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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-seq2) 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). 

 

 
 
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 
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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 5’ 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-U5 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 mRNA 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. 

GU AGA
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AGA

GU
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2nd transesterification step
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Intron
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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). 

 

 
  

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 HMGA2, which 

demonstrated alternative splicing of the 3’-untranslated region (3’-UTR). The shorter 

HMGA2 isoform (HMGA2-S) was more highly expressed in CB HSCs compared to FL 

HSCs. HMGA2-S, without the 3’-UTR otherwise present in HMGA2-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 (l-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., HMGA2), and intron retention leading to NMD 

(e.g., EPOR and SF3B1). Therefore, annotation of alternative splicing events with 

protein domains, in silico identification of miRNAs 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) trans-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, SF3B1MUT-associated A3SS tended to be located ~20-

24 base-pairs (bp) away from the canonical 3’ splice site, SRSF2MUT-associated 

inclusion and skipping of alternative exons tended to occur on exons enriched with 

CCNG and GGNG motif, respectively, whereas U2AF1MUT-associated inclusion and 

skipping of alternative exons tended to occur on exons with acceptor splice site 

sequence [C/A]AG and [C/T]AG, respectively (Ilagan 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 U2AF1MUT 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 SF3B1MUT, SRSF2MUT, U2AF1MUT, and ZRSR2MUT 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 
variant 

RNA-seq Spliced gene validated (PCR) Reference 
Cancer 

type 
Sample 

type 
Sample size 

mutant/ 
total (%) 

Gene Strand Direction Event 
type 

Event coordinate 

     SF3B1     
K700E MDS BM-MNC 63/125 (50%) ERFE + Inclusion A3SS chr2:238162731|238162724 (Bondu et al., 2019) 

K700E 
(majority), 

H662Q 

MDS BM-MNC 3/6 (50%) SLC25A37 + Inclusion RI NOS (Visconte et al., 
2015) 

K700E 
(majority), 
E662D, 
K666N, 
R625L 

MDS BM-MNC 
(CD34+) 

28/84 (33%) SEPTIN2 + Inclusion A3SS chr2: 241335975|241335959 (Pellagatti et al., 
2018) 

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 
(CD34+) 

8/12 (67%) ABCB7 - Inclusion A3SS chrX:75071683|75071704 (Dolatshad et al., 
2015; Dolatshad et 

al., 2016)     DYNLL1 + Inclusion A3SS chr12:120496410|120496402 
    ENOSF1 - Inclusion A3SS chr18:683380|683395 
    HINT2 - Inclusion A3SS chr9:35813145|35813156 
    SEPTIN6 - 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  
    TTI1 - Inclusion A3SS chr20:38002776|38002793  

    ZNF91 - Inclusion A3SS chr7:23362730|23362739  
K700E 

(majority), 
E622D, 
E622D, 

R625C/L, 
N626D, 
H662Q, 

K666N/Q/R/
T, p.698–
700del, 
p.700–
701del, 
G740E, 
D781G 

MDS BM-MNC, 
CD34+ 

68/214 (32%) RFNG - Exclusion RI NOS (Shiozawa et al., 
2018) 

   RECQL4 - Exclusion RI NOS 
   NDOR1 + Exclusion RI NOS 
   AP1G2 - Exclusion RI NOS 
   PIEZO1 - Exclusion RI NOS 
   ABCB7 - Inclusion A3SS chrX:75071683|75071704 
   PPOX + Inclusion A3SS NOS 

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-

MNC/PB 
8/12 (67%) MAP3K7 - Inclusion A3SS chr6:90560214|90560234 (Lee et al., 2018) 

 CLL  7/13 (54%)       
 AML  5/9 (56%)       
 CMML  3/10 (23%)       
     SRSF2     

P95H 
(majority), 

P95L, 
P96_R102d

el 

MDS BM-MNC 
(CD34+) 

8/84 (9.5%) AKAP8 - Inclusion SE chr19:15369067:15369224 (Pellagatti et al., 
2018) 

P95H 
(majority), 

P95T, P95L 

MDS BM-MNC, 
CD34 

39/214 (18%) EZH2 - Inclusion SE chr7:148818978:148819059 (Shiozawa et al., 
2018) EZH2 - Exclusion SE chr7:148817222:148817391 

P95H MDS BM-
MNC/PB 

NOS CASP8 + Exclusion SE chr2:201272898:201272942 (Lee et al., 2018) 

 CLL BM-
MNC/PB 

NOS CASP8 + Exclusion SE chr2:201724889:201274953  

P95H, 
P95R, P95L 

AML BM-MNC 6/115 (5.2%) EZH2 - Inclusion SE chr7:148818978:148819059 (Cancer Genome 
Atlas Research et 
al., 2013; Rahman, 
Lin, Bradley, Abdel-
Wahab, & Krainer, 

2020) 
P96H AML BM-MNC 69/1119 

(6.1%) 
IDH3G - Inclusion SE chrX:153786801:153786947 (Bamopoulos et al., 

2020) 
    IDH3G - Exclusion SE chrX:153790564:153790575  

P95H, 
P95R, P95L 

NA cell line 
(HEL) 

NA HNRNPA2B
1 

- Exclusion SE chr7:26193575:26193694 (Liang et al., 2018) 

P95H, 
R86_G93du

p 

NA Cell line  
(K572) 

NA PRMT2 + Inclusion SE chr21:46636439:46636547 (Pangallo et al., 
2020) 

FAXDC2 - Exclusion SE chr5:154834625:154834728  
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P95L NA CRISPR/ 
Cas9-
edited 
normal 
iPSC 

NA GNAS + Inclusion SE chr20:58898941:58898985 (Wheeler et al., 
2022) 

     U2AF1     
S34, Q157 MDS BM-MNC, 

CD34+ 
14/214 
(6.5%) 

EZH2 - Inclusion SE chr7:148818978:148819059 (Shiozawa et al., 
2018) 

S34F 
(majority), 

S34Y 

MDS BM-MNC, 
CD34+ 

13/150 
(8.7%) 

DEK - Exclusion SE chr6:18258304:18258405 (Graubert et al., 
2011; Okeyo-Owuor 

et al., 2015) 
IFI44 + Exclusion A3SS NOS 

WASHC4  + Exclusion A3SS NOS 
SERPINB8 + Exclusion A3SS chr18:63986963|63986874 

SMN1 + Exclusion SE NOS 
S34F 

(majority), 
S34Y, 
Q157P 

AML BM-MNC 7/169 (4.1%) ATR - Inclusion SE chr3:142450466:142450603 (Cancer Genome 
Atlas Research et 
al., 2013; Ilagan et 

al., 2015) 
S34F AML BM-MNC 4/200 (2%) CHCHD7 - Exclusion A3SS chr8:56216389|56216433 (Brooks et al., 2014; 

Cancer Genome 
Atlas Research et 

al., 2013) 

CTNNB1 + Inclusion A3SS chr3:41239819|41239660 

S34F 
(majority), 

S34Y, 
Q157P 

AML BM-MNC 7/110 (6.3%) BCOR - Exclusion A3SS chrX:40063850|40063952 (Cancer Genome 
Atlas Research et 
al., 2013; Shirai et 

al., 2015) 

GNAS + Exclusion SE NOS 

H2AFY - Inclusion MXE       chr5:135352946:135353045:- 
     @chr5:135350823:135350913 

KDM6A + 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 
Atlas Research et 

al., 2013; Park et al., 
2016) 

 AML BM-MNC 4/169 (2.3%)      
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S34F 
(majority), 

S34Y, 
Q157P 

MDS BM-MNC 
(CD34+) 

6/23 (26%) IRAK4 + Inclusion SE chr12:43771220:43771365 (Cancer Genome 
Atlas Research et 
al., 2013; Smith et 

al., 2019) 

S34F, 
R156H, 
Q157P, 
Q157R 

AML BM-MNC 6/160 (3.4%)      

S34F, I24T NA Cell line 
(K572) 

NA RHBDD2 + Inclusion SE chr7:75881365:75881486 (Pangallo et al., 
2020) 

    H2AFY - Inclusion MXE     chr5:135352946:135353045:- 
   @chr5:135350823-135350913 

S34F NA Ery, gran 
derived 

from 
CD34+ 

cells 

NA H2AFY - Inclusion MXE chr5:135352946:135353045:-
@chr5:135350823-135350913 

(Yip et al., 2017b) 

STRAP + Exclusion SE chr12:15883541:15883676 
SMARCA5 + Exclusion SE chr14:143540363:143540495 
ITGB3BP - Inclusion SE chr1:63510065:63510181 

ATR - Inclusion SE chr3:142450466:142450603 
S34F NA CRISPR/ 

Cas9-
edited 
normal 
iPSC 

NA GNAS + Inclusion SE chr20:58898941:58898985 (Wheeler et al., 
2022) 

     ZRSR2     
Various 

truncating 
and 

missense 
variants 

MDS BM-MNC 8/12 (67%) FRA10AC1 - Inclusion RI chr10:93694938:93698135 (Madan et al., 2015) 

WDR41 - Inclusion RI chr5:77459125:77463094 

Various 
truncating 

and 
missense 
variants 

MDS BM-MNC 8/18 (44%) LZTR1 + Inclusion RI chr22:20996113:20996696 (Inoue et al., 2021) 
AML BM-

MNC/PB 
9/427 (2.1%)      
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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, SRSF2P95 and U2AF1S34. Aberrant alternative splicing associated with less 

common, but clinically relevant hotspot variants, remains to be comprehensively 

studied and validated. For example, U2AF1Q157 is associated with worse prognosis 

compared to U2AF1S34 in 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 trans-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 EZH2 truncating 

variants (Rivera et al., 2021). Specifically, aberrantly spliced EZH2 constituted three-

quarters of all patients with reduced functional EZH2 compared to one-quarter of that 

contributed by EZH2MUT. 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 
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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 mRNA 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 HeLa 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). 

 

 
 

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 CD45RO 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 (μg), 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, mRNA-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 Tn5 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-seq2 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/II 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 



 38 

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 naïve T cells (CD4+CD45RA+CD25-) vs memory T cells 

(CD4+CD45RO+) 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). 

 

 
 
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) 

PSI = 0 PSI = 20 PSI = 40 PSI = 60 PSI = 80 PSI = 100
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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 that BRIE borrowed from MISO which defines a PSI value of 50 by 

default at low coverage (Katz et al., 2010). PSI value of 50 means that both isoforms 

(isoform A that splice in the alternative exon and isoform B that splice out the 

alternative exon) are co-expressed in the same cell. The default value of 50 is sensible 

in bulk alternative splicing analysis because more than one isoform is likely to be 

expressed in bulk samples (Katz et al., 2010; S. Liu et al., 2021). However, it has been 

widely reported that single cells are more likely to express only one dominant isoform 

(W. Liu & Zhang, 2020; Westoby, Herrera, Ferguson-Smith, & Hemberg, 2018). This 

translates to either PSI of 100 (the alternative exon spliced in) or 0 (the alternative 

exon spliced out). Hence, the affinity to predict exon inclusion rate ~50 by BRIE in low 

coverage settings may not be suitable for single cells. Indeed, removing splicing 

events and cells with low coverage improves the cell-to-cell correlation of the exon 

inclusion rate estimated by BRIE (W. Liu & Zhang, 2020). It is noteworthy that BRIE 

presently does not automatically identify or filter away splicing events or single cells 

with insufficient reads. 

Notwithstanding the accuracy of PSI estimation at low coverage, the Bayesian 

model remains an elegant approach for estimating PSI values because it is possible 

to incorporate additional informative priors, aside from genomic sequence features, to 

improve PSI estimation. For example, incorporation of methylation profile, such as 

methylation of alternative exon, is able to significantly, albeit very marginally, improve 

the accuracy of PSI estimation (Linker et al., 2019).  
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Presently, the utility of genomic sequence features as an informative prior has 

only been demonstrated for skipped-exon (SE) alternative splicing event. It would be 

of particular interest to assess the usefulness of genomic sequence features as an 

informative prior for other alternative splicing event types, namely mutually exclusive 

exons (MXE), retained intron (RI), alternative 5’ and 3’ splice sites (A5SS and A3SS, 

respectively) and alternative first and last exons (AFE and ALE, respectively). Afterall, 

alternative splicing events other than SE have been shown to play important roles in 

both health and disease states (Shiozawa et al., 2018; Smart et al., 2018). Moreover, 

genomic sequence features as informative prior has only been curated for human and 

mouse genomes. It would therefore also be of particular interest to assess genomic 

sequence features as an informative prior for other mammalian species.  

 

1.3.2.2 Read-based approach for PSI estimation 
 Expedition is the first read-based alternative splicing analytical framework 

developed for single-cell analysis (Song et al., 2017). In contrast to Bayesian approach 

which incorporates both genomic sequence features and sequencing reads to 

estimate PSI values, the read-based approach incorporates only sequencing reads for 

estimating PSI values. Specifically, splice junction reads are used to compute the PSI 

values. The read-based approach offers several advantages over the Bayesian 

approach for estimating PSI values. 

Firstly, the read-based approach does not depend species-specific genomic 

sequence features to estimate the PSI values. Therefore, this approach is applicable 

to any species with well-annotated genome. For example, human, mouse, cow, 

chicken, xenopus, zebrafish, amphioxus, sea urchin, fruit fly, centipede, 

Caenorhabditis elegans, planarian, sea anemone, and Arabidopsis thaliana (Tapial et 

al., 2017). 

Secondly, the PSI values estimated by the read-based approach are based on 

observed sequencing reads and therefore are more likely to represent true biological 

phenomena (Song et al., 2017). For example, a PSI value of 75 reflects three-quarters 

of the sequencing reads supporting the inclusion (spliced in) of the alternative exon 

whereas one-quarter of the sequencing reads supporting the exclusion (spliced out) 

of the alternative exon. Moreover, single cells in which alternative exons with low-to-

zero coverage (dropouts) are excluded from downstream analysis due to the 
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uncertainty in estimating the PSI values. On the other hand, the Bayesian approach 

uses a PSI value of 50 as a prior, hence the PSI value assigned to alternative exons 

with low-to-zero coverage would be skewed towards 50 (Huang & Sanguinetti, 2017; 

W. Liu & Zhang, 2020). A PSI value of 50 as a prior may not always represent the true 

biology phenomena, especially for lowly expressed genes with high dropout rates. 

Indeed, majority of alternative exons with moderate-to-high coverage have PSIs of 

~100 or ~0 in single cells (W. Liu & Zhang, 2020; Marinov et al., 2014; Song et al., 

2017). 

Despite the advantages of read-based approach compared to Bayesian 

approach for estimating PSI values, Expedition has only been applied by one study 

(excluding the original publication) to date (W. Liu & Zhang, 2020) whereas BRIE has 

been applied by at least five studies (excluding the original publication) (Falcao et al., 

2018; Y. Li, Chen, et al., 2021; W. Liu & Zhang, 2020; Manipur et al., 2019; Munoz et 

al., 2019). Both Expedition and BRIE are available since 2017. One possible reason 

for the low uptake of Expedition is the large computational power required; Expedition 

recommends at least 16 cores. This high computational requirement may preclude 

users without access to advanced computational infrastructure. For example, yours 

truly was not able to run Expedition before October 2020 because the computer cluster 

which yours truly had access to at that time had only 4 cores. 

SCATS is a more recent exon-level read-based alternative splicing software (Y. 

Hu et al., 2020). SCATS aggregates cells based on user-defined cell types 

(pseudobulk) prior to splicing analysis. Notably, SCATS is able to analyse UMI-

containing sequencing reads generated from plate- or microfluidic-based (e.g., 

Fluidigm C1 instrument), but not droplet-based platforms. 

 Several read-based alternative splicing analytical framework developed for bulk 

RNA-seq analysis have been applied to single-cell datasets (Y. Chen et al., 2018; 

Marinov et al., 2014). This is not surprising given that the utilisation of splice junction 

reads to estimate PSI values is not unique to single-cell analysis. Nevertheless, these 

bulk-level alternative splicing software do not include features to address the technical 

noise inherent to scRNA-seq data, including validation of alternative splicing events 

and modelling of high dropout rates.  

It is noteworthy that similar to BRIE, Expedition, and SCATS currently only 

computes the PSI values for skipped-exon (SE) and mutually exclusive exons (MXE) 

(Song et al., 2017). Other alternative splicing event types including retained intron (RI), 
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alternative 5’ and 3’ splice sites (A5SS and A3SS, respectively) and alternative first 

and last exons (AFE and ALE, respectively) also play important roles in health and 

diseased states (Shiozawa et al., 2018; Smart et al., 2018). 

 

1.3.2.3 Modelling PSI distributions 
 The percent spliced-in (PSI) values for a given alternative splicing event across 

a cell population can take any values between 0-100. Therefore, the PSI values may 

be modelled using the beta distribution. The beta distribution is defined by two 

parameters, namely α and β. By estimating the values of α and β, the PSI distribution 

may be grouped into discrete categories (“modalities”). The first set of modalities was 

proposed by Expedition and consists of five modalities, namely included (PSI ~ 100), 

excluded (PSI ~ 0), bimodal (PSI ~ 100 and PSI ~ 0), middle (PSI ~ 50), and 

multimodal (uniform distribution) (Song et al., 2017) (Figure 1.9).  

 

 
 

Figure 1.9. Modalities conceived by Expedition. (Top) Two possible isoforms when 

analysed at the exon level, i.e., one isoform in which the alternative exon is spliced in 

and another in which the alternative exon is spliced out. (Middle) The five modalities 

by Expedition. Red diamonds represent the average PSI values across the single-cell 
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population and also the expected PSI values at the bulk level. (Bottom) The proportion 

of isoforms with the alternative exon spliced in (pink) or spliced out in each cell for the 

respectively modalities. Four single cells shown as representatives of the entire cell 

population.  

 

 Included and excluded modalities may be represented accurately at the bulk 

level because the average PSI values across a cell population for these two modalities 

are similar to that at the bulk level. However, it may not be possible to distinguish the 

bimodal, middle, and multimodal splicing patterns at the bulk level because the 

average PSI values across a cell population for these modalities are similar, i.e., ~50. 

Therefore, modality analysis may reveal single-cell alternative splicing patterns that 

may be indistinguishable at the bulk level. 

 Modality classification of skipped-exon (SE) and mutually exclusive exons 

(MXE) in induced pluripotent stem cells (iPSCs), neural progenitor cells, and motor 

neurons revealed included, excluded, and bimodal modalities to be the most common 

modality types. They account for ~50%, ~30%, and ~20% of alternative splicing 

events, respectively (Song et al., 2017). On the other hand, middle and multimodal 

modalities collectively account for only <1% of alternative splicing events. 

While bimodal modality accounts for a significantly proportion (~one-fifth) of 

alternative splicing events, a recent study using simulated and empirical data have 

shown that majority of bimodal splicing patterns are false positives, i.e., misclassified 

(Buen Abad Najar, Yosef, & Lareau, 2020). False bimodal splicing patterns may be 

attributed to PCR amplification bias of the minor isoform arising during single-cell 

library preparation, especially when the starting material is low (Figure 1.10). The 

presence of misclassified bimodal splicing patterns identified from RNA-seq has also 

been validated using quantitative polymerase chain reaction (qPCR) whereby some 

bimodal splicing patterns identified in RNA-seq are found to be either included or 

excluded splicing pattern in qPCR (Song et al., 2017).  

 



 45 

 
 

Figure 1.10: PCR amplification bias of minor isoform leads to false bimodal 
splicing pattern reflected in scRNA-seq data. PCR amplification bias for minor 

isoform that (A) exclude (splice out) or (B) include (splice in) the alternative exon (pink) 

leading to false bimodal splicing patterns.  

 

One approach to mitigate false bimodal classification is to only include highly 

expressed alternative splicing events, such as alternative splicing events whose genes 

have inferred mRNA molecular counts of at least 10 (Buen Abad Najar et al., 2020; 

Qiu et al., 2017). However, this approach would preclude majority of genes from 

alternative splicing analysis, especially genes with moderate-to-low expression. 

Therefore, an alternative approach is needed to distinguish true from false bimodal 

classification to enable more accurate modality assignment but without sacrificing 

genes with moderate-to-low expression.  

It is noteworthy that current single-cell alternative splicing frameworks do not 

incorporate any approach to identify and make corrections to false bimodal 

classifications.   

 

1.3.2.4 Differential splicing analysis 
 Differential gene expression analysis between different cell populations is the 

cornerstone in gene expression studies as it can identify candidate genes for 

downstream experimental validation and characterisation. Similarly, after estimating 

and modelling percent spliced-in (PSI) values, differential splicing analysis is an 

important step for identifying differentially spliced events for downstream analysis 

(Shiozawa et al., 2018).   
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BRIE compares the percent spliced-in (PSI) values between two cells to identify 

differentially spliced events between this pair of cells (Huang & Sanguinetti, 2017). In 

order to identify differentially spliced events within a given cell population, all possible 

pair-wise comparisons would need to be performed. This will lead to an exponential 

increase in computational power and time with increasingly larger cell populations. 

One approach to circumvent this limitation is to only perform the differential splicing 

analysis in a subsample of the cell population. For example, only 20 of 1,205 (1.7%) 

single cells derived from mouse embryonic cells were included for differential splicing 

analysis in this study (Huang & Sanguinetti, 2017). Using this down-sampling 

approach, ~1-2% of alternative splicing events are found to be differentially spliced in 

single cells derived from human HCT116 cells and mouse embryonic cells (Huang & 

Sanguinetti, 2021). Although pair-wise comparison of cells may identify differentially 

spliced events within a cell population, this approach does not enable comparison 

between groups of cell populations. 

 Expedition allows for differential splicing analysis between two groups of cell 

populations. Differentially spliced events are defined as alternative splicing events that 

exhibit modality change from one cell population to another. For example, PKM exon 

9 undergoes modality change when induced pluripotent stem cells (iPSCs) 

differentiate into motor neurons whereby PKM exon 9 demonstrates an included 

modality in the former but a bimodal modality in the latter cell population (Song et al., 

2017). Therefore, differential splicing analysis based on modality change allows for 

qualitative assessment of splicing changes between two cell populations. 

 BRIE (mode 2) enables quantitative assessment of splicing changes between 

two cell populations (Huang & Sanguinetti, 2021). To this end, for each alternative 

splicing event, BRIE (mode 2) fits two models: One model with the cell group 

information (cell population A and B) provided and another model with the cell group 

information left out. The strength of the association between an alternative splicing 

event and the cell groups is represented as evidence lower bounds (ELBO), which 

approximates the Bayes factor (BF). ELBO and BF are the frequentist equivalent for 

P values. It is noteworthy that BRIE (mode 2) only utilises sequencing reads, without 

incorporating genomic features, to infer PSI values for the purpose of differential 

splicing analysis. For cells with missing PSI values (due low-to-no coverage) for a 

given alternative splicing event, BRIE (mode 2) imputes these missing values using 

the mean PSI values across cells with sufficient coverage. This approach assumes 
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the mean PSI is representative of the overall cell population and therefore this 

approach of differential splicing analysis is recommended only for comparing 

homogeneous, but not heterogeneous, cell populations (Huang & Sanguinetti, 2021). 

 

1.3.3 Splice junction-level analysis  
Plate-based library preparation protocols, such as Smart-seq2, preceded 

droplet-based library preparation protocols, such as 10x Genomics. Plate-based 

library preparation protocols yield more-or-less uniform coverage across the isoform 

molecules that enables exon-level alternative splicing analysis (Picelli et al., 2013; 

Picelli et al., 2014). Indeed, correcting for 3’-bias coverage during percent spliced-in 

(PSI) estimation does not substantially improve the precision of PSI values (J. Zhang, 

Kuo, & Chen, 2015). Therefore, pioneering single-cell alternative splicing frameworks, 

such as BRIE and Expedition, are developed for analysing splicing events at the exon-

level in RNA-seq data generated from plate-based library preparation methods (Huang 

& Sanguinetti, 2017; Song et al., 2017). 

Nevertheless, droplet-based library preparation protocols are increasingly more 

widely applied compared to plate-based because of the former’s ability to process 

more cells within a shorter period of time in an almost automated fashion (Zheng et 

al., 2017). The additional challenges during single-cell alternative splicing analysis 

presented by droplet-based preparation protocols compared to that of plate-based 

include higher drop-out rates, perverse 3’- or 5’-end coverage bias, and much larger 

number of cells. Specifically, due to the 3’- or 5’-end coverage bias, exon-level 

alternative splicing analysis is not feasible for RNA-seq data generated from droplet-

based library preparation protocols (Figure 1.11). Therefore, there is an urgent 

demand for novel single-cell alternative splicing frameworks to address these 

challenges presented by RNA-seq data generated from droplet-based library 

preparation protocols.  
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Figure 1.11. Comparison of coverage uniformity across isoform molecules in 
RNA-seq data generated from plate- and droplet-based library preparation 
protocols. (A) More-or-less uniform coverage across isoform molecules in RNA-seq 

data generated from plate-based library preparation protocols enables precise 

estimation of the PSI value of the alternative exon (pink). (B) Coverage decreases 

from 3’ to 5’-end in RNA-seq data generated 3’-bias droplet-based library preparation 

protocols. This precludes exon-level analysis of alternative splicing events. 

 

 SICILIAN was introduced to call high confident splice junctions from RNA-seq 

data generated from 10x Genomics (Dehghannasiri et al., 2021). To this end, 

SICILIAN incorporates several variables into a generalised linear model to yield a 

confidence score for each splice junction. Examples of these variables are the number 

of supporting reads and the alignment scores. Splice junctions above a user-defined 

confidence score will be retained. Next, only annotated (previously reported) splice 

junctions are further retained. Collectively, these steps will mitigate false positive splice 

junctions (sequencing artifacts) from being included for downstream analysis. 

Nevertheless, SICILIAN does not perform downstream analysis such as differential 

splicing analysis. Furthermore, SICILIAN only evaluates splice junctions at the bulk-

level, i.e., library/sample-level. On the other hand, STARsolo is able to quantify splice 

junction expression at the single-cell level, but similar to SICILIAN, it does not provide 

functionalities for downstream analysis such as differential splicing analysis (Kaminow 

et al., 2021). 

 DESJ-detection was introduced to perform differential splicing analysis at the 

splice junction level, but it only supports RNA-seq data generated from plate-, but not, 

droplet-based platforms (S. Liu et al., 2021). Moreover, DESJ-detection aggregates 

cells based on user-defined cell types (pseudobulk) prior to splicing analysis, and 

hence may underestimate splicing complexing/heterogeneity within a presumed 

homogenous cell population. 

 Therefore, there is an urgent need for a more comprehensive analytical 

framework to provide end-to-end support for users for single-cell alternative splicing 

analysis of RNA-seq data generated from droplet-based library preparation protocols. 

Ideally, this framework should provide functionalities for pre-processing such as 

selection of confident (annotated) splice junctions and assigning each splice junction 
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to its respective gene, and also for downstream analysis such as differential splicing 

analysis, pathway enrichment analysis, functional annotation, and visualisation of 

candidate splice junction expression on low-dimensional space such as uniform 

manifold approximation and projection (UMAP). 

 

1.3.4 Visual-based validation 
 Differential splicing analysis between sample groups may yield hundreds, or 

even thousands, of differentially spliced events (Shiozawa et al., 2018; Song et al., 

2017). Therefore, it may not be feasible to bring forward all differentially spliced events 

for downstream validation such as qPCR or smFISH. One approach to validate 

differentially spliced events is to visually inspect the coverage and read alignments in 

a genome browser (Shiozawa et al., 2018; Smart et al., 2018). This visual-based 

inspection approach of validating initial discoveries from high-throughput next-

generation sequencing platforms have been used for genetic variant analysis (Nik-

Zainal et al., 2014), gene expression analysis (X. Wang et al., 2015), and chromatin 

accessibility analysis (Corces et al., 2018). 

 While current genome browsers are suitable for visual inspection of alternative 

splicing events at the bulk level, it may not be immediately applicable for visual 

inspection of alternative splicing events at the single-cell level. Current approach for 

visual inspection of alternative splicing events in single cells include selecting a 

subsample of single cells from the entire cell population (Huang & Sanguinetti, 2017; 

Manipur et al., 2019; Munoz et al., 2019), aggregating read alignments of single cells 

according to their sample group (e.g. tissue type) (Falcao et al., 2018) or displaying 

the read alignment profile for all single cells (Munoz et al., 2019; Song et al., 2017). 

 The read alignment profile of only a subsample of single cells may not capture 

or may not be representative of the splicing profile of the entire cell population, 

especially for heterogeneous cell populations. On the other hand, aggregating read 

alignments of single cells may obscure any variability in splicing patterns underlying 

the entire cell population. Lastly, displaying the read alignment profile for all single 

cells included in the study, whereby each panel represents one cell, may not be 

feasible when the sample size is very large. Moreover, current genome browser 

displays coverage or read counts instead of percent spliced-in (PSI) values. 
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 Millefy is first software developed specifically for visualising read alignment 

profile at single-cell resolution (Ozaki, Hayashi, Umeda, & Nikaido, 2020). 

Nevertheless, Millefy only accommodates visualisation of single-cell gene expression 

profile.  

Taken together, there is an urgent need to develop a visualisation framework 

for visual inspection of alternative splicing events at single-cell resolution. This will 

enable initial screen of alternative splicing events identified from high-throughput RNA-

seq prior to selection of candidate (true positive) alternative splicing events for 

downstream experimental validation and functional studies. 

 

1.4 Aims 
 Single-cell alternative splicing analysis is able to provide additional biological 

insights, on top of single-cell gene expression analysis, in both healthy and diseased 

states. Yet, there remains a paucity of single-cell alternative splicing studies. For 

single-cell studies that did investigate alternative splicing, the alternative splicing 

analysis was secondary to gene expression analysis and lacked independent 

validation of candidate alternative splicing events. It is conceivable that this is due to 

the lack of a comprehensive analytical framework for single-cell alternative splicing 

analysis and candidate alternative splicing selection. Therefore, the overarching 

objective of this DPhil project is to address these shortcomings with the ultimate goal 

of applying our developed tools in blood cancer patients, specifically myeloid 

neoplasm patients with spliceosome variants, at the single-cell level, e.g., comparing 

spliceosome-mutant vs wildtype HSCs from with the same patient (intra-patient 

comparison) and across patients (inter-patient comparison). To this end, we aim to: 

 

a. Develop an analytical framework for single-cell alternative splicing detection, 

quantification, differential analysis, and functional annotation to enable 

comprehensive transcriptome-wide characterisation of the alternative splicing 

landscape at single-cell resolution. 

 

b. Develop an analytical framework for single-cell visual validation of alternative 

splicing events from (a) based on sequencing reads to identify true positive 

alternative splicing events. 
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c. Develop an analytical framework for identifying clinical-relevant and druggable 

alternative splicing events from (c) for downstream functional studies. 

 
d. Demonstrate the application of analytical frameworks from (a-c) on single-cell 

genomic and transcriptomic datasets generated from a range of myeloid 

neoplasms with genetic variants in splicing factor genes. 
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2 Materials and methods 

2.1 MARVEL analysis for scRNA-seq datasets generated from the plate-based 
method  

2.1.1 Pre-processing of publicly available datasets 
MARVEL stands for Multi-modal Approach to ReVEaL alternative splicing 

dynamics at single-cell resolution. The main goal of MARVEL is to perform global 

characterisation of the splicing landscape between different cell populations to reveal 

differentially spliced genes in health and diseased states. To this end, the functions of 

MARVEL are to perform isoform detection and quantification, splicing pattern 

(modality) assignment, differential gene and splicing analysis, and functional 

annotation of differentially spliced genes. MARVEL is implemented as an R package 

and is available on GitHub: https://github.com/wenweixiong/MARVEL. 

To benchmark MARVEL against existing software and demonstrate the 

application of MARVEL on scRNA-seq data generated from plate-based library 

preparation methods, we selected three datasets consisting of human cell lines from 

different cell types (Linker et al., 2019; Song et al., 2017; Trapnell et al., 2014) and 

one dataset consisting of heterogeneous mouse cell populations (Falcao et al., 2018). 

We primarily chose human cell lines because they consist of homogeneous cell 

populations and therefore are suitable for optimising MARVEL prior to its application 

on human samples consisting of heterogeneous cell populations, such as 

haematopoietic stem and progenitor cells (HSPCs) 

Raw FASTQ files were downloaded from Sequence Read Archive (SRA). The 

adaptor and nucleotide sequences from the 3’-end with Phred quality scores < 20 [-q 

20] were trimmed using TrimGalore (version 0.5.0) (Martin, 2011). Trimmed reads 

were mapped to the human or mouse reference genome (GRCh38 or GRCm38) for 

human and mouse datasets, respectively, using STAR aligner (version 2.6.1d) with 

default settings. In the first round of alignment, the splice junctions expressed in each 

sample (cells and matched-bulk samples if available) were detected. In the second 

round of alignment, the binary alignment map (BAM) files were generated. This second 

round of alignment additionally generates the splice junction counts files for each 

sample based on the list of splice junctions detected across all samples from the first 

round of alignment. 
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For each sample, the total number of reads were retrieved from the log files 

generated from TrimGalore, and the total number of reads successfully mapped to the 

reference genome were tabulated using Samtools (version 1.9) [stats]. The alignment 

rate was then computed as the total number of mapped reads divided by the total 

number of reads and then multiplied by 100. Samtools [view] was used to tabulate the 

total number of mitochondrial reads. The percentage of mitochondrial reads was 

subsequently computed as the total number of mitochondrial reads divided by the total 

number of reads and then multiplied by 100. The alignment rate, the total number of 

mapped reads, and the percentage of mitochondrial reads were used to stratify 

samples into those that passed or failed sequencing quality control (QC). 

 The first dataset consists of induced pluripotent stem cells (iPSCs), neural 

progenitor cells (NPCs), and motor neurons (MNs) (Song et al., 2017). Both NPCs and 

MNs were differentiated in vitro from iPSCs. Libraries were prepared using Smart-seq 

protocol (Ramskold et al., 2012). In total, 206 single cells and 8 matched bulk samples 

were sequenced. One-hundred and seventy-four single cells and all bulk samples 

were sequenced in 100bp paired-end (PE) mode, while 32 single cells were 

sequenced in 100bp single-end (SE) mode. Among the single cells, 16 single cells 

were removed because either they were annotated as outliers by the original study or 

did not pass sequencing QC. For single cells sequenced in PE mode, single cells that 

passed sequencing QC were defined as having > 70% alignment rate and the 

percentage of mitochondrial reads < 15% (Figure 2.1A-C). For single cells sequenced 

in SE mode, single cells that passed sequencing QC were defined as having > 70% 

alignment rate (Figure 2.1D-F). In total, 190 single cells consisting of 62 iPSCs, 68 

NPCs, and 60 MNs were included for downstream analyses. 

 The second dataset consists of myoblast cells cultured and then sequenced at 

0-, 24-, 48-, and 72-hours (hrs) (Trapnell et al., 2014). In total, 372 single cells and 12 

matched bulk samples were sequenced. Libraries were prepared using Smart-seq 

protocol (Ramskold et al., 2012) and sequenced in 100bp PE mode. Among the single 

cells, 45 single cells were removed because either they were annotated as control 

wells by the original study or did not pass sequencing QC. Single cells that passed 

sequencing QC were defined as > 75% alignment rate, > 100,000 mapped reads, and 

< 20% of mitochondrial reads (Figure 2.1G-I). In total, 327 single cells consisting of 

82, 85, 88, and 72 single cells at 0-, 24-, 48-, and 72-hrs, respectively, were included 

for downstream analyses. 
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 The third dataset consists of iPSCs and endoderm cells differentiated in vitro 

from iPSCs (Linker et al., 2019). In total, 192 single cells were sequenced. Libraries 

were prepared using G&T-seq (Macaulay et al., 2016) and sequenced in 125bp PE 

mode. Fifty-six single cells were removed because they either were annotated as 

unknown cell types by the original study or did not pass sequencing QC. Single cells 

that passed sequencing QC were defined as having > 75% alignment rate, > 100,000 

mapped reads, and < 20% of mitochondrial reads (Figure 2.1J-L). In total, 136 single 

cells consisting of 83 iPSCs and 53 endoderm cells were included for downstream 

analyses. 

 The fourth dataset consists of single cells derived from the spinal cord of mice 

induced with experimental autoimmune encephalomyelitis (EAE) and control mice 

(Falcao et al., 2018). In total, 2,208 single cells were sequenced. Libraries were 

prepared using Smart-seq2 protocol (Picelli et al., 2014) and sequenced in 50bp SE 

mode. One-hundred and forty-four single cells were removed because they did not 

pass sequencing QC. Single cells that passed sequencing QC were defined as having 

> 50% alignment rate, > 40,000 mapped reads, and < 55% of mitochondrial reads 

(Figure 2.1M-O). An additional 8 cells annotated as doublets by the original publication 

were removed. In total, 2,056 single cells consisting of 1,078 EAE and 978 control 

mice single cells were included for downstream analyses. 
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Figure 2.1. Sequencing QC metrices by alignment rate, number of mapped 
reads, and percentage of mitochondrial reads. Sequencing metrices for single cells 

from (A-F) Song et al. (G-I) Trapnell et al., (J-L) Linker et al., and (M-O) Falcao et al.. 

Red dotted lines represent the thresholds used to stratify cells into those that passed 

or failed sequencing QC. For alignment rate and the number of reads mapped, cells 

to the right of the dotted lines were considered as cells passing sequencing QC. For 

the percentage of mitochondrial reads, cells to the left of the dotted lines were 

considered as cells passing sequencing QC. Only cells passing all three sequencing 

QC metrices were included for downstream analyses. PE: Paired-end; SE: Single-end. 

 

2.1.2 Pre-processing of in-house datasets 
ScRNA-seq generated in-house using plate-based methods was included in "Section 

6 Application of developed computational pipelines” to demonstrate the application of 

our computational framework in myeloid neoplasm patients. Specifically, scRNA-seq 

of a myelodysplastic syndrome (MDS) patient with SF3B1K666 and SF3B1K626 variants 

was generated by Affaf Aliouat under the supervision of Sten Eirik Jacobsen, Eva 

Hellström-Lingberg, and Seshi Ogawa. ScRNA-seq of myeloproliferative neoplasm 

(MPN)_patients with U2AF1S34 or U2AF1Q157 variants was generated by Alba 

Rodriguez-Meira under the supervision of Adam Mead. ScRNA-seq was pre-

processed as described in "Section 2.1.1 Pre-processing of publicly available 

datasets". 

 

2.1.3 Gene expression quantification 
Gene expression in transcript per million (TPM) for each sample was quantified 

using RSEM with default settings (B. Li & Dewey, 2011). 

 

2.1.4 Isoform detection and quantification 
For cell types without matched bulk samples, single-cell BAM files belonging to 

the same cell type were merged using Samtools (version 1.9) to create pseudo-bulk 

BAM files. For each dataset, known and novel isoforms were subsequently detected 

in the corresponding bulk BAM files using StringTie (version 2.1.4). The detected 

isoforms from each bulk BAM file were merged to create a dataset-specific Gene 



 57 

Transfer File (GTF) (Pertea et al., 2015). Therefore, this dataset-specific GTF is a 

catalogue of all known and novel isoforms detected in a given dataset.  

Next, custom R scripts were used to format the StringTie-generated GTF to 

match the standard GENCODE GTF. This ensures that the GTF can be recognised 

by downstream third-party software. 

It is noteworthy that the de novo detection of isoforms and subsequent 

generation of dataset-specific GTF was only feasible for relatively longer sequencing 

reads such as >=100bp in PE mode (Linker et al., 2019; Song et al., 2017; Trapnell et 

al., 2014). Relatively shorter sequencing reads such as 50bp in SE mode (Falcao et 

al., 2018) do not often straddle across exon-exon junctions and also have shorter 

overhangs, and hence less powered for de novo isoform detection. Therefore, for 

RNA-seq datasets with relatively shorter sequencing reads, we downloaded publicly 

available GENCODE GTF for downstream alternative splicing detection.  

Next, alternative splicing detection and quantification were performed using 

BRIE (Huang & Sanguinetti, 2021), Expedition (Song et al., 2017), and MARVEL. 

For BRIE, the briekit-event module was used to detect alternative splicing event 

from the GTF, and the briekit-event-filter function was subsequently used to filter for 

high-quality skipped-exon (SE) splicing events in lenient mode [--add_chrom chrX --

as_exon_min 10 --as_exon_max 100000000 --as_exon_tss 10 --as_exon_tts 10 --

no_splice_site]. Next, the number of reads supporting the constitutive and alternative 

exons were tabulated using the brie-count function. The percent spliced-in (PSI) 

values were computed using three modes (0, 1, and 2), using the brie-quant function. 

At low coverage where sequencing reads do not provide sufficient information to 

compute PSI values confidently, the different modes offer different strategies for 

imputing PSI values in this setting.  

Mode 0 imputes PSI values at low coverage using a default setting of 50. 

Therefore mode 0 assumes that a given single cell expresses both included 

(alternative exon spliced in) and excluded (alternative exon spliced out) isoforms. 

Mode 1 imputes PSI values at low coverage using a Bayesian prediction approach 

from genomic sequence features. The correlation between genomic sequence 

features and PSI values was first determined using the briekit-factor function. When 

genomic sequence features are not informative for a given alternative splicing event, 

mode 1 imputes PSI values at low coverage using a default setting of 50. Lastly, mode 

2 imputes PSI values at low coverage using the mean PSI across the cell population. 
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For Expedition, the outrigger index function was used to detect both SE and 

mutually exclusive exons (MXE) splicing events directly from the splice junction files 

generated from the STAR aligner. Next, the PSI values for each alternative splicing 

event were computed using the outrigger psi function. For a given alternative splicing 

event in a given cell, the PSI value was re-coded as a missing value (NA) when the 

event was supported by less than 10 splice junction reads. 

For MARVEL, a third-party software, rMATS (version 4.1.0) was used to detect 

SE, MXE, retained intron (RI), alternative 5’ and 3’ splice sites (A5SS and A3SS, 

respectively) (Shen et al., 2014). MARVEL was used to further detect alternative first 

and last exons (AFE and ALE) using the DetectEvents function. Prior to computing 

PSI values, MARVEL first ensures (validates) that each alternative splicing event is 

supported by at least 10 splice junction reads (Figure 2.2). This is to mitigate false 

positive alternative splicing events detected by StringTie and rMATS. Next, the PSI 

value for each validated alternative splicing event was computed using the splice 

junction read counts (Figure 2.3). For a given alternative splicing event in a given cell, 

the PSI value was re-coded as a missing value (NA) when the event was supported 

by less than 10 splice junction reads. Both validation of alternative splicing event and 

subsequent PSI computation were performed using the ComputePSI function. 
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Figure 2.2: Validation of alternative splicing events using splice junction reads. A3SS: Alternative 3’ splice site; A5SS: 

Alternative 5’ splice site; AFE: Alternative first exon; ALE: Alternative last exon; MXE: Mutually exclusive exon; N/A: Non-applicable; 

RI: Retained intron; SE: Skipped-exon. SJ: Splice junction. 
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Figure 2.3: Formula for computing the PSI values for each alternative splicing 
event type. PSI values were computed as the total splice junction counts supporting 

the inclusion (spliced in) of the alternative exon divided by the total splice junction 

counts supporting the inclusion (spliced in) or exclusion (spliced out) of the alternative 

exon. The red splice junctions (i) represent the splice junctions supporting the inclusion 

(splicing in) of the alternative exon. The black splice junctions (e) represent the splice 

junctions supporting the exclusion (splicing out) of the alternative exon. For RI, 

coverage/read counts, in lieu of splice junction, supports the inclusion (splicing in) of 

the intron. 

 

2.1.5 DNA sequence conservation score analysis 
The DNA sequence conservation score of each alternative exon was computed 

using the gscores function from the GenomicScores package (Puigdevall & Castelo, 

2018). Specifically, the conservation score of each alternative exon represented the 

average conservation score of each nucleotide that constituted the alternative exon. 

The DNA sequence conservation scores were based on the UCSC phastCons 

conservation scores for the human genome (GRCh38) calculated from multiple 

alignments with other 99 vertebrate species (Siepel et al., 2005). For each type of the 

seven alternative splicing events, the correlation between the conservation score of 

each alternative exon and percent spliced-in (PSI) values was assessed. 
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2.1.6 Modality assignment 
 Song et al. first proposed the concept of modality, which is the assignment of 

PSI distributions into discrete categories (Song et al., 2017). The five modalities 

introduced were included, excluded, bimodal, middle, and multimodal (Figures 2.4 and 

1.8). An alternative splicing event may be assigned to one of these modalities, 

depending on its PSI distribution across a given cell population. 

 

 
 

Figure 2.4: The five modalities originally proposed by Song et al. (Song et al., 

2017). (See also Figure 1.8) 

 

The PSI values for a given alternative splicing event in a given cell population 

can take any values between 0-100, therefore the PSI distribution may be modelled 

using a beta distribution. The shape of the beta distribution requires two parameters 

to be estimated, α and β. MARVEL used a maximum likelihood estimation to determine 

the α and β values of the PSI distribution. This is implemented using the fitdist function 

from the fitdistrplus R package (Delignette-Muller & Dutang, 2015). Based on the α 

and β values, MARVEL sequentially assigned the distribution of the alternative splicing 

event into one of the modalities as follows. “Sequentially” here means that PSI 

distribution that did not meet criteria (a) will be assessed for criteria (b), and so on. 
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b. Included  : α > 2.0 & β < 1 OR α:β > 2 

c. Excluded  : β > 2.0 & α < 1 OR β:α > 2 

d. Middle  : α >1.5 & β > 1.5 

Any PSI distributions that do not meet any of the above criteria will be assigned as 

multimodal. The following figures illustrate the variations of PSI distributions for a given 

modality based on a range of α and β values (Figure 2.5). 
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Figure 2.5: The PSI distributions for each modality based on a range of α and β 
values modelled using the beta distribution. PSI distributions for (A) bimodal, (B) 
included, (C) excluded, (D) middle, and (E) multimodal.  
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For included and excluded modalities, we noted that the PSI distributions with 

longer tails were associated with larger variance (Figure 2.5B-C). Therefore, we 

applied a heuristic threshold of 0.001 for variance (σ2) to further stratify the included 

and excluded modalities into primary and dispersed (Figure 2.6). The included and 

excluded primary modalities have smaller σ2 (< 0.001), whereas the included and 

excluded dispersed modalities have larger σ2 (> 0.001). Therefore, the PSI values of 

the primary modalities clustered more tightly together, whereas the PSI values of 

dispersed modalities were more spread out (dispersed). 

 

 
 

Figure 2.6: The further stratification of included and excluded modalities into 
primary and dispersed, based on the variance (spreading out) of the PSI 
distributions.  
 

MARVEL assigned the PSI distribution of each alternative splicing event into 

one of the seven modalities using the AssignModality function. 

 

2.1.7 Bimodal modality adjustment 
A recent study showed that a significant proportion of bimodal PSI distributions 

were due to single-cell library preparation artifacts from amplification bias of minor 

isoforms. This amplification bias may result in false bimodal distributions. (Figure 1.9) 
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(Buen Abad Najar et al., 2020). Notably, the current modality assignment algorithm 

from Expedition did not consider these artifacts when assigning modalities (Song et 

al., 2017). Indeed, a disproportionate number of alternative splicing events were 

assigned as bimodal by Expedition (~10-20%) compared to just ~1% when alternative 

splicing events when only highly expressed genes were included for modality 

assignment. Including only highly expressed genes were shown to mitigate the false 

bimodal classification (Buen Abad Najar et al., 2020). However, the latter approach 

would preclude low-to-moderately expressed genes with relevant biological functions 

from alternative splicing analysis.  

We first sought to identify any distinguishing features between true and false 

bimodal PSI distributions. To this end, we tabulated a catalogue of alternative splicing 

events with true or false bimodal PSI distributions. Alternative splicing events with true 

bimodal PSI distributions were retrieved from RNA-seq data previously validated using 

qPCR or smFISH (Song et al., 2017). Additional true bimodal PSI distributions were 

retrieved from modality assignment of highly expressed alternative splicing events as 

previously described (Buen Abad Najar et al., 2020). These highly expressed 

alternative splicing events were defined as events whose corresponding genes had 

inferred mRNA counts of at least 10 in at least 25 cells. mRNA counts were inferred 

using Monocle3 (Trapnell et al., 2014). Furthermore, alternative splicing events with 

false bimodal PSI distributions were retrieved from RNA-seq data previously validated 

using qPCR (Song et al., 2017). In total, 45 and 7 alternative splicing events with true 

and false bimodal PSI distributions, respectively, were included for identifying 

distinguishing features between true and false bimodal PSI distributions. 

Furthermore, 17,252 highly expressed alternative splicing events with true non-

bimodal (included, excluded, middle or multimodal) PSI distributions were retrieved as 

previously described (Buen Abad Najar et al., 2020). Altogether, 45 bimodal and 

17,259 non-bimodal (17,252 from highly expressed alternative splicing events and 7 

from qPCR validation) alternative splicing events were included to assess the 

sensitivity, specificity, negative predictive value, and precision of bimodal/non-bimodal 

assignment by Expedition and MARVEL. 
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2.1.8 Differential splicing analysis 
Differential expression analysis is the cornerstone of both single-cell and bulk 

RNA-seq experiments. scRNA-seq analysis software, such as Seurat, use Wilcoxon 

rank-sum test as the default statistical test for differential gene expression between 

two groups of single cells (Satija et al., 2015). This approach detects differences in the 

average gene expression values between two groups of single cells but may not be 

suitable for detecting differences in percent spliced-in (PSI) values between two 

groups of single cells.  

For example, alternative splicing events with bimodal, middle, and multimodal 

PSI distributions have average PSI values of ~50, and therefore it would not be 

straightforward to distinguish these three types of PSI distributions from the average 

PSI values alone (Figure 2.6). Furthermore, PSI distributions with large variance, such 

as included dispersed, excluded dispersed, bimodal, and multimodal, may decrease 

statistical power to detect any differences in average PSI values between two groups 

of single cells. Therefore, current statistical approaches for differential gene 

expression analysis may not directly apply to differential splicing analysis. 

Instead of assessing the differences in average PSI values between two groups 

of single cells, MARVEL implemented statistical tests to assess the differences in 

overall PSI distribution between two groups of single cells. For comparing mean PSI 

values, MARVEL implemented Wilcoxon rank-sum test and t-test. For comparing 

overall PSI distributions, MARVEL implemented Kolmogorov-Smirnov test, Anderson-

Darling test, and D Test Statistics (DTS) (Dowd, 2020).  

To perform differential gene and splicing analysis, users may use the 

CompareValues function by MARVEL. Users may subsequently plot the differential 

analysis results, such as in the form of a volcano plot, by using the PlotDEValues 

function. Furthermore, to characterise the modality changes of alternative splicing 

events between two groups of single cells, users may use the ModalityChange 

function. Lastly, to simultaneous explore the changes in PSI values of alternative 

splicing events relative to their corresponding changes in gene expression values 

between two groups of single cells, user may use the IsoSwitch function. 

 

2.1.9 Modality dynamics 
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After detection of differentially spliced events, MARVEL is able to classify the modality 

change of a given differentially spliced event between two cell populations. To this 

end, MARVEL leverages on its bimodal-adjusted modality assignment algorithm 

above. For a given differentially spliced event, MARVEL stratifies the modality change 

from one population to the next into one of three categories, namely explicit, implicit, 

or restricted. Explicit modality change involves the main modalities (included, 

excluded, bimodal, middle, and multimodal), e.g., from included to bimodal. Implicit 

modality change involves primary or dispersed modalities, e.g., from included primary 

to included dispersed. Restricted modality change refers to two cell populations having 

the same modality notwithstanding having significantly different PSI distributions. 

Users may categorise the modality change of differentially spliced events using the 

ModalityChange function.  

 

2.1.10 Gene-splicing relationships 
After detection of differentially spliced events, MARVEL is also able to classify 

the relationship between a given differentially spliced gene and its corresponding 

splicing event(s) into one of four categories, namely coordinated, opposing, isoform 

switching, and complex. Coordinate relationships indicate the change in mean gene 

expression value is in the same direction as the change in PSI value between two cell 

populations. On the other hand, opposing relationships indicate the change in mean 

gene expression value is in the opposite direction to the change in PSI value between 

two cell populations. Isoform switching indicates that the gene is not differentially 

expressed, but the splicing event is significantly spliced, between two cell populations. 

Lastly, a complex relationship constitutes a combination of coordinated, opposing, 

and/or isoform switching. For example, a given gene may be more highly expressed 

in cell population A relative to B, and its corresponding splicing event no. 1 is also 

more highly spliced in among cell population A relative to B, but splicing event no. 2 is 

more highly spliced in among cell population B relative to A. Users may perform gene-

splicing relationship analysis using the IsoSwitch function. 

 

2.1.11 Pathway enrichment analysis 
MARVEL may perform pathway enrichment analysis to assess whether the 

differential spliced genes are functionally related and hence belong to the similar 
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biological pathways. It is conceivable that genes that are functionally related may be 

co-ordinatedly regulated, and as a consequence differentially spliced, between two 

groups of single cells. Therefore, pathway enrichment analysis is useful in assessing 

whether MARVEL detects biological relevant differentially spliced genes (Huang & 

Sanguinetti, 2017).  

The pathway enrichment analysis and subsequent collapsing of redundant 

pathways were implemented using the enrichGO and simplify functions, respectively, 

from the clusterProfiler package (T. Wu et al., 2021). Users may use the BioPathways 

function for pathway enrichment analysis and subsequently use the BioPathways.Plot 

function to plot the top or user-specified pathways. MARVEL currently supports 

pathway enrichment analysis for mouse and human genomes. 

 

2.1.12 Nonsense-mediated decay prediction 
 To determine the functional consequence of differentially spliced genes, 

MARVEL predicts whether the inclusion (spliced in) of alternative exons or introns 

leads to the introduction of premature stop codons (PTCs) and consequently 

downstream nonsense-mediate decay (NMD) of the isoforms. 

 For a given differentially spliced gene, MARVEL first retrieves all protein-coding 

isoforms from the GTF file, and further subsets isoforms where the alternative exon or 

intron identified from differential splicing analysis is located within the open reading 

frame (ORF). Next, the alternative exon or intron is inserted into the isoform and the 

resulting transcribed mRNA sequence is retrieved using the getSeq function 

implemented by the Biostrings package (Pagès, 2021) (Figure 2.7). Then, the mRNA 

sequence is translated into amino acid sequence using translate function implemented 

by the same package.  The distance of the PTC, if any, relative to the final splice 

junction is then noted. Isoforms with PTC > 50bp away from the final splice junction 

are considered to be subjected to NMD. A differentially spliced gene is considered to 

be subjected to NMD if at least one isoform was found to be subjected to NMD.  
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Figure 2.7: The in silico prediction of PTCs. The mRNA sequence without the 

alternative exon or intron (reference) is first retrieved, and the resulting amino acid 

sequence is retrieved after the inclusion (spliced in) of the alternative exon 

(SE/A5SS/A3SS) or intron (RI) into the mRNA sequence.  PTC: Premature stop 

codon. 

  

 The introduction of PTCs and subsequent NMD can be predicted using the 

FindPTC and CompareExpr functions by MARVEL. The association between gene 

expression levels and the NMD status of genes may also be visualised using the 

CompareExpr function. Lastly, individual genes subjected to NMD may be visualised 

on the -log10(FDR) vs log2(FC) volcano plot generated from differential gene 

expression analysis using the AnnoVolcanoPlot by MARVEL to identify genes most 

affected (down-regulated) due to NMD. These genes may serve as candidate spliced 

genes for downstream experimental validation. 

 

2.2 MARVEL analysis for droplet-based scRNA-seq datasets  

2.2.1 Pre-processing of publicly available datasets 
To demonstrate the utility of MARVEL on scRNA-seq data generated from the 

droplet-based library preparation method, we retrieved two RNA-seq datasets. 

The first dataset was generated from induced pluripotent stem cells (iPSCs) 

and cardiomyocytes differentiated from iPSCs (Ou et al., 2021). This single-cell data 
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was prepared using Chromium Single Cell 3′ Reagent Kit (version 2) and sequenced 

in 150bp paired-end (PE) mode. In total, four libraries were prepared, consisting of 

iPSCs, and cardiomyocytes at days 2, 4, and 10 post-differentiation. The second 

dataset consists of brain tissues derived from autism spectrum disorder (ASD) patients 

and healthy control (Velmeshev et al., 2019). This single-cell data was prepared using 

Chromium Single Cell 3′ Reagent Kit (version 2) and sequenced in 100bp paired-end 

(PE) mode. 

For the iPSC-cardio dataset, the FASTQ files were downloaded from the 

Sequence Read Archive (SRA) and aligned to the human reference genome 

(GRCh38) using Cell Ranger (version 2.1.1). For the brain tissue dataset, the FASTQ 

files were aligned to the GRCh38 reference genome using Cell Ranger v7.0.0 with the 

include-introns true option because nuclei mRNAs (the starting material in this study) 

contain higher proportion of unspliced intronic reads compared to cytoplasmic mRNAs. 

The resulting BAM files were shuffled using Samtools (version 1.9) prior to re-

alignment using STARsolo (version 2.7.8a) (Kaminow et al., 2021). The resulting 

unique molecular identifier (UMI)-collapsed gene and splice junction count files were 

used for downstream quality control and analyses. 

For the iPSC-cardio dataset, SingCellaR was used for identifying high-quality 

cells and subsequent integration of single cells from the different libraries (G. Wang et 

al., 2022). For each library, high-quality cells were identified based on the number of 

UMIs and genes detected per cell using the plot_UMIs_vs_Detected_genes function 

(Figure 2.8). High-quality cells were defined and retained using the 

filter_cells_and_genes function. Next, the UMI values of the remaining cells were 

normalised against their respective total counts (library size) and multiplied (scaled) 

by 10,000 using the normalize_UMIs function. Potential confounding factors that may 

skew the gene expression values, e.g., the total UMI counts and percentage of 

mitochondrial counts, were adjusted for using the remove_unwanted_confounders 

function. Next, highly variable genes were identified using the 

get_variable_genes_by_fitting_GLM_model function. Each pre-processed library was 

saved as a separated R object. The individual pre-processed libraries for iPSCs and 

day-10 cardiomyocytes were integrated into a single R object using the 

preprocess_integration function. Linear dimension reduction using principal 

component analysis (PCA) was performed using the runPCA function. Next, the first 

10 principal components (PCs) were used for further non-linear dimension reduction 
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using the runTSNE function. The normalised gene expression matrix and tSNE 

embeddings by SingCellaR, raw gene and splice junction counts by STARsolo, and 

GTF were provided as the inputs for MARVEL. In total, 11,244 iPSCs and 6,240, 

8,635, and 5,937 cardiomyocytes at day-2, -4, and -10, respectively, were included for 

analysis. 

 

 
 

Figure 2.8: Quality control (QC) of single cells using total UMI and genes 
detected. Red points denote cells that failed QC and were excluded. Black points 

denote cells that passed QC and were included in downstream analyses. 
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For the brain tissue dataset, all 104,559 cells reported by Supplementary table 

2 of the original study were retrieved and included for analysis. The tSNE coordinates 

were similarly retrieved from Supplementary table 2 of the original study. The 

published tSNE coordinates, raw gene and splice junction counts by STARsolo, and 

GTF were provided as the inputs for MARVEL. 

Further pre-processing was performed using MARVEL. First, each gene was 

annotated with its corresponding gene type, e.g., protein-coding, pseudogene etc., 

using the AnnotateGenes.10x function. Next, the exons that constituted each splice 

junction were annotated using the AnnotateSJ.10x function as either (1) both exons 

consisting of known exons as per reported in the GTF file or (2) only one or none of 

the exons consisting of known exons. Each exon that constituted the splice junctions 

was also annotated as either (1) uniquely mapped to a single exon or (2) mapping to 

multiple exons. Only splice junctions whose both exons were identified as uniquely 

mapped and reported in the GTF (“known exons”) were considered high-quality splice 

junctions and were retained for downstream analyses using the ValidateSJ.10x 

function.  Users also have the option to include splice junctions whose one end 

mapped to a known exon and another end mapped to a novel exon for downstream 

analysis by specifying keep.novel.sj=FALSE option in the ValidateSJ.10x function. 

Then, only protein-coding genes and splice junctions of protein-coding genes were 

retained using the FilterGenes.10x function. Finally, only cells (barcodes) overlapping 

in both gene and splice junction data were retained using the CheckAlignment.10x 

function. 

 

2.2.2 Pre-processing of in-house datasets 
ScRNA-seq generated in-house using droplet-based methods was included in 

"Section 6 Application of developed computational pipelines” to demonstrate the 

application of our computational framework in myeloid neoplasm patients. Specifically, 

scRNA-seq of myelodysplastic syndrome (MDS) patients with SRSF2P95 variant was 

generated by Juseong Lee under the supervision of Andrea Pellagatti and Jacqueline 

Boultwood. ScRNA-seq was pre-processed as described in "Section 2.2.1 Pre-

processing of publicly available datasets". 
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2.2.3 Splice junction usage quantification 
Due to the sparsity of read counts, compounded by perverse 3’/5’ coverage 

bias (Figure 1.10), of RNA-seq data generated from droplet-based library preparation 

methods, isoform analysis was performed at the splice junction-level in lieu of exon-

level. For the same reasons, the percent spliced-in (PSI) of a given splice junction will 

be computed at the cell type (population) level, in lieu of at the single-cell level. 

Therefore, the PSI value of a given splice junction is the total splice junction counts 

divided by the total gene counts across all single cells of a given cell type (Kaminow 

et al., 2021). The mathematical formula is described as: 

 

𝑃𝑆𝐼!",$%&&	()*% =	
∑ 𝐶𝑜𝑢𝑛𝑡!",$%&&$%&&	∈	$%&&	()*%

∑ 𝐶𝑜𝑢𝑛𝑡,%-%,$%&&$%&&	∈	$%&&	()*%
 

  

The numerator of the equation indicates the total splice junction counts of a 

given splice junction across all cells in a given cell population. The denominator 

indicates the corresponding total gene counts across all cells in the same cell 

population.  

The cell type will have to be defined a priori by the user. The cell type may be 

identified by its cellular phenotype (e.g., induced pluripotent stem cells (iPSCs) vs 

cardiomyocytes) (Ou et al., 2021), or using cell surface markers (e.g., CD34+ for 

haematopoietic stem and progenitor cells), or gene expression signatures (Roy et al., 

2021). 

 

2.2.4 Differential splicing analysis 
MARVEL adopts a permutation-based approach for assessing differentially 

spliced junctions between two cell populations (Efremova, Vento-Tormo, Teichmann, 

& Vento-Tormo, 2020).  

For a given splice junction, the cell type labels of the single cells constituting 

the two cell types are shuffled (permutated) (Figure 2.9). Next, PSI values for each of 

the two simulated cell populations are computed. The difference in the PSI values 

between the two simulated cell populations is then noted (ΔPSIpermutated). This is 

iterated 1,000 times, and these values will form the null distribution.  

Then, the observed PSI values for each of the two cell populations are then 

computed and the difference in the PSI values between the cell populations is then 
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noted (ΔPSIobserved). The ΔPSIobserved is compared against the null distribution to obtain 

the P value. Specifically, the proportion of |ΔPSIpermutated| > |ΔPSIobserved| will constitute 

the P value. (Figure 2.10). For example, if 50 out of 1,000 of |ΔPSIpermutated| constituting 

the null distribution are larger than |ΔPSIobserved|, then the P value is 0.05.  

 
 

Figure 2.9: Permutation-based approach for assessing differences in PSI values 
between two cell populations, e.g., health vs disease states. The permutated 

difference in PSI values is computed several times to construct the null distribution 

and then the observed difference in PSI values is mapped to the null distribution to 

obtain the P value. CP: Cell population. 
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Figure 2.10: Three possible scenarios of the permutation-based approach. (A) 
No statistical difference between the PSI value in cell population 1 vs. cell population 

2. (B) PSI value in cell population 2 is significantly higher (P < 0.05) than in cell 

population 1. (C) PSI value in cell population 2 is significantly smaller (P < 0.05) than 

in cell population 1. CP: Cell population. 

 

2.2.5 Differential gene expression analysis 
MARVEL employs Wilcoxon rank-sum test as the default statistical test for differential 

gene expression analysis between two cell populations, as recommended by the 

Seurat tutorial (Satija et al., 2015). MARVEL also provides the MAST statistical 

framework to allow for users to adjust for selected co-variates, such as sequencing 

batch and donor ID, during for differential gene expression analysis (Finak et al., 

2015). When MAST is selected, MARVEL automatically computes the number of 

genes detected per cell (gene detection rate) and include this co-variate into the zero-

inflated regression model. This is because gene detected rate is recommended as an 

important co-variate by the MAST tutorial. To identify differentially expressed genes, 

a likelihood ratio test (LRT) is performed to compare the model with and without the 

cell group information. Users may call the CompareValues.Exp.Spliced and 

CompareValues.Genes.10x functions to perform differential gene expression analysis 

for plate- and droplet-based sequencing data, respectively. 

 



 76 

2.3 Visualisation of alternative splicing events using VALERIE 

2.3.1 Estimating single-cell PSI values 
VALERIE stands for Visualising ALternative splicing Events from single-cell 

RIbonucleic acid-sequencing Experiments. The main goal of MARVEL is to perform 

visual validation of differentially spliced exons in order to classify a given splicing event 

as true or false positive. To this end, the main function of VALERIE is to visualise 

alternative splicing events across different cell populations using sequencing reads. 

This will allow users to validate differentially spliced events identified by MARVEL 

described in the previous section. VALERIE is implemented as an R package. It is 

currently hosted on GitHub: https://github.com/wenweixiong/VALERIE. 

Using a single function (PlotPSI), users may plot the sequencing reads profile 

of the alternative splicing event of interest across different cell populations. The 

PlotPSI function is a wrapper for plotting the different alternative splicing event types, 

including SE, MXE, RI, A5SS, and A3SS, by executing the PlotPSI.SE.Pos, 

PlotPSI.SE.Neg, PlotPSI.MXE.Pos, PlotPSI.MXE.Neg, PlotPSI.RI.Pos, 

PlotPSI.RI.Neg, PlotPSI.A5SS.Pos, PlotPSI.A5SS.Neg, PlotPSI.A3SS.Pos, and 

PlotPSI.A3SS.Neg functions. The *Pos and *Neg functions are for plotting alternative 

splicing event types located on the positive or negative strand of the genome. The 

framework of plotting functions for each alternative splicing event type are similar and 

are elaborated below. 

The genomic coordinates of the constitutive exons are first retrieved. Because 

some exons are very long relative to the alternative exon, this may lead to an under-

emphasis of the alternative exon in the final figure, i.e., the alternative exon appears 

very small compared to the constitutive exons. Therefore, we provided users the 

option to specify the maximum length of the constitutive exons to be shown on the 

final figure. Any base pairs exceeding the maximum length are trimmed off (censored) 

in the final figure. This upper limit may be specified using the cons.exon.cutoff option. 

The BAM files of single cells will be read into R using the readGAlignments 

function implemented by the GenomicAlignments package (Lawrence et al., 2013). To 

enable quick reading of the BAM files, only sequencing reads corresponding to the 

genomic coordinates of the alternative splicing event will be read into R. This is 

achieved using the ScanBamParam option of the readGAlignments function. 
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Then, the per-base percent spliced-in (PSI) values are computed using the 

sequencing reads retrieved from the BAM files. First, the number of overlapping reads 

(spliced in) across a given base is computed using the coverage function. Second, the 

number of overlapping reads (spliced in) across a given base and the number of 

skipped reads (spliced out) across the base are summed up as the total coverage 

using the granges function implemented by the GenomicRanges package (Lawrence 

et al., 2013), followed by the coverage function (Figure 2.11). This distinction is not 

often explicitly made clear by others when computing coverage, but nevertheless, it is 

this distinction that differentiates coverage contributed by only overlapping reads 

(spliced in) from coverage contributed by both overlapping (spliced in) and skipped 

reads (spliced out). 

 

 
 

Figure 2.11: The distinction between overlapping (spliced in) and skipped 
(spliced out) reads when computing coverage for PSI estimation. The figure 

shows an example of computing PSI value for a given base position (red dashed line). 

The black exons represent the constitutive exons while the pink exon represents the 

alternative exon. The grey bars represent the sequencing reads. The black solid lines 

between the exons represent the intronic regions while the black solid lines between 

the sequencing reads represent the split region within the sequencing reads, i.e., the 

region not expressed (spliced out) by the cell. The latter is represented as N CIGAR 

string in the BAM files and are recognised as “skipped” regions by software such as 

the GenomicRanges package. 

 

Total number of 
overlapping (spliced in) 
reads = 5 

Total number of 
skipped (spliced out) 
reads = 5 

Total coverage = 10

PSI = 
Total number of overlapping (spliced in) reads

Total coverage
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The per-base PSI value is then computed as the total number of overlapping 

reads divided by the total coverage. If the total coverage is below a user-defined 

threshold, then the PSI value will be re-coded as missing, i.e., NA. This can be 

specified by the user using the min.coverage option. 
 
2.3.2 Plotting single-cell PSI values 

The final figure is ready to be generated using the per-base PSI values 

computed. The final figure consists of three panels (Figure 2.12), showing the 

sequencing reads profile for PKM exon 8-9 mutually exclusive exons (MXE) in induced 

pluripotent stem cells (iPSCs), neural progenitor cells (NPCs), and motor neurons 

(MNs) (Song et al., 2017). This splicing event has been validated using single-

molecule fluorescence in situ hybridization (smFISH) by the original publication. 

The top panel demonstrates the per-base PSI values inferred from the 

sequencing reads profile. The columns represent the bases whereby the black 

intervals represent the constitutive exons, whereas the brown intervals represent the 

alternative exons. Each row represents a cell, and the cells are grouped according to 

the user-defined cell populations. The values within the heatmap represent the scaled 

PSI values across the column. The yellow-white-blue gradient intensity represents the 

scaled PSI values across the columns. Grey colour represents base position with low 

coverage, i.e., coverage below minimum coverage defined by the user.  The heatmap 

was generated using the pheatmap function implemented by the heatmap package. 

The middle panel shows the aggregated (mean) PSI values for each cell 

population. We can infer that there is a decrease in exon 9 (the 3’ alternative exon) 

usage when iPSCs differentiated into either NPCs or MNs. Conversely, there is an 

increased in exon 8 (the 5’ alternative exon) usage when iPSCs differentiated into 

either NPCs or MNs. This panel is generated by the ggplot2 package. 

The bottom panel shows the -log10 of adjusted p-values derived from 

assessing the differences in PSI values for each base across the cell populations. We 

can infer that PSI values are significantly different at the intervals corresponding to the 

alternative exons. This suggests differential usage of alternative exons during iPSCs 

differentiation into NPCs and MNs. On the other hand, the PSI values are not 

significantly different at the intervals corresponding to the constitutive exons. This 

suggests no differential usage of constitutive exons during iPSCs differentiation into 
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NPCs and MNs. This re-affirms the status of the constitutive exons. This panel was 

also generated by the ggplot2 package. 

The statistical tests provided by VALERIE for assessing the per-base difference 

in PSI values across two cell populations include Wilcoxon rank-sum test, t-test, 

Anderson-Darling test, and D Test Statistics (Dowd, 2020). Additionally, the statistical 

tests provided by VALERIE for assessing the per-base difference in PSI values across 

more than two cell populations include Kruskal-Wallis test and Analysis of Variance 

(ANOVA). The type of statistical test to use may be specified using the method option. 

Lastly, the method for adjusting the p-values for multiple testing may be specified using 

method.adj function. 

 

 
 

Figure 2.12: Single-cell PSI profile generated from sequencing reads by 
VALERIE. (A) Two possible isoforms from PKM based on MXE 9 and 10. (B, top) 
Heatmap of PSI values scaled across the columns. The columns and rows represent 

the genomic bases and single cells, respectively. (B, middle) Aggregated per-base 
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PSI values by the three cell populations. (B, bottom) -log10(p-values) derived from 

assessing the differences in the per-base PSI values across the three cell populations. 

P values were defined from Kruskal-Wallis and adjusted for multiple testing using 

Bonferroni correction. 

 

2.4 IMPACT 

2.4.1 Pre-processing of myeloid neoplasm datasets 
 IMPACT stands for Integrated Myeloid neoplasm Platform for prioritising 

ACtionable alternative splicing events for Targeted Therapy. The main goal of 

IMPACT is to bring together publicly available myeloid cancer, clinical, and cell line 

resources to prioritise clinically relevant and druggable (actionable) alternative splicing 

events identified from our scRNA-seq datasets. 

 For the clinical component of IMPACT, we have tabulated acute myeloid 

leukaemia (AML) data from the BeatAML and The Cancer Genome Atlas (TCGA) AML 

cohorts (Cancer Genome Atlas Research et al., 2013; Tyner et al., 2018). 

For BeatAML, patient information such as survival data and diagnosis were 

retrieved from Vizome repository (http://www.vizome.org/aml/). It is noteworthy that 

the patient information on Vizome is more up-to-date than that provided in the 

supplementary table of the original publication. The gene expression information in 

fragment per kilobase of transcript per million (FPKM) and splice junction counts was 

retrieved from the National Cancer Institute (NCI) Genomic Data Commons (GDC) 

Data Portal (Z. Zhang et al., 2021). The genotypes for selected genes, SF3B1, SRSF2, 

and U2AF1 were retrieved from the cBioPortal for Cancer Genomics (Gao et al., 

2013). 

 In total, 702 records were retrieved, of which 636 records diagnosed with either 

de novo AMLs (n=540) or transformed AMLs (n=96) were retained. Only samples of 

patients that were collected within one month of the patients’ enrolment into the study 

(n=544) were further retained. Then, only samples with both DNA-sequencing 

(genotype) and RNA-seq data available at the same timepoint (n=367) were further 

retained. Of these samples, 345 patients had one sample, whereas 6 patients had 

multiple samples. We collapsed the genotype, gene expression values, and splice 

junction counts of these patients with multiple samples. Specifically, a patient is 

considered to be a carrier of a genetic variant if at least one of his/her samples carries 
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the genetic variant. Gene expression values and splice junction counts across multiple 

samples were collapsed using the average values across the samples. In total, 360 

patients with 360 representative samples were included for downstream analyses. Of 

these patients, 322 had complete survival data, i.e., vital status and time to death (for 

diseased individuals) or time to last follow-up (for fortunate individuals). 

 Additional 33 healthy donor RNA-seq data were identified, of which 31 donors 

had one sample, whereas a one donor had multiple samples. We collapsed the gene 

expression values and splice junction counts of this patient with multiple samples. 

Specifically, the gene expression values and splice junction counts across multiple 

samples were collapsed using the average values across the samples. In total, 32 

healthy donors with 32 representative samples were included for downstream 

analyses. 

 For TCGA AML, patient information such as survival data, gene expression 

information in fragment per kilobase of transcript per million (FPKM) and splice 

junction counts was retrieved from the National Cancer Institute (NCI) Genomic Data 

Commons (GDC) Data Portal (Z. Zhang et al., 2021). The genotypes for selected 

genes, SF3B1, SRSF2, and U2AF1 were retrieved from a previous publication 

(Yoshimi et al., 2019). Patient, gene expression, and genotype information were all 

open access. Splice junction counts were controlled access and access was granted 

and approved through our application to the Database of Genotype and Phenotype 

(dbGaP) (Project ID: 22325). 

Of the 200 AML patients, 150 patients had both genotype and splice junction 

data available and therefore were included for downstream analyses. Of these 

patients, 132 had complete survival data. Unlike BeatAML, each patient in TCGA AML 

is represented by only one sample, and therefore we did not need to collapse the data 

for any multi-sample patients. Furthermore, TCGA AML only consist of de novo AML 

patients but no transformed AML patients. 

 

2.4.2 Pre-processing of drug sensitivity datasets 

2.4.2.1 in vitro drug screen 
We identified 35 human cell lines of haematopoietic and lymphoid origins from 

the Cancer Cell Line Encyclopaedia (CCLE) project (Ghandi et al., 2019) that may be 
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used to screen for drug sensitivity and subsequently prioritise druggable alternative 

splicing events (Table 2.1).  

 

Table 2.1: Disease stages and demographics of the human haematopoietic and 
lymphoid origins cell lines included for IMPACT. 

No. Cell Line Disease Stage Age (Years) Ethnicity Gender 
1 OCIAML3 Primary 57 Caucasian Male 
2 OCIM1 Primary 62 Caucasian Unknown 
3 NB4 Primary 23 Caucasian Female 
4 KASUMI1 Primary 7 Asian Male 
5 KASUMI6 Primary 64 Asian Male 
6 GDM1 Primary 66 Caucasian Female 
7 AML193 Primary 13 African American Female 
8 NOMO1 Primary 31 Asian Female 
9 SKNO1 Unknown Unknown Asian Unknown 

10 OCIAML5 Primary 77 Caucasian Male 
11 OCIAML2 Primary 65 Caucasian Male 
12 ME1 Primary 40 Asian Male 
13 HEL9217 Primary 30 Caucasian Male 
14 HEL Primary 30 Caucasian Male 
15 SIGM5 Primary 63 Caucasian Male 
16 MV411 Primary 10 Caucasian Male 
17 MONOMAC1 Primary 64 Caucasian Male 
18 MONOMAC6 Primary 64 Caucasian Male 
19 MUTZ3 Primary 29 Caucasian Male 
20 KO52 Primary 46 Asian Male 
21 SET2 Primary 71 Asian Female 
22 M07E Primary 0.5 Caucasian Female 
23 KG1 Primary 59 African American Male 
24 PLB985 Unknown Unknown Caucasian Unknown 
25 PL21 Primary 24 Asian Male 
26 SKM1 Primary 76 Asian Male 
27 MOLM16 Primary 77 Asian Female 
28 MOLM13 Primary 20 Asian Male 
29 THP1 Primary 1 Asian Male 
30 TF1 Primary 35 Asian Male 
31 HL60 Primary 35 Caucasian Female 
32 CMK Primary 0.8333 Asian Male 
33 P31FUJ Primary Unknown Asian Male 
34 F36P Metastasis 68 Asian Male 
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35 EOL1 Primary 33 Caucasian Male 
 

RNA-seq files in FASTQ format were downloaded from Sequence Read 

Archive (SRA). The adaptor and nucleotide sequences from the 3’-end with Phred 

scores < 20 [-q 20] were trimmed using TrimGalore (version 0.6.5) (Martin, 2011). 

Trimmed reads were mapped to the human reference genome (GRCh38) using STAR 

aligner (version 2.6.1d) with the default settings. The first round of alignment is used 

to detect the splice junctions expressed in each sample. The trimmed reads were 

mapped to the reference genome in a second round to generate the binary alignment 

map (BAM) files. This second round of alignment also generates the splice junction 

count files for each sample based on the list of splice junctions detected across all 

samples in the first round of alignment.  

Gene expression in transcript per million (TPM) for each sample was quantified 

using RSEM with the default settings (B. Li & Dewey, 2011). 

The genetic variants of selected genes of interest, such as TP53 and splicing 

factor genes, were retrieved from the Dependency Map (DepMap) Portal (Tsherniak 

et al., 2017). 

The drug sensitivity read-out for each cell line was retrieved from the Cancer 

Therapeutics Response Portal (CTRP) (Basu et al., 2013). First, the drug sensitivity 

read-out in terms of area under the curve (AUC) for each compound ID and cell line 

experiment ID was retrieved (v20.data.curves_post_qc.txt). Next, the compound 

metadata such as the compound name, status (clinically approved), and gene or 

proteins targets were retrieved (v20.meta.per_compound.txt). Then, the cell line 

experiment metadata, such as cell line name and cancer type, were retrieved 

(v20.meta.per_experiment.txt and v20.meta.per_cell_line.txt). All information was 

integrated into a master drug sensitivity table.  

In total, 35 cell lines and 545 compounds were available for downstream 

analyses.  

 

2.4.2.2 ex vivo drug screen 
 The BeatAML study isolated mononuclear cells from AML patients and 

interrogated them against a panel of drug compounds (Tyner et al., 2018). The drug 

sensitivity read-out in terms of area under the curve (AUC) for each compound on 

each sample was retrieved from Supplementary Table 10 of the original publication. 
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The family names of which the compounds belong to were retrieved from 

Supplementary Table 11 of the original publication. Of the 360 patients identified from 

Section 2.1.4, we identified 251 patients whose samples had drug sensitivity data. 

Each patient was represented by one sample, and therefore we did not need to 

collapse the drug sensitivity data for patients with multiple samples as per Section 

2.1.4. In total, 251 patients and 122 compounds were available for downstream 

analyses. 

 

2.4.2.3 in silico drug screen 
The PSI values of candidate alternative splicing events were computed using 

the splice junction counts derived from the CCLE cancer cell lines and BeatAML 

patients. These candidate alternative splicing events were derived from differential 

alternative splicing events detected from MARVEL and subsequently visually validated 

using VALERIE. The PSI values were assessed for any correlation with the AUC 

values across the cancer cell lines and patients for each compound. This approach 

was used to identify candidate compounds for skipped-exon (SE), mutually exclusive 

exons (MXE), alternative 5’ and 3’ splice sites (A5SS, A3SS), and alternative last and 

first exons (ALE, AFE). 

The gene expression values may also be assessed for any correlation with the 

AUC values across the cancer cell lines and patients for each compound. This gene-

centric, in lieu of splicing-centric, approach may be used to identify candidate 

compounds for retained introns (RIs) associated with down-regulation of gene 

expression (Inoue et al., 2021). 

 

2.5 Adjunct computational pipelines 
Aside from splicing-oriented computational pipelines, MARVEL, VALERIE, and 

IMPACT, we further developed additional computational pipelines to facilitate single-

cell splicing analysis. These adjunct computational pipelines, namely two-tier sample 

demultiplexing, and variant calling and genotyping assignment for single-cell DNA-seq 

and RNA-seq, were based on the earlier published framework for TARGET-seq 

(Rodriguez-Meira et al., 2019). 
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2.5.1 Two-tier demultiplexing for single-cell DNA-/RNA-seq 
 Previously, each cell in a given well had a unique barcode and therefore cells 

may simply be demultiplexed by well ID using bcl2fastq software (Rodriguez-Meira et 

al., 2019). To multiplex more cells from different plates, each cell in a given well now 

share the same barcode with cells with the same well IDs from other plates. For 

example, the cell in Plate 1 well A1 will have the same barcode as the cell in Plate 2 

well A1. To differentiate the cell in well A1 in Plate 1 from Plate 2, plate barcodes were 

added to the read construct. Therefore, we developed a demultiplexing pipeline to 

demultiplex the sequencing reads by well followed by plate, so that each FASTQ file 

represents a unique cell (Figure 2.13). 

 

 
 

Figure 2.13: Overview of the two-tier demultiplexing pipeline. Sequencing reads 

are first demultiplexed by well, and then by plate. 

 

 First, bcl2fastq (version 2.20.0.422) was used to demultiplex the sequenced 

reads by wells. However, each FASTQ file at this stage consists of sequencing reads 

from other plates with the same well ID. Therefore, we used fastq-grep module from 

fastq-tools (version 0.8.3) to demultiplex the sequencing reads by plates based on the 

plate barcodes. Next, we ensured that the order sequencing reads in Read 1 FASTQ 

file matches that of Read 2 FASTQ file by using the fastq_pair module from fastq-pair. 

BCL format

well_id 1
well_id 2
well_id 3

.

.

.

.

.

.

.

.

.
well_id N

plate_id 1
plate_id 2
plate_id 3

.

.
plate_id N

plate_id 1
plate_id 2
plate_id 3

.

.
plate_id N

plate_id 1
plate_id 2
plate_id 3

.

.
plate_id N

cell_id 1
cell_id 2
cell_id 3
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
cell_id n

plate_id 1
plate_id 2
plate_id 3

.

.
plate_id N

bcl2fastq: Demultiplex by well_id
(index read). 

1

2

3 4

1

2

3

4

fastq-grep: Demultiplex by 
plate_id (barcode F on R1 and 
barcode R on R2). 

fastq-pair: Make sure reads in 
R1 and R2 are in the same order 
and have matching pairs.

Rscript: Rename files according 
to cell_id.

Well_1_R1.fastq
Well_1_R2.fastq

Plate1_Well_1_R1.fastq
Plate1_Well_1_R2.fastq
Plate2_Well_1_R1.fastq
Plate2_Well_1_R2.fastq

Cell_A_R1.fastq
Cell_A_R2.fastq
Cell_B_R1.fastq
Cell_B_R2.fastq



 86 

At this stage, each FASTQ file represents one unique cell and is named according to 

its plate and well ID. Hence, we used a custom R script to rename the files to reflect 

the user’s preferred cell IDs. 

 

2.5.2 Variant calling for single-cell DNA-seq 
Previously, the TARGET-seq genotyping pipeline for single-cell DNA/RNA-seq 

was optimised for single base substitutions, also known as single nucleotide variants 

(SNVs). But it was not optimised for detecting insertions or deletions (Rodriguez-Meira 

et al., 2019). Moreover, the genotyping pipeline for the single-cell DNA-seq used an 

RNA-seq aligner, namely STAR aligner (Dobin et al., 2013), for aligning the DNA-seq 

reads to the human reference genome. We updated the pipeline to more robustly 

identify indels, and developed two separate pipelines for calling variants from DNA 

and RNA reads. 

To this end, we first aligned the sequencing reads to the human reference 

genome (hg19/GRCh37) using Burrows-Wheeler Aligner (BWA; version 0.7.17) (H. Li 

& Durbin, 2009). It is noteworthy that while Bowtie2 is another popular aligner 

(Langmead & Salzberg, 2012), it has the propensity to discard sequencing reads with 

a large deletion (Hasmad et al., 2016). Therefore, we proceeded with BWA, in lieu of 

Bowtie2, as our choice of the aligner. 

Next, the resulting SAM files were converted to BAM files using the view module 

from Samtools (version 1.9) (H. Li et al., 2009). The DNA reads were then separated 

from RNA reads using custom Perl scripts (Rodriguez-Meira et al., 2019). Duplicate 

DNA reads were then flagged but not removed using the MarkDuplicates module from 

Picard (version 2.3.0). This is to ensure the duplicate reads will not be removed by 

downstream variant detection software. For example, MuTect2 will remove duplicate 

reads by default prior to the variant detection (Cibulskis et al., 2013). This will severely 

limit the power to detect variants in amplicon-based libraries such as TARGET-seq (J. 

Li et al., 2018; J. Li et al., 2019; Wen et al., 2018). This is in contrast to hybridisation 

capture/probe-based libraries whereby duplicate reads need to be removed prior to 

variant detection (Ng et al., 2016). 

Mutect2 module from The Genome Analysis Toolkit (GATK) (McKenna et al., 

2010) was used to detect indels. The mpileup module from Samtools was used to 

detect SNVs (Rodriguez-Meira et al., 2019). Lastly, the coverage at the variant site 
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was quantified using the coverage module from bedtools (version 2.27.1) (Quinlan & 

Hall, 2010). 

 

2.5.3 Variant calling for scRNA-seq 
 The sequencing reads were aligned to the human reference genome 

(hg19/GRCh37) using the STAR aligner (version 2.6.0c). The RNA reads were then 

separated from the DNA reads using custom Perl scripts (Rodriguez-Meira et al., 

2019). The duplicate RNA reads were then flagged, but not removed, using the 

MarkDuplicates module from Picard (version 2.3.0). Next, the sequencing reads 

corresponding to splicing intervals were hard-clipped using the SplitCigarReads 

module by GATK (Schischlik et al., 2019).  

The Mutect2 module from The Genome Analysis Toolkit (GATK) (McKenna et 

al., 2010) was used to detect indels. The mpileup module from Samtools was used to 

detect SNVs (Rodriguez-Meira et al., 2019). Lastly, the coverage at the variant site 

was quantified using the coverage module from bedtools (version 2.27.1) (Quinlan & 

Hall, 2010) (Figure 2.14). 

 

 
 
Figure 2.14: Overview of variant calling pipeline for single-cell DNA- and RNA-
seq. 
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2.5.4 Genotype assignment 
For each pre-defined variant site, the number of reads corresponding to the 

reference (wildtype) and alternative (variant) alleles for indels and SNVs were 

tabulated from the outputs of Mutect2 and mpileup modules, respectively.  

Here, we introduced a novel genotype scoring system to assign each variant 

site to one of the three genotypes: wildtype, heterozygous, or homozygous. We used 

the chi-square (χ^2) test to compare the observed frequency of reference and 

alternative alleles against the expected fraction of reference and alternative alleles 

corresponding to the three genotypes. The expected fraction of the reference alleles 

was 0.999, 0.5, and 0.001, and the expected fraction of the alternative alleles was 

0.001, 0.5, and 0.999 for wildtype, heterozygous, and homozygous genotypes, 

respectively. The χ^2 statistics were then tabulated for each fitted model and 

converted to genotype scores using the following formula: 

𝑆𝑐𝑜𝑟𝑒,%-.()*% =	
1

𝑙𝑜𝑔10(χ/ + 1) 

The genotype assigned to the variant site will be based on the genotype model 

with the highest score. 

Next, we computed the variant (alternative) allele frequency (VAF) and 

reassigned variant sites with 2 < VAF < 4 and 96 < VAF < 98 as “ambiguous”. For cells 

with no variants called at the variant sites by the variant callers (either due to the 

absence of the variants or the variants were present below the detection limit), the 

coverage from bedtools was used to assign the genotype. Specifically, cells with 

variant sites having coverage above the threshold determined from “blank” controls 

were assigned as “wildtype”, whereas cells with variant sites having coverage below 

this threshold will be assigned as “low coverage” (Figure 2.15).  
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Figure 2.15: The coverage distribution for an example variant used to determine 
the variant calling threshold. The coverage threshold at the variant site for a given 

cell, below which, the cell will be annotated as “low coverage” is determined from the 

blank controls. Specifically, the threshold (red line) is calculated based on the 

coverage of the blank controls using the formula: (Q3 + IQR*1.5) + 30 reads. 

 

Taken together, each variant site may take one of the five genotype 

assignments: wildtype, heterozygous, homozygous, ambiguous, or low coverage 

(Figure 2.16). 
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Figure 2.16: The five genotype classes for an example variant relative to 

coverage and variant allele frequency (VAF). The black dashed line indicates the 

coverage, below which, the cells were annotated as “low coverage” based on blank 

controls. 
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3 MARVEL: A novel computational tool for transcriptome-wide characterisation 
of alternative splicing landscape at single-cell resolution 

3.1 Benchmarking percent spliced-in estimation 
 Percent spliced-in (PSI) measures the degree of alternative exon inclusion in a 

given isoform. There are mainly two approaches for computing PSI values at the 

single-cell level. The first approach is the Bayesian approach which combines an 

informative prior, such as genomic sequence features, with sequencing reads to 

predict the PSI values (Huang & Sanguinetti, 2017, 2021). The second approach 

utilises only sequencing reads, specifically splice junction reads, to quantify the PSI 

values (Song et al., 2017). Therefore, the PSI value represented by the former is a 

predicted probability, whereas the PSI value represented by the latter is an observed 

percentage. 

 The Bayesian approach has been demonstrated for skipped-exon (SE) splicing 

events, but not other splicing event types. Therefore, we assessed the predicted PSI 

values using a genomic sequence feature for each event type. Sequence conservation 

score (phastCons score) was used as the representative genomic sequence feature 

for the assessment because it is most strongly correlated with PSI values compared 

to other genomic features (Linker et al., 2019). 

  For SE splicing events, we observed the phastCons scores are highly 

correlated with PSI values in iPSCs (R=0.74) (Figure 3.1A) and in all datasets (median 

R=0.75) (Figure 3.1B). There was also little variation in the correlation values across 

different datasets, suggesting that phastCons score was not cell type-dependent for 

SE splicing events. 
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Figure 3.1: Assessing the predictive value of a genomic sequence feature 
(phastCons score) for PSI quantification. Correlation between phastCons scores 

with PSI values in (A) an iPSC dataset and (B) across all datasets included in the 

benchmarking analysis. FDR *** < 0.01 ** < 0.05 * < 0.1, n.s.: non-statistically 

significant. 

 

The phastCons scores were weakly-to-moderately correlated with PSI values 

for MXE, RI, A5SS, A3SS, AFE, and ALE splicing events (median R values < 0.60). 

This suggests that phastCons scores had a lower predictive value for splicing event 

types other than SE. Moreover, except for SE, AFE, and ALE, there was a high 

variation in the correlation values across the different datasets for the other splicing 

event types. This further suggests that the correlation between phastCons scores and 

PSI values in these splicing event types were cell type-dependent, and not universally 

applicable to other cell types. Therefore, we implemented a splice junction-based 

approach for computing PSI values, which has been applicable for splicing event types 

other than SE (Kahles et al., 2018; Schischlik et al., 2019; Song et al., 2017).  
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Next, we assessed the reproducibility of PSI values computed using the splice 

junction-based approach compared with PSI values computed using existing software 

in homogeneous cell populations (Hagemann-Jensen et al., 2020). The PSI values of 

each cell in a presumed homogeneous cell population are expected to have a high 

correlation. For SE splicing events, we observed PSI values computed by BRIE mode 

2 (prior probability based on mean PSI across a given cell population) to have higher 

cell-to-cell correlation compared to mode 1 (genomic features as informative prior) and 

mode 0 (prior probability of 50) (Figure 3.2). This indicates the improvement of PSI 

value estimation in the latest implementation by BRIE (mode 2). Nevertheless, 

Expedition and MARVEL demonstrated significantly superior cell-to-cell correlation 

compared to BRIE (mode 2).  

 

 
 

Figure 3.2: Cell-to-cell correlation between PSI values computed using BRIE, 
Expedition, and MARVEL. Wilcoxon rank-sum test was used here. FDR *** < 0.01 

** < 0.05 * < 0.1, n.s.: non-statistically significant. 
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based. In addition to SE and MXE splicing events, MARVEL was able to compute the 

PSI values for RI, A5SS, A3SS, AFE, and ALE splicing events, all of which 

demonstrated high cell-to-cell correlation (R > 0.8) and were not available by BRIE or 

Expedition. 

We next compared the cell-to-bulk correlation for BRIE, Expedition, and 

MARVEL. BRIE (mode 2) demonstrated higher cell-to-bulk correlation compared to 

BRIE (mode 0/1), and comparable cell-to-bulk correlation with Expedition and 

MARVEL (Figure 3.3). This reaffirms the approach used by BRIE (mode 2) for inferring 

PSI values, i.e., using the mean PSI across a given cell population (pseudo-bulk) as 

the prior probability. There were no significant differences in cell-to-bulk correlation 

between Expedition and MARVEL for SE and MXE splicing events. Finally, the cell-

to-bulk correlation of RI, A5SS, A3SS, AFE, and ALE splicing events computed by 

MARVEL demonstrated overall high correlation (R > 0.8). 

 

 
Figure 3.3: Cell-to-bulk correlation between PSI values computed using BRIE, 
Expedition, and MARVEL. Wilcoxon rank-sum test used here. FDR *** < 0.01 ** < 

0.05 * < 0.1, n.s.: non-statistically significant. 
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computational efficiency, namely the time and RAM (random-access memory) 

required to compute the PSI values for a fixed number of splicing events.  

For SE splicing events, we observed MARVEL to require less time to compute 

the PSI values for 1,000 events compared to all three modes of BRIE (Figure 3.4). 

Similarly, for SE and MXE splicing events, we observed MARVEL to require less time 

to compute the PSI values for 1,000 events compared to Expedition. With the 

exception of RI splicing events, MARVEL required less than one minute to compute 

the PSI values for all other splicing event types. 

 

 
 

Figure 3.4: Assessing computational efficiency for computing PSI values by 
BRIE, Expedition, and MARVEL in terms of time required to compute the PSI 
values for 1,000 splicing events. Wilcoxon rank sum test used here. FDR *** < 

0.01 ** < 0.05 * < 0.1, n.s.: non-statistically significant. 
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values. 
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Figure 3.5: Assessing computational efficiency for computing PSI values by 
BRIE, Expedition, and MARVEL in terms of RAM required to compute the PSI 
values for 1,000 splicing events. Wilcoxon rank-sum test used here. FDR *** < 

0.01 ** < 0.05 * < 0.1, n.s.: non-statistically significant.2 
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all three modes of BRIE. Furthermore, MARVEL was able to compute the PSI values 

for splicing event types not provided by either BRIE or Expedition, namely RI, A5SS, 

A3SS, AFE, and ALE. Finally, MARVEL required the least amount of time to compute 

PSI values compared to BRIE and Expedition, with minimal trade-off with the amount 

of RAM required. 

 

3.2 Benchmarking modality assignment 
 PSI can take any values between 0 and 100, therefore the PSI distribution of a 

given splicing event may be modelled using the beta distribution and subsequently 

categorised into modalities. Modalities assigns the PSI distributions into discrete 

categories, and the original modality classes proposed were included, excluded, 

bimodal, middle, and multimodal (Song et al., 2017).  

However, the original modality assignment algorithm did not consider PCR 

amplification bias during single-cell library preparation that may lead to inaccurate 

modality assignment (Buen Abad Najar et al., 2020). This is especially true for bimodal 

distributions whereby a significant proportion of bimodal distributions was identified as 

spurious due to PCR amplification bias of the minor isoform. It was recently proposed 

that limiting splicing analysis to genes with high mRNA counts may mitigate false 

bimodal classifications (Buen Abad Najar et al., 2020). However, this approach will 

preclude a substantial number of genes from splicing analysis. To illustrate this point, 

we demonstrated that ~90% of genes would not been eligible for splicing analysis if a 

minimum of 10 cells were required to have at least 10 mRNA counts for a given gene 

for splicing analysis (Figures 3.6).  
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Figure 3.6: Genes available for splicing analysis at different minimum 
requirement of mRNA counts and cell numbers for an iPSC population as an 
example (Song et al., 2017). The number of eligible genes for splicing analysis in (A) 
absolute numbers and in (B) percentage at different mRNA count and cell number 

thresholds. 

 

 To avoid excluding a substantial number of genes from splicing analysis based 

on only including genes with high mRNA counts, we proceeded with tabulating a set 

of alternative splicing events with known true and false bimodal distributions in order 

to identify distinguishing features between true and false bimodal distributions (Figure 

3.7A). We observed the fold differences (ratios) and differences in the percentage of 

cells with PSI values with < 25 vs > 75 (and vice versa) were able to distinguish true 

from false bimodal distributions (Figures 3.7B and C). This is consistent with our 

observation in Figure 3.7A that false bimodal distributions had disproportionated 

number of cells at one end of the PSI distribution compared to the other end of the PSI 

distribution. In contrast, bimodal distributions had similar (balanced) number of cells 

at both ends of the PSI distribution. Therefore, we incorporated a heuristic threshold 

of <3 and <50 for fold differences (ratios) and differences, respectively, in the 

percentage of cells with PSI values with < 25 vs > 75 (and vice versa) to distinguish 

true from false bimodal distributions into MARVEL. Furthermore, we observed true 

bimodal distributions to have mean PSI values ~50 (Figure 3.7D). Therefore, false 

bimodal distributions were reclassified as included or excluded modality by MARVEL 

when the mean PSI values were > 50 or < 50, respectively. 
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Figure 3.7: Identifying distinguishing features between true and false bimodal 
distributions. (A) Representative PSI distributions for splicing events with known true 

and false bimodal classifications. (B-D) Distinguishing features assessed included (B) 
fold difference (ratio) and (C) difference in proportion of cells with PSI values > 75 vs 

< 25 (and vice versa), and (D) mean PSI values. Wilcoxon rank-sum test was used in 

(B-C) while Kolmogorov-Smirnov test was used in (D). FDR *** < 0.01 ** < 0.05 * < 

0.1. 

 

Next, we assessed if MARVEL was able to distinguish bimodal from non-

bimodal distributions using the learned heuristic thresholds. To this end, we tabulated 

a set of splicing events with known bimodal and non-bimodal distributions (Figure 

3.8A). We observed MARVEL and Expedition to have comparable sensitivity, 

specificity, and negative predictive value (Figure 3.8B). However, Expedition had lower 

precision compared to MARVEL. This was attributed to the higher number of known 
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non-bimodal distributions that were classified as bimodal by Expedition (Figures 3.8C 

and D). This led to higher false positive rates, and by extension, lower precision by 

Expedition.   

 

 
 

Figure 3.8: Assessing the ability of Expedition and MARVEL in classifying 
bimodal and non-bimodal distributions. (A) Confusion matrix generated based on 

known and predicted bimodal and non-bimodal classifications. (B) Comparison of 

performance metrices between Expedition and MARVEL computed from (A). (C-D) 
Values of the confusion matrix computed for (C) Expedition and (D) MARVEL. FDR 

*** < 0.01 ** < 0.05 * < 0.1. 

 

Lastly, we assessed if MARVEL was able to reduce the high proportion of 

bimodal classification by Expedition (Song et al., 2017) to that of when only splicing 

events with high mRNA counts were included (Buen Abad Najar et al., 2020). To this 

end, we first compared the percentage of splicing events, irrespective of mRNA 

counts, that were classified as bimodal by Expedition and MARVEL. We observed 

MARVEL to classify a smaller proportion of splicing events as bimodal compared to 

Expedition (median 1.4% vs 7.8%) (Figure 3.9A). However, MARVEL classified a 

higher proportion of splicing events as bimodal compared to when only splicing events 
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with high mRNA counts were included (median 1.4% vs 0.2%). Nevertheless, more 

genes and splicing events were eligible for analysis by MARVEL compared to when 

only splicing events with high mRNA counts were included. Therefore, MARVEL may 

identify splicing events with true bimodal distributions that would otherwise be missed 

when the events were expressed at low-to-moderate levels. Indeed, MARVEL 

successfully classified a PKM MXE splicing event as bimodal (Figure 3.9B). The 

bimodal distribution of this splicing event in MN cell population has been previously 

validated using smFISH (Song et al., 2017). Notably, this splicing event in MN cell 

population had low mRNA counts (median 2.9 mRNA counts per cell) (Figure 3.9C). 

This is in contrast to bona fide housekeeping genes, such as GAPDH, that have 

hundreds of mRNA counts per cell (Figure 3.9D).  

 

 
 

Figure 3.9: Assessing the proportion of splicing events classified as bimodal by 
Expedition, MARVEL, and when only splicing events with high mRNA counts 
were included. (A) Proportion of splicing events classified as bimodal. The number 

of genes and splicing events eligible for analysis shown. Note that genes and splicing 
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events were included for Expedition and MARVEL irrespective of mRNA counts. (B) 
PSI distributions for a splicing event that has been previously validated using smFISH. 

(C-D) The mRNA count distributions for (C) the gene corresponding to the splicing 

event in (B) and (D) a housekeeping gene. Wilcoxon rank-sum test used in (A). PSI: 

Percent spliced-in. FDR *** < 0.01 ** < 0.05 * < 0.1. 

 

Taken together, MARVEL incorporated learned heuristic thresholds that may 

aid in distinguishing true from false bimodal distributions, and subsequently lead to 

more accurate modality assignment, without limiting the splicing analysis to highly 

expressed genes. 

 

3.3 Benchmarking differential splicing analysis 
Current approaches for differential splicing analysis in single cells include 

comparing only two cells at a time (Huang & Sanguinetti, 2017), detecting changes in 

modality between two cell populations (Song et al., 2017), or evaluating differences in 

PSI values between two homogeneous cell populations (Huang & Sanguinetti, 2021). 

These approaches are implemented in BRIE (mode 0/1), Expedition, and BRIE (mode 

2), respectively. The first approach only allows differential splicing analysis within cells 

of a population but not between two cell populations. The second approach may miss 

splicing events with significant differences in PSI distribution between two cell 

populations without any change in modality. The third approach assumes both cell 

populations consist of homogeneous cell populations, and therefore may not be 

suitable for comparing heterogeneous cell populations. Therefore, there is a need for 

novel single-cell differential splicing analysis framework. 

We first evaluated four different statistical tests for differential splicing analysis 

in 0- and 72-hrs myoblast (Trapnell et al., 2014), namely Kolmogorov-Smirnov (KS), 

Anderson-Darling (AD), D Test Statistics (DTS) (Dowd, 2020), and Wilcoxon rank-sum 

test. We selected Kolmogorov-Smirnov, Anderson-Darling, and DTS for evaluation 

because these statistical tests consider the entire PSI distribution between sample 

groups, instead of only evaluating differences in average PSI values between sample 

groups. Therefore, these statistical tests will be able to distinguish samples groups 

with similar average PSI values but with different PSI distributions, such as bimodal, 

middle, and multimodal. These three modalities have similar average PSI values but 
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every different PSI distribution. We selected myoblast here because muscle-related 

gene sets were expected to be differentially spliced in this cell type, and therefore 

these gene sets may serve as a ground truth for benchmarking our differential splicing 

analysis framework. 

We observed DTS to identify the most number differentially spliced events. 

Nevertheless, we noticed a substantial number of these differences were driven by a 

small number of outlier cells in either one of the cell populations. These outlier cells 

had PSI > 0 or PSI < 100 in cell populations with excluded (Figures 3.10A and B) or 

included modality (Figures 3.10C and D), respectively. To mitigate differential splicing 

events driven by these small number of outlier cells, we applied our bimodal-adjust 

modality assignment algorithm to identify cell populations with excluded-to-excluded 

or included-to-included modality change. We then further required either one of the 

two cell populations to have a minimum of 10 cells with PSI > 0 or PSI < 100 for cell 

populations with excluded (Figures 3.10E and F) or included modality (Figures 3.10G 

and H), respectively. Using this outlier adjustment approach, we successfully reduced 

the number of differentially spliced events identified by DTS to that of comparable to 

other statistical tests (Figure 3.10I).  

We next compared the number of differentially spliced events detected by the 

different statistical tests. We observed AD and DTS captured majority of the 

differentially spliced events (Figure 3.10J). Therefore, we recommended combing AD 

and DTS together with our outlier adjustment technique as the default differential 

splicing test in MARVEL. 
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Figure 3.10: Comparing four different statistical tests for differential splicing 
analysis. (A-D) Representative differentially spliced events detected by DTS that were 

driven by small number of outlier cells. (E-H) Representative differentially spliced 

events detected by DTS after adjusting for outlier cells. (I) Number of differentially 

spliced events before and after removing events driven by small number of outlier 

cells. (J) Comparing the number of overlapping or statistical test-specific differentially 

spliced events across the different statistical tests evaluated here. AD: Anderson-

Darling; DE: Differential; DTS: D Test Statistics; KS: Kolmogorov-Smirnov. 

 

Next, we benchmarked our differential splicing analysis framework against 

BRIE (mode 2) using 0- and 72-hrs myoblast (Trapnell et al., 2014). MARVEL 
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identified 114 differentially spliced events whereas BRIE (mode 2) identified 73 

differentially spliced events (Figure 3.11A). Fifty-seven differentially spliced events 

were detected by both software, and more events were exclusively detected by 

MARVEL compared to BRIE (mode 2). Notably, differentially spliced genes identified 

by MARVEL were enriched for muscle-related pathways (Figure 3.11B). This is 

consistent with the biological pathways expected to be regulated when immature 

myoblast (0-hrs) developed into more mature myoblast (72-hrs). Moreover, 

differentially spliced genes identified exclusively by MARVEL were enriched for protein 

translation pathways whereas no enriched pathways were identified among 

differentially spliced genes identified exclusively by BRIE (mode 2) (Figure 3.11C). 

 

 
 

Figure 3.11: Comparing differentially spliced events detected by BRIE (mode 2) 
and MARVEL in 0- vs 72-hrs myoblasts. (A) Venn diagram revealing the number of 

differentially spliced events detected by both software (overlap) or exclusively to either 

software. (B) Biological pathways enriched among differentially spliced genes 

detected by MARVEL. (C) Comparison of all biological pathways enriched among 

differentially spliced genes detected by BRIE (mode 2), MARVEL, both software 

(overlap), or exclusive to either software.  
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To assesses the generalisability of our differential splicing analysis 

benchmarking results, we further benchmarked our differential splicing analysis 

framework against BRIE (mode 2) using single cells derived from the spinal cords of 

mice induced with multiple sclerosis (EAE) and healthy control mice (Falcao et al., 

2018). MARVEL identified 248 differentially spliced events whereas BRIE (mode 2) 

identified 238 differentially spliced events (Figure 3.12A). One hundred and eight 

differentially spliced events were detected by both software, and the number of events 

exclusive to either BRIE (mode 2) or MARVEL was similar. The smaller number of 

overlapping differentially spliced events detected by both software in this dataset 

compared to the previous human myoblast dataset may be attributed to one or more 

the following reasons: (1) This mouse dataset consists of heterogeneous cell 

populations which violates the assumption of homogeneous cell population of BRIE 

(mode 2), (2) this mouse dataset was generated with relatively short reads compared 

to the human myoblast dataset (50bp SE vs 100bp PE) and also had lower coverage 

(median sequencing depth <500,000 vs >1,000,000), both of which may present 

challenges in identifying differentially spliced events.  

Differentially spliced genes identified by MARVEL were enriched for biological 

pathways related to the central nervous system (Figure 3.12B). This is consistent with 

the biological pathways expected to be dysregulated in multiple sclerosis which is an 

autoimmune disease that attacks the myelin sheaths of the neurons (Ghasemi, 

Razavi, & Nikzad, 2017). Moreover, differentially spliced genes identified exclusively 

by MARVEL were enriched for RNA splicing pathways whereas no enriched pathways 

were identified among differentially spliced genes identified exclusively by BRIE (mode 

2) (Figure 3.12C). 
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Figure 3.12: Comparing differentially spliced events detected by BRIE (mode 2) 
and MARVEL in mice with multiple sclerosis vs healthy control mice. (A) Venn 

diagram revealing the number of differentially spliced events detected by both software 

(overlap) or exclusively to either software. (B) Biological pathways enriched among 

differentially spliced genes detected by MARVEL. (C) Comparison of all biological 

pathways enriched among differentially spliced genes detected by BRIE (mode 2), 

MARVEL, both software (overlap), or exclusive to either software. 

 

 Taken together, we introduced a novel statistical framework for differential 

splicing analysis between two cell populations and demonstrated its ability to detect 

biological relevant differentially spliced genes. Lastly, MARVEL complements existing 

software, namely BRIE (mode 2), by identifying differentially spliced events otherwise 

missed by existing software. 
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 To demonstrate the full range of features available by MARVEL for analysing 

plate-based RNA-seq dataset, we have performed single-cell splicing analysis on 

induced pluripotent stem cells (iPSCs) and endoderm cells differentiated from iPSCs 
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two disparate cell populations. Therefore, we expect the splicing profile of these 

populations to be very distinct from one another, and consequently augment the 

analytical features of MARVEL such as differential splicing analysis. 

 We first surveyed the total number of splicing events expressed in each of the 

cell population and further stratified the splicing events into the different splicing event 

types. A splicing event was considered to be expressed when the splicing event was 

supported at least 10 reads in at least 25 cells. We observed 13,125 and 5,308 splicing 

events to be expressed in iPSCs and endoderm cells, respectively (Figures 3.13A and 

B). In both cell populations, the dominant splicing event type was skipped-exon (SE) 

followed by retained intron (RI), alternative first exon (AFE), alternative 3’ splice site 

(A3SS), alternative 5’ splice site (A5SS), alternative last exon (ALE), and finally 

mutually exclusive exons (MXE).  

Consistent with previous studies, SE was the most prevalent splicing event type 

(Pellagatti et al., 2018; Shiozawa et al., 2018). Nevertheless, we have also shown here 

that splicing event type other than SE constituted more than half of expressed splicing 

events. However, single-cell splicing studies to date have focused only on SE and 

MXE event types (Huang & Sanguinetti, 2017, 2021; Song et al., 2017; Warf, Diegel, 

von Hippel, & Berglund, 2009). Therefore, MARVEL may be able to more 

comprehensively describe the splicing landscape and generate more novel biological 

insights from single-cell analysis compared to other published single-cell splicing 

software. 
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Figure 3.13: Expressed splicing events. The number and proportion of expressed 

splicing events stratified by splicing event types in (A) iPSCs and (B) endoderm cells. 

 

Next, we stratified each splicing event into modalities. The different modality 

classes are able to reveal the overall splicing pattern of a given splicing event across 

a cell population. Therefore, modality classes are able to reveal whether a presumed 

homogeneous cell population predominantly expresses one type of isoform (isoforms 

that include (splice in) or exclude (splice out) the alternative exon) or both types of 

isoforms for a given splicing event. 

 We observed included and excluded modalities to be the most prevalent 

modality classes in both iPSCs and endoderm cells (Figure 3.14A and B). On the other 

hand, bimodal, middle and multimodal modalities constituted only <5% of all 

expressed splicing events. This suggests that single cells most commonly express one 

dominant isoform for a given splicing event, i.e., either the isoform includes (splices 

in) the alternative exon (included modality) or the isoform excludes (splices out) the 

alternative exon (excluded modality). This is consistent with previous single-cell 
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studies that used empirical and simulated RNA-seq datasets to demonstrate the 

dominance of one isoform for a given splicing event (Westoby et al., 2018). 

 We further showed that primary and dispersed modalities constituted the 

included and excluded modalities in roughly equal proportions. The primary included 

and excluded modalities suggest that single cells either absolutely included (spliced 

in) or excluded (spliced out) the alternative exon for a given splicing event, 

respectively. On the other hand, the dispersed included and excluded modalities 

suggest that while there was a dominant population of cells that absolutely included 

(spliced in) or excluded (spliced out) the alternative exon, there existed a minor 

population of cells that expresses both isoforms. 

 We further surveyed the proportion of the different modality classes in each 

splicing event type to identify if certain modality classes were more prevalent in certain 

splicing event types compared to other splicing event types (Figure 3.14C and D). We 

observed included and excluded modalities to be the dominant modality classes 

across all splicing events in both iPSCs and endoderm cells. On the other hand, 

bimodal, middle, and multimodal modalities constitute only <5% of all expressed 

splicing events across all splicing event types. This suggests that typically only one 

dominant isoform is expressed (included or excluded) in a given cell, consistently with 

previously studies (W. Liu & Zhang, 2020; Song et al., 2017). 

Nevertheless, there were certain splicing events that were slightly more 

prevalent in a specific splicing event type compared to other splicing event types. 

Notably, RI had the highest rate of excluded modality classification. Specifically, 

primary and dispersed excluded modalities collectively constituted ~75% of all RI 

splicing events in both iPSCs and endoderm cells. This is consistent with the role of 

RI in regulating gene expression in physiological and disease states whereby the 

inclusion (splicing in) of the intron within the isoform creates a premature stop codon 

(PTC) and subsequently leads to nonsense-mediate decay (NMD) of truncated 

isoform (Smart et al., 2018).  
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Figure 3.14: Modality classification of expressed splicing events. (A-B) 
Proportion of each modality classes in (A) iPSCs and (B) endoderm cells. (C-D) 
Proportion of each modality classes stratified by splicing event type in (C) iPSCs and 

(D) endoderm cells. 

 

 Using the expressed splicing events identified in both iPSCs and endoderm 

cells, we assessed whether splicing represents a source of heterogeneity underlying 

gene expression profile. To this end, we performed differential gene expression 

analysis between the two cell populations and identified 7,643 differentially expressed 

genes. Using these differentially expressed genes (FDR < 0.10 and |log2 fold change| 

> 0.5), we were able to distinguish the two cell populations on the principal component 

analysis (PCA) space, as expected (Figure 3.15A). However, the non-differentially 

expressed genes did not distinguish the two cell populations (Figure 3.15B). 

Interestingly, expressed splicing events of the non-differentially expressed genes 

successfully separate the two cell populations (Figure 3.15C). The two cell populations 

remained distinguishable when expressed splicing events for each splicing event type 

was used for dimension reduction analysis individually (Figures 3.15D-J). This 
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suggests that splicing represents an additional layer of complexity underlying and 

invisible at gene expression level. 
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Figure 3.15: PCA using genes and splicing events. (A-B) PCA using (A) 
differentially and (B) non-differentially expressed genes. (C-J) PCA using (C) all 

expressed splicing events of non-differentially expressed genes and splicing events 

only from (D) SE, (E) MXE, (F) RI, (G) A5SS, (H) A3SS, (I) AFE, or (J) ALE. 

  

 Differential expression analysis is the cornerstone of RNA-seq analysis and is 

the pivotal step to identify candidate biomarkers for downstream functional validation. 

Differential splicing analysis between iPSCs and endoderm cells identified 1,614 

differentially spliced events (FDR < 0.1). Ribosomal genes constituted the top 

significant splicing events (Figure 3.16A). The top 10 most significant splicing events 

were DNAJC15 (RI), SNRPN (SE.1, SE.2), RPL26 (A5SS and AFE), RPS24 (SE and 

A3SS), RPS10-NUDT3 (A5SS and AFE), RPS14 (AFE).  

 We stratified the differentially spliced events based on their modality change 

from iPSCs to endoderm. To this end, we categorised the modality changes into 

explicit, implicit, and restricted. These categorises represent the extent of splicing 

pattern changes and therefore enable us to identify splicing events with overt or subtle 

change in splicing profiles from one cell population to another. Firstly, explicit change 

involved the change in one of the five original modality classes, i.e., included, 

excluded, bimodal, middle, and multimodal (Song et al., 2017). Secondly, implicit 

change involved the change from primary to dispersed, or vice versa. Thirdly, 

restricted change occurred when the splicing profile between the two cell populations 

was statistically significant, such as when there was a difference in mean PSI values, 

but both cell populations retained the same modality classification.  

Majority of differentially spliced events underwent restricted modality change 

from iPSCs to endoderm cells, followed by implicit and explicit (Figure 3.16B). 

Example of splicing events that demonstrated explicit, implicit, and restricted modality 

changes were CNBP (A5SS), ABI2 (ALE), and ACTB (RI), respectively (Figures 

3.16C-E). It is noteworthy that only a small proportion of splicing events underwent 

overt splicing changes, i.e., explicit modality changes. Therefore, defining differentially 

spliced events based on splicing events which demonstrated only explicit modality 

changes between two cell populations, as previously described (Song et al., 2017), 

would miss a substantial number of potentially biologically relevant splicing events. 
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Figure 3.16: Differential splicing analysis between iPSCs and endoderm cells. 
(A) Splicing events ranked from most-to-least statistically significant based on 

Anderson-Darling test. (B) Proportion of differentially spliced events based on type of 

modality change. (C-E) Representative examples of splicing events that underwent 

(C) explicit, (D) implicit, and (E) restricted modality change from iPSCs to endoderm 

cells. 

 

 Current single-cell splicing software only enable splicing analysis without gene 

expression profiling. MARVEL is able to perform both differential gene and splicing 

analysis and therefore provide valuable insights into the gene-splicing relationship 

between two cell populations.  

The 1,614 differentially spliced events identified between iPSCs and endoderm 

cells constituted 816 genes. Of which, 479 (59%) were differentially expressed (Figure 

3.17A).  

To understand the gene-splicing relationship, we categorised the change in 

splicing profile relative to change in gene expression profile between two cell 

populations into coordinated, opposing, isoform switching, and complex. Coordinated 

and opposing gene-splicing relationships are defined as the change in mean gene 
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expression value is in the same or oppositive direction relative to change in mean 

percent spliced-in (PSI) value, respectively. Isoform-switching is defined as significant 

change in splicing profile between two cell populations without significant change in 

gene expression profile (Smith et al., 2019). Lastly, complex gene-splicing 

relationships are defined as genes with both coordinated, opposing, isoform switching 

relationships with two or more splicing events. Isoform-switching constituted majority 

of gene-splicing relationships, followed by coordinated, opposing, and finally complex 

(Figure 3.17B). Examples of coordinated, opposing, isoform-switching, and complex 

gene-splicing relationships were DHX9 (Figures 3.17C and D), BCLAF1 (Figures 

3.17E and F), CELF1 (Figures 3.17G and H), and TERF1 (Figures 3.17J-K), 

respectively.  

It is noteworthy that opposing, isoform-switching, and complex gene-splicing 

relationships may not be inferred directly from differential gene expression analysis. 

This is because, unlike coordinated gene-splicing relationship, the gene expression 

profile changes were not in the same direction relative to splicing changes. Therefore, 

differential splicing analysis may identify differentially regulated genes that would 

otherwise been missed by differential gene expression analysis alone. 
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Figure 3.17: Gene-splicing relationship between iPSCs and endoderm cells. (A) 
Differential gene expression analysis of 816 genes that were differentially spliced 

between iPSCs and endoderm cells. (B) Stratification of gene-splicing relationship into 

coordinated, opposing, isoform-switching, and complex. (C-K) Representative 

examples of (C-D) coordinated, (E-F) opposing, (G-H) isoform-switching, and (I-K) 
complex gene-splicing relationship. 

 

 Following integrated differential gene and splicing analysis, MARVEL provides 

two features for functional annotation of differentially spliced events, namely gene 

ontology (GO) analysis and NMD prediction. The former identifies gene sets that are 

enriched among differentially spliced genes. The latter identifies isoform subjected to 

NMD when the alternative exon is included (spliced in) into the isoform. Both 

approaches may enable identification of candidate genes and isoforms for 

downstream experimental studies. 

 GO analysis of differentially spliced genes identified 141 biological pathways 

that were enriched (FDR < 0.05) among the 816 genes that were differentially spliced 
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between iPSCs and endoderm cells. The top pathways included gene transcription 

and translation, alternative splicing, and ribosome assembly (Figure 3.18). 

 

 
Figure 3.18: Gene ontology analysis of genes that were differentially spliced 
between iPSCs and endoderm cells. 
 

 NMD represents one mechanism by which splicing regulates isoforms, and by 

extension, gene expression (Smart et al., 2018). For a given differentially spliced 

event, MARVEL categorised the effect of the inclusion (splicing in) of alternative exon, 

i.e., alternative exon with significantly higher PSI value in endoderm cells relative to 

iPSCs, on the corresponding isoforms. The categories were novel splice junction (SJ), 

absence of coding sequence (CDS), no premature stop codon (PTC) introduced, and 

PTC created. Firstly, “novel SJs” are defined the splice junctions not yet reported in 

publicly available isoform database and therefore precluded PTC identification. Here, 

we used GENCODE v31 as our public isoform database. Secondly, the “no CDS” is 

referred to the alternative exons falling on isoforms that do not have open reading 

frames (ORFs), and therefore were not included for PTC identification. Thirdly, “no 

PTC” is referred to the preservation of the ORF when the alternative exon is introduced 

(spliced) into the isoform sequence. Lastly, “PTC” is referred to the introduction of PTC 

following the inclusion (splicing in) of alternative exon into the isoform sequence.  
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Across the different splicing event types, the inclusion of alternative exons in 

endoderm cells primarily affected isoforms with no coding sequences (“no CDS”; 

Figure 3.19A). When only alternative exons that affected isoforms with ORF were 

analysed, the inclusion (splicing in) of introns (RI) led to the highest rate of PTC 

creation (Figure 3.19B). This is not surprising given that the average intron length is 

longer than the average length of SE, A5SS, or A3SS. Therefore, it is conceivable that 

the probability of PTC creation is higher for RI compared to other splicing event types. 

Notably, the genes predicted to undergo NMD due to RI were associated with 

decreased expression in endoderm cells relative to iPSCs, but not for SE, A5SS, and 

A3SS (Figure 3.19C).  This is consistent with a previous study using long-read 

sequencing technology that found decreased gene expression by RI but not by other 

splicing event types (A. D. Tang et al., 2020). 

Lastly, MARVEL facilitates candidate gene selection for downstream functional 

studies by highlighting genes subjected to NMD on the volcano plot generated from 

differential gene expression analysis. Among the genes predicted to undergo splicing-

mediated NMD and concurrently demonstrated decreased gene expression were 

BUB3, HSPA4, EIF5, RPL22L1, DDX39B, SRRM1, and SRSF10 (Figure 3.19D). 
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Figure 3.19: Predicting NMD from alternative exon inclusion (splicing in) in 
endoderm cells relative to iPSCs. (A) Identifying isoforms based on whether the 

inclusion (splicing in) of alternative exons introduced PTC, or not. (B) Same figure as 

(A) but with novel SJs and isoforms with no CDS excluded. (C) Association between 

gene expression change in log2FC in endoderm cells relative to iPSCs when 

alternative exons led to NMD of genes (TRUE), or not (FALSE). (D) Genes predicted 

to undergo splicing-mediated NMD annotated on the volcano plot generated from 

differential gene expression analysis (see Figure 3.17A). CDS: Coding sequence; FC: 

Fold change; NMD: Nonsense-mediated decay; PTC: Premature stop codon; SJ: 

Splice junction. 

 

 Taken together, MARVEL provides end-to-end support for single-cell splicing 

analysis of RNA-seq data generated from plate-based methods, beginning with 

splicing event detection and validation, PSI quantification, dimension reduction 

analysis, modality assignment, integrated differential gene and splicing analysis, and 

finally functional annotation of differentially spliced genes to enable candidate 

biomarker selection for downstream experimental validation. 

 

3.5 Demonstration on droplet-based RNA-seq dataset 
 MARVEL was initially developed for splicing analysis of scRNA-seq data 

generated from plate-based platforms. This is because plate-based methods, such as 

Smart-seq, were pioneers in generating single-cell libraries for RNA-seq (Ramskold et 

al., 2012). We were also initially interested in characterising the splicing landscape in 

scRNA-seq generated using plate-based platforms, e.g., TARGET-seq (Rodriguez-

Meira et al., 2019), from myeloid neoplasm patients with spliceosome mutations. 

Nevertheless, droplet-based library preparation methods have recently gained more 

popularity over plate-based methods because droplet-based methods were more-

automated and high-throughput, i.e., thousands to tens of thousands of cells may be 

prepared for a given RNA-seq run with minimal hands-on during sample and library 

preparation (Zheng et al., 2017). Given the increasing application of droplet-based 

library preparation for generating scRNA-seq data, we extended MARVEL’s 

functionalities to enable splicing analysis of RNA-seq data generated from droplet-

based methods. 
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To demonstrate the full range of features available by MARVEL for analysing 

droplet-based RNA-seq dataset, we performed single-cell splicing analysis on induced 

pluripotent stem cells (iPSCs) and day-10 cardiomyocytes differentiated from iPSCs 

(Ou et al., 2021). We have chosen this dataset because the biological pathways 

involved in cardiomyocyte development, such as muscle-related genes, have been 

well characterised  (Grancharova et al., 2021). Therefore, these reported biological 

pathways may serve as ground truth for our splicing analysis. 

Differential splicing analysis between iPSCs and cardiomyocytes identified 818 

differentially spliced events (FDR < 0.05 and |ΔPSI| > 5 and mean normalised log2 

gene expression > 1.0), of which 575 splice junctions were significantly up-regulated 

in cardiomyocytes and 243 splice junctions were significantly up-regulated in iPSCs 

(Figure 3.20A). Examples of differentially spliced events included splice junctions of 

muscle-related genes MYH10, ATP5F1C, and CBX1 (Figures 3.20B-E). Splice 

junctions of MYH10 and ATP5F1C were significantly up-regulated in cardiomyocytes 

whereas splice junction of CBX1 was significantly up-regulated in iPSCs. Pathway 

enrichment analysis of differentially spliced genes revealed muscle-, cardio- and 

nerve-related genes to be enriched among differentially spliced genes (Figure 3.20F). 
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Figure 3.20: Differential splicing analysis between iPSCs and cardiomyocytes. 
(A) Volcano plot of differential splicing analysis results. (B-E) Representative 

examples of differentially spliced junctions (F) Gene ontology analysis of differentially 

spliced genes. 

 

 Next, we investigated the gene-splicing relationship between iPSCs and 

cardiomyocytes. To this end, we tabulated the change in gene expression profile 

relative to change in splice junction usage when iPSCs differentiated into   

cardiomyocytes.  

In total, 539 genes had at least one splice junction that were differentially 

spliced between iPSCs and cardiomyocytes. Majority of differentially spliced genes 

(59%) underwent isoform-switching whereby there was no change in gene expression 

profile between iPSCs and cardiomyocytes but there was at least one splice junction 

that were differentially spliced between the two cell populations (Figure 3.21A). A small 

proportion of differentially spliced genes (19%) were differentially expressed between 

iPSCs and cardiomyocytes and the change in gene expression profile was in the same 

direction relative to the change in splice junction usage, i.e., coordinated gene-splicing 

relationship. A similar proportion of differentially spliced genes (15%) were 

differentially expressed between iPSCs and cardiomyocytes but the change in gene 

expression profile was in the opposite direction relative to the change in splice junction 

usage, i.e., gene-splicing relationship. Lastly, complex gene-splicing relationship 

constituted the smallest proportion (7%) whereby a given gene was differentially 

expressed between iPSCs and cardiomyocytes but its relationship with splice junction 

usage was a combination of coordinated, opposing, and/or isoform switching. 

Representative examples of coordinated, opposing, isoform-switching, and 

complex gene-splicing relationships were VIM (Figures 3.21B and C), UQCRH 

(Figures 3.21D and E), RBM39 (Figures 3.21F-H), and TPM1 and TPM2 (Figures 

3.21I-N), respectively. 

It is noteworthy that majority of the differentially spliced genes did not occur in 

the same direction as their corresponding splice junctions from iPSCs to 

cardiomyocytes, i.e., coordinated gene-splicing relationship. Therefore, differential 

splicing analysis may identify differentially regulated genes that would otherwise been 

missed by differential gene expression analysis alone. 

 



 122 

 
 

Figure 3.21: Gene-splicing relationship between iPSCs and cardiomyocytes. (A) 
Stratification of gene-splicing relationship into coordinated, opposing, isoform-

switching, and complex. (B-K) Representative examples of (B-C) coordinated, (D-E) 
opposing, (F-H) isoform-switching, and (I-N) complex gene-splicing relationship. 
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To illustrate and fully appreciate the intricate relationship between gene 

expression and splicing, we have scrutinised and traced the relationship between 

TPM2 gene expression and its corresponding usage of all expressed splice junctions 

from iPSCs to cardiomyocytes at day-2, -4, and -10. We chose TPM2 for illustration 

here because this gene demonstrated a complex relationship with its splice junctions 

(Figures 3.21L-N). 

We observed progressive increased in TPM2 gene expression and increased 

in number of cells expressing this gene from iPSCs to later stages of cardiomyocyte 

development (Figure 3.22A). In total, 10 splice junctions were expressed in least one 

cell population and their usage did not always change in the same direction as the 

corresponding gene expression (Figure 3.22B). For example, SJ-1 was more highly 

expressed in iPSCs and earlier stages of cardiomyocytes compared to day-10 

cardiomyocytes (Figure 3.22C). On the other hand, SJ-2 was not differentially spliced 

across the four different developmental stages (Figure 3.22D). In contrast, SJ-3 

showed progressive increased in usage from iPSCs to later stages of cardiomyocytes, 

consistent with the changes in gene expression profile (Figure 3.22E).  

 

 
 
Figure 3.22: Gene-splicing relationship of TPM2 across the different 
cardiomyocyte developmental stages. (A-B) Changes in (A) gene expression and 

(B) splice junction usage from iPSCs to cardiomyocytes at day-2, -4, and -10. (C-E) 
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Relative change of splice junction usage change against gene expression change for 

all pair-wise comparison of the different cell populations for (C) SJ-1, (D) SJ-2, and (E) 
SJ-3. 

 

 One main difference between the RNA-seq data generated from plate-based 

compared to droplet-based methods is the pervasive 3’/5’-bias of coverage distribution 

in the latter (Zheng et al., 2017). We observed SJ-1, SJ-2, and SJ-3 to have relatively 

higher expression compared to the other splice junctions (Figures 3.22B). Moreover, 

the overall expression of SJ-1 was higher compared to SJ-2, followed by SJ-3. This 

hints at 3’-bias coverage. 

 To confirm this 3’-bias coverage, MARVEL plotted the positions of user-

specified splice junctions relative to all corresponding isoforms of the gene. Here, we 

observed SJ-1, which had the highest overall expression, to be located at the most 3’-

end of the isoforms (Figure 3.23). SJ-2 and SJ-3, which had the 2nd and 3rd highest 

overall expression, respectively, were located at the 2nd and 3rd most 3’-end of the 

isoforms.  

 Therefore, several considerations would need to be taken account for splicing 

analysis of RNA-seq data generated from droplet-based sequencing. Firstly, splicing 

analysis may only be feasible at the 3’/5’-end of the isoforms. Secondly, due to 

progressive decline in splice junction expression from the ends of the isoforms, it is 

only meaningful to compare the splice junction usage for the same splice junction 

across different cell populations, SJ-1 in iPSCs vs SJ-1 in cardiomyocytes. However, 

it is not meaningful to compare the splice junction usage of different splice junction 

within the same cell population or across different cell populations, e.g., SJ-1 vs SJ-2. 

This is because the splice junction usage near to the end of the isoform will likely be 

consistently higher compared to splice junction usage away from the end of the 

isoform. 
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Figure 3.23: Location of SJ-1, SJ-2, and SJ-3 relative to all isoforms of TPM2 
reported in GENCODE v31.  
 

 Finally, we assessed the MARVEL’s ability to scale to larger 10x Genomics 

dataset. To this end, we performed differential splicing analysis on >100k single cells 

derived from brain tissues of autism spectrum disorder (ASD) patients and healthy 

controls (Velmeshev et al., 2019). This dataset consists of 11 neuronal cell populations 

(L2/3, L4, L5/6, L5/6-CC, IN-PV, IN-SST, IN-VIP, IN-SV2C, Neu-NRGN-I, Neu-NRGN-

II, Neu-mat) and 6 non-neuronal cell populations (AST-PP, AST-FB, microglia, 

oligodendrocytes, OPC, endothelial) (Figure 3.24). 

 

 
Figure 3.24: Seventeen cell populations included in this analysis. tSNE 

coordinates and cell type annotation were derived from Supplementary Table 2 of the 

original study. 
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healthy controls (Figure 3.25A). Furthermore, 297 and 173 splice junctions were up- 

and down-regulated, respectively, among non-neuronal cell types of ASD relative to 

healthy controls (Figure 3.25B). Notably, SYT1, which a canonical marker gene for 

excitatory neurons, was differentially spliced. Specifically, the splice junction 

chr12:78865110:78977798 was significantly spliced out among ASD patients relative 

to controls (Figure 3.25C and D). 

 

 
 

Figure 3.25: Differential splicing analysis between ASD patients and healthy 
controls. (A-B) Volcano plot of differential splicing analysis among (A) neuronal and 

(B) non-neuronal cell types. (C-D) SYT1 chr12:78865110:78977798 splice junction 

expression in (C) controls and (D) ASD patients. 
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Simons Foundation Autism Research Initiative (SFARI) database (Abrahams et al., 

2013). In total, 609 genes were identified as differentially spliced by MARVEL, of 

which, 49 overlapped with SFARI (P = 5.6e-24) (Figure 3.26A). Biological pathways 

enriched among differentially spliced genes were RNA splicing, pathways associated 

with synapses, axons, and dendrites, and tau-protein kinase activity (Figure 3.26B). 

 

 
 

Figure 3.26: Assessing the enrichment of ASD-related genes and pathways 
among differentially spliced genes identified by MARVEL. (A) Overlap between 

ASD-related genes and differentially spliced genes. (B) Pathway enrichment analysis 

of differentially spliced genes. 

 

Lastly, we assessed the computational efficiency of MARVEL for differential 

splicing analysis of this large 10x Genomics dataset. Overall, across the 17 cell types 

included for analysis, L5/6-CC demonstrated the highest number of differentially 

spliced junctions (Figure 3.27A). The median time taken to complete differential 

splicing analysis for a given cell population was 1 minute 34 seconds, and the total 

time taken to complete differential splicing analysis for all cell populations was 36.1 

minutes (Figure 3.27B). 
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Figure 3.27: Computational efficiency evaluation of differential splicing analysis 
by MARVEL. (A) Number of differentially spliced junctions identified for each cell 

population. (B) Total time taken to complete differentially spliced junctions identified 

for each cell population. 

 

Taken together, MARVEL provides end-to-end support for single-cell splicing 

analysis of RNA-seq data generated from droplet-based methods, beginning with 

splicing junction validation, splice junction usage quantification, integrated differential 

gene and splicing analysis, and finally functional annotation of differentially spliced 

genes to enable candidate biomarker selection for downstream experimental 

validation. We also demonstrated that MARVEL is able to scale to large 10x Genomics 

dataset (>100k cells). 

Nevertheless, there are additional features that may be incorporated into 

MARVEL to enhance single-cell alternative splicing analysis. For example, MARVEL 

may integrate gene- and splicing-level information for dimension reduction analysis. 

Additionally, while we demonstrated the utility of MARVEL on ~100k cells, it would be 

of particular interest to assess MARVEL’s ability to scale to millions of cells. Lastly, 

MARVEL was developed for analysing individual exon-level splicing events from short-

read scRNA-seq. It may be necessary to follow-up with long-read scRNA-seq to 

deconvolute the combinatorial patterns of isoform usage for differentially spliced genes 

identified from MARVEL. 
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4 VALERIE: A novel computational tool for visual validation of alternative 
splicing events at single-cell resolution 

4.1 Validation of previously reported PKM splicing event 
To benchmark VALERIE, we have a selected an alternative splicing event that 

have been identified in scRNA-seq and validated using single-molecule fluorescence 

in situ hybridization (smFISH) (Song et al., 2017). We selected this dataset also 

because it included both single cells and matched-bulk RNA-seq data. This will allow 

us to compare the visualisation of alternative splicing events at the bulk and single-

cell level. In this dataset, PKM exon 9 and 10 were mutually exclusive exons that 

demonstrated differential exon usage during induced pluripotent stem cells (iPSCs) 

differentiation into neural progenitor cells (NPCs) or motor neurons (MNs).  

We first demonstrated the limitations of using a current genome browser 

(Thorvaldsdottir, Robinson, & Mesirov, 2013) to visualise alternative splicing events at 

the bulk level (Figure 4.1A). We observed iPSCs to have higher coverage at exon 10 

compared to exon 9. Similarly, we observed NPCs to have higher coverage at exon 

10 compared to exon 9. On the other hand, MN bulk samples corresponding to rows 

1 and 3 had higher coverage at exon 9 but MN bulk sample corresponding to row 2 

had higher coverage at exon 10. This hinted the presence of heterogeneous cell 

populations underlying MN bulk samples that may not be resolved visually using bulk 

RNA-seq. 

Next, we demonstrated the limitations of using a current genome browser 

(Thorvaldsdottir et al., 2013) to visualise alternative splicing events at the single-cell 

level (Figure 4.1B). We selected five representative single cells from each of the three 

cell populations for visualising on the genome browser. We observed iPSCs had 

higher coverage at exon 10 compared to exon 9 across all the five single cells while 

there was virtually no coverage at exon 9. This suggests iPSCs exclusively expressed 

exon 10. Similarly, we observed NPCs to have higher coverage at exon 10 compared 

to exon 9 across all the five single cells while there was virtually no coverage at exon 

9, with the exception of NPC at row number 10. This suggests that NPC primarily 

expressed exon 10. We observed three MNs to have coverage at exon 10 but virtually 

no coverage at exon 9, whereas one MN had coverage at exon 9 but virtually no 

coverage at exon 10. This suggests that MN potentially consist of two disparate cell 

populations, in which one primarily expressed exon 10 while another primarily 
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expressed exon 9. It is also noteworthy that one cell did not have any coverage in 

PKM, thus precluding any inference to be drawn on differential exon usage.  

Therefore, current genome browsers limit the number of single cells in which a 

user can visually inspect for a given alternative splicing event of interest. Moreover, 

the cells selected for visual inspection may not always be representative of their 

corresponding cell populations.  As a consequence, the comprehensive alternative 

splicing profile across all cells may not be captured using this approach and the extent 

of dropouts, i.e., cells with low coverage and hence represent missing data points, 

may also not be revealed. 

 

 
 
Figure 4.1: Comparison of visualising PKM mutually exclusive exons 9 and 10 
using IGV and VALERIE. (A) Visualising alternative splicing profile using coverage 

information of bulk sample in IGV. (B) Visualising alternative splicing profile using 

coverage information of selected single cells in IGV. (C-E) Visualising alternative 

splicing profile using PSI information of all single cells in VALERIE. (C) PSI values 
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displayed for all base positions (columns) corresponding to the alternative splicing 

event across all single cells (rows). (D) PSI values aggregated by cell type. (E) P 

values derived from assessing the differences in PSI values across the different cell 

populations. Differences were assessed using Kruskal-Wallis test and P values were 

adjusted for multiple testing across the base positions using Bonferroni correction. 

IGV: Integrative Genome Browser. 
 

To address the limitations of current genome browsers on visualising single-

cell alternative splicing events, we developed VALERIE to enable us to fully capture 

and appreciate the alternative splicing heterogeneity across all single cells included in 

a study (Figure 4.1C).  

Firstly, MARVEL presents the percent spliced-in (PSI) values for each base 

position straddling both constitutive and alternative exons for each single cell included 

in the original study. The degree of splicing is indicated with the yellow-blue colour 

scheme whereby higher intensity of yellow represents lower PSI values while higher 

intensity of blue represents higher PSI values. Here, we observed iPSCs to almost 

exclusively express exon 10. Approximately 50% of NPCs were observed to express 

exon 10 whereas a smaller proportion of NPCs expressed 9 or neither exon 9 nor 10. 

On the other hand, MNs predominantly expressed exon 9. Notably, approximately 

20% of MNs had no coverage at this region. This may be due to the cells not 

expressing the PKM gene or technical dropouts that led to insufficient coverage across 

this genomic locus.  

Secondly, MARVEL presented the aggregated PSI values for each cell 

population, i.e., pseudo-bulk. Using this approach, we observed progressive increased 

in exon 9 expression from iPSCs to NPCs and then to MNs. Conversely, we observed 

progressive decreased in exon 10 expression from iPSCs to NPCs and then to MNs. 

This inverse relationship between exon 9 and 10 is a hallmark feature of mutually 

exclusive exons.  

Thirdly, MARVEL assessed the differences in per-base PSI values across the 

three cell populations. We observed the PSI values to be significantly different across 

the cell populations at base positions corresponding to the alternative exons. On the 

other hand, there were no significant differences in PSI values at base positions 

corresponding to the constitutive exons, as expected. This statistical assessment may 
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provide an objective interpretation on whether the alternative exons are differentially 

spliced across the different cell populations. 

 

4.2 Validation of previously reported Mbp splicing event 
Another alternative splicing event that has been previously identified and 

experimental validated is Mbp exon 2 (Falcao et al., 2018). This exon has been found 

to be differentially spliced in mice induced with experimental autoimmune 

encephalomyelitis (EAE) compared to control mice, and this splicing event has been 

validated using quantitative polymerase chain reaction (qPCR). VALERIE profiling of 

this Mbp exon 2 showed this exon to be differentially spliced between clusters MOL1/2 

from EAE mice and cluster MOL2 Cntrl-A from control mice (Figure 4.2). 
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Figure 4.2: Visualising Mbp exon 2 alternative splicing profile in VALERIE. (A) 
PSI values displayed for all bases corresponding to the alternative splicing event 

across all single cells. (B) PSI values aggregated by cell type. (C) P values derived 

from assessing the differences in PSI values across the different cell populations. 

Differences were assessed using Wilcoxon rank-sum test and P values were adjusted 

for multiple testing across the base positions using Bonferroni correction. MOL: Mature 

oligodendrocytes. 
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It is noteworthy that the PSI profile in this example (Figure 4.2) appears scant 

or sparse on the heatmap compared to that in Figure 4.1. This is because the RNA-

seq data generated from this study was relatively short, i.e., 50bp in single-end (SE) 

mode, while the RNA-seq data in previous analysis in Figure 4.1 was generated using 

relatively longer sequencing reads, i.e., 150bp in paired-end (PE) mode. Therefore, 

these very short reads do not always span the entire length of the exons nor do the 

reads always span the exon-exon junctions, i.e., splice junctions. As a consequence, 

inferring PSI values from coverage information derived from splice junctions alone 

from current genome browser may be insufficient. VALERIE estimates and displays 

the PSI values across all the base positions corresponding to the alternative splicing 

event and therefore is able to visualise and assess the differences in PSI values across 

the difference cell populations beyond the splice junctions, i.e., across the exon 

bodies. 

 

4.3 Demonstration on novel splicing events 
We demonstrated the ability of VALERIE to visualise and validate previously 

reported alternative splicing events, namely PKM mutually exclusive exons (MXEs) 

splicing event in human (Song et al., 2017) and Mbp skipped-exon (SE) splicing event 

in mouse model (Falcao et al., 2018). Here, we demonstrate the application of 

VALERIE on visually validating alternative splicing event detected when induced 

pluripotent stem cells (iPSCs) differentiated into endoderm cells in Section 3.4. 

Furthermore, aside from visually validating SE and MXE as in our benchmarking 

analysis for Mbp and PKM, respectively, we will demonstrate the visual validation of 

retained intron (RI), and alternative 5’ and 3’ splice sites (A5SS, A3SS). 

 A SNRPN SE splicing event was observed to have significantly decreased 

percent spliced-in (PSI) values in endoderm cells relative to iPSCs (Figure 4.3A-B). 

The modality change was implicit whereby the PSI distribution transformed from 

excluded dispersed to primary from iPSCs to endoderm cells. Visual inspection of this 

alternative splicing event using VALERIE similarly showed decreased in alternative 

exon usage in endoderm cells relative to iPSCs (Figure 4.3C). Therefore, this 

alternative splicing was successfully visually validated by VALERIE and may be 

considered as a true differentially spliced event (true positive) detected by MARVEL. 

Snrpn has been shown to be an imprinted gene in embryonic stem cells, specifically 
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this gene is methylated at the maternal alleles (Wianny et al., 2016). This may have 

implication during establishment of stem cell lines. 

 

 
 

Figure 4.3: SNRPN SE splicing event 
(chr15:24962114:24962209:+@chr15:24967029:24967152:+@chr15:24967932:24
968082) identified by MARVEL and visually validated using VALERIE. (A) PSI 

distributions and modality change of the splicing event from iPSCs to endoderm cells.  

(B) Splicing event annotated on the volcano plot that includes all splicing event 

included for differential splicing analysis. Blue represents splicing events with changes 

of PSI values of < -5 and FDR < 0.10 in endoderm cells relative to iPSC. Red 

represents splicing events with changes of PSI values of > 5 and FDR < 0.10 in 
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endoderm cells relative to iPSC. (C) Visual inspection of alternative splicing event 

using VALERIE. Differences in PSI values across the two cell populations were 

assessed using Kolmogorov-Smirnov test and adjusted for multiple testing across the 

base positions using Bonferroni correction. 

 

A TPM2 MXE splicing event was observed to have significantly decreased PSI 

values of its 5’ alternative exon in endoderm cells relative to iPSCs (Figure 4.4A-B). 

The modality change was explicit whereby the PSI distribution transformed from 

middle to excluded dispersed from iPSCs to endoderm cells. Visual inspection of this 

alternative splicing event using VALERIE similarly showed decreased in the 5’ 

alternative exon usage in endoderm cells relative to iPSCs (Figure 4.4C). Therefore, 

this alternative splicing was successfully visually validated by VALERIE and may be 

considered as a true differentially spliced event (true positive) detected by MARVEL. 

Genetic variants have been identified in iPSCs derived from patients with rare 

muscular disorders (Ma et al., 2019). This is not surprisingly given TPM2 role in muscle 

movements. 
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Figure 4.4: TPM2 MXE splicing event (chr9:35685269:35685339:-
@chr9:35685064:35685139:-@chr9:35684732:35684807:-
@chr9:35684488:35684550) identified by MARVEL and visually validated using 
VALERIE. (A) PSI distributions and modality change of the splicing event from iPSCs 

to endoderm cells.  (B) Splicing event annotated on the volcano plot that includes all 

splicing event included for differential splicing analysis. Blue represents splicing events 

with changes of PSI values of < -5 and FDR < 0.10 in endoderm cells relative to iPSC. 

Red represents splicing events with changes of PSI values of > 5 and FDR < 0.10 in 

endoderm cells relative to iPSC. (C) Visual inspection of alternative splicing event 

using VALERIE. Differences in PSI values across the two cell populations were 

assessed using Kolmogorov-Smirnov test and adjusted for multiple testing across the 

base positions using Bonferroni correction. 
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It is noteworthy that while the 5’ alternative exon usage was decreased in 

endoderm cells relative to iPSCs, the 3’ alternative exon usage was increased in 

endoderm cells relative to iPSCs. This inverse relationship between 5’ and 3’ 

alternative exon is a hallmark feature of MXE splicing events. 

A RPL30 RI splicing event was observed to have significantly decreased PSI 

values in endoderm cells relative to iPSCs (Figure 4.5A-B). The modality change was 

implicit whereby the PSI distribution transformed from excluded dispersed to primary 

from iPSCs to endoderm cells. Visual inspection of this alternative splicing event using 

VALERIE similarly showed decreased in intron retention in endoderm cells relative to 

iPSCs (Figure 4.5C). Therefore, this alternative splicing was successfully visually 

validated by VALERIE and may be considered as a true differentially spliced event 

(true positive) detected by MARVEL. RPL30 itself is a splicing factor and is involved 

in spliceosome assembly (Bragulat et al., 2010). 
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Figure 4.5: RPL30 RI splicing event (chr8:98045550:98045508:-
@chr8:98045399:98045347) identified by MARVEL and visually validated using 
VALERIE. (A) PSI distributions and modality change of the splicing event from iPSCs 

to endoderm cells.  (B) Splicing event annotated on the volcano plot that includes all 

splicing event included for differential splicing analysis. Blue represents splicing events 

with changes of PSI values of < -5 and FDR < 0.10 in endoderm cells relative to iPSC. 

Red represents splicing events with changes of PSI values of > 5 and FDR < 0.10 in 

endoderm cells relative to iPSC. (C) Visual inspection of alternative splicing event 

using VALERIE. Differences in PSI values across the two cell populations were 

assessed using Kolmogorov-Smirnov test and adjusted for multiple testing across the 

base positions using Bonferroni correction.  
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 There are two features of this alternative splicing event revealed by VALERIE 

that are noteworthy. Firstly, we noticed a potential 3’ alternative splice site at the end 

of the intron. This cryptic A3SS has small, but significantly, higher PSI values in iPSCs 

compared to endoderm cells. This suggests that this cryptic A3SS was differentially 

spliced between the two cell populations. The presence of two simultaneous splicing 

event type in the same genomic locus underscores the complexity of alternative 

splicing. Secondly, the PSI values along the intron decreased from the 3’- to 5’-end. 

This may reflect a decreased in coverage from the 3’- to 5’-end of the transcript. This 

may be due to the 3’-bias inherently present in single-cell library preparation methods 

using polyA tail capturing of mRNA molecules. 

A RPL8 A5SS splicing event was observed to have significantly decreased PSI 

values in endoderm cells relative to iPSCs (Figure 4.6A-B). The modality change was 

implicit whereby the PSI distribution transformed from excluded dispersed to primary 

from iPSCs to endoderm cells. Visual inspection of this alternative splicing event using 

VALERIE similarly showed decreased A5SS in endoderm cells relative to iPSCs 

(Figure 4.6C). Therefore, this alternative splicing was successfully visually validated 

by VALERIE and may be considered as a true differentially spliced event (true positive) 

detected by MARVEL. A role for RPL8 in regulating telomere length has been 

implicated recently (van der Spek et al., 2020). 
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Figure 4.6: RPL8 A5SS splicing event (chr8:144792587:144792245|144792366:-
@chr8:144791992:144792140) identified by MARVEL and visually validated 
using VALERIE. (A) PSI distributions and modality change of the splicing event from 

iPSCs to endoderm cells.  (B) Splicing event annotated on the volcano plot that 

includes all splicing event included for differential splicing analysis. Blue represents 

splicing events with changes of PSI values of < -5 and FDR < 0.10 in endoderm cells 

relative to iPSC. Red represents splicing events with changes of PSI values of > 5 and 

FDR < 0.10 in endoderm cells relative to iPSC. (C) Visual inspection of alternative 

splicing event using VALERIE. Differences in PSI values across the two cell 

populations were assessed using Kolmogorov-Smirnov test and adjusted for multiple 

testing across the base positions using Bonferroni correction. 
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 There are two features of this alternative splicing event revealed by VALERIE 

that are noteworthy. Firstly, the PSI values along the alternative exon decreased from 

the 3’- to 5’-end. This may reflect a decreased in coverage from the 3’- to 5’-end of the 

transcript, not unlike that observed early in Figure 4.5C. Secondly, the lack of coverage 

(grey regions) and uneven coverage of the 5’-end of the transcript suggests difficulty 

in uniformly capturing the 5’-end of the transcripts during single-cell library preparation. 

This phenomenon has also been observed in RNA-seq data generated from long-read 

sequencing using Nanopore and PacBio (Byrne et al., 2017; Gupta et al., 2018; 

Legnini, Alles, Karaiskos, Ayoub, & Rajewsky, 2019). 

A PRRC2C A3SS splicing event was observed to have significantly increased 

PSI values in endoderm cells relative to iPSCs (Figure 4.7A-B). The modality change 

was restricted whereby the PSI distribution remained included dispersed from iPSCs 

to endoderm cells. Visual inspection of this alternative splicing event using VALERIE 

similarly showed increased A3SS in endoderm cells relative to iPSCs (Figure 4.7C). 

Therefore, this alternative splicing was successfully visually validated by VALERIE and 

may be considered as a true differentially spliced event (true positive) detected by 

MARVEL. Prrc2c has shown to be involved in recognition or processing of poly-A tails 

and cap-dependent translation by interacting with Nat1 (Sugiyama et al., 2017). 

 



 143 

 
 

Figure 4.7: PRRC2C A5SS splicing event 
(chr1:171512032:171512200:+@chr1:171512995|171513001:171513172) 
identified by MARVEL and visually validated using VALERIE. (A) PSI distributions 

and modality change of the splicing event from iPSCs to endoderm cells.  (B) Splicing 

event annotated on the volcano plot that includes all splicing event included for 

differential splicing analysis. Blue represents splicing events with changes of PSI 

values of < -5 and FDR < 0.10 in endoderm cells relative to iPSC. Red represents 

splicing events with changes of PSI values of > 5 and FDR < 0.10 in endoderm cells 

relative to iPSC. (C) Visual inspection of alternative splicing event using VALERIE. 

Differences in PSI values across the two cell populations were assessed using 

Kolmogorov-Smirnov test and adjusted for multiple testing across the base positions 

using Bonferroni correction.  
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4.4 Summary of visualisation features 
Here we have shown that VALERIE successfully visually validated previously 

experimentally validated alternative splicing events, namely PKM (Song et al., 2017) 

and Mbp splicing events (Falcao et al., 2018). We further demonstrated the application 

of VALERIE on novel splicing events detected during iPSCs differentiation into 

endoderm cells from Section 3.4. These splicing events constituted SE, MXE, RI, 

A5SS, and A3SS. 

It is noteworthy that users may only investigate one splicing event at a time 

using VALERIE. A more interactive browser to enable quick visual validation of 

multiple splicing events will be desirable (Hentges et al., 2022). Nevertheless 

VALERIE complements existing genome browsers for visualising alternative splicing 

events with the following features: 

a. PSI value display. Current genome browsers only display coverage information. 

While coverage is informative for visualising gene expression profile (Ozaki et al., 

2020), PSI is more informative for visualising alternative splicing events. Afterall, 

differences in PSI values across cell populations may be invisible at the gene 

expression level (Ntranos et al., 2019). 

b. Per-base PSI value display. User may indirectly infer the PSI values in current 

genome browsers by using the coverage information at splice junctions (Figure 

4.8A). Nevertheless, noise arising from ambiguous sequencing read alignment 

may make PSI calculation difficult (Figure 4.8B). Moreover, we may check for 

uniformity of PSI values across the entire exon body from the per-base PSI values 

display to reveal any cryptic alternative splicing events (Figure 4.5C) or 3’/5’-bias 

in sequencing coverage (Figures 4.5C and 4.6C). 
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Figure 4.8: Inferring PSI values from splice junction reads from IGV. (A) 
Simplified diagram for computing PSI values for exon 10. (B) Splice junction reads 

shown for a representative cell in IGV. Noise from ambiguous sequencing read 

alignment makes PSI inference anything but straightforward.  

 

c. All cells included in display. Current genome browsers only enable a few cells to 

be displayed for practical reasons, and these few selected cells may not always be 

representative of their cell population of origin. VALERIE enables all cells included 

in the study to be displayed. This feature may reveal heterogeneity in alternative 

splicing profile across a presumed homogeneous cell population and the proportion 

of cells with dropouts for the genomic locus corresponding to the alternative 

splicing event. 

d. Aggregating PSI values by cell groups. This feature enables users to check for 

overall differences in alternative splicing profile across the different cell populations 

in a pseudo-bulk manner. 

e. Statistical test for PSI values. This feature enables users to objectively assess the 

differences in PSI values across the different cell populations for the base positions 

corresponding to the constitutive and alternative exons. 

f. Omitting non-informative intronic regions. This feature enables emphasis of coding 

exons by censoring long intronic sequences. A notable exception is RI splicing 

event whereby VALERIE will display the PSI values of the intronic region. 

g. Standardising the display of constitutive and alternative exons in the 5’ to 3’ 

transcription direction.
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5 IMPACT: An integrated myeloid neoplasm platform for alternative splicing 
candidate prioritisation 

5.1 Validation of previously reported aberrant splicing events 
To benchmark IMPACT, we first investigated if we were able to recapitulate 

previously identified aberrant splicing events related to genetic variants in splicing 

factors SF3B1, SRSF2, and U2AF1 (Table 1.1). These splicing events were primarily 

identified from high-throughput next-generation sequencing and validated using 

polymerase chain reaction (PCR). The  ability to reproduce previously validated 

splicing events ensures that our data processing including clinical data and genotype 

tabulation, and splicing quantification, was performed correctly. This is also to ensure 

that the BeatAML and The Cancer Genome Altas (TCGA) AML cohorts (Tyner et al., 

2018) will be relevant for identifying and validating novel splicing events from our own 

studies. 

In total, we tabulated 55 previously reported aberrant splicing events related to 

SF3B1K700, SRSF2P95, and U2AF1S34 (Table 1.1; Figure 5.1). Of which, 28, 9 and 16 

splicing events were unique to SF3B1K700, SRSF2P95, and U2AF1S34, respectively. 

While only two splicing events were aberrantly spliced by both SRSF2P95 and 

U2AF1S34. This suggests that majority of aberrant splicing events are specific to a 

given splicing factor. 

 

 
Figure 5.1: Number of previously reported aberrant splicing events related with 
SF3B1K700, SRSF2P95, and U2AF1S34 included in our benchmarking analysis. Note 

that majority of splicing events are splicing factor-specific. 
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 Of the 28 previously reported SF3B1K700-related splicing events, 18 were found 

to be expressed in the BeatAML (Figure 5.2A). TCGA only consisted of 2 SF3B1K700 

patients and therefore were not included for assessing SF3B1K700-related splicing 

events here.  

Of the 18 previously reported SF3B1K700- related splicing events, 17 were also 

differentially spliced in BeatAML SF3B1K700 patients (Figures 5.2B-R). Specifically, all 

reported splicing event types related to SF3B1K700 were that of alternative 3’ splice site 

(A3SS), and these A3SSs were more spliced-in in SF3B1K700 patients, i.e., these 

patients had higher percent spliced-in (PSI) values of A3SS. Only one previously 

reported SF3B1K700-related splicing event was not recapitulated in our BeatAML 

analysis (Figure 5.2S). 

 Previous studies have focused on investigating SF3B1K700-related splicing 

events, but not splicing events related to other SF3B1 hotspot variants. Our BeatAML 

analysis included SF3B1K666 hotspot variant and therefore enabled us to compare the 

splicing profile of SF3B1K666 to that of SF3B1K700. Certain splicing events were 

differentially spliced to the same degree for both SF3B1K700 and SF3B1K666. For 

example, A3SS of CEP135 (Figure 5.2B), CHTF18 (Figure 5.2C), HINT2 (Figure 

5.2G), MICAL1 (Figure 5.2J), and SEPTIN6 (Figure 5.2N). This suggests that SF3B1 

hotspot variants may converge on overlapping target genes.  

Certain splicing events were differentially spliced for both hotspot variants but 

to a lesser degree for SF3B1K666 compared to SF3B1K700. For example, A3SS of 

ENOSF1 (Figure 5.2E), GCC2 (Figure 5.2F), KANSL3 (Figure 5.2H), MAP3K7 (Figure 

5.2I), PPP2R5A (Figure 5.2K), RNF2 (Figure 5.2L), SEPTIN2 (Figure 5.2M), SMURF2 

(Figure 5.2P), TMEM14C (Figure 5.2Q), and TTI1 (Figure 5.2R). This suggests 

differences in specificity for overlapping target genes.  

On the other hand, certain splicing events were exclusively differentially spliced 

in SF3B1K700, but not SF3B1K666. For example, A3SS of ELP2 (Figure 5.2D) and 

SF3B1 (Figure 5.2O). This suggests that different hotspot variants of the same splicing 

factor may have some mutually exclusive target genes. 

Taken together, majority of previously reported splicing events related to 

SF3B1K700, specifically 94% (17/18), were successfully reproduced in our analysis, 

and therefore we may be confident in using our BeatAML analysis for validation of 

novel splicing related to SF3B1 hotspot variants identified from our own studies. 
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Furthermore, the inclusion of patients with SF3B1K666 hotspot variant will enable us to 

investigate splicing events related to this understudied genotype. 
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Figure 5.2: Splicing events previously reported to be aberrantly spliced by 
SF3B1K700. (A) Number of previously reported SF3B1K700-related splicing events that 

were expressed and therefore assessed in our BeatAML analysis highlighted in yellow. 
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(B-R) Previously reported SF3B1K700-related splicing events that were confirmed to be 

differentially spliced in our BeatAML analysis. (S) Previously reported SF3B1K700-

related alternative splicing event that was not confirmed to be differentially spliced in 

our BeatAML analysis. Wilcoxon rank-sum test used here. WT: Wildtype. FDR *** < 

0.01, ** < 0.05, * < 0.10, n.s. non-statistically significant. 

 

 There was sufficient number of SRSF2P95 samples identified in BeatAML and 

TCGA, and therefore we were able to assess if previously reported SRSF2P95-related 

splicing events can be recapitulated here in both cohorts. Specifically, 29 and 9 

SRSF2P95 patients were identified in BeatAML and TCGA, respectively. 

Of the nine previously reported SRSF2P95-specific splicing events, eight were 

found to be expressed in BeatAML while six were found to be expressed in TCGA 

AML cohort (Figures 5.3A and B). Half of the previously reported SRSF2P95-related 

splicing events were differentially spliced in SRSF2P95 patients from both BeatAML 

and TCGA), namely skipped-exon (SE) of PRMT2, EZH2, HNRNPA2B1, and IDH3G 

(Figures 5.3C-F). 

One previously reported SRSF2P95-related splicing event was differentially 

spliced in TCGA, but not BeatAML, namely SE of AKAP8. (Figure 5.3G).  Furthermore, 

one previously reported SRSF2P95-related splicing event was not differentially spliced 

in SRSF2P95 patients from either BeatAML or TCGA, namely SE of CASP8 (Figure 

5.3H). Finally, two previously reported SRSF2P95-related splicing events were not 

differentially spliced in BeatAML cohort and were not expressed in TCGA, namely SE 

of FAXDC2 and IDH3G (Figures 5.3I-J) 

It is noteworthy that SRSF2P95 preferred splicing event type is SE, and that 

SRSF2P95 may either lead to more inclusion (splicing in) or exclusion (splicing out) of 

the alternative exon. For example, SRSF2P95 was associated with increased 

alternative exon inclusion of PRMT2 (Figure 5.3C) and AKAP8 (Figure 5.3G) whereas 

SRSF2P95 was associated with increased alternative exon exclusion of EZH2, 

HNRNPA2B1, and IDH3G (Figure 5.3D-F). This is in contrast to SF3B1 hotspot 

variants as we have shown earlier that were associated with A3SS splicing event and 

were associated solely with increased inclusion (splicing in) of this splicing event. No 

increased exclusion (splicing out) of A3SS by SF3B1 hotspot variants has been 

validated to date. 
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Taken together, majority of previously reported splicing events related to 

SRSF2P95 that were expressed in both BeatAML and TCGA here, specifically 83% 

(5/6), were successfully reproduced in our analysis, and therefore we may be confident 

in using our BeatAML and TCGA analysis for validation of novel splicing related to 

SRSF2 hotspot variants identified from our own studies. 
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Figure 5.3: Splicing events previously reported to be aberrantly spliced by 
SRSF2P95. (A-B) Number of previously reported SRSF2P95-related splicing events that 

were expressed and therefore assessed in our BeatAML and TCGA analysis 

highlighted in yellow. (C-F) Previously reported SRSF2P95-related splicing events that 

were confirmed to be differentially spliced in our BeatAML and TCGA analysis. (G-J) 
Previously reported SRSF2P95-related splicing events that were confirmed to be 

differentially spliced (G) only in TCGA AML analysis or (H-J) in neither cohort. 
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Wilcoxon rank-sum test used here. WT: Wildtype. FDR *** < 0.01, ** < 0.05, * < 0.10, 

n.s. non-statistically significant. 

 

 There was sufficient number of U2AF1S34 patients identified in BeatAML and 

TCGA, and therefore we were able to assess if previously reported U2AF1S34-related 

splicing events can be recapitulated here in both cohorts. Specifically, 10 and 6 

U2AF1S34 patients were identified in BeatAML and TCGA, respectively. 

Of the 18 previously reported U2AF1S34-specific splicing events, 13 were found 

to be expressed in both BeatAML and TCGA (Figures 5.4A and B). Nine of the 

previously reported U2AF1S34-related splicing events were differentially spliced in 

U2AF1S34 patients from both BeatAML and TCGA, namely CTNNB1 (A3SS), H2AFY 

(MXE), IRAK4 (SE), MED24 (SE), PICALM (A3SS), DEK (SE), KDM6A (SE), 

SMARCA5 (SE), and STRAP (SE) (Figures 5.4C-K).  

Two previously reported U2AF1S34-related splicing events was differentially 

spliced in in BeatAML, but not TCGA, namely RHBDD2 (SE) and SERPINB8 (A3SS) 

(Figure 5.4L and M). On the other hand, one previously reported U2AF1S34-related 

splicing events was differentially spliced in U2AF1S34 patients from TCGA, but not 

BeatAML, namely BCOR (A3SS) (Figure 5.4N). Finally, only one previously reported 

U2AF1S34-related splicing events was not differentially spliced in U2AF1S34 patients 

from either BeatAML or TCGA, namely ITGB3BP (SE) (Figure 5.4O). 

 It is noteworthy that there were two types of splicing events that were 

preferentially targeted by U2AF1S34, namely A3SS and SE. This is in contrast to 

SF3B1K700 and SRSF2P95 that have preference for only one splicing event type, namely 

A3SS or SE, respectively. Not surprisingly, there may be convergence of target genes 

by U2AF1S34 and SF3B1K700 or U2AF1S34 and SRSF2P95. Indeed, SE of EZH2 and 

GNAS were reported to be differentially spliced by both U2AF1S34 and SRSF2P95 

(Shiozawa et al., 2018; Wheeler et al., 2022). 

 Previous studies have focused on investigating U2AF1S34-related splicing 

events, but not splicing events related to other U2AF1 hotspot variants. Our BeatAML 

cohort analysis included sufficient samples with U2AF1Q157 hotspot variant (n=6) and 

therefore enabled us to compare the splicing profile of U2AF1Q157 to that of U2AF1S34.  

Certain alternative splicing events were differentially spliced to the similar 

degree for both U2AF1S34 and U2AF1Q157. For example, IRAK4 (SE) (Figure 5.4E) and 
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BCOR (A3SS) (Figure 5.4N). This suggests that U2AF1 hotspot variants may 

converge on overlapping target genes.  

However, certain splicing events were differentially spliced in the opposite 

direction for U2AF1S34 compared to U2AF1Q157. For example, CTNNB1 (SE) (Figure 

5.4C), H2AFY (MXE) (Figure 5.4D), and MED24 (SE) (Figure 5.4F) had increased PSI 

values in U2AF1S34 patients relative to wildtype patients and healthy donors whereas 

the same splicing events had decreased PSI values in U2AF1Q157 patients relative to 

wildtype patients and healthy donors.  

On the other hand, KDM6A (SE) (Figure 5.4I) and SMARCA5 (SE) (Figure 5.4J) 

had decreased PSI values in U2AF1S34 patients relative to wildtype patients and 

healthy donors whereas the same splicing events had increased PSI values in 

U2AF1Q157 patients relative to wildtype patients and healthy donors. This suggests 

opposite effects of U2AF1S34 and U2AF1Q157 on overlapping target genes. This is in 

contrast to SF3B1K700 and SF3B1K666 whereby both hotspot variants were consistently 

associated with increased PSI values of A3SS of their overlapping target genes. 

Taken together, majority of previously reported splicing events related to 

U2AF1S34, specifically 93% (12/13), were successfully reproduced in our analysis, and 

therefore we may be confident in using our BeatAML and TCGA analysis for validation 

of novel splicing events related to U2AF1 hotspot variants identified from our own 

studies. Furthermore, the inclusion of patients with U2AF1Q157 hotspot variant will 

enable us to investigate aberrant splicing events related to this understudied genotype. 
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Figure 5.4: Splicing events previously reported to be aberrantly spliced by 
U2AF1S34. (A-B) Number of previously reported U2AF1S34-related splicing events that 

were expressed and assessed in our BeatAML and TCGA analysis highlighted in 

yellow. (C-K) Previously reported U2AF1S34-related splicing events that were 

confirmed to be differentially spliced in our BeatAML and TCGA analysis. (L-N) 
Previously reported U2AF1S34-related splicing events that were confirmed to be 

differentially spliced in either BeatAML or TCGA. (O) Previously reported U2AF1S34-

related splicing event that was not confirmed in either BeatAML or TCGA. Wilcoxon 
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rank sum-test used here. WT: Wildtype. FDR *** < 0.01, ** < 0.05, * < 0.10, n.s. non-

statistically significant. 

 

 There were only two splicing events that were reported to be aberrantly spliced 

by more than one splicing factor, and both events were expressed in both SRSF2P95 

and U2AF1S34 genotypes in our BeatAML and TCGA analysis (Figures 5.5A and B). 

Both alternative exons were more spliced-in in both SRSF2P95 and U2AF1S34 patients 

in BeatAML and TCGA (Figures 5.5C and D) as previously reported (Shiozawa et al., 

2018; Wheeler et al., 2022). The inclusion (splicing in) of an alternative exon in EZH2 

that interrupts the open reading frame and ultimately leads to the nonsense-mediated 

decay (NMD) of the transcript (Shiozawa et al., 2018). On the other hand, the inclusion  

(splicing in) of an alternative exon in GNAS does not disrupt the open reading frame, 

rather this alternative exon encodes for a disordered region within the final protein 

structure, which in turn increases GNAS activation and adenylyl cyclase activity, and  

downstream ERK/MAPK pathway (Wheeler et al., 2022). 
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Figure 5.5: Splicing events previously reported to be aberrantly spliced by both 
SRSF2P95 and U2AF1S34. (A-B) These were the only overlapping alternative splicing 

events associated with more than one splicing factor, namely SRSF2P95 and U2AF1S34 

and were assessed in both BeatAML and TCGA highlighted in yellow. (C-D) Increased 

inclusion (splicing in) of alternative exon in both SRSF2P95 and U2AF1S34 patients in 

both BeatAML and TCGA. Wilcoxon rank-sum test used here. WT: Wildtype. FDR *** 

< 0.01, ** < 0.05, * < 0.10, n.s. non-statistically significant. 
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Moreover, there was general agreement between BeatAML and TCGA cohorts. 

Therefore, we may be confident in using our BeatAML and TCGA analysis for 

validation of novel splicing related these hotspot variants identified from our own 

studies, in particular myeloid neoplasm. Furthermore, the inclusion of hitherto 

understudied genotypes, namely SF3B1K666 and U2AF1Q157, will enable us to validate 

novel splicing events related these genotypes from our own studies.  

It is noteworthy that previously reported splicing events used in our 

benchmarking analysis here were identified in a variety of leukaemia aside from AML, 

including myelodysplastic syndrome (MDS), myeloproliferative neoplasms (MPN), and 

chronic lymphocytic leukaemia (CLL). Therefore, our BeatAML and TCGA analysis 

may also be relevant for validating novel splicing events identified not only in AML 

patients but also in other types of leukaemia. 

 

5.2 Validation of previously reported clinically relevant splicing events 
One approach for prioritising candidate splicing events identified from high-

throughput RNA-seq in myeloid neoplasm is to select for events associated with 

clinical features, including prognosis (survival), and neutrophil and platelet counts 

(Pellagatti et al., 2018; Smith et al., 2019). One such splicing event that has been 

reported to be aberrantly spliced in U2AF1S34 patients and was associated with poor 

prognosis in overall acute myeloid leukaemia (AML) patients was IRAK4 exon 4 (Smith 

et al., 2019). Increased inclusion of this alternative exon in U2AF1S34 patients was 

validated using polymerase chain reaction (PCR) in both myelodysplastic syndrome 

(MDS) and AML patients. Indeed, our earlier BeatAML and The Cancer Genome Atlas 

(TCGA) analysis recapitulated this increased in IRAK4 exon 4 inclusion in U2AF1S34 

patients (Figure 5.4E). Here, we further investigated if our BeatAML and TCGA 

analysis could recapitulate the previously reported association between IRAK4 exon 

4 inclusion and worse prognosis.  

We observed no association between increased IRAK4 exon 4 inclusion with 

overall survival in our BeatAML analysis (Figure 5.6A). There was also no association 

between increased IRAK4 exon 4 inclusion with overall survival when we only included 

de novo AML patients from BeatAML (Figures 5.6B). There was trend towards worse 

survival for patients with increased IRAK4 exon 4 inclusion among transformed AML 

patients from the BeatAML, but the association was not statistically significant, 
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possibly due to small sample size. Lastly, we similarly did not observe any association 

between increased IRAK4 exon 4 inclusion with overall survival in our TCGA analysis 

(Figure 5.6D). 

 

 
 

Figure 5.6: Association between IRAK4 exon 4 inclusion (PSI high) with overall 
survival. (A-C) Survival analysis in BeatAML cohort for (A) all AML patients, (B) de 

novo AML patients only, and (C) transformed AML patients only. (D) Survival analysis 

in TCGA cohort. 95% Cl: 95% confidence interval; HR: Hazard ratio. 

 

 One possible reason for the discrepancy between our survival analysis and that 

previously reported by the original study (Smith et al., 2019) may be the differences in 

quantifying the exon 4 inclusion rate of IRAK4. Specifically, we used a splice junction-

based approach to compute the percent spliced-in (PSI) rate of IRAK4 exon 4. This 
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splice junction-based approach for PSI quantification is a widely adopted approach for 

quantifying alternative exon inclusion rate (Kahles et al., 2018; Schischlik et al., 2019; 

Song et al., 2017). On the other hand, the original study used an unconventional 

quantification method for quantifying alternative exon inclusion rate whereby the 

IRAK4 exon 4 expression is first quantified in reads per kilobase million (RPKM) 

followed by dividing this value with the total RPKM across all exons of this gene. Taken 

together, differences in quantifying alternative exon inclusion rate may lead to 

differences in correlation results. 

 

5.3 Validation of previously reported drug-sensitive splicing events 
Aside from validating novel splicing events and prioritising clinically relevant 

splicing events, IMPACT also aims to prioritise splicing events amenable to targeted 

therapy. To this end, we included in vivo and ex vivo drug sensitivity data from Cancer 

Cell Line Encyclopaedia (CCLE) (Barretina et al., 2012; Ghandi et al., 2019) and 

BeatAML (Tyner et al., 2018), respectively. 

To benchmark IMPACT, we first investigated if we were able to recapitulate 

previously reported correlations between splicing events and drug sensitivity. This is 

to ensure that our data processing including tabulation of drug sensitivity 

measurements and sample metadata, and splicing quantification, was performed 

correctly. One such reported correlation was between MDM4 exon 6 and Nutlin-3 

sensitivity (Ghandi et al., 2019).  

MDM4 is a negative regulator of p53. The exclusion (splicing out) of MDM4 

exon 6 disrupts the open reading frame by introducing a premature stop codon and 

consequently leads to nonsense-mediate decay (NMD) of its mRNAs (Rallapalli, 

Strachan, Cho, Mercer, & Hall, 1999). Nutlin-3 has been shown to be confer sensitivity 

to cancer cell lines with MDM4 exon 6 inclusion (splicing in) (Ghandi et al., 2019). 

 We observed MDM4 exon 6 inclusion rate to be negatively correlated with 

Nutlin-3 AUC values (Pearson correlation = -0.65; P value < 0.01) in CCLE whereby 

MDM4 exon 6 inclusion rate was associated with higher sensitivity to Nultin-3 (Figure 

5.7A). Note that lower the area under curve (AUC) indicates higher sensitivity. The 

association between MDM4 exon 6 inclusion rate and Nutlin-3 sensitivity may be partly 

explained by somatic variants in TP53 whereby TP53WT cell lines were more sensitivity 

to Nultin-3. TP53WT as a prerequisite for Nutlin-3 sensitivity is well established in 
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multiple cancer types including ovarian cancer (Crane et al., 2015) and brain cancer 

(Kunkele et al., 2012). These suggest that a functional MDM4 protein, i.e., the 

inclusion of MDM4 exon 6, may also be a prerequisite of Nutlin-3 sensitivity.  

 However, we did not observe any correlation between MDM4 exon 6 inclusion 

rate and Nutlin-3 sensitivity in BeatAML (Pearson correlation = -0.05; P value = 0.60) 

(Figure 5.7B). Next, we investigated if we could recapitulate the almost-mutually 

exclusive relationship between MDM4 exon 6 inclusion and TP53MUT previously 

observed in our CCLE analysis (Figure 5.7A). Similar to our observation in CCLE, we 

observed TP53WT patients to have increased inclusion of MDM6 exon 6 in BeatAML 

(Figure 5.7C). This observation was also successfully reproduced in TCGA (Figure 

5.7D). TP53WT patients in BeatAML demonstrated higher sensitivity to Nutlin-3 

compared to TP53MUT patients, as expected (Figure 5.7E).  

Taken together, these suggest that factors in addition to somatic variants in 

TP53 may affect the relationship between MDM4 exon 6 inclusion and Nutlin-3 

sensitivity in patient samples.  

 

 
 

Figure 5.7: Correlation between MDM4 exon 6 inclusion rate and sensitivity to 
Nutlin-3 treatment measured in AUC. (A-B) Correlation between MDM4 exon 6 
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inclusion rate and Nultin-3 AUC for (A) haematopoietic cancer cell lines from CCLE 

and (B) isolated mononuclear cells from BeatAML patients. (C-D) MDM4 exon 6 

inclusion stratified by somatic variants in TP53 among (C) BeatAML and (D) TCGA 

patients. (E) Nultin-3 AUC stratified by somatic variants in TP53 among BeatAML 

patients. The discrepancy in the sample size between (C) and (E) was due to not every 

patient having drug treatment record also had sufficient coverage (>10x) at MDM4 

exon 6 for PSI quantification. FDR *** < 0.01, ** < 0.05, * < 0.10, n.s. non-statistically 

significant. 

 

 Our previous analysis was performed using the AUC as the measurement of 

drug sensitivity. An alternative measurement of drug sensitivity is IC50 (half-maximal 

inhibitory concentration). AUC has been shown to be a more reproducible 

measurement of drug sensitivity compared to IC50 when assessing drug sensitivity 

across multiple datasets (Haibe-Kains et al., 2013). Moreover, AUC has been shown 

to be more predictive of drug sensitivity compared to IC50 (Kurilov, Haibe-Kains, & 

Brors, 2020). Indeed, re-analysis of MDM4 exon 6 inclusion rate and Nutlin-3 

sensitivity revealed no association between the two variables in CCLE or BeatAML 

(Figures 5.8A and B). Moreover, there was no association between somatic variants 

in TP53 and Nutlin-3 sensitivity in our BeatAML analysis (Figure 5.8C). 

 

 
 

Figure 5.8: Correlation between MDM4 exon 6 inclusion rate and sensitivity to 
Nutlin-3 treatment measured in IC50. (A-B) Correlation between MDM4 exon 6 

inclusion rate and Nultin-3 IC50 for (A) haematopoietic cancer cell lines from CCLE 
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and (B) isolated mononuclear cells from BeatAML patients. (C) Nultin-3 IC50 stratified 

by somatic variants in TP53 among BeatAML patients. FDR *** < 0.01, ** < 0.05, * < 

0.10, n.s. non-statistically significant. 

 

 Taken together, we successfully recapitulated the previously reported 

association between MDM4 exon 6 inclusion rate and Nutlin-3 sensitivity in CCLE, but 

not in BeatAML. This suggests homogeneous cell lines may be a better model system 

compared to heterogeneous patient samples for identifying correlations between 

splicing events and drug sensitivity. We also demonstrated that AUC may be more an 

accurate measurement of drug sensitivity compared to IC50 for identifying correlations 

between splicing events and drug sensitivity. Lastly, other factor aside of exon 

inclusion rate, for example somatic variants in cancer-related genes, may need to be 

taken into account to explain any correlations observed between splicing events and 

drug sensitivity.  
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6 Application of developed computational pipelines on myeloid neoplasm 
patients 

6.1 Single-cell analysis of a SF3B1-mutant MDS patient 
 SF3B1 is involved in 3’ splice site recognition during RNA splicing. Specifically, 

the interaction between SF3B1, p14, and intron sequence enables the binding of U2 

snRNP complex to the intron through base-pairing interaction between the branchpoint 

sequence and U2 snRNA. The proper recognition of branchpoint sequence by U2 

snRNP complex is essential for the subsequent recognition of canonical 3’ splice site 

and ultimately intron removal. Genetic variants in SF3B1 gene have been shown to 

lead to recognition of alternative branchpoint sequences and consequently recognition 

of alternative 3’ splice sites (Alsafadi et al., 2016).  

 Genetic variants in SF3B1 have been found in ~20-30% of myelodysplastic 

neoplasm (MDS) patients (Papaemmanuil et al., 2011; Pellagatti et al., 2018; 

Shiozawa et al., 2018). The variants typically occur on the HEAT (Huntingtin, 

Elongation factor 3, protein phosphatase 2A, Targets of rapamycin 1) domain. 

SF3B1K700 variants are the most common variants identified in MDS, and as a 

consequence, the impact of these variants on the transcriptome is the most well 

characterised to date. Nevertheless, there exists other less common SF3B1 variants, 

such as R625, N626, and K666, that have been reported in MDS patients. 

Nevertheless, the impact of these variants on the transcriptome has not been well 

characterised. It is conceivable that different hotspot variants of SF3B1 may give rise 

to distinct pattern of mis-splicing, and by extension, clinical phenotype. Indeed, it has 

been recently reported that SF3B1K666N was associated with increased progression of 

MDS (Dalton et al., 2020). This is in contrast with the low-risk MDS with ring 

sideroblasts (MDS-RS) associated with the more common SF3B1K700E variant 

(Kanagal-Shamanna et al., 2021). 

 We have earlier demonstrated the application and proof-of-principle of our 

single-cell splicing pipeline on plate-based RNA-seq data generated from 

homogeneous cell lines derived from induced pluripotent stem cells (iPSCs) and 

endoderm cells (see section 3.4: “Demonstration on plate-based RNA-seq dataset” 

section). Here, we will demonstrate the application and proof-of-principle of our single-

cell splicing pipeline on plate-based RNA-seq data (Rodriguez-Meira et al., 2019) 

generated from heterogeneous haematopoietic stem and progenitor cell populations. 
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 This dataset consists of a single MDS patient with both SF3B1K666N and 

SF3B1N626D variants detected. Specifically, the SF3B1N626D clone was the major clone 

at diagnosis, but the SF3B1K666N clone became the major clone as the disease 

progressed (Figures 6.1A and B). Additional three healthy donors aged 39, 49, and 75 

were also included in this analysis to serve as a reference group relative to SFB31MUT 

cells. 

 

 
 
Figure 6.1: SF3B1 variant analysis for a MDS patient. (A) SF3B1 variant analysis 

using DNA-sequencing. (B) SF3B1 variant analysis using droplet digital PCR. Figures 

courtesy of Affaf Aliouat. 

 

We first assessed if our computational pipeline could recapitulate previously 

reported SF3B1MUT-associated mis-spliced events. Of the 28 A3SS mis-spliced A3SS 

events tabulated from the literature (Table 1.1), two were expressed in our cell 

populations included in our study, namely haematopoietic stem cells (HSCs) and 

megakaryocyte-erythroid progenitors (MEPs; Figure 6.2A). The percent spliced-in 

(PSI) of MAP3K7 A3SS event was significantly increased in SF3B1K666N cells relative 

to SF3B1WT cells among the HSCs (Figure 6.2B). The PSI of SEPTIN6 A3SS event 

was significantly increased in SF3B1K666N and SF3B1N626D cells relative to SF3B1WT 

cells among both HSCs and MEPs (Figure 6.2C). It is noteworthy that SF3B1MUT -

associated MAP3K7 A3SS mis-splicing has been reported and validated by multiple 

independent studies (Lee et al., 2018; Lieu et al., 2022; Z. Liu et al., 2020). 

 

Visit 7 Visit 11
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Figure 6.2: Recapitulating previously reported SF3B1MUT-associated mis-spliced 
events in our single-cell dataset. (A) Two of 28 previously reported mis-spliced 

events were expressed in our dataset, and therefore included in our assessment here. 

(B-C) PSI distributions of (B) MAP3K7 and (C) SEPTIN3 A3SS splicing events across 

the different SF3B1 genotypes among HSCs and MEPs. Single-cell dataset generated 

by Affaf Aliouat under the supervision of Sten Eirik Jacobsen, Eva Hellström-Lingberg, 

and Seshi Ogawa. 

 

Aften recapitulating previously reported SF3B1MUT-associated mis-spliced 

events, we proceeded with characterising the global transcriptomic landscape of 

SF3B1K666N and SF3B1N626D cells. To this end, we performed differential splicing 

analysis of SF3B1K666N and SF3B1N626D cells relative to SF3B1WT cells (Figure 6.3A). 

In total, we identified 142, 97, 125, and 90 splicing events with increased PSI (ΔPSI > 

10, FDR < 0.10) in HSC SF3B1K666N, HSC SF3B1N626D, MEP SF3B1K666N, and MEP 

SF3B1N626D cells, respectively, relative to SF3B1WT cells (Figures 6.3B-E). On the 

other hand, 151, 129, 132, and 100 splicing events had decreased PSI (ΔPSI < -10, 

FDR < 0.10) in HSC SF3B1K666N, HSC SF3B1N626D, MEP SF3B1K666N, and MEP 

SF3B1N626D cells, respectively, relative to SF3B1WT cells. 
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Figure 6.3: Differential splicing analysis between SF3B1MUT vs SF3B1WT cells. 
(A) Schematic diagram demonstrating the different pair-wise comparison performed 

for differential splicing analysis. (B-C) Differential splicing analysis between HSC (B) 
SF3B1K666N and (C) SF3B1N626D vs SF3B1WT cells. (D-E) Differential splicing analysis 

between MEP (D) SF3B1K666N and (E) SF3B1N626D vs SF3B1WT cells. 
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Pathway enrichment analysis of differentially spliced genes identified RNA 

splicing gene sets to be the most significantly enriched for HSC and MEP SF3B1K666N 

and SF3B1N626D vs SF3B1WT comparisons (Figure 6.4). This re-affirms the role of 

SF3B1MUT in dysregulated RNA splicing (Alsafadi et al., 2016). Additional pathways 

identified to be enriched among differentially spliced genes included pathways related 

to ubiquitination, cellular division, transcription, and apoptosis. 

 

 
 
Figure 6.4: Pathway enrichment analysis of differentially spliced genes 
identified from HSC and MEP SF3B1K666N and SF3B1N626D vs SF3B1WT 

comparisons (related to Figures 6.3B-D). RNA splicing and ubiquitination pathways 

enriched across all comparisons. 

 

 Using our list of differentially spliced events, we investigated if splicing 

represents an additional layer of complexity underlying gene expression profile. 

Principal component analysis (PCA) using differentially spliced events (|ΔPSI| > 10 

and FDR < 0.10) expressed in HSC and MEP SF3B1K666N, SF3B1N626D, and SF3B1WT 
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cell groups successfully delineated SF3B1MUT from SF3B1WT cells among both HSC 

and MEP populations (Figure 6.5A). On the other hand, PCA using differentially 

expressed genes (|log2fc| < 0.5 & FDR > 0.10) delineated HSC from MEP, but not 

SF3B1MUT from SF3B1WT cells (Figure 6.5B). Similarly, PCA using highly variable 

genes delineated HSC from MEP, but not SF3B1MUT from SF3B1WT cells (Figure 6.5C-

D). 
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Figure 6.5: Principal component analysis (PCA) to assess the ability of splicing 
and gene expression values in delineating SF3B1MUT from SF3B1WT cells. (A-C) 
PCA using (A) differentially spliced events, (B) differentially expressed genes, and (C) 
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highly variable genes. (D) Highly variable genes (red) identified by fitting a loess curve 

across the square of coefficient of variance and average normalised gene expression 

values. 

 

 We next sought to validate the novel differentially spliced events identified from 

our single-cell dataset in a publicly available acute myeloid leukaemia (AML) dataset, 

namely the BeatAML cohort (Tyner et al., 2018). Because SF3B1K666N clone overtook 

the SF3B1N626D as the major clone in our MDS patient, we focused on SF3B1K666N-

associated mis-spliced events identified from HSCs and MEPs for validation. 

Furthermore, given the role of SF3B1WT and SF3B1MUT in recognising canonical and 

alternative 3’ splice site, respectively (Alsafadi et al., 2016), we further focused 

SF3B1K666N-associated A3SS events for validation. 

 In total, 49 and 30 splicing events with increased and decreased PSI, 

respectively, in either HSC or MEP SF3B1K666N cells were included for validation 

(Figure 6.6). One splicing event which had decreased PSI in HSC SF3B1K666N but 

increased PSI in MEP SF3B1K666N was excluded from validation. Fifteen of 49 (31%) 

splicing events with increased PSI in SF3B1K666N cells were successfully validated in 

BeatAML whereas five of 30 (17%) splicing events with decreased PSI in SF3B1K666N 

cells were successfully validated in BeatAML. 
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Figure 6.6: Retrieval of SF3B1K666N-associated mis-spliced events identified 
from our single cells for validation using BeatAML. Among the splicing events that 

were concordantly mis-spliced in both HSC and MEP SF3B1K666N cells were MAP3K7 

and SEPTIN6, both of which were previously reported in the literature and validated in 

BeatAML. 

 

Next, we performed additional validation of the SF3B1K666N-associated mis-

spliced events by investigating the distance between the alternative and canonical 3’ 

splice site for each mis-spliced event. Multiple independent studies have shown that 

SF3B1MUT is associated with A3SS located within ~10-30bp upstream of the canonical 

splice site (Alsafadi et al., 2016; Z. Liu et al., 2020). Therefore, bona fide SF3B1K666N-

associated mis-spliced events should be enriched with A3SSs located within this 

range. 

Indeed, we observed SF3B1K666N-associated A3SSs that were increased in our 

single-cell dataset and also validated in BeatAML to be enriched with A3SSs located 

within 10-30bp upstream of their corresponding canonical splice sites (Figure 6.7). On 

the other hand, SF3B1K666N-associated A3SSs that were decreased in our single-cell 

dataset but not validated in BeatAML demonstrated a bimodal distribution. 
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Nevertheless, there were only five splicing events from this category and therefore 

more down-regulated A3SSs may be required to draw more robust conclusions.  

Interestingly, SF3B1K666N-associated A3SSs identified from our single cells that 

were not validated in BeatAML were not enriched for A3SSs located within 10-30bp 

upstream of their corresponding canonical splice sites. Instead, these unvalidated 

A3SSs had a uniform distribution for the distance between the A3SSs and their 

corresponding canonical splice sites. This suggests that unvalidated A3SSs may not 

be mediated by SF3B1K666N. This analysis also highlights the importance of orthogonal 

validation of novel mis-spliced events to increase the likelihood of identifying true mis-

splicing events for downstream experimental studies. 

 

 
 
Figure 6.7: The relative distance between A3SSs and their corresponding 
canonical splice sites. A3SSs stratified by whether the A3SSs had increased or 

decreased PSI in HSC/MEP SF3B1K666N cells and whether the A3SSs were 

successfully validated in BeatAML. 

 

 Among the genes that were mis-spliced by both HSC and MEP SF3B1K666N 

cells and were also successfully validated by BeatAML included SEPTIN6, MAP3K7, 

and ANAPC5 (Figure 6.7). Both SEPTIN6 and MAP3K7 mis-splicing have been 

reported to be associated with SF3B1MUT (Dolatshad et al., 2015; Lee et al., 2018). 
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ANAPC5 has been reported to be mis-spliced in a combined analysis of SF3B1K700E 

chronic lymphocytic leukaemia, breast cancer, and MDS, but has yet to be 

experimentally validated or characterised.  

 

 
Figure 6.7: PSI profile of SF3B1K666N-associated mis-spliced events identified in 
both HSCs and MEPs. 
 

Among the genes that were mis-spliced by HSC, but not MEP, SF3B1K666N cells 

but were successfully validated by BeatAML included TCEA2, ABLIM1, UXS1, CELF2, 

EDEM2, SLTM, and STX4 (Figure 6.8). Notably, CELF2 is an RNA-binding protein 

involved in mediating intron retention at 3’-untranslated regions (3’ UTRs) (Chatrikhi 

et al., 2019). CELF2 was expressed in HSC, but not MEP (Figure 6.8D), and therefore 

may hint at an HSC-specific role for this gene.  
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Figure 6.8: PSI profile of HSC-specific SF3B1K666N-associated mis-spliced 
events. 
 

Among the genes that were mis-spliced by MEP, but not HSC, SF3B1K666N cells 

but were successfully validated by BeatAML included ERGIC3, EI24, SERBP1, 

ERCC3, and ZDHHC16 (Figure 6.9). Notably, EI24 is regulated by p53 and has been 

shown to contribute to pancreatic cancer cell proliferation (Hwang et al., 2019; Zhao 

et al., 2012). Furthermore, SERBP1 has been shown to contribute to glioblastoma 

development (Kosti et al., 2020). 
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Figure 6.9: PSI profile of MEP-specific SF3B1K666N-associated mis-spliced 
events. 
 

 SF3B1K666N-associated A3SS usage has been shown to potentially disrupt the 

open reading frame (ORF) of the corresponding gene. Specifically, the insertion 

(splicing in) of A3SS may introduce a premature stop codon (PTC) into the ORF 

(Figure 6.10A). This may consequently lead to nonsense-mediated decay (NMD) of 

the mRNA transcript, and this may ultimately be reflected as a decreased in the 

corresponding gene and protein expression levels (Shiozawa et al., 2018). Therefore, 

NMD analysis may aid in identifying potential candidate mis-spliced genes for 

downstream experimental studies. 

Here, we performed NMD prediction on all 15 SF3B1K666N-associated A3SSs 

identified in our single cells that were also validated in the BeatAML cohort. Two of 

which were predicted to be subjected to NMD, namely MAP3K7 and STX4 (Figure 

6.10B). MAP3K7 A3SS was specifically mis-spliced in SF3B1K700 and SF3B1K666 

patients, but not in patients with variants in splicing factors SRSF2 or U2AF1 (Figure 
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6.10C). Furthermore, MAP3K7 gene expression was significantly down-regulated in 

SF3B1K666 patients (Figure 6.10D).  

On the other hand, STX4 A3SS mis-splicing was not specific to SF3B1K700 and 

SF3B1K666 patients. It was also mis-spliced in SRSF2P95 and U2AF1S34 patients 

(Figure 6.10E). Furthermore, STX4 gene expression was significantly up-regulated in 

SF3B1K700 patients but significantly down-regulated in SF3B1K666 patients (Figure 

6.10F). Therefore, compared to MAP3K7, it is more difficult to attribute STX4 mis-

splicing directly to SF3B1K666 and to attribute STX4 reduced gene expression in 

SF3B1K666 patients directly to NMD.  
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Figure 6.10: Nonsense-mediated decay (NMD) prediction on SF3B1K666N-
associated mis-spliced events identified from HSC or MEP and validated in 
BeatAML. (A) Schematic diagram illustrating the creation of a premature stop codon 

(PTC) by an A3SS. (B) MAP3K7 and STX4 predicted to undergo splicing-mediated 

NMD. (C-D) PSI distribution and gene expression profile of MAP3K7 across BeatAML 

patients stratified by splicing factor hotspot variants. (E-F) PSI distribution and gene 

expression profile of STX4 across BeatAML patients stratified by splicing factor 

hotspot variants. FDR *** < 0.01, ** < 0.05, * < 0.10, n.s. non-statistically significant. 

 

Taken together, MAP3K7 is the most robust candidate mis-spliced genes 

identified from our single cell analysis and it is noteworthy that the functional 

consequence of splicing-mediated NMD of MAP3K7 has been extensive characterised 

Specifically, SF3B1MUT-associated mis-splicing of MAP3K7 has been shown to 

hyperactivate the NF-kB signalling pathway and also lead to higher rates of erythrocyte 

apoptosis (Lee et al., 2018; Lieu et al., 2022). The former observation suggests a role 

of MAP3K7 mis-splicing in driving MDS while the latter observation suggests a role of 

MAP3K7 mis-splicing in anaemia development in MDS patients. 

 

6.2 Single-cell analysis of SRSF2-mutant MDS patients 
 SRSF2 is a member of the serine/arginine-rich (SR) protein family. It consists 

of an RNA recognition motif (RRM) and a domain rich in arginine and serine residues 

(RS domain). SRSF2 mediates the interaction between U1 snRNP with 5’ and 3’ splice 

sites during splicing. SRSF2 also mediates the interaction between U2 snRNP and 

branchpoint-point sequence during splicing (Fu & Maniatis, 1992).  

 Genetic variants in SRSF2 are found in ~10-20% of myelodysplastic syndrome 

(MDS) patients (Pellagatti et al., 2018; Shiozawa et al., 2018). Majority of genetic 

variants identified in SRSF2 is P95 whereby a point mutation changes the proline (P) 

residue into histidine (H), leucine (L), threonine (T), or arginine (R) residue (Liang et 

al., 2018; Pellagatti et al., 2018; Shiozawa et al., 2018). The P95 amino acid is located 

on the hinge region of SRSF2 which is sandwiched between the RRM domain towards 

the N-terminal and RS domain towards the C-terminal. Paired whole-genome 

sequencing and scRNA-seq of bone marrow sample from an AML patient identified 

SRSF2P95 as the major clone and in the haematopoietic stem cell (HSC) and common 
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myeloid progenitor (CMP) compartments (Petti et al., 2019). This suggests that 

SRSF2P95 is an early event in blood myeloid neoplasm development. 

 Nevertheless, a comprehensive characterisation of SRSF2 P95-mediated 

aberrant splicing across the different cellular compartments is lacking. Identifying 

SRSF2P95-mediated aberrant splicing in haematopoietic stem and progenitor cells 

(HSPCs) may aid in identifying biomarkers for targeted therapy and to understand the 

mechanism by which SRSF2P95-mediated aberrant splicing leads to disease 

development and progression. To this end, we have performed scRNA-seq on CD34+ 

cell population from six individuals consisting of five SRSF2P95 MDS patients and one 

healthy donor (Table 6.1).  

 

 
 

Table 6.1: Genetic variant profile of myeloid neoplasm genes in the six 
individuals included in this study. Data generated by Juseong Lee under the 

supervision of Andrea Pellagatti and Jacqueline Boultwood. 

 

Sequencing was performed in two batches. In each batch, three samples were 

pooled together. Sequencing was performed using Chromium Single Cell 3' Reagent 

Kit (v3.1 Chemistry) with Feature Barcoding technology for Cell Surface Protein. 

Therefore, each sample was tag with their respective hashtag oligo (HTO). To assign 

each cell to their donor of origin (demultiplexing), we developed a hybrid approach 

consisting of using both HTO and transcriptome-wide genetic variants to assign as 

many cells as possible to their donor of origin. Specifically, we used Cell Ranger count 

module to quantify the HTO expression for each cell and we also used Souporcell to 

cluster cells based on their transcriptome-wide genetic variants (Heaton et al., 2020). 

Our approach for demultiplexing for one pool of three samples is illustrated in Figure 

6.11. Here, HTO-1, HTO-2, and HTO-3 correspond to patients PV1506, PV1553, and 

MAN973, respectively. 

Using Seurat, each cell was classified into four broad categories, namely 

singlet, doublet, negative, or unassigned. Upon scrutiny of each HTO expression 

SRSF2 ASXL1 TET2 RUNX1 NRAS SETBP1 ETV6 PTPN11 STAG2 BCOR
PV1506 p.P95H p.Y591_Q592delinsX p.384_384del p.G12R p.S869R p.L205fs p.D61G
PV1553 p.P95H p.A1341P | p.F1429fs
MAN973 p.P95L p.G646Wfs*12 p.H682Ifs*18
PV1488 p.P95L p.Q1834*
MAN543 p.P95L p.A735Lfs*9 p.R204* p.R259* p.S226Vfs*75
NOC161 (Healthy)

Patient ID Genetic variants
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distribution, we further categorise singlets into five categories (Figure 6.11A and B). 

Therefore, each cell may be classified into one of eight categories.  

• Singlet (HTO-1), singlet (HTO-2), and singlet (HTO-3) were cells with high 

expression of HTO-1, HTO-2, and HTO-3, respectively.  

• Singlet (low HTO signal) were cells with low expression of all three HTOs. 

• Singlet (mixed HTO signal) were cells with high expression of more than two 

HTOs.  

• Doublet, negative, and unassigned as per the original classification by Seurat. 

 

Re-analysis of HTO expression for each category confirmed that singlet (HTO-

1), singlet (HTO-2), and singlet (HTO-3) had high expression of HTO-1, HTO-2, and 

HTO-3, respectively (Figure 6.11C). However, ~20% of cells were classified as 

negative. This represents a substantial number of cells in which the donor of origin 

could not be identified. Therefore, we proceeded with Souporcell to assess if we were 

able to rescue these cells with missing donor identity. 

Souporcell identified three clusters of cells. Cluster 0, 1, and 2 were enriched 

with cells with HTO-2, HTO-3, and HTO-1, respectively (Figure 6.11D). All cells within 

the same cluster were assigned to the more prevalent HTO identified within the cluster. 

For example, in Cluster 0, ~10% with cells with previously undetermined donor identify 

was assigned to HTO-2. Based on Souporcell, each cell was classified into three 

categories, namely singlet, doublet, and unassigned (Figure 6.11E). ~95% of cells 

were successfully assigned to their donor of origin.  

Cross tabulation of HTO- and Souporcell-based classifications identified 1,379 

cells that were previously assigned as negative were now assigned as belonging to 

donor with HTO-1 (Figure 6.11F). Combining the classifications of HTO and 

Souporcell, ~95% of cells were successfully and confidently assigned to their donor of 

origin (Figure 6.11G). Taken together, HTO may be first used to identify the donor of 

origin for majority of the cells, and Souporcell may be subsequently used to rescue 

cells with low or missing HTO information.  

Next, cells were further filtered based on unique molecular identifier (UMI) 

counts and number of genes detected per cell (Figure 6.11H-J). Specifically, cells with 

<1,000 UMIs or <500 detected genes were excluded for all samples. On the other 

hand, the upper limit, i.e., the number of UMIs and detected genes above which the 
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cells were excluded, was determined for each sample individually. Additionally, cells 

with >5% mitochondrial reads were excluded for all samples. Quality control metrices 

are summarised in Table 6.2. 
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Figure 6.11: Hybrid approach for sample demultiplexing using HTO and 
Souporcell. Results for one pool of sample consisting of PV1506 (HTO-1), 
PV1553 (HTO-2), and MAN973 (HTO-3) illustrated here. (A) HTO expression 

distribution for each HTO. Vertical red dashed line indicates the expression threshold 

to assign cells to their donor of origin. Cells to the right of the threshold were 

considered to have high expression of the corresponding HTO. (B) Classification of 

cells based on HTO expression. (C) HTO expression based on classification of (B). 

(D) Cell clusters identified by Souporcell and annotated with % cells based on previous 

HTO classification. (E) Classification of cells based on Souporcell. (F) Cross tabulation 

of HTO and Souporcell classifications. (G) Final cell classification by combining results 

from both HTO and Souporcell. (H-J) Filtering of cells based on UMI counts and 

number of detected genes. 

 

Table 6.2: Quality control metrices and the number of cells passing each quality 
metric. While the capture rates were variable and modest, the demultiplexing rate and 

cells with sufficient UMI counts and genes detected were high (>90%). 

 
 

  After successful assigning of majority of cells to their donor of origin and filtering 

for cells with sufficient UMIs and genes, we proceeded with integration of all cells for 

downstream analysis. Dimension reduction analysis revealed cells to cluster by 

sequencing batch and donor ID (Figures 6.12A and B). Therefore, we corrected for 

these confounding factors using Harmony and re-performed our dimension reduction 

analysis using the new embeddings from Harmony (Korsunsky et al., 2019). We 

observed cells no longer cluster by sequencing batch or donor ID (Figures 6.12C and 

D). Moreover, cells were observed to cluster by lineage identity when assessed using 

main cell lineage markers, namely erythroid, megakaryocyte, and myeloid gene 

expression markers (Figure 6.12E). This suggests that our integration approach was 

Sample ID Donor ID HTO ID No. of cells 
pooled

No. of cells 
sequenced
(cellranger)

No. of cells successfully 
demultiplexed

(HTO + Souporcell)

No. of cells passed no. of 
genes, no. of UMIs, % MT QC

(SingCellaR)
PV1506 HTO1 17,500 4,543 4,372
PV1553 HTO2 1,400 467 371
MAN973 HTO3 5,250 1,754 1,689

24,150 6,764 (95%) 6,432 (95%)
PV1488 HTO1 3,500 300 239
NOC161 HTO2 12,250 827 750
MAN543 HTO3 17,500 1,433 1,364

33,250 2,560 (93%) 2,353 (92%)

2,757 (8%)

1

Total

7,153 (30%)

2

Total
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successful based on mitigating sequencing batch and donor ID as confounding 

factors, while enabling cells with similar identity to cluster in close proximity. 

 Louvain clustering identified 22 cell clusters. We perform gene set enrichment 

analysis (GSEA) using 75 HSPC gene sets and subsequently assigned each cluster 

to their respective cell type (G. Wang et al., 2022) (Figure 6.12F). Based on our cell 

type annotation, we collapsed the original 22 cell clusters into 20 cell clusters (Figure 

6.12G). Annotation of cell types on our UMAP indicated UMAP-1 distinguished 

myeloid from MEP cell populations whereas UMAP-2 distinguished HSC/MPP from 

lymphoid cell populations.  
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Figure 6.12: Sample integration and cell type annotation. (A-B) Cells clustered by 

sequencing batch and donor ID. (C-E) Cells no longer clustered by sequencing batch 

and donor ID after correction, but rather, cells clustered by their cell identity based on 

main cell lineage gene expression markers. (F) GSEA on each cluster using 75 HSPC 

gene sets. (G) UMAP annotated with cell type annotation determined from (F). 
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To identify the cell types with SRSF2P95 variant for differential splicing analysis 

between patients and healthy donor, we performed single-cell genotyping using 

VarTrix (Petti et al., 2019). We observed SRSF2P95 variant in all cell types, including 

the early HSC/MPP populations and downstream HSPC populations including 

myeloid, megakaryocyte-erythroid, and lymphoid cell populations (Figure 6.13). This 

is consistent with previous single-cell SRSF2P95 genotyping of an AML patient that 

demonstrated the presence of SRSF2P95 variant in HSCs and in more differentiated 

cell types (Petti et al., 2019).  

It is noteworthy that the genotyping rate here is potentially low due to high-

dropout rate inherent to scRNA-seq generated droplet-based platforms and also due 

to stochasticity of RNA expression across the single cells (Petti et al., 2019). Recent 

technological advances, such as GoT-Splice improved genotyping rate in scRNA-seq 

generated from droplet-based platforms. GoT-Splice leverages on the full-length 

cDNA generated during droplet-based library preparation. Specifically, targeted 

amplification of variant sites enabled confident assignment of mutant and wildtype 

cells whereas long-read sequencing of full-length cDNAs enabled full-length isoform 

analysis.(Gaiti et al., 2022) 
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Figure 6.13: Single-cell SRSF2P95 genotyping. (A) UMAP annotated with 

SRSF2P95 genotype. (B) Number of SRSF2P95 cells in each cell population. 

 

 

Moving forward, we focused our differential splicing analysis with MARVEL on 

the HSC/MPP and myeloid cell populations because (1) HSC/MPP populations may 

contain relevant SRSF2P95-mediated spliced genes that may serve as therapeutic 

biomarkers, (2) candidate SRSF2P95-mediated spliced genes identified in myeloid cell 

populations may explain clinical phenotype of MDS patients such as myeloid 

expansion and dysplasia, and (3) combining both HSC/MPP and myeloid cell 

populations may increase our statistical power to identify SRSF2P95-mediated spliced 

genes. 
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We first assessed the ability of our single-cell splicing computational framework 

to identify previously reported SRSF2P95-associated splicing events. Specifically, we 

assess if EZH2 exon 11 was differentially spliced between SRSF2P95 patients and 

healthy donor (Figure 6.14A). We chose this splicing event for assessment because 

this is the most reproducible splicing event reported to be differentially spliced by 

SRSF2P95 in the literature (Rahman et al., 2020; Shiozawa et al., 2018; Tyner et al., 

2018; Wheeler et al., 2022). SRSF2P95 mediates the inclusion (splicing in) of this exon 

and consequently disrupt EZH2 open reading frame by introducing a premature stop 

codon (PTC). 

Consistent with previous reports, we observed the splice junctions that support 

the inclusion of EZH2 exon 11 to be more highly expressed in SRSF2P95 patients 

among HSC/MPP and myeloid cell populations (Figures 6.14B and C). Conversely, 

the splice junction that support the exclusion (splicing out) of EZH2 exon 11 was down-

regulated in SRSF2P95 patients among HSC/MPP and myeloid cell populations (Figure 

6.14D). These observations were generalisable to majority of the cell populations 

identified in this study (Figures 6.14E-G).  

Interestingly, there was no differences in EZH2 gene expression levels between 

SRSF2P95 patients and healthy donor (Figure 6.14H). Therefore, differential EZH2 

exon 11 usage by SRSF2P95 would have been missed based on gene expression 

analysis alone. Moreover, although a PTC was introduced by this novel exon, and 

nonsense-mediated decay (NMD) was presumed to have taken place, this did not 

affect the corresponding gene expression levels. This suggests that NMD may not 

always be reflected in down-regulation of gene expression and/or that there are other 

factors that may contribute to gene expression regulation aside from splicing-mediated 

NMD. 
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Figure 6.14: Differential EZH2 exon 11 usage by SRSF2P95 patients. (A) Exon 11 

inclusion (splicing in) introduces a PTC into the open reading frame of EZH2. (B-D) 
Differential exon 11 usage by HSC/MPP and myeloid cell populations of SRSF2P95 
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patients. (E-G) Splicing rate of exon 11 across all cell populations and across all 

SRSF2P95 individuals. (H) EZH2 gene expression profile in HSC/MPP and myeloid cell 

populations across all individuals. 

 

Transcriptome-wide differential splicing analysis identified 77 splice junctions 

that were up-regulated in SRSF2P95 patients and 314 splice junctions that were down-

regulated in SRSF2P95 patients (Figure 6.15A). Differentially spliced junctions were 

defined as |ΔPSI| > 5 and P value < 0.05 and average log2 gene expression > 0.5. 

Pathway enrichment analysis identified pathways associated with immune response, 

inflammation, cell cycle, and stem cell to be enriched among on differentially spliced 

genes (Figure 6.15B). Lastly, majority of differentially spliced genes (95%) had no 

concurrent differences in gene expression levels between SRSF2P95 patients and 

healthy donor, i.e., isoform-switching (Figure 6.15C). Therefore, majority of 

differentially spliced genes would have been missed based on differential gene 

expression analysis alone.  

 

 
 

Figure 6.15: Transcriptome-wide differential splicing analysis between SRSF2P95 
patients vs healthy donor. (A) Volcano plot presentation of differential splicing 

analysis results. (B) Pathway enrichment analysis of differentially spliced genes. (C) 
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Classification of changes in splice junction usage relative to changes in gene 

expression profile between SRSF2P95 patients and healthy donor. 

 

Taken together, we have demonstrated the utility of our single-cell splicing 

analytical framework on RNA-seq data generated using a droplet-based library 

preparation method (10x Genomics) from MDS patient samples consisting of 

heterogeneous cell populations. We were successful in recapitulating a previously 

reported SRSF2P95-associated splicing event, namely EZH2 exon 11, in our analysis 

here. Furthermore, transcriptome-wide differential splicing analysis identified potential 

biologically relevant pathways enriched among differentially spliced genes that may 

explain MDS phenotype and may be amenable for therapeutic development. 

 

6.3 Single-cell analysis of U2AF1-mutant MPN patients 
We have demonstrated the application of our single-cell splicing analysis 

pipeline on RNA-seq data generated with plate- and droplet-based library preparation 

methods on HSPCs obtained from myeloid neoplasm patients with SF3B1 and SRSF2 

genetic variants, respectively. In addition to SF3B1 and SRSF2, another commonly 

mutated splicing factor gene is U2AF1. Together, individuals with genetic variants in 

SF3B1, SRSF2, and U2AF1 constitute >50% of MDS and MPN patients (Grinfeld et 

al., 2018; Pellagatti et al., 2018; Schischlik et al., 2019; Shiozawa et al., 2018).  

Two hotspot U2AF1 variants have been reported, namely the more common 

S34 and less common Q157. To date, U2AF1S34-associated mis-spliced events have 

been investigate in bulk samples (Shiozawa et al., 2018; Shirai et al., 2015). 

Nevertheless, the high variant allele frequency of U2AF1S34 suggests that this variant 

arises in the early stages in haematopoiesis, possibly in the HSC compartment 

(Graubert et al., 2011). Therefore, characterising the splicing landscape in the 

U2AF1S34 HSCs may be of particular interest for identifying biomarkers for targeted 

therapy.  

To this end, we performed parallel single-cell genotyping and RNA-seq in 

phenotypically defined HSCs derived from MPN patients (Rodriguez-Meira et al., 

2019). We focused our analysis on U2AF1S34 cells in addition to U2AF1WT from healthy 

donors and patients as controls (Figure 6.16). 
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Figure 6.16: Proportion of single-cell genotypes of phenotypically defined HSCs 
derived from MPN patients. Single-cell dataset generated by Alba Rodriguez-Meira 

under the supervision of Adam Mead. 

 

 We first assessed if we were able to recapitulate previously reported U2AF1S34-

associated mis-spliced events. We identified 18 previously reported U2AF1S34-

associated mis-spliced events from the literature for assessment (Table 1.1). Of which, 

4 splicing events were expressed in our dataset, namely DEK, GNAS, H2AFY, and 

STRAP (Figure 6.16A). Of these, 3 were differentially spliced by U2AF1S34 HSCs 

(Figure 6.16B-E). Both GNAS and H2AFY had increased percent spliced-in (PSI) in 

U2AF1S34 HSCs whereas STRAP had decreased PSI in U2AF1S34 HSCs. The changes 

in PSI values of these events in U2AF1S34 HSCs relative to U2AF1WT HSCs were 

consistent with the literature (Wheeler et al., 2022; Yip et al., 2017a).  
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Figure 6.16: Recapitulating previously reported U2AF1S34-associated mis-
spliced events for assessment in our single-cell dataset. (A) Selection of 

previously reported U2AF1S34-associated mis-spliced events. (B) DEK was not 

differentially spliced in U2AF1S34 HSCs. (C-E) GNAS, H2AFY, and STRAP were 

differentially spliced in U2AF1S34 HSCs. 

 

 After successfully recapitulating previously reported U2AF1S34-associated mis-

spliced events, we proceeded with transcriptome-wide splicing analysis of U2AF1S34 

vs U2AF1WT HSCs. In total, 99 splicing events had significantly increased PSI (ΔPSI 

> 10 and FDR < 0.1) in U2AF1S34 relative to U2AF1WT HSCs (Figure 6.17A). On the 

other hand, 87 splicing events had significantly decreased PSI (ΔPSI < -10 and FDR 

< 0.1) in U2AF1S34 relative to U2AF1WT HSCs. Stratification of the differentially spliced 

events by splicing event type revealed slight preference for exon skipping and intron 

retention by U2AF1S34 HSCs (Figure 6.17B). Pathway enrichment analysis of 

differentially spliced genes revealed RNA splicing-related gene sets to be enriched 

(Figure 6.17C). This reaffirms the role of U2AF1S34 in dysregulated splicing. Other 

gene sets enriched among differentially spliced genes include mRNA catabolism, 

translation, and cell cycle. 
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Figure 6.17: Differential splicing analysis between U2AF1S34 vs U2AF1WT HSCs. 
(A) Mean PSI values of splicing events in U2AF1S34 vs U2AF1WT HSCs. Significant 

splicing events (|ΔPSI| > 10 and FDR < 0.1) are colour coded. (B) Significant splicing 

events stratified by splicing event type. Number in parenthesis indicates total number 

of expressed events included for differential splicing analysis. (C) Top pathways 

enriched among differentially spliced genes. 

 

 Next, we compared the ability of splicing and gene expression profile in 

distinguishing U2AF1S34 from U2AF1WT HSCs. Dimension reduction analysis using 

differentially spliced events successfully distinguished U2AF1S34 from U2AF1WT HSCs 

on the principal component analysis (PCA) space (Figure 6.18A). Similarly, 

differentially expressed genes and highly variable genes were able to distinguish 

U2AF1S34 from U2AF1WT HSCs (Figure 6.18B-D).  
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Figure 6.18: Principal component analysis (PCA) using splicing and gene 
expression values. (A) PCA using differentially spliced events. (B) PCA using 

differentially expressed genes. (C) Selection of highly variable genes. (D) PCA using 

highly variable genes. 

 

 To assess if the differentially spliced events identified from our analysis were 

reproducible, we proceeded with identifying these events in the BeatAML cohort 

(Tyner et al., 2018). Of the 114 non-RI splicing events identified from U2AF1S34 HSCs, 

60 were differentially spliced in U2AF1S34 patients relative to U2AF1WT(Donor) (Figure 

6.19). Of these, 45 mis-spliced events had the PSI changes in U2AF1S34 patients 

relative to U2AF1WT(Donor) or relative to U2AF1WT(patient) that were in the same direction 

as U2AF1S34 HSCs relative to U2AF1WT HSCs. 
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Figure 6.19: Flowchart demonstrating the steps in validating differentially 
spliced events identified in U2AF1S34 HSCs using the BeatAML cohort. In total, 

DE splicing events from HSCs
(n=186)

DE non-RI events from HSCs
(n=114)

Non-DE in U2AF1S34 vs U2AF1WT (Donor)
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PSI direction opposite to single-cell
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34 of 114 U2AF1S34 HSC-associated mis-spliced events (29%) were successfully 

recapitulated in the BeatAML cohort. 

 

Of these, 34 splicing events were differentially spliced in U2AF1S34 patients 

relative to U2AF1WT(Donor) and also to U2AF1WT(patient). An example of splicing event 

that was differentially spliced in U2AF1S34 relative to U2AF1WT(Donor), but not relative to 

U2AF1WT(patient) was PCBP2 (Figure 6.20A). This suggests that the mis-splicing of this 

event may not be specific to U2AF1S34, but rather, it is associated with myeloid 

neoplasm in general (with or without spliceosome mutations). 

Of the events mis-spliced in U2AF1S34 relative to U2AF1WT(Donor) and also to 

U2AF1WT(patient), 26 were also mis-spliced in AML patients with genetic variants in 

splicing factors other than U2AF1S34 while 8 were exclusively mis-spliced in U2AF1S34. 

An example of the former is EXOSC8 which was mis-spliced in SF3B1K666, SRSF2P95, 

U2AF1S34, and U2AF1Q157 patients (Figure 6.20B). An example of the latter is SCNM1 

which was mis-spliced in U2AF1S34, but not in AML patients with genetic variants in 

other splicing factors (Figure 6.20C). EXOSC8 is an rRNA metabolism-related gene 

that has been shown to play an oncogenic role in colorectal carcinoma (Cui, Liu, Li, 

Zhang, & Li, 2020). Increased inclusion of A3SS in this gene in U2AF1S34 HSCs was 

not predicted to lead to NMD and therefore may hint at A3SS-mediated activation of 

this gene. SCNM1 is a putative splicing factor and genetic variants have been reported 

in this gene in biliary tract cancer (Buchner, Trudeau, & Meisler, 2003). 

In total, 34 of 114 (29%) U2AF1S34 HSC-associated mis-spliced events were 

successfully validated in BeatAML. This rate was similar to our validation of SF3B1K666 

HSC/MEP-associated mis-spliced events in BeatAML (Figure 6.6).  

It is noteworthy that RI was not assessed for validation in BeatAML due to 

logistic reasons. Only the splice junction information in tab-delimited files were 

required for validation of SE, A3SS, A5SS, AFE, and ALE splicing events. On the other 

hand, the large-sized BAM files are required for computing intronic coverage for RI 

PSI quantification. Finding sufficient storage space to host the BAM files of 360 

BeatAML patients currently presents a logistic challenge to yours truly. 

Notably, GNAS, which has been reported to be mutated in myeloid neoplasm 

(Cancer Genome Atlas Research et al., 2013), was identified to be mis-spliced in both 

U2AF1S34 HSCs and U2AF1S34 AML patients. GNAS encodes the α-subunit of the 

stimulatory G protein, which is involved in many signalling pathways such as cellular 



 200 

growth and proliferation (Turan & Bastepe, 2013). U2AF1S34 HSC-associated inclusion 

(splicing in) of the alternative exon in GNAS was predicted by MARVEL to not lead to 

nonsense-mediated decay (NMD) of this gene. Therefore, it is conceivable that in lieu 

of NMD, the inclusion (splicing in) of this alternative exon may instead hyperactivate 

GNAS. Indeed, in silico modelling and experimental characterisation demonstrated 

that the insertion of this alternative exon in GNAS lead to increased G protein 

activation and adenylyl cyclase activity of the α-subunit of the stimulatory G protein 

(Wheeler et al., 2022). 
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Figure 6.20: Representative examples of U2AF1S34 HSC-associated mis-spliced 
events that were validated in BeatAML. (A) Example of mis-spliced event that was 

associated with AML in general, but not with U2AF1S34 in particular. (B) Example of 

mis-spliced event that was associated with genetic variants in splicing factors in 

general, but not with U2AF1S34 in particular.  (C) Example of mis-spliced event that 

was specifically associated with U2AF1S34. 

 

 To further confirm the mis-splicing of GNAS in U2AF1S34 HSCs, we applied 

VALERIE to visually inspect the sequencing read alignment at the genomic locus 

corresponding to this splicing event. Indeed, sequencing read alignment confirmed the 

alternative exon to be more included (spliced in) in U2AF1S34 relative to U2AF1WT 

HSCs (Figure 6.21A). Unexpectedly, VALERIE revealed a cryptic A3SS at this 

genomic locus. Further inspection of the sequencing read alignment corresponding to 

this cryptic A3SS demonstrated decreased expression of this cryptic A3SS in 

U2AF1S34 relative to U2AF1WT HSCs (Figure 6.21B). The revelation of this cryptic 

A3SS suggests that there are at least 4 possible isoforms expressed from this genomic 

locus of GNAS (Figure 6.21C). 
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Figure 6.21: Visual-based validation of GNAS mis-spliced event using VALERIE. 
(A-B) Sequencing read alignment profile of GNAS (A) SE event and (B) cryptic A3SS 

event. (C) Possible GNAS isoforms based on different combination of SE and cryptic 

A3SS events at this genomic locus. 
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 The deconvolution of complex splicing event, such as GNAS SE and cryptic 

A3SS, may not be straightforward using short-read RNA-seq. Therefore, to delineate 

the different GNAS isoforms, we performed single-cell long-read RNA-seq using 

Oxford Nanopore Technology (ONT) and Pacific Biosciences (PacBio). We pooled 10 

single cells from U2AF1WT and 10 single cells from U2AF1S34 for sequencing on these 

two platforms (Figure 6.22). 

 

 
 
Figure 6.22: Pooling of U2AF1WT and U2AF1S34 HSCs for sequencing on ONT and 
PacBio. (A-B) Single-cell multiplexing design for (A) ONT and (B) PacBio. ONT data 

generated by Carika Weldon under the supervision of Rory Bowden. PacBio data 

generated by Laura Mincarelli under the supervision of Iain Macaulay. 
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end, we systematically demultiplexed the sequencing reads based on ONT/Pacbio 

sample barcode, polyA tail, cell barcode, template switching oligo and finally 

mappability of reads to the human reference genome (Figure 6.23). Overall, 2,810 

(2.6%) and 5,480 (4.6%) of sequencing reads from U2AF1WT and U2AF1S34 pool, 

respectively, were successfully demultiplexed for ONT. On the other hand, 72,375 

(3.8%) and 143,602 (5.4%) of sequencing reads from U2AF1WT and U2AF1S34 pool, 

respectively, were successfully demultiplexed for PacBio. Due to the higher number 

of demultiplexed reads obtained from PacBio, we focused our downstream analysis 

using the demultiplexed reads obtained from PacBio. 

 
 

Figure 6.23: Demultiplexing of sequencing reads. (A) Read construct subjected to 

long-read RNA-seq on ONT and PacBio. (B) Based on the known position of the 

certain features (e.g., cell barcode) on the read construct in (A), we may systematically 

demultiplex the sequencing reads as per the direction of the arrow. 

 

 Single-cell long-read RNA-seq revealed 5 expressed GNAS isoforms, one of 

which was novel, i.e., not previously reported in publicly available databases. Notably, 

while the SE was identified, the cryptic A3SS was not expressed or captured here 

(Figure 6.24). Comparison of the proportion of the different GNAS isoforms between 

U2AF1S34 and U2AF1WT HSCs revealed ENST00000265620.11 transcripts to be 

increased in U2AF1S34 HSCs while ENST00000477931.5 and ENST00000371085.7-

TTTTTTTTTTTTTTTT cDNA

ISPCR (23bp)

3’-handle (4bp)

Cell barcode (12bp)

UMI (8bp)

TSO (30bp)

Demultiplexing step No. of reads: ONT No. of reads: PacBio
U2AF1WT U2AF1S34 U2AF1WT U2AF1S34

Sample bacode identified 107,390 119,746 2,203,775 2,661,860

PolyA tail identified
(≥9 consecutive A’s)

21,434 (20.0%) 28,214 (23.6%) 166,976 (7.6%) 279,790 (10.5%)

Cell barcode identified
(Levenshtein distance=2)

15,882 (14.8%) 22,072 (18.4%) 163,695 (7.4%) 276,194 (10.4%)

TSO identified 7,846 (7.3%) 10,078 (8.4%) 103,003 (4.7%) 173,498 (6.5%)

Mapped to genome 2,810 (2.6%) 5,480 (4.6%) 72,375 (3.8%) 143,602 (5.4%)

A

B



 205 

1 transcripts to be decreased in U2AF1S34 HSCs (Figure 6.24). On the other hand, 

ENST00000371085.7 and novel isoform m64036_191029_065537/98175834/ccs 

were expressed at similar proportions in both U2AF1S34 and U2AF1WT HSCs. 

 

 
Figure 6.24: Single-cell long-read isoform analysis of GNAS. (A) GNAS isoforms 

identified. (B) Differences in the proportion of each isoform in U2AF1WT and U2AF1S34 

HSCs. 

 

 Taken together, we successfully recapitulated previously reported U2AF1S34-

associated mis-spliced events in our single-cell HSC population. We have also 

successfully validated novel U2AF1S34 HSC mis-spliced events in an external myeloid 

neoplasm cohort. Notably, GNAS appeared as a potential candidate gene due to 

previous reports of GNAS genetic variants in myeloid neoplasms (Tate et al., 2019), 

and GNAS role in G protein activation and signalling (Weinstein, Liu, Sakamoto, Xie, 

& Chen, 2004). Indeed, GNAS was very recently validated as an U2AF1S34 target 

gene, and the mis-spliced GNAS has been experimentally shown to hyperactivate the 

ERK/MAPK signalling pathway (Wheeler et al., 2022). Single-cell visual-based 

inspection of the sequencing read alignment at the GNAS genomic locus revealed 

complex alternative splicing consisting SE and cryptic A3SS events. Lastly, we 

attempted to deconvolute the different GNAS isoforms using single-cell long-read 

RNA-seq. 
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 6.4 Bulk analysis of MBNL1-deficient DM1 patients 
We demonstrated the application of our pipeline on single-cell splicing analysis 

of myeloid neoplasm patients. In principle, our pipeline is also applicable to bulk 

splicing analysis. Here, we demonstrate the application our pipeline on bulk RNA-seq 

data generated from myotonic dystrophy type 1 (DM1) patients with deficiency in 

splicing factor MBNL1. 

MBNL1 (Muscleblind like splicing regulator 1) is a splicing factor that binds 

competitively with U2AF65 at the acceptor splice site. The binding of MBNL1 at the 

acceptor splice site, in lieu of U2AF65, leads to the exclusion (splicing out) of the 

adjacent exon from the final mRNA transcript (Figure 6.24) (E. T. Wang et al., 2012; 

Warf et al., 2009). Binding of MBNL1 along the exon body similarly leads to exclusion 

(splicing out) of the exon whereas binding of MBNL1 at the donor splice site leads to 

inclusion (splicing in) of the adjacent exon in the final mRNA transcript (Cheng et al., 

2014; E. T. Wang et al., 2012).  

 

 
 

Figure 6.24: Binding of MBNL1 at different positions relative to the alternative 
exon. Binding at acceptor splice site and exon body leads to inclusion (splicing in) of 

the alternative exon whereas binding at the donor splice site leads to exclusion 

(splicing out) of the alternative exon. Grey colour represents the alternative exon and 

black colour represents the constitutive exons. 
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 DM1 is an inherited disease characterised by progressive muscle weakness 

and wasting, cataract development, testicular atrophy, and cardiac conduction defects 

(Cho & Tapscott, 2007). Affected individuals have extended CTG repeats at the 3’ 

untranslated region (3’ UTR) of DMPK gene. MBNL1 proteins are sequestered within 

this CTG repeat region, leading to decreased MBNL1 levels, and consequently 

dysregulated splicing of MBNL1 target genes. 

 Several therapeutic approaches have been developed to reverse DM1 

dysregulated splicing profile. One approach is to use antisense oligonucleotides 

(ASOs) with sequence complementary to the CTG repeat region of DMPK (N. Hu et 

al., 2021). The competitive binding of ASOs to this region precludes MBNL1 from 

binding to this region. Another approach is to use RNA-targeting Cas9 (RCas9) to 

target and eliminate the CTG repeat region of DMPK (Batra et al., 2017). Here, we 

introduced a novel approach whereby we utilised dCas13 to bind the CTG repeat 

region of DMPK, consequently precluding MBNL1 from being sequestered to this 

region. 

 To assess the effectiveness of our approach, we performed bulk RNA-seq on 

DMPK wildtype cells (WT), DM1 cells, WT cells treated with non-targeting (NT) ASO, 

DM1 cells treated with NT ASO, DM1 cells treated with low-dose ASO, DM1 cells 

treated with high-dose ASO, WT cells treated with NT dCas13, DM1 cells treated with 

NT dCas13, and DM1 cells treated with dCas13. Each sample group had three 

biological replicates. Five individual samples had two technical replicates while the 

remaining individual samples had only one technical replicate. Coverage assessment 

of the DMPK gene loci revealed increased coverage at the 3’ UTR of DM1 samples, 

thus confirming the extended CTG repeats in DM1 patients included in this study 

(Figure 6.25). 
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Figure 6.25: Coverage assessment of DMPK gene loci on the UCSC Genome 
Browser. Coverage tracks ordered by treatment type and colour coded based both 

disease status and treatment group. Blue represents DMPK WT samples, red 

represents DM1 samples treated with non-targeting ASO/dCas13, and green 

represents DM1 samples treated with ASO/dCas13. Coverage tracks revealed 

increased coverage at the 3’ UTR of DMPK in DM1 samples compared to DMPK WT 

samples. Note that technical replicates were merged in this figure. Bulk RNA-seq 

dataset generated by Muhammad Hanifi under the supervision of Tatjana Sauka-

Spengler. 

 

 Sequencing quality control (QC) assessment using total number of reads 

(sequencing depth), alignment rate, mitochondrial read contribution, duplication rate, 

and number of detected genes did not reveal any poor-quality samples (outliers) for 

removal prior to downstream analysis (Figure 6.25A-E). The five samples with 

technical replicates had higher number of sequencing reads for replicate no. 2 

compared to replicate no. 1, indicating that re-sequencing of these samples 

successfully increased sequencing depth (Figure 6.25F).  
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  As the samples were sequenced across multiple batches, we next check for 

the presence of batch effect contributed by the different library preparation dates. We 

first identified 18,360 expressed genes (defined as genes with counts per million 

(CPM) of at least 1 in at least three samples), of which, we selected the top 10% most 

variable genes based on variance across the samples. These 1,836 high variable 

genes were used for clustering the samples on the principal component analysis 

(PCA) space and the samples were annotated by their library preparation dates 

(Figure 6.25G). We observed no obvious samples clustering by library preparation 

dates. Moreover, the technical replicates of each sample clustered in close proximity. 

Therefore, we did not perform batch correction and proceeded with merging the 

technical replicates. 

 Unsupervised clustering using these highly variable genes revealed samples 

clustered by DMPK WT and DM1 status on the 1st principal component (PC1) (Figure 

6.25H). This suggests that disease status is the strongest distinguishing factor in this 

study. Nevertheless, it is noteworthy that DMPK WT samples were derived from 

immortalized human myoblast cell lines (MRC CNMD Biobank London) whereas DM1 

samples were derived from human patients (Arandel et al., 2017). Therefore, 

segregation of samples on the 1st PC may be partly due to differences in sample origin. 

Furthermore, samples clustered by treatment group (untreated, ASO, and 

dCas13) on PC2. For example, samples within the WT group clustered by untreated 

and NT ASO and NT dCas13. This suggests that transfection alone, even in the 

absence of therapeutic ASO and dCas13, was sufficient to lead to changes in 

transcriptome profile. This needs to be considered when identifying samples groups 

for differential gene expression and splicing analysis. For example, to control for the 

effect of ASO/dCas13 transfection on the samples’ transcriptome, we should compare 

samples within the same treatment group, such as DM1 dCas13 treated vs DM1 NT 

dCas13 (in lieu of vs DM1 untreated). 
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Figure 6.25: Sequencing QC. (A-E) Sequencing QC based on (A) sequencing depth, 

(B) alignment rate, (C) mitochondrial reads contribution, (D) duplication rate, and (E) 
number of genes detected. (F) Comparison of sequencing depth between technical 

replicate no. 1 and 2 for five samples with technical replicates. (G-H) Unsupervised 

clustering using highly variable genes, samples annotated by (G) library preparation 

batch and (H) disease status and treatment group.  

 

 Next, we assessed whether our RNA-seq data could recapitulate reversal of 

DM1-associated mis-spliced events (MBNL1, MBNL2, DMD, SOS1, INSR) by ASO 

and dCas13 treatment, as previously validated by polymerase chain reaction (PCR; 

data not shown). We also included DM1-associated mis-spliced events previously 
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reported in the literature (ANK2, ATP2A1, and CACNA1) for this analysis (Nakamori 

et al., 2017).  

We observed MBNL1 exon 7, MBNL2 exon 5, and DMD exon 78 in ASO- and 

dCas13-treated DM1 samples to have splicing profiles similar to that of WT samples 

(Figures 6.26A-C). For MBNL1 exon 7 and MBNL2 exon 5, the percent spliced-in (PSI) 

values were increased in DM1 samples compared to WT samples (Figures 6.26A and 

B). ASO treatment successfully reduced the PSI values in a dose-dependent manner 

whereby high-dose ASO treatment led to more reduction in the PSI values compared 

to low-dose ASO treatment. dCas13 treatment similarly reduced the PSI values to 

levels comparable to that of high-dose ASO treatment. This indicates that high-dose 

ASO and dCa13 treatment led to complete reversal of aberrant splicing profile of these 

alternative exons.  

On the other hand, for DMD exon 78, the PSI values were decreased in DM1 

samples compared to WT samples (Figure 6.26C). High-dose ASO treatment, but not 

low-dose ASO treatment, led to slight increase in PSI values. dCas13 treatment 

similarly led to slight increase in PSI values. Nevertheless, both ASO and dCas13 

treatment did not increase PSI values to levels comparable to that of WT samples. 

This indicates that ASO and dCas13 treatment only led to partial reversal of aberrant 

splicing profile of this alternative exon. 

 The effectiveness of ASO treatment for SOS1 exon 21 was harder to discern. 

Specifically, PSI values of WT and DM1 NT ASO samples were similar (Figure 6.26D) 

Nevertheless, dCas13 treatment successfully increased PSI values to levels 

comparable to that of WT samples. For INSR exon 11 and ANK2 exon 21, we did not 

observe any differences in splicing profile between WT and DM1 samples (Figures 

6.26E and F). Our observation on INSR exon 11 here was consistent with our PCR 

data that demonstrated only minimal difference in INSR exon 11 splicing rates 

between DM1 and WT samples (data not shown). Lastly, there were insufficient 

coverage at ATP2A1 exon 22 and CACNA1S exon 29 for us to assess their splicing 

profiles across the different sample groups (Figures 6.26G-H). 

It is noteworthy that ANK2 and CACNA1S are late-stage biomarkers in DM1 

(Wojciechowska et al., 2018). Here, muscle cells were differentiated for 6 days prior 

to RNA-seq. Taken together, the overall splicing profile observed here seems to 

recapitulate early stage of the disease with mis-splicing of early-to-medium responder 
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exons (MBNL1, MBNL2, and SOS1), but not the medium-to-late responder exons 

(CACNA1S and ANK2). 

 

 
Figure 6.26: PSI values across the different sample groups. (A-B) MBNL1 exon 7 

and MBNL2 exon 5 demonstrated complete reversal of splicing profile in ASO- and 

dCas13-treated DM1 samples. (C) DMD exon 78 demonstrated partial reversal of 

splicing profile in ASO- and dCas13-treated DM1 samples. (D) SOS1 exon 21 

demonstrated reversal of splicing profile in dCas13-treated samples. (E-F) INSR exon 
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11 and ANK2 exon 21 did not demonstrate any differences in splicing profile between 

DM1 and WT samples. (G-H) Too few samples with sufficient coverage at ATP2A1 

and CACNA1S alternative exons for assessment.  

 

Closer inspection of the gene expression levels of these genes suggests that 

alternative splicing events would require approximately a minimum gene expression 

of log2(CPM + 1) of 4 to have sufficient coverage for splicing analysis (Figures 6.27A-

H). 
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Figure 6.27: Normalised gene expression levels of genes included for splicing 
analysis in Figure 6.26. (A-F) Genes with moderate-to-high expression levels, and 

consequently all samples had sufficient coverage at alternative exons for splicing 

analysis (related to Figure 6.26A-F). (G-H) Genes with low expression levels, and 

consequently too few samples had sufficient coverage at alternative exons for splicing 

analysis (related to Figure 6.26G-H). CPM: Counts per million. 
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 Now that we have demonstrated the ability of our RNA-seq data to recapitulate 

previously validated DM1-associated mis-spliced events, we proceeded to perform 

global differential splicing analysis between DM1 and WT samples to identify 

transcriptome-wide DM1-associated mis-spliced events. In total, 33,156 splicing 

events were expressed in both DM1 NT dCas13 and WT NT dCas13 samples and 

therefore were available for differential splicing analysis (Figure 6.28A). Of which 

1,405 (4.2%) splicing events were differentially spliced. SE event type constituted 

majority of differential splicing events. This is consistent with the reported role of 

MBNL1 in regulating splicing via its binding to SEs (E. T. Wang et al., 2012). Similarly, 

32,456 splicing events were expressed in both DM1 NT ASO and WT NT ASO 

samples and therefore were available for differential splicing analysis (Figure 6.28B). 

Of which, 1,948 (6.0%) splicing events were differentially spliced and SE event type 

constituted majority of differentially spliced events. 

 

 
 

Figure 6.28: Number of differentially spliced events stratified by splicing event 
type. Number of differentially spliced events in (A) DM1 NT dCas13 vs WT NT dCas13 

and (B) DM1 NT ASO vs WT NT ASO. SE event type is the predominant event type 
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that is differentially spliced. Number in parentheses indicate number of expressed 

splicing events included for differential splicing analysis. 

 

 Next, we performed gene ontology analysis to identify biological pathways that 

were aberrantly spliced in DM1 patients. We identified the greatest number of 

biological pathways enriched among differentially spliced genes of SE event type, and 

several biological pathways enriched among differentially spliced genes of MXE event 

type, but no biological pathways enriched among differentially spliced genes of other 

event types (Figure 6.29A). Top biological pathways enriched among differentially 

spliced genes of SE event type revealed pathways previously reported to be regulated 

by MBNL1, namely pathways related to muscle function and pathways related to 

localisation of mRNAs to specific cellular locations such as the Golgi apparatus and 

cell membrane (Figures 6.29B and C) (E. T. Wang et al., 2012).  

Taken together, this suggests that DM1 main phenotypes, i.e., muscle 

weakness and wasting, may be potentially attributed to aberrant splicing of muscle-

related genes, specifically that of SE event type. Therefore, we proceeded to focus 

our assessment of ASO and dCas13 treatment efficiency on SE mis-spliced events. 
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Figure 6.29: Pathway enrichment analysis of differentially spliced genes 
between DM1 and WT samples. (A) Number of biological pathways enriched among 

differentially spliced genes stratified by splicing event type. (B-C) Top biological 

pathways enriched among differentially spliced genes of SE event type from (B) DM1 

NT dCas13 vs WT NT dCas13 and (C) DM1 NT ASO vs WT NT ASO comparisons.  

 

In total, 568 differential splicing SE events were identified in DM1 NT dCas13 

vs WT NT dCas13 comparison (Figure 6.30A), of which 518 (91%) were expressed in 

DM1 dCas13 treated vs WT NT dCas13 comparison and were therefore subsequently 

included in our assessment of dCas13 treatment efficiency. Hierarchical clustering 

using these 518 splicing events revealed DM1 dCas13 treated samples to cluster in 

between WT NT dCas13 samples and DM1 NT dCas13 samples (Figure 6.30A). 

Therefore, DM1 dCas13 treated samples had an intermediate splicing profile between 

WT NT dCas13 and DM1 NT dCas13 samples. This suggests dCas13 treatment 

reversed, to some extent, DM1-associated mis-spliced events.  

 

 
 
Figure 6.30: Assessing dCas13 treatment efficiency in reversing DM1-
associated SE mis-spliced events identified from DM1 NT dCas13 vs WT NT 
dCas13 comparison and expressed in DM1 dCas13 treated vs WT NT dCas13 
comparison. (A) Hierarchical clustering using DM1-associated mis-spliced events. 

(B) DM1-associated mis-spliced events identified from DM1 NT dCas13 vs WT NT 
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dCas13 comparison. (C) The same splicing events in (B) demonstrated for DM1 

dCas13 treated vs WT NT dCas13 comparison. (D) Number of DM1-associated mis-

spliced events stratified into complete, partial, or no reversal when treated with 

dCas13. 

 

To quantify the extent of treatment-related reversal of DM1-associated mis-

spliced events, we stratified each of the 518 DM1-associated mis-spliced event into 

complete, partial or no reversal. Complete reversal is defined as |ΔPSI| > 15 between 

DM1 NT ASO/dCas13 vs WT NT ASO/dCas13 comparison but |ΔPSI| < 15 between 

DM1 ASO/dCas13 treated vs WT NT ASO/dCas13 comparison. For example, MBNL1 

exon 7 demonstrated complete reversal when treated with dCas13 (Figures 6.31A). 

Partial reversal is defined as |ΔPSI| > 15 between DM1 NT ASO/dCas13 vs WT NT 

ASO/dCas13 comparison but |ΔPSI| > 15 between DM1 ASO/dCas13 treated vs DM1 

NT ASO/dCas13 comparison. For example, DMD exon 78 demonstrated partial 

reversal when treated with dCas13 (Figure 6.31B). No reversal is defined as |ΔPSI| > 

15 between DM1 NT ASO/dCas13 vs WT NT ASO/dCas13 comparison but |ΔPSI| > 

15 between DM1 ASO/dCas13 treated vs WT NT ASO/dCas13 comparison and  

|ΔPSI| < 15 between DM1 ASO/dCas13 treated vs DM1 NT ASO/dCas13 comparison. 

For example, DMD exon 78 demonstrated no reversal when treated with low-dose 

ASO (Figure 6.31C). We selected a threshold of |ΔPSI| > 15 to enable comparison of 

our method to that reported by a previous study (Batra et al., 2017). 
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Figure 6.31: Graphical illustration of the definition of ASO/dCas13 treatment-
related reversal rate of DM1-associated mis-spliced events. (A-C) Definition for 

(A) complete, (B) partial, and (C) no reversal of DM1-associated mis-spliced events 

by ASO/dCas13 treatment.  

 

dCas13 treatment successfully reversed 255 (49%) DM1-associated mis-

spliced events, while 37 (7%) mis-spliced events were partially reversed, and 226 

(44%) mis-spliced events were not reversed (Figure 6.30B-D). The relatively smaller 

number of partially reversed compared to completely reversed DM1-associated mis-

spliced events suggests that the treatment-related reversal of mis-spliced events is an 

“all-or-nothing” phenomenon. 

 Assessment of reversal of DM1-associated mis-spliced events by dCas13 

treatment in splicing event types other than SE demonstrated similar reversal rates of 

~50% for MXE, RI, A5SS, A3SS, AFE, and ALE (Figure 6.32A- F). This suggests that 

dCas13 treatment reversed mis-splicing for all splicing event types to similar extents 

in general. 
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Figure 6.32: Assessing dCas13 treatment efficiency in reversing DM1-
associated mis-spliced events, other than SE splicing event type, identified from 
DM1 NT dCas13 vs WT NT dCas13 comparison. (A-F) dCas13 treatment efficiency 

in reversing DM1-associated (A) MXE, (B) RI, (C) A5SS, (D) A3SS, (E) AFE, and (F) 
ALE mis-spliced events. 

 

In total, 827 differentially spliced SE events were identified in DM1 NT ASO vs 

WT NT ASO comparison (Figure 6.28B), of which 777 (94%) were expressed in DM1 

high-dose ASO vs WT NT ASO comparison and were therefore subsequently included 

in our assessment of high-dose ASO treatment efficiency. Hierarchical clustering using 

these 777 splicing events revealed high-dose ASO treated samples did not cluster in 

close proximity with WT NT ASO samples (Figure 6.33A). This suggests that high-

dose ASO treatment was largely unsuccessful in reversing DM1-associated mis-

spliced events. Indeed, only 141 (18%) mis-spliced events were completely reversed, 

and another 20 (3%) mis-spliced events were partially reversed, whereas majority, 

specifically 616 (79%), of mis-spliced events had no reversal upon high-dose ASO 

treatment (Figures 6.33B-C). 

 

 

 

 
 

Figure 6.33: Assessing high-dose ASO treatment efficiency in reversing DM1-
associated SE mis-spliced events identified from DM1 NT ASO vs WT NT ASO 
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comparison and expressed in DM1 high-dose ASO vs WT NT ASO comparison. 
(A) Hierarchical clustering using DM1-associated mis-spliced events. (B) DM1-

associated mis-spliced events identified from DM1 NT ASO vs WT NT ASO 

comparison. (C) The same splicing events in (B) demonstrated for DM1 high-dose 

ASO treated vs WT NT ASO comparison. (D) Number of DM1-associated mis-spliced 

events stratified into complete, partial, or no reversal when treated with high-dose 

ASO. 

 

Given the minimal reversal of DM1-associated mis-spliced events by high-dose 

ASO treatment, it was therefore not surprising that low-dose ASO treatment similar 

demonstrated minimal reversal of DM1-associated mis-spliced events. Of the 827 

differential splicing SE events that were identified in DM1 NT ASO vs WT NT ASO 

comparison (Figure 6.28B), 780 (94%) were expressed in DM1 low-dose ASO treated 

vs WT NT ASO comparison and were therefore subsequently included in our 

assessment of low-dose ASO treatment efficiency. Hierarchical clustering using these 

780 splicing events revealed low-dose ASO treated samples did not cluster in close 

proximity with WT NT ASO samples (Figure 6.34A). This suggests that low dose ASO 

treatment was largely unsuccessful in reversing DM1-associated mis-spliced events. 

Indeed, only 120 (15%) mis-spliced events were completely reversed, and another 14 

(2%) mis-spliced events were partially reversed, whereas majority, specifically 646 

(83%), of mis-spliced events had no reversal upon low-dose ASO treatment (Figures 

6.34B-C). 
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Figure 6.34: Assessing low-dose ASO treatment efficiency in reversing DM1-
associated SE mis-spliced events identified from DM1 NT ASO vs WT NT ASO 
comparison and expressed in DM1 low-dose ASO vs WT NT ASO comparison. 
(A) Hierarchical clustering using DM1-associated mis-spliced events. (B) DM1-

associated mis-spliced events identified from DM1 NT ASO vs WT NT ASO 

comparison. (C) The same splicing events in (B) demonstrated for DM1 low-dose ASO 

treated vs WT NT ASO comparison. (D) Number of DM1-associated mis-spliced 

events stratified into complete, partial, or no reversal when treated with low-dose ASO. 

 

 Lastly, we investigated if dCas13 and ASO treatments led to reversal of DM1-

associated down-regulation of selected muscle-related genes (Batra et al., 2017). 

dCas13 treatment led to increased gene expression of DMPK, MYOG, MYH3, and 

MYH1, but not MYOD1, compared to DM1 NT dCas13 sample group, though the 

expression levels were not reversed to levels that seen in WT NT dCas13 sample 

group (Figure 6.35A). Therefore, dCas13 treatment led to partial reversal of DM1-

associated down-regulation of muscle-related genes. On the other hand, both high- 

and low-dose ASO treatments did not lead to marked increased in gene expression of 

any of the selected muscle-related genes compared to DM1 NT ASO sample group 

(Figure 6.35B). Therefore, dCas13 treatment was more effective in reversing the DM1-

associated down-regulation of muscle-related genes compared to ASO treatment. 
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Figure 6.35: Normalised gene expression values of selected muscle-related 
genes across the different sample groups. Gene expression profile of (A) dCas13 

treated and (B) ASO treated sample groups.  

 

Taken together, dCas13 treatment demonstrated better efficiency, compared 

to ASO treatment in terms of reversing of DM1-associated mis-spliced events and 

reversing DM1-associated down-regulation of muscle-related genes. Nevertheless, it 

is noteworthy that these conclusions were based on DM1 dCas13/ASO treated vs WT 

NT dCas13/ASO comparison. More robust conclusions may be drawn from performing 

DM1 dCas13/ASO treated vs WT dCas13/ASO treated comparison (Batra et al., 

2017). The latter sample group was unfortunately not included in our study design. 

This approach would enable us to cancel out differentially spliced events driven by off-

target effects of dCas13/ASO treatment. Therefore, we anticipate the true reversal rate 

of dCas13/ASO treatment to be higher than that reported in our study. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 224 

7 Discussion 

7.1 Overview and implication 
We have developed and benchmarked a computational pipeline consisting of 

three modules for single-cell splicing analysis, namely MARVEL, VALERIE, and 

IMPACT (Figure 7.1). MARVEL enables comprehensive characterisation of the 

splicing landscape for scRNA-seq data generated from plate-based (e.g., Smart-seq2) 

and droplet-based (e.g., 10x Genomics) platforms to reveal novel biological insights. 

VALERIE enables visual-based validation of candidate spliced genes identified by 

MARVEL to identify true positive results. IMPACT enables clinically relevant and 

druggable biomarkers from highly confident spliced genes validated by VALERIE. 

 

 
Figure 7.1: Overview of our computational pipeline for single-cell splicing 
analyses. The computational framework consists of three modules, namely MARVEL, 

VALERIE, and IMPACT, and applies to scRNA-seq data generated from both plate- 

and droplet-based platforms. 

  

The implication of the work is to interrogate the single-cell splicing landscape 

to reveal novel biological insights into health and disease states. We have 

demonstrated our computational framework for plate-based (e.g., Smart-seq2) and 

droplet-based (e.g., 10x Genomics) datasets. We also demonstrated our 

computational framework on homogeneous (i.e., cell lines) and heterogeneous (i.e., 

haematopoietic stem and progenitor cells) samples.  Finally, while our computational 
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framework focuses on the splicing analysis of single cells, we have also demonstrated 

its capability to analyse bulk samples.  

We believe that our computational framework will continue to be prospectively 

applied to RNA-seq datasets generated from studies with different disease models 

and different biological questions.  

 

7.2. Limitations and future work: From correlation to “mechanism” 
Ideally, several limitations may need to be addressed prior to the wider 

application of our computational pipeline. In particular, additional features may be 

added to MARVEL and IMPACT to improve our ability to identify consequential and 

actionable spliced genes for downstream experimental studies. 
 
7.2.1 Splicing-mediated activation of protein function 

Differential splicing analysis typically returns hundreds, and sometimes 

thousands, of differentially spliced genes. Therefore, functional annotation of 

differentially spliced genes would be of particular importance to understand the 

consequence of aberrant splicing on gene and protein function.  

MARVEL currently offers pathway enrichment analysis and nonsense-

mediated decay (NMD) prediction for functional annotation of differentially spliced 

genes. Pathway enrichment analysis enables us to broadly identify the genes with 

similar functions or genes related to similar biochemical pathways that are co-

ordinatedly spliced. NMD enables us to identify genes whose protein function may be 

disrupted by splicing. For example, we identified SF3B1K666-related NMD of MAP3K7 

and SRSF2P95-related NMD of EZH2. 

However, MARVEL does not identify genes whose protein function may be 

hyper-activated by splicing. This may occur when the insertion (splicing in) or removal 

(splicing out) of an alternative exon does not interrupt the open reading frame (ORF) 

of the gene. For example, the insertion of an alternative exon in GNAS leads to 

hyperactivation of the G protein activation and signalling (Wheeler et al., 2022). 

Another example is the insertion of an alternative exon in IRAK4 that leads to 

hyperactivation of NF-κB signalling via increased phosphorylation of IRAK1, p65, p38, 

and JNK (Smith et al., 2019). 

To identify splicing-mediated hyper-activation of protein function, MARVEL may 

incorporate in silico protein structure prediction and sequence-based prediction of 
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protein-protein interaction. The former approach predicted the inclusion (splicing in) of 

the alternative exon in GNAS led to the expression of a hinge-like domain. This hinge-

like domain led GNAS to have a higher affinity for GTP and consequently led to 

hyperactivation of the G protein signalling pathway (Wheeler et al., 2022). The latter 

approach predicted the inclusion (splicing in) of the alternative exon in IRAK4 led to 

the expression of the N-terminal death domain. This domain was predicted to bind to 

MyD88 and IRAK1 and consequently the phosphorylation of these proteins and 

ultimately hyperactivation of the NF-κB signalling pathway (Smith et al., 2019).  

Taken together, NMD prediction may aid in identifying splicing-mediated 

deactivation of protein function, while in silico protein structural prediction and 

sequenced-based prediction of protein-protein interactions may aid in identifying 

splicing-mediated hyperactivation of protein function. Collectively, these features may 

enable prediction of the functional consequence of aberrant splicing on the protein 

level. In cancer, the former feature would be relevant in identifying tumour 

suppressors, while the latter would identify oncogenes. 

 

7.2.2 Sequence motif analysis 
 MARVEL can identify alternative exons with significantly increased or 

decreased percent spliced-in (PSI) values in one cell group against another cell group, 

for example, in cells with genetic variants in splicing factors against cells with wildtype 

splicing factors. However, it would be of particular interest to attribute a given 

differentially spliced exon to a given splicing factor. This may increase our confidence 

in identifying candidate spliced genes for experimental validation. 

 Each splicing factor, i.e., SF3B1, SRSF2, and U2AF1, is associated with a 

specific sequence motif. For example, SRSF2P95 is associated with inclusion (splicing 

in) of exons with CCNG sequence motif, whereas it is associated with skipping 

(splicing out) of exons with GGNG sequence motif (Shiozawa et al., 2018). U2AF1S34 

is associated with the inclusion of exon with [C/A]AG sequence motif at the acceptor 

splice site, whereas it is associated with the exclusion of exon with [T/C]AG sequence 

motif at the acceptor splice site. Aside from SF3B1, SRSF2, and U2AF1, other RNA-

binding proteins (RBPs) that do not commonly harbour genetic variants in myeloid 

neoplasm but nevertheless may be differentially expressed, have specific sequence 
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motif (Dominguez et al., 2018; Shiozawa et al., 2018). For example, RBM39 is up-

regulated in AML patients relative to healthy controls (E. Wang et al., 2019). 

 

7.2.3 RNA-splicing factor interaction 
IMPACT pre-processes and incorporates external myeloid neoplasm datasets 

to validate novel differentially spliced genes identified from MARVEL. 

Currently, differentially spliced genes from MARVEL are validated using The 

Cancer Genome Atlas (TCGA) acute myeloid leukaemia (AML) and BeatAML cohorts 

incorporated into IMPACT. We have shown that splicing events that were statistically 

significant in our single-cell datasets and successfully validated TCGA and BeatAML 

were likely to be true positive results. For example, SF3B1K666 HSC/MEP-associated 

mis-spliced events that were successfully validated in BeatAML were enriched for 

A3SSs located within 10-30bp upstream of the canonical splice sites. This is 

consistent with the binding preference of SF3B1MUT at 10-30bp upstream of the 

canonical splice sites (Alsafadi et al., 2016). 

One possible way to confidently attribute a given differentially spliced exon to a 

specific splicing factor is by using eCLIP-sequencing. eCLIP-sequencing can map the 

binding sites of splicing factors and RNA-binding proteins (RBPs) to their target RNAs 

(Van Nostrand et al., 2016). eCLIP-sequencing data has been generated for SF3B1WT 

(K. Wang et al., 2019), SRSF2P95 (Wheeler et al., 2022), U2AF1S34 (Wheeler et al., 

2022), and U2AF1Q157 (Biancon et al., 2021). 

IMPACT will be able to pre-process and incorporate these published eCLIP-

sequencing datasets that indicate the genomic loci bounded by specific splicing 

factors. 

 

7.2.4 Essential isoform screen 
High throughput CRISPR and RNAi screens can identify genes that are 

essential to cancer cell survival. The Cancer Dependency Map Project generated 

genetic vulnerability data for various cancer types (Tsherniak et al., 2017). There also 

exists genetic vulnerability data for specific cancer types, such as acute myeloid 

leukaemia (AML) (Tzelepis et al., 2016).  

Broadly, these screens categorise genes into non-essential genes, non-specific 

essential genes, and cancer-specific genes (Harman et al., 2021). Non-essential 
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genes are not required for cancer cell survival. Non-specific essential genes are 

required for cancer cell survival across most cancer types, such as MYC. Cancer-

specific genes are required for cancer cell survival for specific cancer types, such as 

RUNX1 in MV4-11 and MOLM-13 cell lines. 

To date, most genetic vulnerability data are available for genes but not for the 

isoform expression (Davies et al., 2021). Isoform-specific vulnerability data may be of 

particular interest, especially in myeloid neoplasm whereby >50% of patients have 

genetic variants in splicing factor genes.  

IMPACT will be able to pre-process and incorporate publicly available CRISPR 

and RNAi screens to identify isoforms that are essential to cancer cell survival. 

 

7.2.5 Updated framework for prioritising candidate spliced genes 
We believe the aforementioned new features for MARVEL and IMPACT, 

together with existing features, will enable us to identify more reliable and actionable 

candidate spliced genes (Figure 7.2). 

 

 
 

Figure 7.2: An updated pipeline (middle) for prioritising candidate spliced genes 
identified from transcriptome-wide differential splicing analysis (from MARVEL; 
left) for downstream experimental studies (right). Features already available are 

NMD prediction by MARVEL, and orthogonal validation and survival analysis by 
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IMPACT. Additional features to be provided by MARVEL are predicting impact of 

splicing on protein function and to identify splicing factor binding sites based on 

sequence motifs. Additional annotations to be provided by IMPACT are splicing factor 

binding sites based on eCLIP experiments and essential splicing events (events in 

which cancer cells depend on for survival) based on in silico CRISPR screening. 

 

7.3 Potential applications: From bench to biological insights 
With the establishment of a splicing analysis framework applicable to both 

single-cell and bulk RNA-seq that integrates both splicing and gene expression data, 

we can proceed with the application of our framework to answer splicing-oriented 

biological questions that may be relevant for discovering novel and improved 

therapies. 

 The applications detailed below aim to answer alternative splicing biological 

questions that have hitherto not been thoroughly addressed by the literature. 

 

7.3.1 Influence of epigenetics on RNA mis-splicing 
 In myeloid neoplasm, genetic variants in splicing factors and epigenetic 

regulators such as IDH1, TET2, and AXSL1 have been frequently reported (Cancer 

Genome Atlas Research et al., 2013; Tyner et al., 2018).  

It is conceivable that the presence of genetic variants in both splicing factor and 

epigenetic regulator genes may engender a different RNA mis-splicing profile 

compared to when genetic variants are present in either splicing factor or epigenetic 

regulator genes alone. Indeed, AMLs with genetic variants in IDH2 and SRSF2 have 

different splicing profiles compared to AMLs with genetic variants in either IDH2 or 

SRSF2 alone (Yoshimi et al., 2019). The presence of the CCNG sequence motif in 

INTS3 exon 4 was associated with increased inclusion (splicing in) of this exon in 

SRSF2P95 AMLs. On the other hand, AMLs with IDH2 genetic variants had increased 

DNA methylation, including at INTS3 exon 4. AMLs with genetic variants in both IDH2 

and SRSF2 had increased INTS3 exon 4 inclusion (splicing in) compared to AMLs 

with genetic variants in either IDH2 or SRSF2 alone. 

Given the influence of DNA methylation and RNA mis-splicing, it is conceivable 

that genetic variants in other epigenetic regulators, other than IDH2, may also 
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collaborate with genetic variants in splicing factors. One such epigenetic regulator is 

TET2.  

TET2 promotes DNA de-methylation by converting 5-methylcytosine (5-mC) to 

5-hydroxymethylcytosine (5-hmC). Myeloid neoplasm patients with genetic variants in 

TET2 have uniformly low levels of 5hmC, and the decrease in 5hmC was associated 

with global hypomethylation at CpG sites (Ko et al., 2010). This is in contrast to myeloid 

neoplasm patients with genetic variants in IDH2, which demonstrated DNA 

hypermethylation (Yoshimi et al., 2019). Therefore, it is conceivable that myeloid 

neoplasm patients with genetic variants in both SRSF2 and TET2 may have different 

mis-splicing profiles compared to patients with genetic variants in both SRSF2 and 

IDH2. 

We have characterised the RNA mis-splicing landscape of five SRSF2P95 

myelodysplastic syndrome (MDS) patients and one healthy donor (see “section 6.3.2: 

Single-cell analysis of SRSF2-mutant MDS patients”). While several of these patients 

had genetic variants in SRSF2 and epigenetic regulators TET2 and ASXL1, we did not 

scrutinise the influence of the genetic variants in these epigenetic regulators on the 

mis-splicing profile engendered by SRSF2P95. This was due to the small number of 

patients included in this pilot phase of the study. 

To this end, we plan to sequence additional patients to increase our statistical 

power for investigating differences in mis-splicing profile between MDS patients with 

genetic variants in SRSF2 against patients with genetic variants in SRSF2 and 

epigenetic regulators TET2 and ASXL1 (Figure 7.3). 
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Figure 7.3: MDS cohort to be included for 10x Genomics sequencing to study 
the effect of genetic variants in epigenetic regulators on SRSF2P95-associated 
mis-splicing. Sequencing batch 1 was our pilot study, and preliminary results for this 

batch have been described in Section 6.3.2. 

 

7.3.2 Splicing-based stratification of myeloid neoplasms  
The most well characterised splicing factor hotspot variants in myeloid 

neoplasm are SF3B1K700, SRSF2P95, and U2AF1S34. U2AF1Q157 was also reported in 

myeloid neoplasm (Shiozawa et al., 2018; Yoshimi et al., 2019), but the mis-splicing 

profile engendered by this hotspot variant has yet to be comprehensively 

characterised. This may be partly due to the rarity of this hotspot variant and the 

relatively small myeloid neoplasm cohorts (~100-200 patients) available to date 

(Shiozawa et al., 2018; Tyner et al., 2018). Indeed, of the 200 acute myeloid leukaemia 

(AML) patients in TCGA, only one U2AF1Q157 patient was identified (Ilagan et al., 

2015).  

BeatAML is a recent massive publicly available AML cohort consisting of 672 

tumour specimens collected from 562 patients (Tyner et al., 2018), of which U2AF1Q157 

genetic variant was identified in 12 specimens (Gao et al., 2013). This may allow us 

to characterise the mis-splicing profile engendered by U2AF1Q157 in clinical samples 

for the first time. We also have scRNA-seq data for phenotypically defined 

haematopoietic stem cells (HSCs) derived from U2AF1Q157 myeloproliferative 

neoplasm (MPN) patients. The analysis of U2AF1Q157 HSCs may identify mis-spliced 

genes associated with disease development and progression. 

U2AF1Q157 myeloid neoplasm patients have worse survival outcomes 

compared to U2AF1WT patients (Tefferi et al., 2018). The more aggressive clinical 

phenotype engendered by U2AF1Q157 may offer an opportunity to identify a mis-

splicing signature to stratify high-risk myeloid neoplasm patients, irrespective of the 

presence of genetic variants in splicing factor genes (Anande et al., 2020) (Figure 7.4). 
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Figure 7.4: Identifying U2AF1Q157 signature for risk stratification of myeloid 
neoplasms. Hypothesis 1 focuses on developing the U2AF1Q157 signature. 

Hypothesis 2 focuses on candidate spliced gene selection and experimental studies 

to identify mis-spliced genes that may potentially explain the aggressive clinical 

phenotype engendered by U2AF1Q157. 

 

7.3.3 Splicing-induced neo-antigens for immunotherapy 
We have investigated mis-splicing attributed to trans-acting genetic variants in 

splicing factors SF3B1, SRSF2, and U2AF1 in myeloid neoplasms, and mis-splicing 

attributed to dysregulated gene expression of the splicing factor MBNL1 in myotonic 

dystrophy type 1 (DM1) patients.  

The third mechanism by which mis-splicing may occur is by cis-acting genetic 

variants, particularly in cancers. Somatic variants may introduce novel splice sites and 

consequently alter the open reading frame (ORF) of the isoform. The change in ORF 

may introduce a premature stop codon (PTC) and consequently subject the isoform to 

nonsense-mediated decay (NMD). The resulting degraded peptides are presented on 

the cancer cell surface. These neo-antigens may elicit an immune response against 

the cancer cells (Smart et al., 2018). 

The effect of cis-acting somatic variants on mis-splicing and ultimately neo-

antigen generation was studied across 32 solid cancer types from TCGA (Jayasinghe 
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et al., 2018; Kahles et al., 2018), but the effect of cis-acting somatic variants on mis-

splicing has not been investigated in blood cancers such as acute myeloid leukaemia 

(AML). It is noteworthy that trans-acting somatic variants on SF3B1 on mis-splicing 

and neo-antigen generation have been characterised in myeloproliferative neoplasm 

(MPN) patients (Schischlik et al., 2019). This hints at mis-splicing, either by cis- or 

trans-acting variants, as a potential source of neo-antigens in blood cancers. 

Therefore, cis-acting somatic variants may also have the potential to generate 

splicing-induced neo-antigens in myeloid neoplasms. Here, the NMD prediction 

algorithm by MARVEL will be useful in predicting spliced genes subjected to NMD, 

and by extension, neo-antigen creation. The characterisation of the repertoire of 

splicing-induced neo-antigen in myeloid neoplasm from publicly available datasets 

such as BeatAML and TCGA may aid in assessing the potential utility of 

immunotherapy in myeloid neoplasm patients (Figure 7.5). Neo-antigens are 

associated with immune response, and this immune signature may serve as a 

potential biomarker for the immunotherapy (Wen & Leong, 2019; Wen et al., 2016).  

 

 

 
 

Figure 7.5: cis-acting somatic variant in cancer leading to aberrant splicing, neo-
antigen presentation, and immune response. These variants may introduce a 

cryptic splice site and disrupt the ORF of the isoform, ultimately leading to NMD and 

neo-antigen presentation on the cancer cell surface and immune response against 

these neo-antigens. 

 

7.4 Conclusion 
 We have developed a computational framework for single-cell splicing analysis 

and demonstrated its application on plate- and droplet-based RNA-seq datasets. Our 
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framework will provide the foundation for adding new functionalities to more 

comprehensively characterise the splicing landscape and identify reliable candidate 

spliced genes for downstream experimental studies. We anticipate our framework to 

be prospectively applied to reveal biological insights in both health and disease states, 

and across different scientific disciplines, including haematology, immunology, drug 

discovery, and basic science. 
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