrounding the pore-forming domains
provide regulatory binding sites. For example, with the influx of calcium ions, linker II-III
regions regulates channel inactivation (Welsby et al., 2003). Furthermore, rodent models have
helped our understanding of the role that CACNA1 genes and their splice variants have on
disease. The knockdown of exon 25 in Cacna1h splice variants showed a decrease in seizures in
the disease model Genetic Absence Epilepsy Rat from Strasbourg or GAERS (Cain et al., 2018;
Powell et al., 2009). Consequently, much anti-epileptic drug development occurs in GAERS
(Wang and Chen, 2019).
The lack of a comprehensive CACNA1E splice variant catalog in Ensembl likely impacts
the various computational splicing tools that use Ensembl, and further represents the disconnect
between computational tools and the experimental literature (Bhuiyan et al., 2018; Hyung et al.,
2018; Rodriguez et al., 2018). We previously reported that we failed to find the splice variants on
Ensembl for about a third of the genes with evidence for functionally distinct splice isoforms
(FDSIs), despite the splice variant’s use in the literature (Chapter 2). This disconnect likely
impacts our ability to evaluate alternative splicing in all genes, but especially in genes with
complex transcript structures. An accurate evaluation of a splice variant’s impact on any gene’s
function requires an accurate repertoire of the gene’s splice variants.
In this study, I characterize the splicing profile for Cacna1e using targeted
transcriptomics and MinION RNA-seq data generated from GAERS and NEC rats. I provide the
structure and splice junctions for thousands of novel Cacna1e splice variants. Using protein
domain annotations, splice variant expression, and conservation metrics, I establish a putative set
of splice variants for Cacna1e. In doing so, I demonstrate the potential functional diversity of the
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gene while maintaining a more accurate characterization of the splice variant’s structure than
previously available. This improved transcript catalog can serve to aid our computational tools
and provide experimentalists potentially interesting splice variants for investigation.
4.2
4.2.1

Methods
Targeted amplification for five a1-subunit genes of GAERS and NEC rats

My collaborators in the Snutch lab at UBC performed the targeted amplification of five a1subunit genes of GAERS and NEC (Non-Epileptic Control) rats. Total RNA was extracted from
the thalamus of 2 GAERS (10 and 90 days) and 2 NEC (10 and 90 days) rat using a MagMax Kit
(Ambion) and full length cDNAs generated using SuperScriptII with oligo-dT priming
(Invitrogen). These samples will be referred to as GAERS10, GAERS90, NEC10 and NEC90.
Gene specific amplicons for 5 VGCC genes (Cacna1c, Cacna1g, Cacna1e, Cacna1h, and
Cacna1i) were generated using PCR with the Elongase enzyme (Invitrogen). PCR products were
then gel purified using a gel extraction kit (QIAGEN) and DNA eluted in TE and stored at -20oC
ready for sequencing.
4.2.2

ONT MinION sequencing of amplicons

My collaborators in the Snutch lab at UBC performed the MinION sequencing of amplicons. The
generated gene specific amplicons were processed as per the Oxford Nanopore Technologies
(ONT) SQK-LSK108 adapter ligation procedure. In brief, the DNA amplicon molecules were
treated to generate A-tailed molecules allowing the ligation of the ONT specific adapter onto the
amplicon ends. These adapted molecules were then run on the ONT MinION device and signal
data captured for base calling over a 48hr period. Sequence data was generated from the raw
captured data using ONT specific software (Guppy 3.4) on a GPU enabled desktop PC.
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4.2.3

Short-read sequencing of amplicons

My collaborators at the Snutch lab at UBC performed the short-read sequencing of amplicons.
The generated gene-specific amplicons were short-read sequenced at the BC Genome Sciences
Center and data was provided back in SOLEXA format. Raw short-reads will be available
through the Short Reads Archive (SRA).
4.2.4

Processing short-read sequencing data

We reprocessed the rat transcriptomic data obtained in 4.2.3. Since these reads were in SOLEXA
format, we converted them into FASTQ format in order to run them through our short-read
RNA-seq pipeline.
The rat transcriptome reference was prepared using the “rsem-prepare-reference” script
provided by the software package "RNA-seq by expectation-maximization" in RSEM (Li and
Dewey, 2011). The assembly version used was Ensembl Rnor6.0, obtained through Illumina for
the iGenomes collection.
(https://support.illumina.com/sequencing/sequencing_software/igenome.html). Short-reads were
processed as single-end (no mate pairs) and aligned using the STAR aligner (Dobin et al., 2013)
version 2.4.0h. provided as input to the quantification scripts from RSEM v1.2.31. Default
parameters were used (with the exception of parallel processing and logging related options). I
used the count quantification matrix of splice junctions (SJ.tab.out) for analysis.
4.2.5

Determining splice variants using long read RNA-seq data and FLAIR

I aligned my long-reads for each sample to the Ensembl rat genome (rn6) using FLAIR,
downloaded July 2019, (Tang et al., 2018) and minimap2 (Li, 2018). With the addition of the
splice junctions found in the short-read data, FLAIR corrected the reads in each alignment file.
In short, this means that any novel splice junctions will be merged to an existing splice junction
111

if the junction is within a 10-nucleotide window of the existing junction. Finally, FLAIR
collapsed any reads having the same transcription start site and same splice junctions across all
samples into a single splice variant. FLAIR removed any splice variants without support from at
least 3 reads.
4.2.6

Definition of a functional Cacna1e splice variant

A gene with functionally distinct splice isoforms (FDSIs) is a gene where two or more splice
isoforms are necessary for the gene’s overall function. Experimentally, the depletion of each
individual isoform causes a phenotype. For the purposes of computationally characterizing a
candidate FDSI from Cacna1e’s splice variants, we defined a candidate Cacna1e FDSI: “a splice
variant evolving under selection (conservation) with all 4 pore-forming domains necessary for
calcium passage into the cell and is relatively appreciably expressed”. The requirement that the
splice variant has all 4 pore-forming domains implicitly means that that the splice variant must
have an open reading frame (ORF) of at least 6000 bp (2000 amino acids). Conserved splice
variants indicate that the splice variant is necessary for reproductive success, and sequence
conservation acts as a proxy for functional importance. In line with my work in Chapter 3, we
expect genes with FDSIs to have appreciably expressed splice variants, and I apply similar
criteria in this chapter.
This chapter focuses on Cacna1e splice variants; however, I had long-read data for four
other VGCC rat genes (Cacna1c, Cacna1g, Cacna1h, and Cacna1i). Splice variants for the four
other VGCC genes must still encode for a protein of at least 2000 amino acids that contain four
annotatable pore-forming domains. As I show later in Table 4.3, the splice variants detected for
three of the genes (Cacna1c, Cacna1g, and Cacna1i) did not meet my definition of a functional
VGCC. I also do not include methods and results for Cacna1h in this chapter because the
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transcript expected by our collaborators was missing, suggesting a problem at the data collection
step.
4.2.7

Annotating splice variants for Cacna1e

I adjusted my pipeline from Chapter 3 to be applied to Cacna1e splice variants. Primarily, this
change meant filtering for splice variants that could encode for a peptide of at least 2,000 amino
acids, and that peptide contained 4 annotatable pore-forming domains. My annotation pipeline
will be available in a git repository.
I subsetted the 6,252 splice variants from FLAIR to 2,110 splice variants for Cacna1e. I
then reduced all splice variants into their exons and identified the exons shared between splice
variants. Furthermore, I annotated any transcript that was not entirely found in Ensembl as novel.
I then annotated all exons with the number of MinION reads which support it based on the
FLAIR output.
As done in Chapter 3 for all genes and their splice variants, I annotated each Cacna1e
splice variant with an expression ratio. I calculated each splice variant’s expression ratio by
dividing the expression of the most expressed Cacna1e splice variant by the splice variant’s
expression.
I annotated all splice variants and their individual exons with their average PhastCons
(Siepel et al., 2005) and PhyloP (Pollard et al., 2010) basewise scores from a 20 vertebrate
species alignment, downloaded from the UCSC genome browser for build rn6 (Rosenbloom et
al., 2015). The average score for each exon was calculated using Kentutils. Since PhastCons
scores may produce false positives in identifying conservation in a small genomic region, I
normalized our PhastCons scores by the size of the exon. In order to determine if there was any
selection pressure upon the splice sites, I also annotated the average PhyloP conservation of the
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two intronic bases next to the 5’ side of the exon and the two intronic bases next to the 3’ side of
the exon (Pickrell et al., 2010).
Using TransDecoder (https://github.com/TransDecoder/TransDecoder) I predicted
translation products of the 2,110 splice variants from Cacna1e for any ORFs larger than 2,000
amino acids with a start codon. These ORFs do not necessarily contain a stop codon. I then
queried the Conserved Domain Database (CDD) with the translated sequences and annotated
each splice variant with the protein domain hits the database returned (Marchler-Bauer et al.,
2015).
I then performed homology searches against the GenBank nr database (Pruitt et al., 2007)
on all exons using NCBI’s tBLASTx (Camacho et al., 2009). First, I extracted the sequences for
all alternatively spliced exons. Each alternatively spliced exon’s sequence was concatenated with
the sequences of its flanking exons. The set of three exonic sequences was BLAST-ed against the
human, mouse, rat, zebrafish, fugu, coelacanth, lamprey and spotted gar data in the nr database.
We filtered our BLAST results using an e-value threshold of 0.0001, gap threshold of 30% or
less, query coverage threshold of 80% or more, and a percent identity threshold of 30% or more.
4.2.8

Visualization tool

We developed a visualization tool using R that uses three input files: a BED-formatted file of all
splice variants (FLAIR output), a tab-delimited CDD output file, and a CSV formatted file of
each splice variant’s expression. The visualization tool calculates, based on chromosomal
position and exon sizes, the set of similarly annotated exons that are preserved between all splice
variants of interest, and draws the result as a stack of aligned exon patterns. Since introns are
disproportionately large as compared to the exons present in Cacna1e splice variants, they are

114

shown schematically, just to illustrate exon use between splice variant. The tool and example
inputs are available online at https://github.com/jsicherman/IsoVision2.
4.3

Results

I profiled Cacna1e’s splicing repertoire in the rat thalamus using targeted MinION sequencing of
cDNAs. Our analysis encompassed 4,060,847 reads and initially yielded 2,110 potential splice
variants. The goal of the analyses we describe was to identify potentially functional isoforms and
to identify candidates that might contribute to the functional diversity of the gene.
4.3.1

Detection of candidate Cacna1e splice variants

I first filtered the data for reads that mapped to Cacna1e, yielding an initial pool of 2,110 splice
variants for Cacna1e that passed quality control (see Methods, Table 4.1 and Table 4.2).
However, of these 2,110 variants, only a subset is likely to code for a functional product. Their
median length was 5,725 nucleotides, still slightly below what we expect for an a1-subunit
splice variant (>6,000 nucleotides). About 53% of the reads supported a splice variant of at least
6,000 nucleotides. I used the number of reads that map to the same splice variant as a proxy for
the splice variant’s expression level. I observed a moderate correlation (Spearman r = 0.59)
between the size of the splice variants and the number of supporting reads per splice variant.
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NEC 10

NEC 90

GAERS 10

GAERS 90

# Reads

3,514,669

4,958,824

3,255,180

6,127,231

# Bases

20,259,569,128

23,582,737,080

19,092,042,421

31,856,992,171

31,356

31,356

17,311

5,773

Mean length of reads

5,764

4,756

5,865

5,199

Median length of reads

7,952

8,948

8,134

7,902

3,494,983

4,881,246

3,243,064

6,076,453

19,686

77,578

12,116

50,778

Mean read quality

10.50

9.80

9.90

9.90

Median read quality

10.80

9.90

10.20

9.70

Unmapped reads

Number of reads FLAIR
assigned to splice variants
Number of reads removed

Table 4.1 Summary of targeted MinION RNA-seq data.
All four samples were sequenced with PCR primers specific for Cacna1c, Cacan1e, Cacna1g, Cacna1h, and
Cacna1i. Column headings: NEC 10 – Non-epileptic control at 10 days, NEC 90 – Non-epileptic control at 90 days,
GAERS 10 - Genetic Absence Epilepsy Rat from Strasbourg at 10 days, GAERS 10 - Genetic Absence Epilepsy Rat
from Strasbourg at 90 days.

Cacna1e - Thalamus
# Reads

35,828,354

# Bases

1,898,902,762

Aligned reads

28,104,950

Unaligned reads

5,272,945

Median length of reads

50.0

Table 4.2 Summary of Cacna1e-targetted short-read RNA-seq data in rat thalamus

I determined how many of the a1-subunit splice variants had the translational potential
for a functional a1-subunit (Table 4.3, Figure 4.1). Only 238 of the 2,110 Cacna1e splice
variants were predicted to translate to a protein longer than 2,000 amino acids. Furthermore,
even fewer of these splice variants are likely to have an ORF with all four pore-forming
domains. Based on protein domain annotations from CDD, only 154 of the 238 Cacna1e splice
variants had an ORF longer than 2000 amino acids that span sequences for the four pore-forming
domains.
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Gene

Splice variants (minimap
alignment and FLAIR
processing)

Splice variants with ORF
≳2000 AA

Splice variants with 4 complete
pore-forming domains

Cacna1c

21

0

0

Cacna1e

2,110

238

154

Cacna1g

175

0

0

Cacna1h

715

102

37

Cacna1i

333

0

0

Table 4.3 Summary of putative splice variants detected in long-read RNA-seq data
Initial set of Cacna1e splice variants was 2,110 splice variants. Of those 2,110 splice variants, 238 contained an open
reading frame of 2,000 amino acids or greater. I further filtered these splice variants to 154 based on whether they
contain the four necessary pore-forming domains. While my focus in this chapter is Cacna1e, I provided the splice
variant data for four other VGCC genes. For three of these genes (Cacna1c, Cacna1g, and Cacna1i), all detected
splice variants did not have an ORF of at least 2,000 amino acids long.

Figure 4.1 The majority of detected splice variants did not contain an ORF of at least 2,000 amino acids
ORFs were defined as containing a start codon, but not necessarily a stop codon. The X-axis shows the distribution
of log10(ORF) lengths. The dashed blue line indicates the minimum size expected for a functional channel.
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4.3.2

Expression profiles of Canca1e splice variants

In my putative set of Cacna1e splice variants, I detected the splice variant characterized by
Soong and colleagues (Soong et al., 1993). None of the splice variants in our long-read data
matched the transcripts reported in Ensembl, including the sole Ensembl transcript that codes
with an ORF over 2000 amino acids (ENSRNOT00000003928). This remained the case even
after inspecting the MinION data at the raw read level to ensure that data relevant to this
transcript had not been filtered out by my processing pipeline.
Using the number of reads mapped to each splice variant as a proxy for splice variant
expression, I observed that the top four splice variants were expressed at similar levels (Figure
4.2). These four most expressed splice variants had an expression ratio of less than 2 (Figure
4.2A). The most abundantly expressed Cacna1e splice variant matches the splice variant
structure and protein sequence of the Soong et al. splice variant (Soong et al., 1993). I mapped
498,616 reads to the most abundantly expressed splice variant, while the second most abundantly
expressed splice variant had 435,458 reads. The top four splice variants contributed similarly to
Cacna1e’s total expression among the 4 samples: 12.2%, 10.7%, 8.8%, and 6.5% (Figure 4.2B).
However, when stratifying number of reads per splice variant by sample, I observed that the
Soong et al. splice variant is the most abundant splice variant in our GAERS90 and NEC90
samples, and fifth most abundant in GAERS10 and NEC10 (Figure 4.2C).
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Propotion of total reads
assigned to splice variant

Count of splice variants

A

B

40

20

0
0

1

2

3

0.125
0.100
0.075
0.050
0.025
0.000

4

log10(Expression ratio)

1

2

3

4

5

6

7

8

9 10

Cacna1e splice variant
expression rank

C

Sample−specific
expression rank

20

Sample

15

G10
G90
N10
N90

10
5

1 2 3 4 5 6 7 8 9 10

Total Expression Rank
Figure 4.2 Cacna1e has four similarly expressed splice variants
A) Four splice variants have an expression ratio of less than 2. Each splice variant’s expression ratio is calculated
by the most expressed splice variant’s expression divided by the splice variant’s expression. The dotted line
indicates where the expression ratio would equal 2. B) Top 10 most expressed Cacna1e splice variants pooled
across all samples. The X-axis shows the rank of the splice variant based on expression. The Y-axis shows the
proportion of the splice variant relative to Cacna1e’s total expression. C) Cacna1e splice variants rank in each
sample. X-axis show expression rank for splice variant summed across all 4 sample, while Y-axis shows the splice
variant expression rank for each sample. Sample is indicated by color. G10 is Genetic Absence Epilepsy Rat from
Strasbourg at 10 days, G90 is Genetic Absence Epilepsy Rat from Strasbourg at 90 days, N10 is non-epileptic
control at 10 days and N90 is non-epileptic control at 90 days. Example: the splice variant at expression rank 1
summed across all 4 sample is the most expressed splice variant G10 and N10. However, for samples G90 and N90,
that same splice variant is at rank 4 and 5 respectively.

In order to assess the potential functional diversity of Cacna1e splice variants, we
downloaded the protein sequence for Ensembl Cacna1e (ENSRNOP00000003928) and the
Cacan1e splice variant characterized by Soong et al. (1993). We annotated protein domains as a
guide for analyzing our Cacna1e splice variants (Figure 4.3). Both sequences contained the four
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pore-forming domains necessary for calcium influx. Furthermore, the Ensembl sequence and the
Soong et al. sequence contained the GPHH and IQ domains (GPHH – pfam16905 and
Ca_chan_IQ – pfam08763 respectively) necessary for Ca-calmodulin regulation of channel
activity (Van Petegem et al., 2005).
Expression
(reads)
498,616
435,458
360,132
262,713
1

Transmembrane

2-8

GPHH

9 10

11-18

19

20-22

23-38

39-40 41-42 43-44 45 46-47

48

IQ domain

Figure 4.3 Structure of top 4 most expressed splice variants.
Red indicates a pore-forming domain annotation from CDD (Ion_trans – pfam00520). Blue and purple indicate
calmodulin-binding domain annotation from CDD (GPHH – pfam16905 and Ca_chan_IQ – pfam08763,
respectively). Y-axis is the expression for each splice variant as total number of reads, X-axis is exon number.
Visualization was done using IsoVision.

4.3.3

Cacna1e splice variants contain a conserved cassette exon 19 and 45

I further prioritized Cacna1e’s 154 splice variants based on our splice variant-level conservation
and expression annotations. I detected 37 splicing events in our 154 Cacan1e splice variants, six
of which were previously found by our collaborators (Figure 4.4). The three most commonly
occurring cassette exons in Cacna1e splice variants were: skipping of exon 10 (40% of reads),
insertion of exon 19 (40% of reads), and skipping of exon 45 (45% of reads).
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Figure 4.4 Impact of splicing on channel structure of 6 previously known cassette exons on 154 Cacna1e splice
variants with 4 transmembrane domains
Six cassette exons were detected in our data and previously reported in the literature. Here we show where each of
these six cassette exons would likely impact the channel, and the percentage of reads that do not contain the exon.
Channel figure was created by Dr. John Tyson, and I annotated image with cassette exons.

The sequences of exons 10, 19 and 45 are all highly conserved with a PhyloP score over
1.3. The question is whether skipping these exons is an inherent aspect of function of the gene, or
simply due to splicing errors. I investigated whether the exclusion of these exons was conserved;
that is whether transcripts lacking these exons are present in other species. I performed a BLAST
analysis where we checked whether the protein sequences for each exon together with their
flanking exons (i.e. exons 9-10-11, exons 18-19-20, and exons 44-45-46) were present in
transcribed sequences in other species. I found evidence of conservation for exon 19 and exon 45
within the jawed-vertebrate phylogeny (fish, rodents and human), but only evidence of
conservation for exon 10 skipping within the rodent and human phylogeny. This is consistent
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with the potential for skipping of these exons having a conserved function, but as I discuss later
the interpretation is not straightforward due to the potential for conservation artefacts.
4.3.4

Novel Cacna1e splicing events

The 154 Cacna1e splice variants that had the translation potential to encode a functional VGCC
contained a total of 31 splicing events novel to my collaborators (in various combinations), and I
could not find any literature reports of 25 of them. In total these splicing events affect less than
11% of the 154 splice variants (17 splice variants), and the splice variants that contained these
splicing events accounted for less than 10% of the total reads. I investigated whether there was
any conservation of these novel splicing events and whether there was any impact to the protein
domains. Sixteen of the splicing events involve exons in a pore-forming domain; however, they
did not affect the CDD annotation for the pore-forming domain. Two splicing events are the
cassette exons encoding for the GPHH and IQ domain. The seven remaining splicing events are
the exons in the N- or C- termini, or in the linker regions.
One subclass of variants (14/153) is predicted to result in the lack of a complete
calmodulin-binding domain. The most expressed splice variant lacking a complete calmodulinbinding domain contributed to ~0.02% of Cacna1e’s total expression (832 reads). Notably, many
of these splicing events are found in other species: one is conserved across jawed vertebrates,
nine conserved within mammals, and two conserved only within a rodent phylogeny.
4.4

Discussion

In this chapter, I describe the splicing repertoire for voltage-gated calcium channel gene (VGCC)
Cacan1e using novel targeted long-read RNA-seq data from the rat thalamus. I then prioritized
how much potential Cacna1e’s transcriptional diversity has for functional diversity. This chapter
represents a necessary step towards bridging the gap between claims that alternative splicing
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vastly increases the functional diversity of VGCC genes and the evidence-based reality of noisy
splicing. Though I focused on a specific gene, the approaches we used to computationally assess
the biological relevance of splice variants would be applicable to many genes (Chapter 3),
helping to bridge the gap between raw measures of transcriptional diversity to estimates of
functional diversity.
While I detected 2,110 different splice variants for Cacna1e, my analysis suggests that
the large majority of these are unlikely to be biologically relevant. In particular, only 7% are
predicted to plausibly encode for a functional α1-subunit. Of the remaining 93%, only
1,273/1,965 (~68% of the total) have an open reading frame of at least 30 amino acids.
Furthermore, these 1,965 likely non-functional splice variants account for 38% of the gene’s
total expression. One may wonder why I dismiss these shorter, lowly expressed splice variants as
biological noise rather than removing them at an earlier quality control step as technical errors
introduced in the library preparation or sequencing. The fact is that other studies include such
fragments in support of their claims of functional importance of widespread alternative splicing
(Tang et al., 2020; Workman et al., 2019). To avoid opening myself to criticism of filtering them
out inappropriately, I begin from the liberal assumption that these Cacna1e splice variants exist
in the cell. By annotating these splice variants based on ORF length, I provide a more specific
reason to doubt their functional importance, leading to exclusion of 93% of the splice variants.
As I discussed in Section 1.3, the observation of splice variants that do not encode for
functional products agrees with extensive evidence that RNA splicing is imprecise, such that
much “biochemical noise” is produced and which can be captured by modern sensitive molecular
biology methods even when present at low levels (Pickrell et al., 2010; Saudemont et al., 2017;
Tress et al., 2017b; Zhang et al., 2009). While I cannot formally exclude the possibility that any
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of the non-channel-encoding splice variants have a function, for follow-up studies I feel it is
appropriate to prioritize splice variants for which the most plausible case for functionality can be
made.
A further distinction of interest is among splice variants that have different and required
functions from one another, what I call FDSIs in previous chapters. Computational analyses
cannot establish FDSIs, but I applied methods that provide a prioritization. While I detected 154
“full-length” splice variants for CACNA1E, evidence from domain analysis, expression and
homology focuses my attention – as it did in Chapter 3 – on a subset of splice variants involving
cassette splicing events for exons 10, 19 and 45 in various combinations. I believe the functional
consequences of these three exons are worthy of follow-up.
I failed to find any literature discussing the functional effects of exon 10, and our BLAST
results mapped to a direct GenBank submission without any associated studies (Human NCBI
Reference Sequence: XM_017002244.1). The splicing of exon 10 impacts the linker region
between the pore-forming domains I-II, the part of the channel where β-subunit (Cacnb1 genes)
interacts with the α1-subunit (Cacna1 genes) to chaperone the VGCC to the cell membrane
(Gonzalez-Gutierrez et al., 2010). The Conserved Domain Database (CDD) does not contain the
“AID motif” where the β-subunit interacts with the α-subunit. Consequently, my interpretation of
whether the skipping of exon 10 impacts channel function remains limited.
Both Williams et al. and Schneider et al. reported the cassette splicing of exon 19 in 1994
(Schneider et al., 1994, 2020; Williams et al., 1994). Williams and colleagues showed that splice
variants that contained exon 19 changed channel inactivation times. We could not access
Schneider and colleagues’ publication, though our BLAST results led us to their GenBank
submission (GenBank: L29385.1). The effects of splice variants that contain exon 19 on cell
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current were later characterized in HEK293 cells and human pancreatic cell lines (Pereverzev et
al., 2002; Vajna et al., 2001). Finally, when investigating the alternative splicing of a different,
but functionally similar VGCC gene, Cacna1b, Gray and colleagues noted that Cacna1b and
Cacna1e both had an alternatively spliced 19th exon (Gray et al., 2007). Given the conservation
of exon 19 and the location of the exon between domains II and III in both Cacna1b and
Cacna1e, Gray and colleagues hypothesized that the exon has an important regulatory role for
channel function. Based on RT-PCR, exon 19 was more present during fetal development than
postpartum, and the expression was distinctly absent in the peripheral nervous system (Gray et
al., 2007). Our results provide more transcript structural context for the previous analyses of
exon 19 and the combination of which exons splice with exon 19 will be useful for future followup.
While our BLAST results for exon 45 mapped to direct GenBank submissions without
any associated study (Human GenBank: AH009158.2, AL161734.12, NG_050616.1), we found
literature reporting the cassette splicing of exon 45. Williams and colleagues report the existence
of a human CACNA1E splice variant that lacks both exon 19 and exon 45, and another human
splice variant that lacks only exon 45 (Williams et al., 1994). In the same study, they also
provide evidence that mice have splice variants that lack exon 45. Based on their expression
profiling, CACNA1E splice variants that lack exon 45, but have exon 19 is the major neuronal
splice variant. Based on patch clamp experiments in HEK cells, Williams and colleagues
concluded that exon 45 influences channel inactivation times. These electrophysiological
findings were further strengthened in future studies (Olcese et al., 1994; Pereverzev et al., 2002).
Furthermore, exon 45 has been reported to contain de novo variants causing epileptic
encephalopathy (Helbig et al., 2018).
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The splice variants we observed for Cacan1e and exon 45 somewhat differs from
previous studies. The most expressed splice variant in our rat thalamus data lack exon 19 but
contain exon 45. This splice variant was previously characterized by Soong and colleagues in the
rat brain (Soong et al., 1993). Furthermore, my two most expressed splice variants lack exon 19,
but have exon 45. My third most expressed splice variant has exon 19 but lacks exon 45. The
human and mouse splice variants first described by Williams and colleagues lacked both exon 19
and 45, or lacked only exon 45.
Given the potential role of exon 45 in disease and the strong conservation of the exon
45’s cassette splicing, exon 45 may be interesting for further follow-up. Do humans, mice, and
rats utilize Cacna1e splice variants differently? Can Cacna1e have a functional channel if the
correct combination of exons is present? Or is the strong conservation of skipping exon 45 an
artefact of our conservation approach? The full repertoire of Cacna1e’s splice variant provides
the field with a list of splice variants and their transcript structure to investigate this further.
My study has some important caveats and limitations. Though others have used PCRbased strategies to estimate expression level, our PCR-based strategy to isolate CACNA1E splice
variants is not necessarily expected to lead to accurate expression level estimates for different
splice variants, so my relative abundance estimates should be viewed with some caution (Clark
et al., 2019). The use of PCR primers targeting the ends of the only annotated CACNA1E ORF
means that I would not detect splice variants containing potential alternative translation starts
and stops, or alternative transcription starts and stops. Another limitation is that we only studied
the thalamus, and the splice variants in other brain regions could be different. Furthermore, with
only one sample per condition, and the potential for bias in quantification in cDNA samples
which were PCR amplified, I was unable to confidently assess differences in splice variant
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expression in the GAERS model. Finally, while I used conservation of exon skipping events as a
way to evaluate the potential for functional relevance, there is an important caveat. The
imprecision of splicing is present in all species. Thus, I cannot exclude the possibility that
observation of an exon skipping event in another species’ transcriptome is simply the result of
chance capture of an “erroneous” isoform. This is made clearer by the observation of
“conserved” splicing events that would result in a non-functional channel. Given these
limitations, I view this study as prioritizing a set of putative FDSIs for CACNA1E, and further
high-throughput and low-throughput investigations are required to establish their roles or
importance.
4.5

Conclusions

My work with CACNA1E demonstrates the importance of providing a gene-specific splicing
profile using targeted long-read RNA sequencing. I provided transcript structures for 2,110
Canca1e splice variants that was previously missing in our genomic databases. Furthermore, my
prioritization using splice variant expression and conservation helps point the field towards
potentially interesting splice variants. For Cacna1e, the prioritization using expression and
conservation provided a mixture of splice variants that have been functionally investigated in the
literature (e.g. splice variants containing exon 19) and splice variants without any literature
validation (e.g. splice variants containing exon 10). The splice variants I detected will provide a
foundation for future research into VGCCs for both basic research and therapeutic studies.
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Chapter 5: Conclusion
Nearly all mammalian genes have multiple splice variants, but we do not know the function of
most of these splice variants (Pan et al., 2008; Wang et al., 2008a). Despite this gap in
knowledge, many tout alternative splicing as a key driver of proteomic and functional diversity
in the mammalian genome, and even the basis of human exceptionalism (Blencowe, 2017;
Kelemen et al., 2013; Li et al., 2014; Ryu et al., 2017; Shabalina et al., 2014). Our genomic
databases continue to gain more splice variants, and a plethora of computational studies are
dedicated to predicting the functional consequences of alternative splicing. These studies include
machine learning-based splice variant function prediction, splice variant regulatory networks,
and exon-based ontologies (Li et al., 2016; Tranchevent et al., 2017). Most of these studies are
based on the assumption that alternative splicing vastly increases genomic functional diversity.
My thesis takes an alternative position to investigate alternative splicing function. The
noisy splicing model is based on evidence that implies that most splice variants are nonfunctional. If most splice variants are non-functional, then it is unlikely that most genes have
functionally distinct splice isoforms (FDSIs) (Light and Elofsson, 2013; Pickrell et al., 2010;
Tress et al., 2017b; Zhang et al., 2009). Yet, we know of genes with FDSIs. My thesis attempts
to prioritize the genes most likely to have FDSIs, in light of the noisy splicing model.
In Chapter 2, I used manual literature curation to determine which genes have literature
support for FDSIs. After curating the literature for 743 human and mouse genes, I provided the
field with a gold-standard set of 43 genes with FDSIs. Overall, I concluded that the claim that
alternative splicing vastly increases the functional diversity of the genome is extrapolated from a
limited number of cases. I also point towards a disconnect between our genomic databases and
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the experimental literature. As many alternative splicing computational tools use genomic
databases, my results suggest that these tools may be built on missing data.
In Section 1.4.2, I outlined the debate between Tress et al. and Blencowe about proteomic
evidence for most splice variants. In addition to the points that Tress et al. raised, I had concerns
with Blencowe’s critiques based on my Chapter 2 results. Blencowe refers to “hundreds of
examples” in the literature supporting the functional contributions for specific splice variants. In
Chapter 2, though we curated all the examples cited by Blencowe (2017), we failed to find the
level of literature support he claimed (Bhuiyan et al., 2018). Furthermore, at least 15% of the
studies Blencowe referred to were about NMD-targeted splice variants which are not likely to
play role in the functional diversity of a gene.
In Chapter 3, I annotated splice variants found in long-read transcriptomes, and
prioritized genes most likely to have FDSIs, in line with the noisy splicing model and my
literature curation. From 6,799 genes, I prioritized a set of 79 genes. For some genes, like
Tpd52l1, I was able to find literature that at least provides suggestions for why the splice variants
would be functionally distinct. Other top candidates, such as Gstz1, are more novel in that it is
difficult to develop an informed hypothesis about why it would have FDSIs, since the predicted
protein structures of the variants were identical. I hypothesized that differences in expression
pattern may be relevant in this case. In general, genes like Gstz1 are perhaps the most interesting
genes from my prioritization process because the functional consequences of their multiple splice
variants have yet to be explored.
In Chapter 4, I annotated splice variants found in a novel long-read transcriptomic
dataset, targeted for Cacna1e in the rat thalamus. A key difference between Chapter 4 and
Chapter 3 is that we have detailed a priori knowledge of Cacna1e function, and therefore I can
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evaluate the splice variants in more detail. Cacna1e requires four pore-forming domains, and an
amino acid sequence of at least 2000 residues. This information alone reduced the likelihood of
functionality for 1,946/2,100 observed splice variants. Furthermore, there is a growing interest in
the field for targeted transcriptomics of voltage-gated calcium channel genes using long-read
sequencing (Clark et al., 2019). The work done in Chapter 4 serves the field with annotation of
Cacna1e’s splicing profile that can directly inform downstream studies of the gene’s function.
Some might consider the general findings from my thesis to be negative, in that I found
evidence of FDSIs for very few genes, and in the case study of Cacna1e, only a few transcripts
are likely to be worthy of interest. However, I interpret these findings as positive, both in the set
of candidates identified, but also in clarifying the functional landscape of transcription in light of
the knowledge of evolution, protein structure, and the fidelity of splicing.
5.1
5.1.1

Strengths and limitations of research
Strengths

In Chapter 2, I intentionally biased the curation for literature evidence of genes with FDSIs
towards well-studied genes both in the context of alternative splicing and genomics. By targeting
our curation for well-studied genes, I likely increased our chances of finding genes with
literature evidence of FDSIs. Along with the benefits of biasing my curation this way, it
introduced a limitation to the interpretation of my results (see limitations in Section 5.1.2).
My research in Chapter 3 and 4 benefitted from the use of long-read data. Previous work
in alternative splicing predominantly uses short-read data. Computational pipelines for short-read
data have issues with predicting transcript structure. Thus, I have more confidence in my
transcripts. Processing short-read data is also tethered to previous annotations in genomic
databases, and the detection of novel transcript structures is difficult to do with confidence.
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Another strength of my work is that I do not limit myself to isoforms reported in sequence
databases. In Chapter 2, I reported that one-third of genes have FDSIs in the literature that are
not found in Ensembl, exposing a problem with reliance on reference transcriptomes. Indeed, in
Chapter 3, I reported that 95% of splice variants were not found in Ensembl, and in Chapter 4,
none of the Cacna1e splice variants were present in Ensembl (not even the “primary” transcript
reported in the literature since 1993). Thus, the vast majority of my splice variants are likely
novel to computational databases. Other long-read based investigations echo similar claims about
splice variants novel to computational databases.
5.1.2

Limitations

In Chapter 2, I biased the curation for well-studied genes. While this bias is beneficial, it also
creates an interpretation problem. The 43 genes with FDSIs have conserved, appreciably
expressed splice variants that have evidence of translation. In general, well-studied genes are
conserved, appreciably expressed, and encode for a protein, presenting a confound which means
extrapolating from those 43 genes to the entire genome must be done with some caution. Chapter
3 was in part designed to remedy this gap by applying reasonable criteria to seek evidence of
FDSI genes at scale, but like any computational predictions they should be taken as informative
for future studies, but not definitive.
When we manually curated the literature in Chapter 2, I assumed that the investigators
designed an appropriate experiment for the gene’s splice variants, and performed the experiment
correctly. However, if one were to assess the studies for the 43 genes with literature evidence of
FDSIs, the quality and extent of the experimental evidence may vary. For example, not all
studies included controls for the specificity and effectiveness of siRNAs, and studies that do
might be considered more convincing. Other experimental aspects to assess these studies can
131

include the appropriateness of the control experiments, whether the investigators tested the
correct phenotype, and if the correct statistical test was used. In the absence of a high-quality
study, the number of studies confirming the result, or the conservation of the FDSIs are another
source of confidence. I did not consider these factors in considering whether a paper met the
threshold for evidence for FDSIs, preferring not to make judgement calls and taking the authors’
claims at face value. Nevertheless, the enumeration of these factors (Table D.1 in Appendix D)
confirms that the extent of the evidence is greater for some genes with FDSIs. While somewhat
subjective, in my view, this suggests that some of these genes could be false positives.
For Chapter 3, I was limited in the availability of long-read MinION sequencing data. In
comparison to short-read data, my analysis did not have comparable sequencing depth, nor
number of tissue types. Consequently, I only detected splice variants for about a third of proteincoding genes. Nevertheless, the sequencing depth and the number of tissue types is comparable
to current long-read data, whether MinION or PacBio. Most long-read studies detect multiple
splice variants for 6,000 to 7,000 genes. As such, Chapter 3 should be compared not only to
short-read RNA-seq studies, but other long-read RNA-seq studies as well.
Only one gene with literature support for FDSIs from Chapter 2 emerged as a prioritized
gene with FDSIs in Chapter 3. I believe that this is a consequence of the aforementioned
limitations of my long-read data because I could not detect the majority of the genes and their
FDSIs. In Table D.1, I have enumerated the protein domain annotations and conservation
annotations of the 43 genes with FDSIs from Chapter 2. Only one gene (Oprm1) was not
annotatable using CDD protein domains, but three genes (PML5, Lpin1 and Sirt3) do not have a
discriminating exon with a PhyloP score greater than 1 (my threshold). As I discussed in Chapter
3, this may reflect a limitation in PhyloP scores or the CDD. It may also indicate that the
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literature support for the gene with FDSIs was based on problematic results. Regardless, the
majority of genes with FDSIs from Chapter 2 would pass my protein domain and conservation
thresholds in Chapter 3. This suggests that if I had detected them in my long read data, I would
have likely prioritized these genes.
One limitation to Chapter 3 and 4 is the use of expression levels computed from
relatively low depth long-read data. If these estimates are inaccurate, it would potentially impact
my prioritization based on expression levels. Ideally, the expression levels of prioritized genes
and their splice variants would be validated using more accurate approaches. This would help
delineate between actual transcripts, and potential technical artefacts detected by the MinION
sequencer. Furthermore, this would ground gene expression metrics from MinION sequencing to
a common laboratory technique. I believe this would not only benefit my work, but also work
across the alternative splicing field as we continue to study splice variants using long-read
sequencing. For example, the study describing FLAIR, the tool I use to quantify splice variant
expression in Chapter 3 and 4, did not validate their splice variant expression levels (Tang et al.,
2018). Furthermore, in a targeted transcriptomic study of human CACNA1C, the investigators
did not validate splice variant expression (Clark et al., 2019). In order for us to best use long-read
sequencing for splice variant function, appropriate validation must become a field standard, at
least until the properties of the method are better understood.
In Chapter 3 and 4, my evaluation of splice variants using functional genomics is
dependent on specific functional genomic annotations. Thus, any limitations of the different
annotations will limit my prioritization approach. To alleviate these limitations, I maintained
reasonably loose annotation thresholds. For example, in order for a gene in Chapter 3 to be a
candidate with FDSIs, the gene had to have two splice variants with an open reading frame of at
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least 30 amino acids long. Most proteins are 300 amino acids long, and many would define a
reading frame with fewer than 100 amino acids as a small ORF (Couso and Patraquim, 2017). In
Chapter 4, I used a threshold of 2,000 amino acids to determine whether the Cacna1e splice
variant could encode for a likely functional channel. However, the smallest Cacna1e protein I
found in the literature or in UniProt was ~2,200 amino acids (Bateman et al., 2017). Despite
maintaining loose annotation thresholds, my prioritized set of genes with FDSIs remained low in
Chapter 3, and my filtering still eliminated most Cacna1e splice variants in Chapter 4.
5.2

Applications of research findings

As with many in silico studies, an immediate application of my research findings will be wet-lab
validation. Ideally, the experimental validation would be aimed for providing evidence that a
gene has FDSIs. This application would not only improve our understanding of the functional
consequences of alternative splicing, but would also change our knowledge of the gene’s
function.
For Chapter 2, my literature curation for genes with FDSIs helps the field quickly
identify the extent to which a gene’s splice variants have been explored. For example, we
classified 88/743 genes as having “potentially positive” literature evidence of FDSIs. This
“potentially positive” annotation was from two scenarios. The first scenario was when
investigators depleted one splice variant for a gene, and no other splice variant was depleted. The
second scenario was when investigators simultaneously depleted multiple splice variants for a
single gene, but they did not deplete all the gene’s splice variants. Either scenario could be
promising evidence towards FDSIs but could also turn out to be cases of functional redundancy.
We do not know the functional consequences of most splice variants, and my work in
Chapter 3 provides direction towards some promising genes with multiple functional splice
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variants. In Chapter 3 of my thesis, I prioritized a set of 79 genes likely to have FDSIs using
functional genomic annotations. Nearly all of these genes (78/79) do not appear to have previous
suggestions that that they would be likely to have FDSIs by the criteria set in Chapter 2. Besides
protein domain annotations, my annotations do not explain “why” the gene would have FDSIs.
For example, one prioritized gene, Tpd52l1 has previous literature evidence suggesting that
different exons change the TPD52L1 protein’s binding partners, and eventual molecular
pathways. Given my annotations and this literature, I hypothesized that Tpd52l1 has FDSIs to
function in distinct molecular pathways. In contrast, another prioritized gene, Gstz1, does not
have comparable literature. Regardless, Tpd52l1, Gstz1, and the remaining prioritized genes
require ex silico evidence to be considered genes with FDSIs. Furthermore, with additional
tissue-specific long-read data, my annotations could provide tissue-specificity of expression, and
thus non-redundancy in function. Currently, I have data for only the mouse brain and liver, and
even within the liver transcriptome, I only have 2 samples. Previous claims of tissue-specific
splice variant function were based on short-read data from GTEx (54 tissues/15,253 samples), or
Illumina BodyMap (16 tissues/48 samples), and comparable long-read data would be desirable
(Gonzalez-Porta et al., 2013; Lonsdale et al., 2013).
In Chapter 4, I investigate the splicing profile of rat Cacna1e, and provide support for its
candidacy as a gene with FDSIs. The next step is for an ex silico validation: siRNA experiments
that individually target the topmost expressed splice variant and the second most expressed
splice variant, and determine whether either depletion causes a change in phenotype. Based on
previous literature, the change in phenotype will be based on channel activation time. In Chapter
2, we found literature evidence for FDSIs for another member of the Cacna1 family, Cacna1b. If
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ex silico experiments verify that Cacna1e has FDSIs, this would support the non-interchangeable
model of alternative splicing evolution following gene duplication (Abascal et al., 2015c).
5.3

Future directions

Hypothetically, an increase in genes with FDSIs in the literature would lead to many exciting
areas of research. For example, one could build a machine learning classifier to predict more
genes with FDSIs, investigate the regulation of genes with FDSIs, or a build a transcriptomewide network for the genes with FDSIs. While I believe these ideas will eventually answer
important questions, it is unlikely we will see a large increase in genes with FDSIs in the
literature. Certain challenges, such as determining the correct function to test in an assay or
producing a high-throughput assay, remain. Thus, for the remainder of this section, I will discuss
ideas that are more immediately feasible.
A central discussion about alternative splicing and functional diversity is finding
evidence of translation of RNA-seq splice variants. Whether with ribosomal profiling data, or
with mass spectrometry, investigators look to determine whether short-read splice variants have
evidence for translation (Chait, 2006). As we generate more long-read datasets, an interesting
future direction could be determining how many long-read splice variants have translation
evidence in an aggregated set of ribosomal profiling data, or mass spectrometry data. In brief,
using long-read splice variants, one could build a putative protein database. Then, using reads
from ribosomal profiling data, or peptides from mass spectrometry data, one would “align”
reads/peptides to the putative protein database.
Some investigators claim that many splice variants are species-specific innovations, that
is, they evolve under positive selection (Blencowe, 2017; Ramensky et al., 2008). As I described
in section 1.6, due to the low effective population size of mammals, it is extremely unlikely that
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most or even many species-specific splice variants are evolving under positive selection. Studies
have indicated that less than 2% of human genes evolve under positive selection (Kelley et al.,
2006; Pickrell et al., 2009). However, a limited number of splice variants could evolve under
positive selection, which is an interesting avenue for future research. In order to properly test for
positively selected for splice variants, we would require massive amounts of population variation
data (Tress et al., 2017a). Fortunately, the latest update to the gnomAD project may be useful
here (Karczewski et al., 2020). Genomic features that evolve under negative (conservation) or
positive selection tend to have low variation. In brief, we can divide splice variants into two
groups: splice variants that are present in multiple species (negative selection, or conservation),
or splice variants present only in humans. If any of the splice variants present only in humans
have a similar level of intra-species variability to conserved splice variants, this may indicate that
the splice variants evolve under positive selection. This potential investigation would not only
find more interesting cases of genes with FDSIs, but also point towards genes experiencing
adaptive functional changes in the human lineage.
For my thesis, I defined genes with FDSIs in the context of wildtype function. An
interesting future research direction would be to explore alternative splicing in the context of
disease. This idea stems from the early ENCODE discussions of function where function could
be defined in an evolutionary context, a clinical context, and a biochemical context. My
definition of functional fits best with the evolutionary context of function – a splice variant that
is necessary for the overall function of a conserved gene would be more likely to affect
reproductive success. In contrast, each of my research chapters could be expanded to explore the
clinical context, where a lowly-expressed, non-conserved splice variant in the wildtype condition
might be upregulated in a disease condition. In such a scenario, a transcript might become
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functional in a way that is detrimental to the organism (Bergsma et al., 2017; Evrony et al.,
2017). Thus, the work in Chapter 2 could be expanded to curate such situations. Equivalent
studies for Chapter 3 and 4 could be done as well by using disease-specific long-read datasets
(Minervini et al., 2020). This type of investigation would potentially lead to identifying splicing
or transcript expression disruption which contributes to disease.
RNA splicing is just one of at least 100 posttranscriptional modifications (Liu and Zhang,
2018). The concept of noise has been explored with other posttranscriptional modifications
besides splicing. Just like splicing, previous studies have challenged the idea that different
posttranscriptional modifications vastly increase genomic functional diversity. For example,
based on conservation metrics, RNA editing is likely nonfunctional for most genes (Xu and
Zhang, 2014, 2015). Similar conclusions have been drawn for alternative polyadenylation,
alternative transcription initiation, and RNA methylation (Li and Zhang, 2019; Liu and Zhang,
2018; Xu and Zhang, 2020; Xu et al., 2019). But as for splicing, there are known cases where
these processes do have a functional role, suggesting that there may be more such cases to
discover, even if they are rare. Given appropriate data, one could reapply the types of approaches
I used in my research to any one of these posttranscriptional modifications. Doing so would
result in prioritizing genes where posttranscriptional modifications are more likely to be
interesting to study.
5.4

Final remarks

This thesis investigates the claim that alternative splicing vastly increases the functional diversity
of the genome in the context of noisy splicing evidence. While my main goal was to aid the field
in identifying novel genes with FDSIs, a secondary goal was to explore the common claim that
genes with FDSIs are the norm. In agreement with my hypothesis, my results provide more
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support for the noisy splicing model. My thesis shows that it is challenging to find support for
genes with FDSIs – either from the literature, or from computational analysis. If the functional
diversity caused by alternative splicing is allegedly so vast, it now seems reasonable to ask where
the evidence is, that is, to shift the burden of proof on the positive claims. In the meantime, my
work can help scientists who tend to take the statement that “splicing vastly increases functional
diversity” at face value understand the lack of evidence for that claim.
The tendency for molecular biologists to treat every observable molecular trait as
functionally important is common, despite this claim being consistently challenged (Doolittle,
2018; Doolittle et al., 2014). As novel sequencing platforms identify ever more transcripts and
post-transcriptional modifications with increased sensitivity, it becomes paramount that
experimental and computational biologists understand that biochemical processes are inherently
noisy, and that this noise makes its way into the data. Not everything observed is important and
having this in mind can help appropriately (or at least most impactfully) focus scientific
resources. I believe that my thesis aids this education by providing the field with the genes likely
to have FDSIs, rather than stopping with just a list of genes that have multiple detected splice
variants. Obviously, nothing prevents researchers from pursuing all genes with multiple detected
splice variants. There are clearly interesting genes with FDSIs waiting to be discovered.
However, the clear prediction from my work is that the yield will be low.
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Appendices

Appendix A Supplementary material for Chapter 2
A.1

Curation standards (Filling in master spreadsheet)
1. Double check the Master Spreadsheet to ensure that the paper you have curated has not
already been curated
2. If paper is a review article fill in all columns with NAs with the exception of study type
and PubMed ID. Fill in PubMed ID with study’s PubMed ID and study type with “review
article”.
3. Not that even if the species is not of interest (i.e human or mouse), we still will curate the
experiment
4. Identify investigated gene(s). Fill out gene column with the NCBI gene name and the
PMID with the article’s PubMed ID
a. If multiple genes are investigated, then one row per gene
b. If a paper does not have a PMID, enter in the citation for the paper
c. The gene name should be written to the standards of the organism in which the
isoforms are endogenously expressed.
5. Identify number of splice isoforms for the investigated gene. Identify the names of the
splice isoforms if possible.
a. This is reported by the authors but may be different from the number of splice
isoforms they actually test in the experiment.
b. Fill out “# of splice isoforms” column and “isoform name” column
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6. Identify if the paper is actually about identifying the function of the gene’s endogenously
expressed splice isoforms.
a. Splicing papers in the pipeline are sometimes not about the gene’s splice splice
isoform’s function, but regulation of the alternative splicing of that gene.
i. This can be further confusing if the investigated gene is a splicing
regulator. Sometimes, these splicing regulators have splicing isoforms
whose function is being investigated.
1. If the study is about the regulation of the splice isoforms and not
function, then make a note of this in the “Evidence of
Functionality” column. Fill out the remaining columns as NA. Stop
curating the study.
b. Endogenously expressed isoforms are the ones that are expressed in a healthy
wildtype population
i. Splice isoforms expressed solely in a disease condition is not what we are
looking for. E.g. in cancer we observe novel splice isoform expressions
and we do not report on this.
1. If the study is about disease-associated splice isoforms, make a
note of this in the “Evidence of Functionality” column and mark
the “Isoform causes a disease” column as yes. Fill out the
remaining columns as NA and stop curating. Annotate “study
type” column as “disease association”.
ii. This can be further complicated if the upregulation of an endogenously
expressed splice isoform causes a disease. Certain studies can identify a
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splice isoform that is necessary for the overall function of the gene at the
wildtype expression level but at an upregulated level, there’s a disease
phenotype. We are still interested in these splice isoforms.
1. Another source of confusion is that often time a lowly expressed
wildtype splice isoform can be slightly detrimental but has not
effect on the cell as it is lowly expressed. But when the splice
isoform is upregulated or an overexpression study, a disease is
caused because now the splice isoform is abundant.
7. Determine which splice isoforms the authors use for their experiments and whether or not
the authors are claiming the splice isoforms are functional.
a. Fill out the “# of function isoforms” column
8. Determine the organism the splice isoform has been studied in and fill out the
“Organism” column
a. This is generally the organism where the splice isoform is endogenously
expressed
i. However, studies will occasionally test their splice isoforms in multiple
organsims.
ii. Add this to the organism column (e.g. mouse, rat, ferret)
9. In the ‘study types’ column, fill out the experiment that was performed to investigate the
splice isoforms. Common experiments we have seen are: knockdown, knockdown (1
isoform), knockdown (non-isoform-specific), knockout, knockout (1 isoform), knockout
(non-isoform-specific), rescue, rescue (1-isoform), rescue (non-isoform-specific)
overexpression, tissue distribution, subcellular localization, activity assay, protein
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interaction, disease association, regulation of isoform expression, detection, structural
characterization, mutation isoform absence, immunodepletion, timecourse distribution
a. If multiple experiments were used, then annotate column with all experiments.
The “main” experiment should be listed first.
i. Usually if the experiments depleted the expression of a splice isoform,
then we want that experiment listed first
1. E.g. if an experiment investigated isoform tissue distribution and
knockdown, then “knockdown, tissue distribution” is what the
column should be annotated with
b. If any of the experiments eliminated the expression of a single isoform and looked
for an effect, then mark the ‘Only evidence is presence’ as no. These are the
studies we are most interested in.
i. Be careful with rescue experiments when more than two splice isoforms
are investigated. When only two isoforms are involved in the isoform
specific rescues, then using only one splice isoform to rescue a phenotype
is fine.
1. Rescued phenotypes can be redundant or non-redundant.
Redundancy is allowed for rescue experiments because phenotype
might be quantitative.
ii. If more than one splice isoform is shown to be necessary (i.e the absence
of each splice isoform causes a phenotype) then mark this gene as a gold
standard gene in the “Gold Standard Gene” column
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c. If the splice isoforms cause a different function from each other or have the same
function as each other, then fill out the appropriate column to reflect that (“same
function” column or “different function” column).
10. Fill out the “Evidence of Functionality” column with a short, concise description of the
study in present tense. This description will often explain how the isoforms were
molecularly characterized, and what what was tested. If the paper does provide evidence
of a “Gold Standard Gene” please include in the description which figure(s) best shows
this evidence.
11. Fill out “sequence accession” column with any sequence accession information provided
to the investigated splice isoforms.

A.2

Additional Files

Additional files are available by request from the authors or in publication (Bhuiyan et al., 2018)
Additional File A1 – Supplementary_data.pdf: Contains explanations of each heading found in
Additional File A2, standards curators used to evaluate studies for evidence of functionally
distinct splice isoforms, three genes where literature reported splice isoforms were not found in
Ensembl, supplemental tables and figures, and citations for all human and mouse literature
curated for this study.
Additional File A2 – Master_curation_spreadsheet.xlsx: Contains a list of all human and mouse
literature we curated for this study, and curators’s annotations for each study.
Additional File A3 – Genes_with_functionally_distinct_splice_isoforms.xlsx: Contains the list of
human and mouse genes with literature evidence for functionally distinct splice isoforms found
in our curation
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Appendix B Supplementary material for Chapter 3
B.1

Tables
Brain1 cDNA
Brain2 cDNA
Brain2 cDNA
Brain1 cDNA-TL
(ERR2680377/ERX269 (ERR3363658/ERX338 (ERR3363660/ERX338 (ERR2844019/ERX285
5238)
7950)
7952)
0744)

# Reads

1,267,830

5,834,882

3,003,844

1,691,454

# Bases
Mean
length
of reads
Median
length
of reads

1,304,518,778

7,028,355,083

3,279,758,852

1,312,184,503

1028.9

1204.5

1091.9

775.8

858.0

982.0

894.0

684.0

1,283

1749.0

1591.0

896.0

8.7

8.0

8.3

9.6

9.0

8.9

9.3

10.2

1004822

4391586

2207214

1301790

263,008

1,443,296

796,630

389,664

633120

2997680.0

1488200.0

1064600.0

Read
Length
at N50
Mean
read
quality
Median
read
quality
Aligned
reads
Unalign
ed reads
Number
of reads
assigned
to
isoforms
in
collapse

Number
of reads
remove
d after
collapse
371702
1393906.0
719014.0
Table B.1 Summary of cDNA brain data from Sessogolo et al., 2019

237190.0
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Brain1 RNA
Brain2 RNA
Brain2 RNA
(ERR2680375/ERX2695236) (ERR3363657/ERX3387949) (ERR3363659/ERX3387951)
# Reads

571,098

364,041

210,654

# Bases

432,921,136

375,725,839

201,631,156

Mean length of reads
Median length of
reads

758.1

1032.1

957.2

551.0

793.0

736.0

Read Length at N50

1,357

1,492

1,417

Mean read quality

6.6

8.8

8.8

Median read quality

7.1

9.1

9.1

Aligned reads

278,210

256013

143051

274,317

108,028

67,603

145920

132200

74120

Number of reads
removed after
collapse step
132,290
123813
Table B.2 Summary of RNA brain data from Sessogolo et al., 2019

68931

Unaligned reads
Number of reads
assigned to isoforms
in collapse

Liver1 RNA (ERR2680379)

Liver1 cDNA TL
(ERR2844020)

# Reads

418,102

2,668,975

# Bases

344,223,164

2,641,896,941

Mean length of reads

823.3

989.9

Median length of reads

728.0

913

Read Length at N50

1,153

1,116

Mean read quality

7.0

10.3

Median read quality

7.5

10.9

Aligned reads

245767

1955185

Unaligned reads

172,335

713,790

124040

1494400

Number of reads assigned to
isoforms in collapse

Number of reads removed
after collapse step
121727
Table B.3 Summary of liver data from Sessogolo et al., 2019

460785
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Appendix C Supplementary material for Chapter 5
C.1

Tables
Gene

Number of
studies

Conservation
(TBLASTN
human-mouse)

11

Num of FDSIs
with
sequences/Num
of FDSIs
3/3

Domain
annotations
(CDD or Pfam)

3/3

Conservation
(40-way
Mammalian
PhyloP)
Yes

AR
BDNF

1

1/3

1/1

NA

1/1

BIRC5

2

2/2

2/2

Yes

2/2

BOK

1

2/2

2/2

NA

2/2

Calca

3

2/2

2/2

Yes

2/2

CD44

2

2/2

2/2

Yes

2/2

Cdc42

1

2/2

2/2

Yes

2/2

CFLAR

3

2/2

2/2

Yes

2/2

CSPP1

1

2/2

2/2

Yes

0/2

DPF3

1

2/2

2/2

Yes

2/2

Enc1

1

1/2

1/1

NA

1/1

Homer1

1

2/2

2/2

Yes

2/2

Il1rap

1

2/2

2/2

Yes

2/2

KLF6

1

2/2

2/2

NA

2/2

Lpin1

1

2/2

2/2

No

2/2

Lrp8

1

1/2

1/1

NA

1/1

Mecp2

1

2/2

2/2

Yes

2/2

MST1R

1

2/2

2/2

Yes

2/2

Myh10

1

0/2

0/0

NA

0/0

Nf1

1

2/2

2/2

Yes

2/2

Opn4

1

2/2

2/2

Yes

2/2

Oprm1

1

3/3

1/3

NA

1/3

PGAM5

1

2/2

2/2

Yes

2/2

PML

2

2/2

2/2

No

2/2

PRMT5

1

2/2

2/2

Yes

2/2

Rbfox1

5

2/2

2/2

Yes

2/2

Robo3

1

2/2

2/2

Yes

2/2

Rock2

1

2/2

2/2

Yes

2/2

Ryr3

1

2/2

2/2

No

2/2

Sirt3

1

2/2

2/2

NA

2/2

Snap25

1

2/2

2/2

Yes

2/2

3/3
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STIM2

1

2/2

2/2

Yes

2/2

SUN1

1

3/3

3/3

NA

3/3

TICAM1

1

2/2

2/2

NA

2/2

TICAM2

1

2/2

2/2

NA

2/2

TP63

3

2/2

2/2

Yes

2/2

Trp63

1

2/2

2/2

Yes

2/2

HBS1L

1

2/2

2/2

Yes

2/2

BCAR1

1

3/3

2/2

NA

3/3

EIF4G1

1

2/2

2/2

Yes

2/2

EIF4G2

1

0/3

0/0

NA

0/0

Cacna1b

1

0/2

0/0

NA

0/0

MADD

1

2/2

2/2

Yes

2/2

Table D.2 Metrics to assess genes with literature evidence for FDSIs
Here I present an enumeration of factors to assess the genes with literature evidence of FDSIs (Chapter 2). “Number
of studies” shows the number of studies that provide evidence that the gene has FDSIs. “Num of FDSIs with
sequences/Num of FDSIs” shows the number of FDSIs where the authors provide the sequence of the FDSIs versus
the number of FDSIs established by the studies. “Conservation (TBLASTN human-mouse)” shows the number of
FDSIs with sequence data available that were conserved. Human FDSIs were BLASTed against the Ensembl mouse
database, and mouse FDSIs were BLASTed against the Ensembl human database. “Conservation (40-way
Mammalian PhyloP” indicates whether at least one discriminating exon has a PhyloP score of 1 based on 40-species
mammalian alignments on UCSC genome browser. NA in this column indicates that genomic coordinates were
missing for at least one FDSI. This was because an Ensembl transcript ID was not retrievable for the FDSI (see
Chapter 2). “Domain annotations (CDD or Pfam)” shows the number of FDSIs with sequences that have an
annotatable domain, either through the Conserved Domain Database (CDD) or Pfam.
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