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Abstract

Alternative splicing is the process of utilising a different combination of exons
to generate different isoforms from the same gene. Therefore, alternative splicing
represents an additional and underappreciated layer of complexity underlying gene
expression. To date, high-throughput single-cell RNA-sequencing (scRNA-seq)
analyses have focused on characterising gene expression programme, whereas
alternative splicing remains challenging to investigate. One possible reason for the
sparsity of single-cell alternative splicing studies is the lack of single-cell alternative
splicing analytical frameworks. To this end, we have developed analytical frameworks
to comprehensively capture the alternative splicing landscape in health and disease
models, and to prioritise actionable spliced genes for downstream experimental
studies.

The developed frameworks consist of MARVEL, VALERIE, and IMPACT.
MARVEL is an R package that provides comprehensive functionalities for the
detection and quantification of alternative splicing events to enable dimension
reduction analysis, differential splicing analysis, and functional annotation of
differentially spliced genes. Functional annotation features include biological pathway
enrichment analysis and nonsense-mediated decay prediction. VALERIE is an R
package for visual-based validation of differentially spliced genes identified from
MARVEL. IMPACT is an integrated in-house database consisting of a collection of
pre-processed publicly available myeloid neoplasm and cancer cell line data for
prioritising clinically relevant and druggable spliced genes validated by VALERIE.

We validated and demonstrated the application of our analytical frameworks on
scRNA-seq data generated from both plate- (e.g., Smart-seg2) and droplet- (e.g., 10x
Genomics) based library preparation methods derived from homogeneous cell lines
and heterogeneous haematopoietic stem and progenitor cells in health and disease
states. We believe our analytical frameworks will be advantageous to biologists to

reveal novel biological insights from scRNA-seq data.
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1 Introduction

1.1 To splice or not to splice?

To understand the dysregulation of the splicing machinery in diseases, such as
cancer, we must first have an understanding of the splicing mechanism and the
different proteins and non-coding RNAs involved. This is because genetic alteration or
dysregulated expression of these splicing factors can contribute to disease initiation

and progression (Grosso, Martins, & Carmo-Fonseca, 2008).

1.1.1 The splicing process

Pre-mRNA molecules are generated by DNA transcription. Splicing is the
process of removing the non-coding intronic sequence of the pre-mRNA molecules
and subsequently ligating the adjoining exons to yield the mature mRNA molecules
for downstream protein translation (Bonnal, Lopez-Oreja, & Valcarcel, 2020; Z. Liu &
Rabadan, 2021; E. Wang & Aifantis, 2020).

The splicing process primarily involves the interaction between the major
spliceosome and several cis-acting RNA sequences (Bonnal et al., 2020; Z. Liu &
Rabadan, 2021; E. Wang & Aifantis, 2020). The major spliceosome consists of five
small nuclear ribonucleoproteins (snRNPs), namely U1, U2, U4, U5, and U6 snRNPs,
several small nuclear RNAs (snRNAs) and many other interacting proteins. The cis-
acting RNA sequences are namely the 5’ splice site, branchpoint, polypyrimidine tract,

and 3’ splice site (Figure 1.1).
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Figure 1.1: cis-acting RNA sequences involved in the splicing process. The GU
and AG dinucleotides represent the consensus (conserved) splice site sequences at
the 5" and 3’ exon-intron junctions, respectively. The polypyrimidine tract is usually 15-
20 base pairs long and is located ~5-40 base pairs before the 3’ splice site. The most

important nucleotide within the branchpoint is the adenine base (red) because this



nucleotide interacts with the 5’ splice site to form the intron lariat during the splicing
process.

First, U1 snRNP binds to the 5’ splice site of the intron through base-pairing
between U1 snRNA and &’ splice site (Bonnal et al., 2020). Next, SF1, U2AF2, and
U2AF1 bind to the branchpoint, polypyrimidine tract, and 3’ splice site sequences,
respectively, after which, the U2 snRNP is recruited and bound to the branchpoint
through base-pairing between U2 snRNA and branchpoint sequence. SF1 is then
replaced by SF3B1, a component of U2 snRNP, at the branchpoint. U4/U6-US tri-
snRNP complex is then recruited, and this leads to the formation of the catalytically
active conformation of the major spliceosome. This catalytically active spliceosome
will initiate the splicing out of introns.

The splicing out of introns is an intricate process that can be summarised into
a two-step transesterification process (E. Wang & Aifantis, 2020) (Figure 1.2). The first
transesterification reaction involves the nucleophilic attack on the 5’ splice site by a 2'-
hydroxyl group on the branchpoint sequence. This leads to a cleaved 5’ exon and a
lariat structure containing the intron and 3’ exon. The second transesterification
reaction involves the attack on the 3’ splice site by a 2’-hydroxyl group on the detached
5" exon. This leads to removal of intron removal and ligation of 5’ and 3’ exons to yield
the mature mRNA molecule. It is noteworthy that the major spliceosome catalyses the
removal of the U2-type introns, which constitute majority of all introns, whereas the
minor spliceosome catalyses the removal of the U12-type introns, which constitute
minority of all introns (Madan et al., 2015). U2-type introns consists of GU and AG
dinucleotide sequence at the 5’ and 3’ splice site, respectively, whereas U12-type
introns consists of dinucleotide sequence other than GU and AG at the 5’ and 3’ splice

site, respectively.
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Figure 1.2: Splicing out of intron in a two-step transesterification process. For
simplicity, the components of the major spliceosome are not shown. Figure adapted
from (Bonnal et al., 2020).

1.1.2 The alternative splicing process

Not all exons are constitutively spliced in. Similarly, not all introns are
constitutively spliced out. The process of generating different combination of exons
and introns that make up the mature mRNA molecules from the same gene is called
alternative splicing (Bonnal et al., 2020; E. Wang & Aifantis, 2020). Alternative splicing
enables a diversity of mMRNA molecules, and consequently, enables a diversity of
proteins to be generated from the same gene which ultimately contribute to shaping
the cellular phenotype.

Alternative splicing is coordinated by cis-acting RNA sequences and the
recruitment of RNA-binding proteins (RBPs) to these sequences (Bonnal et al., 2020;
E. Wang & Aifantis, 2020). cis-acting RNA sequences are namely exonic splice
enhances (ESEs) and silencers (ESSs) and intronic splice enhances (ISEs) and
silencers (ISSs). RBPs can be categorised into serine-arginine-rich (SR) proteins and
heterogeneous nuclear ribonucleoproteins (hnRNPs). SR proteins are characterised
by containing RNA recognition motif (RRM) and SR dipeptide-rich domains. On the
other hand, hnRNPs are structurally more diverse and contain different types of RNA-
binding domains and also unstructured domains. It is these domains that mediate

protein-protein and protein-RNA interactions.
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SR proteins preferentially bind to exonic and intronic splicing enhancers (ESEs
and ISEs) whereas hnRNPs preferentially bind to exonic and intronic splicing silencers
(ESSs and ISSs) (E. Wang & Aifantis, 2020). In general, SR proteins promote exon
inclusion whereas hnRNPs antagonise the SR proteins to promote exon exclusion.
The interplay between these RBPs and cis-acting RNA sequences yields seven main

types of alternative splicing events (Brooks et al., 2014) (Figure 1.3).

Skipped-exon (SE) [ —
Mutually exclusive exons (MXE) IR —
Retained intron (RI) I ]

Alternative 5’ splice site (A5SS) I — T

Alternative 3’ splice site (A3SS) HH—— TR
o C

Alternative first exon (AFE) — R

poly(A) poly(A)
4

Alternative last exon (ALE) [

Figure 1.3: Main alternative splicing event types. Different combination of exon and
intron inclusion generates different types of alternative splicing events. Constitutive
exons (black) are always spliced-in whereas alternative exons (blue and pink) may be

spliced-in or spliced-out.

Therefore, alternative splicing increases protein diversity and cellular
functionalities by generating multiple isoforms from the same gene. According to the
GENCODE v31 database (Harrow et al., 2012), there are 19,975 protein-coding
genes, of which 17,228 (86.2%) genes with >1 isoform catalogued (Figure 1.4).
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Figure 1.4: Number of isoforms per protein-coding gene. Cumulatively, most

genes has >1 isoform catalogued.

1.1.3 Alternative splicing in normal haematopoiesis

In the embryonic stage, haematopoiesis first arise in the yolk sac (A Victor
Hoffbrand, 2016). Specifically, both haemopoietic and endothelial cells are
simultaneously generated from a common mesodermal precursor cell
(haemangioblast). Thereafter, haematopoietic progenitors are generated in both the
yolk sac and aorta-gonad-mesonephros (AGM) region. Later, the first haematopoietic
stem cells (HSCs) arise from the AGM region and migrate to the foetal liver. Finally,
from the foetal liver, HSCs migrate and colonise the bone marrow, where they reside
throughout adult stages of life. An overview of the cell populations in which alternative

splicing has been characterised is shown in Figure 1.5.
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Figure 1.5: Overview of reported studies that investigated alternative splicing
and their respective cell population(s) included for analysis. The reported studies
are indicated with “et al.” and the corresponding cell population(s) analysed are
indicated within the dashed box. The candidate spliced genes brought forward from
high-throughput RNA-seq for validation and functional characterisation indicated in
italics and next to the relevant cell population(s). Baso: Basophil; B-L: B lymphocyte;
CLP: Common lymphoid progenitor; CMP: Common myeloid progenitor; E:
Erythrocyte; EB: Erythroblast; Eo: Eosinophil; EoMP: Eosinophil-basophil-mast cell
progenitor; hESC: Human embryonic stem cell; HSC: Haematopoietic stem cell;
HSPC: Haematopoietic stem and progenitor cell; LMPP: Lymphoid-primed multipotent
progenitor; MK: Megakaryocyte; MPP: Multi-potent progenitor; MyeP: Myeloid
progenitor; P: Platelet; T-L: T lymphocyte. Haematopoiesis hierarchy model of bone

marrow and peripheral blood adapted from (Psaila & Mead, 2019).

Alternative splicing dynamics during embryonic development were
characterised by differentiating human embryonic stem cells (hESCs) into
haematopoietic cells, and RNA-seq was performed on cell populations from each
differentiation stage (Y. Li, Wang, et al., 2021). The cell populations analysed, in
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ascending differentiation stage, were hESCs, ALPNR* mesoderm cells, CD31*CD34"
endothelial progenitor cells (EPCs), and CD43+ haematopoietic stem and progenitor
cells (HSPCs). Expression levels of splicing factors were observed to be relatively
constant from hESCs to ALPNR* mesoderm cells and from EPCs to HSPCs. However,
expression levels of splicing factors were significantly reduced from ALPNR*
mesoderm cells to EPCs. One such splicing factor was SRSF2. This reduction of
SRSF2 expression level was found to be associated with the exclusion of NUMB exon
9. Indeed, two SRSF2 binding motifs were found on this alternative exon. The
exclusion of NUMB exon 9 regulated NOTCH signalling, which in turn, regulated EPC
generation. Therefore, this study demonstrated changes in expression levels of
splicing factors as a mechanism for regulating alternative splicing of key genes
involved in haematopoietic cell differentiation.

Alternative splicing dynamics in the later stages of the ontogeny of
haematopoietic system, namely foetal liver and bone marrow, have been
characterised for several early HSPC populations, namely, multipotent progenitor cells
(MPP), common lymphoid progenitors (CLPs), common myeloid progenitors (CMPs),
and megakaryocyte-erythrocyte progenitors (MEP). These HSPC populations were
retrieved using antibodies complementary to cell lineage-specific surface markers
coupled with fluorescence-activated cell sorting (FACS) (L. Chen et al., 2014). More
mature HSPC populations, such as erythroblasts (EBs) and megakaryocytes (MKs),
and terminally differentiated cell populations, such as granulocytes, were obtained by
treating progenitor cells with specific growth factors to obtain more terminally
differentiated cell population for alternative splicing analysis.

In general, both protein-coding and non-protein coding genes were identified to
be differentially spliced across the HSPC compartment, even in the absence of
detectable gene expression changes (L. Chen et al., 2014). Notably, around half of
differentially spliced isoforms involved at least one protein domain. One such gene
that was shortlisted for functional characterisation was NFIB. The short isoform of
NFIB (NFIB-S) lacked the DNA binding/dimerization domain and was observed to be
enriched in MKs. Knockdown of NFIB-S using shRNA demonstrated NFIB-S was
essential for MK differentiation and maturation. Therefore, this study demonstrated the
inclusion or exclusion of protein domains through alternative splicing as a mechanism

in key genes involved in haematopoietic cell maturation.
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Comparative RNA-seq analysis focusing on only HSCs derived from foetal liver,
cord blood, and blood marrow identified several differentially expressed isoforms
without concomitant change in gene expression levels across these distinct
developmental stages (Cesana et al., 2018). One such gene was HMGAZ2, which
demonstrated alternative splicing of the 3’-untranslated region (3’-UTR). The shorter
HMGAZ isoform (HMGAZ2-S) was more highly expressed in CB HSCs compared to FL
HSCs. HMGAZ2-S, without the 3'-UTR otherwise present in HMGAZ2-L, escaped
miRNA-mediated inhibition, and reinforced HSC-specific program in CB HSCs.
Therefore, this study demonstrated miRNA targeting of alternatively spliced 3’-UTR as
a mechanism in regulating key genes involved in maintaining developmental stage-
specific HSC identity.

In more terminally differentiated cell populations, such as erythroblasts and
granulocytes, intron retention was identified as a means of regulating gene expression
(Pimentel et al., 2016; Wong et al., 2013). For example, the proportion of genes with
intron retention is increased towards more terminally differentiated erythroblast, i.e.,
from proerythroblasts (proE) to early basophilic erythroblasts (e-basoE), late
basophilic erythroblasts (I-basoE), polychromatophilic erythroblasts (polyE), and
finally orthochromatophilic erythroblasts (orthoE). Intron retention leads to the
inclusion of premature stop codon, which in turn, subjects the isoform to nonsense-
mediated decay (NMD) within the nuclear compartment. Example of genes subjected
to intron retention in late-stage erythroblast included the erythropoietin receptor EPOR
and splicing factor SF3B1.

Taken together, alternative splicing studies in normal (physiological)
haematopoiesis demonstrated alternative splicing-mediated gene regulation via
differential expression of splicing factors (e.g., SRSF2), splicing out of exons encoding
for domains essential for protein-protein interactions (e.g., NFIB), splicing out of 3’-
UTR otherwise targeted by miRNA (e.g., HMGAZ2), and intron retention leading to NMD
(e.g., EPOR and SF3Bf1). Therefore, annotation of alternative splicing events with
protein domains, in silico identification of mMiRNAs complementary to 3’-UTRs, and in
silico prediction of intron retention-mediated NMD would be helpful to understand the
functional consequence of differentially spliced genes, and hence identify candidate

genes for downstream functional characterisation.
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1.1.4 Alternative splicing in haematopoietic malignancies

Classical gene expression analysis may underestimate the burden of functional
gene disruption in haematological cancers. Indeed, dysregulation of the splicing
machinery in haematological cancers have been intensively studied in the last decade
(Grosso et al., 2008). This coincided with the advent of high-throughput RNA-seq
technologies that enabled transcriptome-wide analysis and the discovery of novel and
disease-specific isoforms (Bonnal et al., 2020). There are several mechanisms by
which the splicing machinery may be disrupted and consequently contribute to the
pathogenesis of haematological cancers: (1) frans-acting genetic variants in genes
encoding for splicing factors, (2) cis-acting genetic variants at splice site and
branchpoint sequences, and (3) dysregulation of RNA-binding protein (RBP)
expression (Figure 1.6).
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Figure 1.6: Mechanisms by which disruptions in the splicing machinery can
lead to aberrant splicing. (Top left) trans-acting genetic variants on splicing factor
genes leading to aberrant splicing of distant target genes. (Bottom) cis-acting
genetic variants that create in situ novel splice sites (bottom left) or abrogate
canonical splice site (bottom right). (Top right) Dysregulated expression of RBPs.
AG: Canonical acceptor splice site sequence. H: A/C/T nucleotide.

Whole genome- and exome- sequencing revealed genetic variants in genes
encoding for components of the splicing machinery (Graubert et al., 2011; Quesada
et al., 2011; Yoshida et al., 2011). In some haematological cancers such as
myelodysplastic syndrome (MDS) and myeloproliferative neoplasm (MPN), genetic
variants in splicing factors were present in up to half or more of the entire patient cohort
(Pellagatti et al., 2018; Schischlik et al., 2019; Shiozawa et al., 2018). The most well
investigated splicing factors to date are SF3B1, SFSR2, U2AF1, and ZRSR2. This is
because genetic variants were most commonly found on these splicing factors.

Genetic variants in these splicing factors lead to transcriptome-wide aberrant
alternative splicing pattern characteristic of each splicing factor. For example, hotspot
variants in SF3B1 lead to increased alternative 3’ splice site (A3SS) usage and
decreased intron retention, hotspot variants in SRSF2 lead to skipping or inclusion of
alternative exons, hotspot variants in U2AF1 lead to both A3SS usage and skipping
or inclusion of alternative exons, whereas truncating variants in ZRSR2 lead to
increased retention of U12-type introns (Inoue et al., 2021; Shiozawa et al., 2018).

Aside from alternative splicing patterns, the genomic sequence of alternatively
spliced exons and their flanking sequences may also be indicative of the specific type
of splicing factor. For example, SF3B1MYT-associated A3SS tended to be located ~20-
24 base-pairs (bp) away from the canonical 3’ splice site, SRSF2MVT-associated
inclusion and skipping of alternative exons tended to occur on exons enriched with
CCNG and GGNG motif, respectively, whereas U2AF1MYT-associated inclusion and
skipping of alternative exons tended to occur on exons with acceptor splice site
sequence [C/AJAG and [C/T]AG, respectively (llagan et al., 2015; Shiozawa et al.,
2018).

Genetic variants in splicing factors may contribute to disease phenotype
broadly through two mechanisms. Firstly, the dysregulated alternative splicing may
lead to disruption of the translated amino acid sequences. For example, insertion of
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A3SS into ABCB7 gene in SF3B1MUT patients creates a premature stop codon (PTC)
in the original amino acid sequence, that in turn, leads to nonsense-mediated decay
(NMD) and finally down-regulation of the corresponding gene (Shiozawa et al., 2018).
Secondly, dysregulated alternative splicing may lead to a change in the translated
amino acid sequence but without adversely affecting the protein function. For example,
insertion of a novel exon into IRAK4 in U2AF1MYT patients leads to the introduction of
a novel protein domain that increases IRAK4 interaction with MyD88 and consequently
increases activation of the NF-kB signalling pathway (Smith et al., 2019). Taken
together, the former mechanism may lead to inactivation of tumour suppressors or
essential genes whereas the latter mechanism may lead to activation of oncogenes,
which ultimately contribute to disease development and phenotype.

Table 1.1 summarises the aberrantly spliced genes associated with genetic
variants in splicing factors SF3B1, SRSF2, U2AF1, and ZRSF2. This table may serve

as a useful resource for validation of novel splicing analysis frameworks.
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Table 1.1: Aberrantly spliced genes identified in SF3B1WT, SRSF2VUT  U2AF1MUT and ZRSR2VVT patients. Genes listed here
were identified by high-throughput RNA-seq and validated by PCR either in the original sample in which the splicing event was

detected or in cell lines transformed or transfected with the corresponding mutated splicing factor.

Genetic RNA-seq Spliced gene validated (PCR) Reference
variant Cancer | Sample | Sample size Gene Strand | Direction | Event Event coordinate
type type mutant/ type
total (%)
SF3B1
K700E MDS BM-MNC  63/125 (50%) ERFE + Inclusion A3SS chr2:238162731|238162724 (Bondu et al., 2019)
K700E MDS BM-MNC 3/6 (50%) SLC25A37 + Inclusion RI NOS (Visconte et al.,
(majority), 2015)
H662Q
K700E MDS BM-MNC  28/84 (33%) SEPTIN2 + Inclusion A3SS chr2: 241335975|241335959 (Pellagatti et al.,
(majority), (CD34+) 2018)
E662D,
K666N,
R625L
K700E MDS BM-MNC 9/11 (82%) ENOSF1 - Inclusion A3SS chr18:683380|683395 (Bergot et al., 2020)
SF3B1 - Inclusion A3SS chr2:197403035|197403059
TMEM14C + Inclusion A3SS chr6:10724570|10724556
K700E MDS BM-MNC 8/12 (67%) ABCB7 - Inclusion A3SS chrX:75071683|75071704 (Dolatshad et al.,
(CD34+) 2015; Dolatshad et
DYNLL1 + Inclusion A3SS chr12:120496410|120496402 al., 2016)
ENOSF1 - Inclusion A3SS chr18:683380|683395
HINT2 - Inclusion A3SS chr9:35813145|35813156
SEPTING - Inclusion A3SS chrX:119625379|119625396
TMEM14C + Inclusion A3SS chr6:10724570|10724556
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K700E MDS BM-MNC 3/12 (25%) GCc2 + Inclusion A3SS chr2:108486511|108486499 (J. Zhang et al.,
2019)
KANSL3 - Inclusion A3SS chr2:96619763|96619776
MAP3K7 - Inclusion A3SS chr6:90560214|90560234
ORAI2 Inclusion A3SS chr7:102436221]|102436202
PPP2R5A Inclusion A3SS chr1:212345803|212345790
TTI - Inclusion A3SS chr20:38002776|38002793
ZNF91 - Inclusion A3SS chr7:23362730|23362739
K700E MDS BM-MNC, 68/214 (32%) RFNG - Exclusion RI NOS (Shiozawa et al.,
(majority), CD34+ 2018)
E622D, RECQL4 - Exclusion RI NOS
R%g%%':/’f_ NDOR1 + Exclusion RI NOS
N626D, ’ AP1G2 - Exclusion RI NOS
H662Q, PIEZO1 - Exclusion RI NOS
K_?GG'\égQS/R/ ABCB7 - Inclusion  A3SS chrX:75071683|75071704
’ p — 1
700del, PPOX + Inclusion A3SS NOS
p.700—
701del,
G740E,
D781G
K700E CLL BM-MNC 6/12 (50%) CDK8 + Inclusion A3SS chr13:26397153|26397139 (Z. Liu et al., 2020)
CEP135 + Inclusion A3SS chr4:56009735|56009713
CHTF18 + Inclusion A3SS chr16:794054|794034
ELP2 + Inclusion A3SS chr18:36145948|36145934
KANSL3 - Inclusion A3SS chr2:96619762|96619776
MAP3K7 - Inclusion A3SS chr6:90560214|90560234
MICAL1 - Inclusion A3SS chr6:109445862|109445875
PPP2R5A Inclusion A3SS chr1:212345803|212345790
RNF2 Inclusion A3SS chr1:185091579|185091565
SMURF2 - Inclusion A3SS chr17:64578576|64578594
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TTI1 - Inclusion A3SS chr20:38002776|38002793
K700E MDS BM- 8/12 (67%) MAP3K7 - Inclusion A3SS chr6:90560214|90560234 (Lee et al., 2018)
MNC/PB
CLL 7/13 (54%)
AML 5/9 (56%)
CMML 3/10 (23%)
SRSF2
P95H MDS BM-MNC 8/84 (9.5%) AKAPS8 - Inclusion SE chr19:15369067:15369224 (Pellagatti et al.,
(majority), (CD34+) 2018)
P95L,
P96_R102d
el
P95H MDS BM-MNC, 39/214 (18%) EZH2 - Inclusion SE chr7:148818978:148819059 (Shiozawa et al.,
(majority), CD34 EZH2 - Exclusion  SE chr7:148817222:148817391 2018)
PO5T, P95L
P95H MDS BM- NOS CASPS8 + Exclusion SE chr2:201272898:201272942 (Lee et al., 2018)
MNC/PB
CLL BM- NOS CASPS8 + Exclusion SE chr2:201724889:201274953
MNC/PB
P95H, AML BM-MNC  6/115 (5.2%) EZH2 - Inclusion SE chr7:148818978:148819059 (Cancer Genome
PO5SR, PO5L Atlas Research et
al., 2013; Rahman,
Lin, Bradley, Abdel-
Wahab, & Krainer,
2020)
P96H AML BM-MNC 69/1119 IDH3G - Inclusion SE chrX:153786801:153786947 (Bamopoulos et al.,
(6.1%) 2020)
IDH3G - Exclusion SE chrX:153790564:153790575
P95H, NA cell line NA HNRNPA2B - Exclusion SE chr7:26193575:26193694 (Liang et al., 2018)
P95R, P95L (HEL) 1
PO5SH, NA Cell line NA PRMT2 + Inclusion SE chr21:46636439:46636547 (Pangallo et al.,
R86_G93du (K572) 2020)
p FAXDC2 - Exclusion SE chr5:154834625:154834728
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PO5L NA CRISPR/ NA GNAS + Inclusion SE chr20:58898941:58898985 (Wheeler et al.,
Cas9- 2022)
edited
normal
iPSC

U2AF1
S34, Q157 MDS BM-MNC, 14/214 EZH2 - Inclusion SE chr7:148818978:148819059 (Shiozawa et al.,
CD34+ (6.5%) 2018)
S34F MDS BM-MNC, 13/150 DEK - Exclusion SE chr6:18258304:18258405 (Graubert et al.,
(majority), CD34+ (8.7%) IF144 + Exclusion A3SS NOS 2011; Okeyo-Owuor
S34Y WASHC4 +  Exclusion  A3SS NOS etal., 2015)
SERPINB8 + Exclusion  A3SS chr18:63986963|63986874
SMN1 + Exclusion SE NOS
S34F AML BM-MNC  7/169 (4.1%) ATR - Inclusion SE chr3:142450466:142450603 (Cancer Genome
(majority), Atlas Research et
S34Y, al., 2013; llagan et
Q157P al., 2015)
S34F AML BM-MNC 4/200 (2%) CHCHD7 - Exclusion  A3SS chr8:56216389|56216433 (Brooks et al., 2014;
CTNNB1 + Inclusion  A3SS chr3:41239819]|41239660 Cancer Genome
Atlas Research et
al., 2013)
S34F AML BM-MNC  7/110 (6.3%) BCOR - Exclusion  A3SS chrX:40063850]40063952 (Cancer Genome
(majority), GNAS + Exclusion SE NOS Atlas Research et
S34Y, al., 2013; Shirai et
Q157P al., 2015)
H2AFY - Inclusion MXE chr5:135352946:135353045:-
@chr5:135350823:135350913
KDMG6A + Exclusion SE chrX:45060022:45060156
KMT2D - Inclusion SE NOS
MED24 - Inclusion SE chr17:40034916:40034972
PICALM - Inclusion A3SS chr11:85981988|85982003
S34F MDS BM-MNC 11/25 (44%) ATG7 + Inclusion ALE NOS (Cancer Genome
AML  BM-MNC  4/169 (2.3%) Atlas Research et

al., 2013; Park et al.,
2016)
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S34F MDS BM-MNC 6/23 (26%) IRAK4 + Inclusion SE chr12:43771220:43771365 (Cancer Genome
(majority), (CD34+) Atlas Research et
S34Y, al., 2013; Smith et
Q157P al., 2019)
S34F, AML BM-MNC  6/160 (3.4%)
R156H,
Q157P,
Q157R
S34F, 124T NA Cell line NA RHBDD2 + Inclusion SE chr7:75881365:75881486 (Pangallo et al.,
(K572) 2020)
H2AFY - Inclusion MXE chr5:135352946:135353045:-
@chr5:135350823-135350913
S34F NA Ery, gran NA H2AFY - Inclusion MXE chr5:135352946:135353045:- (Yip et al., 2017b)
derived @chr5:135350823-135350913
CfEJOSrz STRAP Exclusion SE chr12:15883541:15883676
+
cells SMARCAS Exclusion SE chr14:143540363:143540495
ITGB3BP - Inclusion SE chr1:63510065:63510181
ATR - Inclusion SE chr3:142450466:142450603
S34F NA CRISPR/ NA GNAS + Inclusion SE chr20:58898941:58898985 (Wheeler et al.,
Cas9- 2022)
edited
normal
iPSC
ZRSR2
Various MDS BM-MNC 8/12 (67%) FRA10AC1 - Inclusion RI chr10:93694938:93698135 (Madan et al., 2015)
truncating
and ] _ _
missense WDRA41 - Inclusion RI chr5:77459125:77463094
variants
Various MDS BM-MNC 8/18 (44%) LZTR1 + Inclusion RI chr22:20996113:20996696 (Inoue et al., 2021)
truncating  AnmL BM- 9/427 (2.1%)
_and MNC/PB
missense
variants

24




A3SS: Alternative 3’ splite site; ALE: Alternative last exon; AML: Acute myeloid leukaemia; BM-MNC: Bone marrow mononuclear
cells; CLL: Chronic lymphocytic leukaemia; Ery: Erythrocytes; Gran: Granulocytes; MDS: Myelodysplastic syndrome; NA: Non-
applicable; NOS: Not specified
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It is noteworthy that published studies have focused on characterising aberrant
alternative splicing mediated by common splicing factor hotpot variants such as
SF3B1K700 SRSF2P% and U2AF 1534, Aberrant alternative splicing associated with less
common, but clinically relevant hotspot variants, remains to be comprehensively
studied and validated. For example, U2AF12'%" is associated with worse prognosis
compared to U2AF1534in primary myelofibrosis patients (Tefferi et al., 2018), but due
to the rarity of this hotspot variant, candidate genes aberrantly spliced by this hotspot
variant have yet to be identified in patients or experimentally validated. Moreover,
different hotspot variants may yield distinct alternative splicing profile (Pangallo et al.,
2020; Shiozawa et al., 2018) and hence this may have implications for variant-specific
targeted therapy.

Aside from frans-acting variants in splicing factors, cis-acting variants at donor
and acceptor splice sites have been shown to also contribute to aberrant splicing.
Specifically, changes in, and by extension, the abrogation of canonical donor splice
site sequence (GT) and acceptor splice site sequence (AG) lead to increased skipping
of the corresponding exon (Group et al., 2020; Jayasinghe et al., 2018; Kahles et al.,
2018). On the other hand, variants that introduce novel splice sites within the introns
lead to the inclusion of novel exons (Group et al., 2020). As a consequence, novel
amino acids sequences are generated from these novel isoforms and subsequently
presented on the cell surface via nonsense-mediated decay (NMD) pathway that may
be amenable to immunotherapy (Jayasinghe et al., 2018; Kahles et al., 2018). It is
noteworthy that studies which investigated the impact of cis-acting genetic variants on
alternative splicing have mainly focused on solid tumours. It would be of particular
interest to investigate the extent of contribution of cis-acting genetic variants on
alternative splicing in haematological tumours which on average have lesser
mutational burden compared to solid tumours (Alexandrov et al., 2013).

In addition to genetic variants, aberrant expression of components of the
splicing machinery can also lead to aberrant splicing. For example, up-regulation of
RNA-binding protein RBM39 is associated with transcriptome-wide increased in exon-
skipping and intron retention, and CRISPR-mediated knock-out (KO) of RBM39
revealed its up-regulation to be essential for acute myeloid leukaemia (AML) survival
(E. Wang et al., 2019).

Lastly, aberrant splicing may occur even in the absence of detectable trans- or
cis-acting variants or aberrant RBP expression. For example, EZH2 which is known to
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harbour truncating variants in myeloid neoplasm has shown to be aberrantly spliced
in a substantial number of AML patients without any detectable EZHZ truncating
variants (Rivera et al., 2021). Specifically, aberrantly spliced EZHZ2 constituted three-
quarters of all patients with reduced functional EZH2 compared to one-quarter of that
contributed by EZH2MYT. Furthermore, transcriptome-wide aberrant splicing has been
shown to have prognostic value in AML patients (Anande et al., 2020), thus suggesting
that aberrant splicing contributes to patient heterogeneity and disease outcome in
addition to genetic variants and gene expression programme.

Taken together, the different mechanisms of aberrant splicing, attributable to
genetic variants or aberrant gene expression or otherwise, collectively constitute a
non-negligible proportion of haematological cancer patients. In haematological
cancers with substantial proportion of patients with splicing factor genetic variants,
such as MDS and MPN, there remains limited success in targeted therapy centred on
patients with splicing factor genetic variants (E. Wang & Aifantis, 2020). On the other
hand, haematological cancers with few somatic variants such as AML, aberrant
splicing, while being able to serve as an additional avenue for targeted therapy,
remains an untap area for therapy development. Therefore, there is an urgent need to
identify splicing-based biomarkers that may lead to novel and improved therapies for
haematological cancer patients.

1.1.5 Motivation for single-cell alternative splicing analysis

Whole tissue samples used for bulk RNA-seq represent heterogeneous cell
populations. For example, solid tumours of epithelial origin, such as breast cancer,
consist primarily of cancer stem cells, epithelial cells, infiltrating immune cells,
supporting blood vessels, and connective tissues (L. Ren et al., 2021). Another
example is the bone marrow that consists primarily of mature haematopoietic cells,
haematopoietic stem and progenitor cells (HSPCs), mesenchymal stem cells,
endothelial cells, fibroblasts and other non-haematopoietic cell types (Dolgalev &
Tikhonova, 2021).

One approach to enrich for cell populations of interest is to perform
microdissection prior to high-throughput sequencing. For example, microdissection
may be performed on breast cancer tissues to segregate the breast epithelium from
the stromal cells, and then subsequently sequence and analyse both compartments

27



separately (Lessi et al., 2019). Another approach is fluorescence-activated cell sorting
(FACS) using antibodies complementary to specific cell surface markers to enrich for
specific cell types prior to sequencing. The latter approach is used extensively to
enrich for haematopoietic and non-haematopoietic cell types to characterise the bone
marrow niche in both health and disease states (Y. Chen et al., 2018). This approach
requires prior knowledge of the surface markers of the cell populations of interest, and
therefore precludes the characterisation of rare cell populations and discovery of novel
cell populations.

Single-cell genomic and transcriptomic analysis is able to deconvolute
presumed phenotypically homogeneous cell populations, based on cell surface
markers, into biologically relevant novel and rare sub-populations. For example, in
chronic myeloid leukaemia (CML), single-cell analysis of CD34*CD38" cell population
revealed two BCR-ABL" cell populations that displayed proliferative or quiescence
gene expression signature (Giustacchini et al., 2017). The latter cell population was
found to be the dominant cell population in patients one year after receiving tyrosine
kinase inhibitor. In myelofibrosis (MF) patients, single-cell analysis of CD34+ cell
population revealed an expanded megakaryocyte cell population in patients relative to
healthy donors. Further sub-clustering analysis of the megakaryocyte cell population
revealed distinct sub-populations, only one of which expressed AURKA, a target of
alisertib (Psaila et al., 2020). Furthermore, detailed single-cell analysis of
haematopoietic stem cell/multipotent progenitor (HSC/MPP) compartment across
several stages of human development revealed sub-populations of cells
distinguishable by cell cycle gene expression programme (Roy et al., 2021).
Specifically, quiescence gene expression programme was increased in the direction
of early foetal life to adulthood. Conversely, proliferative gene expression programme
was increased in the direction of adulthood to early foetal life. More recently, single-
cell analysis of total mononuclear cells from COVID-19 patients revealed cell
populations with aberrant gene expression programme such as dysfunctional mature
neutrophils and monocytes with down-regulated antigen presentation pathway in
severe COVID-19 patients (Schulte-Schrepping et al., 2020; Yao et al., 2021).

To date, most single-cell studies focused on gene expression analysis.
Alternative splicing represents an underappreciate layer of complexity underlying gene
expression programme (Song et al., 2017). In haematological cancers with substantial
proportion of patients with splicing factor genetic variants, such as MDS and MPN, it
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would be of particular interest to characterise aberrant splicing patterns specific to
certain cell populations. For example, identification of aberrantly spliced genes in the
erythroid compartment can reveal possible mechanisms by which aberrant splicing
may lead to dysregulated erythroid production, and by extension, disease phenotype,
such as anaemia. Furthermore, identification of aberrantly spliced genes in the
disease-propagating HSPC compartment may reveal biomarkers amenable to
targeted therapy.

It is also conceivable that single-cell alternative splicing analysis would be
insightful in haematological cancers without substantial proportion of patients with
splicing factor genetic variants, such as AML. Specifically, single-cell alternative
splicing analysis may complement existing single-cell gene expression analysis by
identifying the specific isoforms that underlie candidate genes detected from
differential gene expression analysis. Afterall, following candidate gene selection from
high-throughput sequencing and analysis, specific isoforms would need to be
identified for downstream functional studies. For example, specific exons would need
to be identified for CRISPR-mediated knocked-out of the corresponding gene or
specific isoforms would need to be identified for overexpression analysis in cell lines
to study the cellular phenotype engendered by the corresponding gene of interest. It
is noteworthy that although isoforms of a given gene of interest may be retrieved from
publicly available databases such as GENCODE (Harrow et al., 2012), Ensembl
(Yates et al., 2020), and genome browsers (Karolchik et al., 2003; Robinson et al.,
2011), alternative splicing analysis may reveal novel isoforms not yet reported in these
publicly available databases and, more importantly, identify isoforms that are
specifically expressed in the researcher’s dataset, and therefore pinpoint the most

biologically relevant isoforms for downstream functional studies.

1.2 Technological advances in single-cell alternative splicing analysis

Early technologies for single-cell alternative splicing analysis are reverse
transcription polymerase chain reaction (RT-PCR) and single-molecule fluorescence
in situ hybridisation (smFISH). Later and more advanced technologies are plate- and
droplet-based single-cell library preparation methods for high-throughput sequencing.
While RT-PCR and smFISH are pioneer methods, they remain important tools for
validation of candidate alternative splicing events detected from plate- and droplet-
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based methods, and are therefore not obsolete for single-cell alternative splicing
analysis. The advantages and disadvantages of early and advanced technologies and
the ways they complement each other will be explored here.

In the next section, we will review the computational tools available to
accommodate single-cell alternative splicing analysis from scRNA-seq data generated
from high-throughput next generation sequencing. Briefly, the two most popular tools
to date are BRIE (Huang & Sanguinetti, 2021) and Expedition (Song et al., 2017).
BRIE infers alternative splicing based on genomic sequence features and sequencing
reads whereas Expedition quantifies alternative splicing based on sequencing reads
alone. Other tools such as SCATS (Y. Hu, Wang, & Li, 2020) and DESJ-detection (S.
Liu et al., 2021) quantify alternative splicing at the pseudo-bulk level by combining all
cells for a given pre-defined cell type.

1.2.1 RT-PCR

The earliest method used to investigate alternative splicing in single cells is the
RT-PCR. This method utilises sequence-specific primers and reverse transcriptase
enzyme to isolate and amplify the isoforms of interest, follow by subjecting the PCR
products to gel electrophoresis to check for the absence or presence of the isoforms.

The isoform sequences would need to be known a priori because sequence-
specific primers are needed to isolate the isoforms of interest. Before the advent of
next-generation sequencing, several approaches for identifying alternative splicing for
characterisation in single cells have been reported. The first approach is to perform
RT-PCR on whole tissue and subjecting the PCR products to gel electrophoresis. Any
PCR products whose length do not conform to previously reported isoforms will be
subjected to Sanger sequencing. The genomic or amino acid sequences are then
aligned to known isoforms to identify novel insertions (exon inclusion) and deletions
(exon exclusion) (Castro et al., 2007; Graf et al., 2005; Steinboeck & Kristufek, 2005).
The second approach is to compare the alignments of all previously reported tissue-
specific cDNA clones against one another (Kanumilli et al., 2006). The third approach
is to collate all previously characterised isoforms from the literature (Kumazaki, Mitsui,
Hamada, Sumida, & Nishiyama, 1999; Springer, McGregor, Fink, & Fischer, 2003).
The expression of these known and novel isoforms detected from whole tissue will

then be subsequently characterised at the single-cell level.
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Characterisation of alternative splicing in single cells from a specific cell
population found that most single cells express only one isoform, but rarely two or
more isoforms in the same cell (Castro et al., 2007; Graf et al., 2005; Kanumilli et al.,
2006; Springer et al., 2003). For example, analysis of four different isoforms of the
PPT-A gene in 144 single cells derived from neurones of the nodose ganglion found
that each cell expresses only one of the four isoforms (Springer et al., 2003). Another
example is the analysis of two different isoforms of the Cd6 gene in mature T cells and
thymocytes whereby >75% of single cells express only one of the two isoforms (Castro
et al., 2007).

The observation of the expression of one dominant isoform in single cells is in
contrast to that observed at the whole tissue level whereby multiple isoforms are found
to be expressed. This may be due to the heterogeneous cell populations with varying
isoform expressions that constitute the whole tissue of interest. Indeed, human atrial
cells are found to express two different isoforms of the CACNA1C gene. However,
separation of human atrial cells into cardiomyocytes and non-cardiomyocytes found
that cardiomyocytes express only the short isoform of CACNA1C whereas non-
cardiomyocytes express both isoforms (Graf et al., 2005).

Taken together, early single-cell analysis of alternative splicing events has
already demonstrated the power of single cells to reveal cell type-specific isoform
expressions that may be missed or are difficult to deconvolute at the bulk level.
However, the low-throughput approach by RT-PCR precludes multiplexing large
number of single cells and isoforms for analysis. Moreover, the requirement for
knowing the isoform nucleotide sequences beforehand may preclude the discovery of
novel isoforms. Nevertheless, RT-PCR remains an important tool for validating both
known and novel isoforms identified from high-throughput next-generation sequencing
platforms (Falcao et al., 2019; Song et al., 2017).

1.2.2 smFISH

smFISH utilises sequence-specific fluorescent probes to bind to mRNA
molecules of interest. These mMRNA molecules are then visualised and enumerated
using microscopy. There are two approaches for delineating the different isoforms of
a given gene using smFISH, namely using probes complementary to isoform-specific

exons or splice junctions.
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In the former approach, fluorescent probes are designed to target exons that
can distinguish the different isoforms. For example, in the case of alternative last exon
usage, whereby isoform-A and -B utilise different exons as their last exon, these exons
can be distinguished by using fluorescent probes with two different colours. Multiple
probe copies are used for the same isoform to increase the signal-to-background noise
ratio for isoform detection. Analysis of two different isoforms of CAPRIN1 gene in
single cells derived from HelLa and Rpe1 cell lines revealed the dominant isoform to
be 20 times more abundant than the minor isoform (Waks, Klein, & Silver, 2011). On
the other hand, the two different isoforms of MKNK2 are found to be in roughly equal
proportions in these cell lines (Waks et al., 2011).

In the latter approach, fluorescent probes are designed to target isoform-
specific exon-exon junctions (splice junctions). In contrast to the former approach, the
splice junction of interest in each mRNA molecule may only be targeted using a single
fluorescent probe (Figure 1.7). This may severely influence the sensitivity of the assay.
Indeed, analysis of ErbB4 isoforms using splice junction-specific probes identified on
average 1-2 mRNA molecules per cell (Erben, He, Laeremans, Park, & Buonanno,
2018) whereas analysis of CAPRIN1 isoforms using exon-specific probes identified
100-200 mRNA molecules per cell (Waks et al., 2011).

Exon-specific probes Splice junction-specific probes
F F F F F
Isoform A | |

S S S
lsoformB """ B

Figure 1.7: Comparison of the relative number of probes targetable to isoform-

specific exons and splice junctions.

One method to overcome the low sensitivity of splice junction-specific probes
for smFISH is to first apply a modified non-fluorescent probe that can be amplified in
situ after binding to the splice junction of interest. The amplified probe, now containing
multiple tagging sites for the fluorophores, can be tagged by the fluorophores and the
signals subsequently detected using microscopy (X. Ren et al., 2018). Using this
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method, analysis of three different isoforms of CD45 gene in single Jurkat T cells
revealed CD45RB isoform to constitute ~50% of CD45 molecules detected whereas
the remaining molecules consisted of the CD45R0O and CD45RA isoforms in roughly
equal proportions (X. Ren et al., 2018).

Similar to RT-PCR, smFISH revealed the dominant expression of one type of
isoform for a given gene in single cells. smFISH also restricts the analysis to a small
number of different isoforms in single cells and requires prior knowledge of the isoform
sequences. Nevertheless, both RT-PCR and smFISH remain important tools for
validating both known and novel isoforms identified from high-throughput next-

generation sequencing platforms (Falcao et al., 2019; Song et al., 2017).

1.2.3 Plate-based library preparation

Next-generation sequencing, also known as massively parallel sequencing, has
enabled high-throughput whole-transcriptome analysis from a wide variety of tissue
types (Kahles et al., 2018; Wen & Leong, 2019). Early library preparation techniques
were specifically developed for whole (bulk) tissue. Nevertheless, these techniques
required large amount of starting material, typically in micrograms (ug), which made
library preparation from single cells infeasible.

MRNA-Seq is the first reported assay for preparing single cells for next-
generation sequencing (F. Tang et al., 2009). In this method, single cells are
individually isolated and lysed. RNA molecules containing poly(A) tails are captured
using poly(T) primers anchored to a universal primer sequence. After the first round of
cDNA synthesis, synthetic poly(A) tails are attached to the 5’-ends of the cDNA
molecules using terminal deoxynucleotide transferase. Poly(T) primers anchored to a
different universal primer sequence are subsequently used to amplify the cDNA
molecules. After several rounds of PCR amplification, the cDNA molecules are
mechanically sheared with sonication and the small-sized fragments are ligated with
adaptor sequences for short-read RNA-seq. As a proof of principle, mMRNA-Seq was
first applied on single cells derived from mouse oocytes, blastomeres, inner cell mass
(ICM) of blastocytes, and embryonic stem cells (ESCs) (F. Tang et al., 2010; F. Tang
et al., 2009). Notably, Dppa4 was demonstrated to be alternative spliced whereby the
splice junction specific to NM_001018002 isoform was found to be more highly
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expressed in ICM whereas the splice junction specific to NM_028610 isoform was
found to be more highly expressed in ESC.

Smart-seq employed similar library preparation strategy as mRNA-Seq
(Ramskold et al., 2012). One main innovation of Smart-seq is that instead of
appending synthetic poly(A) tails, Smart-seq appends several non-templated C
nucleotides (CCC) to the 5’-ends of the cDNA molecules after the first round of cDNA
synthesis. Template switching oligos (TSOs) are then base-paired with these C
nucleotides prior to the next round of amplification. After several rounds of PCR
amplification, the cDNA molecules may be mechanically sheared as per mRNA-Seq
protocol (F. Tang et al., 2009). Alternatively, the cDNA molecules may be fragmented
using Tnb5 transposase (tagmentation) prior to adaptor sequence ligation for short-read
RNA-seq. As a proof of principle, Smart-seq was first applied on single cells derived
from PC3, LnCaP, and T24 cell lines (Ramskold et al., 2012). Notably, NEDD4L was
found to be alternative spliced whereby exon 4 was observed to be expressed across
LNCaP, but not across T24 single cells.

Following up from Smart-seq, Smart-seg2 further increased both yield and
length of the cDNA libraries from single cells (Picelli et al., 2013; Picelli et al., 2014).
To this end, Smart-seq2 exchanges a single guanylate for a locked nucleic acid (LNA)
guanylate at the TSO 3’-end (rGrG+G), increases Mg+ concentration in the SMARTer
buffer, adds dNTPs prior to RNA denaturation (as opposed to adding dNTPs in the
reverse transcription master mix), adds betaine into the reaction mix, and eliminates
the bead extraction step. Similar to Smart-seq, tagmentation may be used to achieve
smaller fragments amenable for short-read RNA-seq. Alternatively, the tagmentation
step may be skipped to preserve the full-length cDNA molecules for long-read RNA-
seq (Byrne et al., 2017). To date, Smart-seq2 remains the most widely used plate-
based library preparation protocol for both singe-cell gene expression and alternative
splicing analysis compared to other methods (Hayashi et al., 2018; Islam et al., 2011;
F. Tang et al., 2009; L. Wu et al., 2015). Indeed, Smart-seq2 combined with short- or
long-read RNA-seq has been used to characterise the alternative splicing landscape
in a variety of cell types including induced pluripotent stem cells, neural progenitor
cells, motor neurons, endoderm cells, immune cells, and cancer cells (Linker et al.,
2019; Manipur, Granata, & Guarracino, 2019; Singh et al., 2019; Song et al., 2017).

More recently, Smart-seq3 was developed. The main innovation of Smart-seq3
is the attachment of a unique molecular identifier (UMI) to each TSO, effectively
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tagging each cDNA molecule at the 5’-end (Hagemann-Jensen et al., 2020). This
enables in silico isoform reconstruction using sequencing reads with the same UMI
tag and subsequent quantification of isoforms at the single-molecule level. Smart-seq3
analysis of single cells derived from HEK293FT cell line demonstrated that half of the
molecules per cell could be assigned to a known isoform, and isoforms of up to 4kb
have been reconstructed successfully.

Although plate-based library preparation methods are labour-intensive and low-
throughput, indeed most plate-based studies to date analysed on average only a few
hundred single cells, they nevertheless are the first methods to enable transcriptome-
wide analysis of alternative splicing events in single cells when coupled with next-

generation sequencing platforms.

1.2.4 Droplet-based library preparation

Heterogeneous cell populations such as those of the bone marrow
mononuclear cells and central nervous system consist of many cell populations with
differing population sizes. Low-to-moderate throughput library preparation methods
such as plate-based methods may not be sufficiently sensitive for gene and alternative
splicing analysis in rare cell populations. Droplet-based library preparation methods
were developed to automate single-cell library preparation process and to increase
the number of cells for next-generation sequencing.

inDrop (indexing droplets) and Drop-Seq are pioneers in developing droplet-
based library preparation protocols for single cells (Klein et al., 2015; Macosko et al.,
2015). Both techniques utilise a custom microfluidic device containing separate inlets
for cells, barcoded primers, lysis buffer, and oil to generate discrete droplets for each
cell. Each barcoded primer consists of the cell barcode, UMI sequence, and poly(T)
tail. In each droplet, the cell is lysed, and the barcoded primers are used to generate
cDNA molecules. Next, the droplets are broken, and the cDNA molecules are
collectively amplified prior to downstream next-generation sequencing.

The key difference between inDrop and Drop-Seq is the medium of delivery of
the barcoded primers. In the former, the barcoded primers are linked to polyacrylamide
mesh via photo-cleavable linkers and are encapsulated in hydrogels. The barcoded
primers are then released in the droplets using ultraviolet (UV) light for cDNA
generation in free suspension within the droplet (Klein et al., 2015). In the latter, the
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barcoded primers are attached to the surface of microparticles (beads) and cDNA
generation occurs on the beads themselves (Macosko et al., 2015).

10x Genomics employs similar droplet-based library preparation protocols for
single cells, and at the same time, addresses several limitations of inDrop and Drop-
Seq (Zheng et al., 2017). Firstly, not all droplets will contain single cells after the
droplet-generation step in inDrop and Drop-Seq. For example, only ~10% of droplets
are occupied by cells in inDrop (Klein et al., 2015) whereas 10x Genomics
demonstrated capture rate of ~50% while maintaining negligible number of droplets
containing >1 cell (doublets). This will mitigate sample wastage, especially for low-
volume samples. Secondly, 10x Genomics developed an 8-channel microfluidic chip
that enables multiplexing of up to 8 samples in a single run. Thirdly, 10x Genomics
developed a computational workflow called CellRanger to conveniently pre-process
single-cell next-generation sequencing data, including sequence alignment, cell
barcode and UMI sequence correction, and gene expression quantification. To date,
10x Genomics remains the most popular high-throughput droplet-based library
preparation method.

The development of droplet-based library preparation methods was motivated
by gene expression profiling of large cell populations. Therefore, in contrast to plate-
based method, the original droplet-based studies did not demonstrate alternative
splicing as a proof of principle for their methods. Nevertheless, studies on alternative
splicing analysis using droplet-based data are gradually emerging (Dehghannasiri,
Olivieri, Damljanovic, & Salzman, 2021; Kaminow, Yunusov, & Dobin, 2021).

1.3 Computational approaches for single-cell alternative splicing analysis
There already exists several robust and popular analytical frameworks to
enable comprehensive characterisation of gene expression profiles in single cells,
such as Seurat (Satija, Farrell, Gennert, Schier, & Regev, 2015), SingCellaR (G. Wang
et al., 2022), Monocle (Trapnell et al., 2014), and Scanpy (Wolf, Angerer, & Theis,
2018). These analytical frameworks provide functionalities for gene expression
normalisation, batch/donor correction, dimension reduction, clustering analysis and
cell type identification, differential expression analysis, and pathway enrichment

analysis.
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Current analytical frameworks for single-cell alternative splicing analysis have
not match more established gene expression analytical frameworks in terms of
providing wide-ranging functionalities to enable comprehensive characterisation of the
splicing landscape in single cells. Current analytical frameworks for single-cell
alternative splicing analysis may be broadly categorised into whether alternative
splicing is characterised at the level of gene, isoform, or splice junction level.

1.3.1 Gene-level analysis

Early single-cell alternative splicing analysis inferred differential isoform usage
for a given gene without explicitly quantifying the isoform expression levels.
Computational frameworks that utilise this approach include SingleSplice (Welch, Hu,
& Prins, 2016), logistic regression (Ntranos, Yi, Melsted, & Pachter, 2019), and ISOP
(Vu et al., 2018). The common features shared by these frameworks and their unique
features will be elaborated here.

SingleSplice first performs de novo assembly using short reads to construct the
longest piece of transcript for a given gene (Welch et al., 2016). This conceptual
transcript is termed a directed, acyclic splice graph. All possible isoforms are
subsequently detected using this conceptual transcript as a reference. These isoforms
are referred to as paths through the graph. Next, alternative splicing modules (ASMs)
representing alternative splicing events across the different isoforms are detected and
their corresponding expressions are quantified. Using this information, SingleSplice
assesses whether the observed ASM-A to ASM-B ratio is above the variation in ratio
due to technical noise. Genes with observed ASM-A to ASM-B ratio that exceeds the
simulated variation in ratio due to technical noise are considered as differentially
spliced. This process is applicable to genes with two or more ASMs detected.

Similar to SingleSplice, ISOform-Patterns (ISOP) focuses on the ratio of two
isoforms for a given gene to detect differentially splice genes (Vu et al., 2018).
Specifically, ISOP categorises the isoform expression patterns into three broad
classes. Pattern I/ll represent equal expression of both isoform A and B in a given cell
population. Pattern V/VI represent bimodal expression of isoform A (some cells
express the isoform while other cells do not) and unimodal expression of isoform B in
a given cell population. Pattern X/XI| represent bimodal expression of both isoform A
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and B in a mutually exclusive manner, i.e., when isoform A is expressed, isoform B is
not, and vice versa.

It is noteworthy that both SingleSplice and ISOP only enable detection of
differentially spliced genes within a cell population, but not across two or more different
cell populations (Vu et al.,, 2018; Welch et al., 2016). Logistic regression was
subsequently showed to be able to detect differentially splice genes between two cell
populations (Ntranos et al., 2019). Logistic regression is a supervised machine
learning classification algorithm used to predict the probability of an observation
(single cell) belonging to a group (cell population A or B) based on several given
features (isoform A and B expression). Ntranos et al. used logistic regression to
assess whether the two most highly expressed isoforms for a given gene were able to
distinguish two different cell populations. Genes whose isoforms have the predictive
power to distinguish the two different cell populations are considered to be differentially
spliced.

The aforementioned frameworks were shown to be able to detect genes that
were differentially spliced, but not differentially expressed within or across cell
populations (Ntranos et al., 2019; Vu et al., 2018; Welch et al., 2016). For example,
SingleSplice detected differentially spliced genes within a presumed homogeneous
population of single cells derived from mouse embryonic stem cells that reflected
subpopulations of single cells at different cell cycle stages, i.e., G1, S, and G2M
(Welch et al., 2016). Furthermore, logistic regression identified CD45 to be
differentially spliced between naive T cells (CD4+CD45RA+CD25-) vs memory T cells
(CD4+CD45R0O+) in the absence of any detectable gene expression changes
(Ntranos et al., 2019). Hence, these early applications of single-cell alternative splicing
frameworks have demonstrated that alternative splicing represents an additional layer

of complexity underlying and invisible at gene expression level

1.3.2 Exon-level analysis

While gene-level alternative splicing analysis frameworks enable the detection
of differentially spliced genes, they neither explicitly quantify the isoform expression
levels nor do they quantify the degree or extent of isoform changes within or across
different cell populations.
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Exon-level alternative splicing events are measured in terms of percent spliced-
in (PSI). For a given alternative splicing event in a given cell, a PSI of 100 means that
only one dominant isoform is expressed in the cell, specifically the isoform with the
alternative exon spliced in. A PSI of 0 also means that only one dominant isoform is
expressed in the cell, specifically the isoform with the alternative exon spliced out. 0 <
PSI < 100 means that both isoforms are co-expressed in the cell (Figure 1.8).

PSI = PSI = PSI = PSI = PSI =

PSI =100

Figure 1.8. Example of PSI values arranged in ascending order. PSI values are
defined as the percentage of isoforms with the alternative exon spliced in (pink).

Current analytical frameworks employ either one of the two approaches for PSI

estimation, namely Bayesian- or sequencing read-based approach.

1.3.2.1 Bayesian approach for PSI estimation

BRIE (Bayesian regression for isoform estimation) is the first analytical
framework developed specifically for single-cell alternative splicing analysis (Huang &
Sanguinetti, 2017). This Bayesian model combines an informative prior together with
a likelihood to predict PSI values. The informative prior consists of 735 curated
genomic sequence features such as alternative exon sequence conservation score
(phastCons), splice site motifs, and intron length. The likelihood consists of
sequencing reads aligning to the alternative exon body and its flanking constitutive
exon bodies. This likelihood is a mixture model borrowed from MISO — a bulk
alternative splicing software (Katz, Wang, Airoldi, & Burge, 2010).

For a given alternative exon in a given cell, when the coverage is high, the
model places more weight on the likelihood (sequencing reads) to predict the PSI
value. When the coverage is moderate, the model places similar weights on both the
likelihood (sequencing reads) and the informative prior (genomic sequence features)

39



to predict the PSI value. Lastly, when coverage is low, the model places more weight
on the informative prior (genomic sequence features) to predict the PSI value.
Therefore, BRIE should in theory be able to circumvent the issue of low coverage by
imputing the PSI values in single cells with low coverage. Nevertheless, the accuracy
of BRIE to predict PSI values in low coverage scenarios has not been systematically
assessed in the original study (Huang & Sanguinetti, 2017).

Recently, it was revealed that PSI value imputation of alternative splicing events
in cells with low coverage leads to inaccurate PSI estimation by BRIE (W. Liu & Zhang,
2020). Specifically, the cell-to-cell correlation for PSI values in single cells derived from
homogeneous cell populations is poor when alternative splicing events with low
coverage are included for analysis. It was discovered that at low coverage, BRIE tends
to predict PSI values of ~50. This is consistent with the likelihood (sequencing reads)
mixture model tha