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ABSTRACT
The profiling of gene expression patterns to glean biological insights from single cells has become 
commonplace over the last few years. However, this approach overlooks the transcript contents 
that can differ between individual cells and cell populations. In this review, we describe early work 
in the field of single-cell short-read sequencing as well as full-length isoforms from single cells. We 
then describe recent work in single-cell long-read sequencing wherein some transcript elements 
have been observed to work in tandem. Based on earlier work in bulk tissue, we motivate the 
study of combination patterns of other RNA variables. Given that we are still blind to some aspects 
of isoform biology, we suggest possible future avenues such as CRISPR screens which can further 
illuminate the function of RNA variables in distinct cell populations.
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Introduction

The field of single-cell omics has taken the study 
of gene expression and the resulting inference of 
cell-type composition, trajectory analysis, and reg
ulatory mechanisms to new levels with hundreds 
of papers now being published on a yearly basis. 
The total number of studies is over 1800 at the 
time of writing [1]. Unlike bulk RNA sequencing, 
single-cell RNA sequencing employs the labeling 
of reads with a barcode identifier that denotes 
their cell of origin. These barcodes can either be 
attached by isolating single cells in wells, or by 
employing droplet-based microfluidics. Since 
2015, this method has been harnessed to yield 
genomic and transcriptomic insights about the 
individual cell, as well as differences between cell- 
type populations. Somewhat less appreciated, but 
nevertheless strongly noticed, has been the study 
of RNA isoforms in single cells.

When discussing RNA, the term “isoform” has 
been used with some ambiguity. Loosely speaking, 
the word isoform is used when RNA attributes distin
guish different transcripts generated from the same 
gene. Such RNA attributes – or “RNA variables” [2], as 

we like to call them, include varied primary sequence 
elements such as the choice of the transcription start 
site (TSS), alternative acceptors, donors and selective 
exon inclusion, as well as the choice of polyadenyla
tion (polyA) site. While not considered in state-of-the- 
art annotation projects [3–5], polyA-tail length could 
likewise be considered an isoform-defining element in 
the primary sequence [6–8], with implications in 
development and disease. RNA modifications and 
secondary structure also add to the complexity of 
RNA molecules. However, in contrast to other RNA 
variables, RNA modifications and structure are not 
directly measurable in cDNA. The exception to this 
rule is RNA editing – where modified adenosine resi
dues are turned into inosine, which are then read as 
guanosines during reverse transcription – thus repre
senting an RNA modification that can be detected in 
full-length cDNAs. In our lab, we reserve the term 
“isoform” to denote long RNA molecules which can 
harbor multiple alternative RNA variables in tandem. 
We refer to events involving changes in the state of 
single RNA variables by specific definitions such as 
“included alternative exon” or a “modified base”. 
Thus, the study of RNA isoform expression at single- 
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cell resolution allows for the study of one or multiple 
of these RNA variables in single cells. Obtaining sin
gle-cell isoform readouts gives insights into the com
plex usage patterns of RNA variables at the level of rare 
cell types, intermediate cell states, and disease 
conditions.

In this review, we focus on the merits and pit
falls of analyzing isoform readouts from single 
cells and cell types and discuss the state of the 
art on these approaches. We describe studies that 
have discovered novel RNA variables and prefer
ential usage of isoforms either in specific cell types 
or under pathological conditions. Throughout the 
review, we emphasize the need for detecting and 
devising methods for treating artifacts that may 
arise either during the library preparation or the 
sequencing steps. Finally, we discuss the multimo
dal measurements we can currently detect in tan
dem with isoform expression and speculate about 
future innovations that can allow us to study tran
scription at the single-cell level from more than 
one angle.

Single-cell resolution – why? Diversity of cell 
types vs. diversity of single cells

Early work in the field of single-cell sequencing 
involved deep Illumina sequencing of a small 
number of cells which were either isolated in 
wells (Smart-Seq) or captured using microfluidic 
approaches, such as the Fluidigm C1. This 
approach allowed researchers to ask how one indi
vidual cell differs from another in its molecular 
makeup. Most of the efforts involving the devel
opment of single-cell technologies focused on 
blood samples due to easy accessibility, the nature 
of blood being a single-cell suspension, the exis
tence of well-characterized cell types, and their 
relevance to immunology [9]. The brain was also 
commonly investigated, conversely motivated by 
the desire to uncover the complexity of brain cell 
types and the difficulty in dissociating single cells. 
Studies querying splicing patterns at the single-cell 
level suggested that intermediate inclusion levels 
of exons previously observed in bulk tissue could 
in large parts be explained by high inclusion levels 
in some cells and low inclusion levels in others 
[10,11], often termed exon bimodality. Shalek et al. 
demonstrated an example of bimodality for an 

exon in the mRNA of transcriptional regulator 
Irf7 which is alternatively spliced in bone-marrow 
derived dendritic cells and can differentially acti
vate two cell populations with distinct transcrip
tomic signatures [10]. Follow-up studies, while still 
observing this bimodality for ~20% of exons, 
showed that unimodality is much more common 
than multimodality [12]. Other studies since have 
made the argument that bimodality can be 
explained by technical artifacts such as informa
tion loss in library preparation resulting in low 
coverage in individual cells [13]. They recommend 
using stringent normalization and filtering meth
ods to gain biologically meaningful results, or cau
tion against estimating differences in isoform 
abundances at the single-cell level [14,15]. These 
studies typically employed short-read data, which 
does not allow for the identification of full-length 
isoforms constructed from the combination of 
multiple RNA variables.

Based on the development of long-read RNA 
sequencing [16–18], later studies using Pacific 
Biosciences (PacBio) long-read sequencing for 
a few individual cells from the oligodendrocytic 
lineage revealed important biological insight into 
the vast transcript diversity of single cells and 
argued against the aforementioned bimodality 
argument [19]. Karlsson and Linnarson addition
ally showed that isoform diversity scales up with 
gene expression; however, they find that coding 
isoforms are subject to tighter regulation and evo
lutionary constraints. Additional work using 
Oxford Nanopore Technologies (ONT) on 7 and 
96 single cells revealed differential usage of com
plex isoforms in B-cell surface receptors, and par
ticularly highlighted a population of cells 
exhibiting immunotherapy resistance through the 
loss of a CD19 epitope upon treatment [20]. 
However, at the time of writing, while useful for 
understanding the complexity within individual 
cells, experiments with less than 100 cells would 
in most cases be deemed inadequate for determin
ing the differences between a-priori unknown cell 
populations present among these cells.

With the field expanding over the last decade, 
new protocols and bioinformatic tools have been 
developed to investigate splicing at the single-cell 
level; a list of the most recent ones at the time of 
writing can be found in Tables 1 and 2. We now 
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possess methods to extract splicing information in 
a variety of distinct settings and therefore query 
cell-type specific usage of RNA variables. This can 
be achieved from tens of thousands of fresh indi
vidual cells either by long-read sequencing [24,25], 
using methods to enrich for barcoded, spliced 
cDNAs from thousands of single nuclei, [31] or 
by short-read sequencing [13,42]. Using single-cell 
long-read sequencing, we found splicing patterns 
distinguishing subtypes of hippocampal inhibitory 
neurons and granule neuroblasts as early as 
postnatal day 7 for the calcium/calmodulin depen
dent protein kinase II beta (Camk2b) gene [34]. 
Using SMART-seq short-read sequencing data, 
Booeshaghi et al. showed differential exon usage 
between glutamatergic and GABAergic neurons in 
the mouse primary motor cortex for Oxr1, a gene 
involved in preventing neurodegeneration through 
oxidation resistance [42]. Similarly, using 10x sin
gle-cell RNA-seq data and their computational 
framework Psix, Buen Abad Najar et al. [13] 
looked at midbrain dopamine neurons through 
development. They identified 78 differentially 
spliced exons that correlated with changes in 

expression and binding of neuronal splicing fac
tors such as Nova1, Rbfox1 and Mbnl2, which can 
have downstream regulatory consequences. 
A more recent computational framework that 
uses generalized linear models (GLMs) to identify 
differential splicing across conditions while con
trolling for length biases in single-cell short read 
data was developed by Benegas et al. [38]. They 
used this framework, scQuint, to identify thou
sands of alternative splicing events in the motor 
cortex and B-cell development in the bone mar
row. This approach is especially useful for lever
aging the large amount of droplet-based scRNA- 
Seq short-read data generated in the last decade.

In our own work using a combination of short 
and long reads, we found the Bin1 gene to be 
broadly expressed across cell types in the 
postnatal day 1 (P1) mouse cerebellum, while 
some of its full-length isoforms were almost per
fectly unique to distinct neuronal and glial cell 
types [24]. A more precise investigation of single- 
cell isoforms in the P7 mouse prefrontal cortex 
and hippocampus showed that the majority of 
brain-region specific isoform expression is caused 

Table 1. Wetlab protocols for profiling splicing information from single cells.

Method

Profiled RNA variables

Cell number

Sequencing 
technology to 
profile splicing PublicationExons

Exon 
junctions TSS PolyA

Complete 
isoforms Other

Smart-Seq2 Yes Yes Yes Yes No - ~30–160 Short-read 
(Illumina)

Picelli et al, 
2013 [21]

R2C2 Yes Yes Yes Yes Majority - 96 
(extended to 

5,000–15,000 in 
2022) [22]

Concatenated long- 
read (ONT)

Volden et al, 
2018 [23]

ScISOr-Seq Yes Yes Yes Yes Majority - ~5,000–15,000 Long-read (Pacbio, 
ONT)

Gupta et al, 
2018 [24]

RAGE-Seq Yes* Yes* Yes* Yes* Majority Targeted T- and 
B-cell receptor 
clonotyping 
* Focused on VDJ

~5,000–15,000 Long-read (ONT) Singh et al, 
2019 [25]

Smart-seq3 Yes Yes Yes Yes No - ~3,000–5,000 Short-read 
(Illumina)

Hagemann- 
Jensen et al, 
2020 [26]

Smart-seq-total Yes Yes Yes Yes No Non poly(A) 
transcripts

~200–600 Short-read 
(Illumina)

Isakova et al, 
2020 [27]

ScNaUMI-Seq Yes Yes Yes Yes Majority ~5,000–15,000 Long-read (ONT) Lebrigand et al, 
2020 [28]

FlsnRNA-Seq Yes Yes Yes Yes Minority - ~5,000–15,000 Long-read (ONT) Long et al, 2021 
[29]

LR-SplitSeq Yes Yes Yes Yes Minority - ~1,000 (long-reads) 
~37,000 (short 

reads)

Long-read (Pacbio) Rebboah et al, 
2021 [30]

SnISOr-Seq Yes Yes Yes Yes Minority - ~5,000–15,000 Long-read (Pacbio, 
ONT)

Hardwick et al, 
2022 [31]
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by one clearly definable cell type [34]. However, 
for a smaller set of genes, multiple cell types show 
the same brain-region specific isoform expression 
patterns [34]. Considering multiple adult brain 
regions, cell subtypes, and developmental time 
points, we found that the majority of genes alters 
isoform expression in at least one of these three 
dimensions for matched cell types. We further
more found that isoforms distinguish neuronal 
subtypes, and clustering on long reads recovered 
short-read derived cell types and hinted at the 
possibility of recovering cell states [43]. Long- 
read clustering was also explored by other groups 
[28,30,44] who achieved higher throughput of 
sequencing per single cell, by using library pre
paration methods such as combinatorial barcoding 

(LR-SplitSeq), concatenating cDNA molecules 
(MAS-Iso-Seq), or only using a subsample of 
cells for long-read sequencing [37]. Bioinformatic 
tools such as SiCeLoRe [28] leverage error- 
correction of ONT reads to get higher throughput, 
and the aforementioned scQuint [38] uses 
Variational Autoencoders (VAE) for dimensional
ity reduction of short-read data to visualize cell 
types as defined by splicing. Since long-read 
sequencing captures full-length transcripts, includ
ing their 5’ ends, we found several examples of 
other RNA variables such as TSS-mediated iso
form regulation, especially in choroid plexus 
epithelial cells at P7 [34]. Novel TSS were found 
in key transcription factors such as Smarca4 and 
Foxp1 during B-cell development, and splicing 

Table 2. Bioinformatic tools to analyze splicing information from single cells.
Name Applications Data type Publication Code

C3POa Consensus calling on R2C2 data Barcoded ONT long reads 
prepared using R2C2 
protocol

https://github.com/christo 
pher-vollmers/C3POa

Volden et al, 
2018 [23]

snuupy Barcode/UMI calling, error correction, extract 
splicing information

Barcoded ONT long reads + 
10x reference barcodes and 
UMIs

https://github.com/ZhaiLab- 
SUSTech/snuupy

Long et al, 
2020 [29]

TALON Processing of long-reads. Single-cell 
functionality now available

Platform agnostic long read 
data

https://github.com/mortazavi 
lab/TALON

Wyman et al, 
2020 [32]

Sierra Differential transcript usage 10x short reads https://github.com/VCCRI/ 
Sierra

Patrick et al, 
2020 [33]

sicelore Error-corrected barcode calling Barcoded ONT long reads + 
10x reference barcodes and 
UMIs

https://github.com/ucagen 
omix/sicelore-2.1

Lebrigand 
et al, 2020 [28]

scisorseqr Perfect-match barcode calling, Isoform 
identification, differential isoform expression, 
visualization

Barcoded PacBio/ONT long 
reads + 10x reference 
barcodes

https://github.com/noush- 
joglekar/scisorseqr

Joglekar et al, 
2021 [34]

ScNapBar Error corrected barcode calling Barcoded ONT long reads + 
10x reference barcodes and 
UMIs

https://github.com/dieterich- 
lab/single-cell-nanopore

Wang et al, 
2021 [35]

IsoTools Isoform identification, differential splicing 
analysis, visualization

Platform agnostic long read 
data

https://github.com/ 
MatthiasLienhard/isotools

Lienhard et al, 
2021 [36]

LR-splitpipe Barcode detection of LR-SplitSeq Combinatorially barcoded 
smart-seq2 reads

https://github.com/fairliereese/ 
LR-splitpipe

Rebboah et al, 
2021 [30]

FLAMES Barcode and UMI detection, isoform 
quantification, differential splicing analysis

ONT long read data https://bioconductor.org/ 
packages/release/bioc/html/ 
FLAMES.html

Tian et al, 
2021 [37]

scQuint Differential splicing analysis 10x 3’ short reads https://github.com/songlab-cal 
/scquint

Benegas et al, 
2022 [38]

spliZ Differential splicing analysis 10x 3’ short reads https://github.com/juliaolivieri/ 
SpliZ_pipeline/

Olivieri et al, 
2022 [39]

Psix Differential alternative splicing events Platform agnostic short read 
data

Buen Abad 
Najar et al, 
2022 [13]

IsoQuant Isoform detection and processing of long- 
reads. Single-cell functionality now available

Platform agnostic long read 
data

https://github.com/ablab/ 
IsoQuant

Prjibelski et al, 
2023 [40]

BLAZE Barcode detection ONT long read data https://github.com/shimlab/ 
BLAZE

You et al, 2023 
[41]

IsoSeq3 Barcode calling on PacBio data, Barcoded PacBio long reads 
+ 10x reference barcodes

https://github.com/ 
PacificBiosciences/IsoSeq

Sockeye Barcode and UMI calling on Nanopore data ONT long read data https://github.com/epi2me- 
labs/wf-single-cell
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factors such as Rbfox1 in the motor cortex [38]. 
Switches in novel alternative TSS usage were also 
reported during myocyte differentiation, some 
examples of which were validated with 
a corresponding increase in chromatin accessibil
ity through Assay for Transposase-Accessible 
Chromatin sequencing (ATAC-seq) at the single- 
nuclei level [30]. Tian et al. [37] additionally used 
correlated differential TSS usage in cancer cell 
lines with open promoter peaks in scATAC-Seq, 
further demonstrating the power of full-length iso
form sequencing.

Sequencing individual nuclei from frozen 
human-brain tissue also revealed programs of 
alternative splicing. Prior bulk RNA-seq research 
in brain tissue had shown that thousands of 
microexons are highly cell-type specific and 
regulated by splicing factors such as RBFOX 
and nSR100/SRRM4, in addition to having 
a strong link to autism [45–47]. In human cor
tical single-nuclei data, when comparing exons 
associated with multiple neurological diseases, 
we found autism spectrum disorder (ASD) asso
ciated exons to exhibit the greatest degree of 
neuronal and glial specificity [31]. Exons asso
ciated with amyotrophic lateral sclerosis (ALS) 
also showed increased cell-type specificity – 
although to a lesser extent than those associated 
with ASD. While neuronal microexons are dys
regulated in ASD [46,48,49] in the human fron
tal cortex, cell-type specificity also extends to 
longer exons albeit with less strength, and 
some microexons are also expressed in glial cell 
types [31]. The potential functions of these 
exons can be used to inform drug design in 
targeting specific cell types. As single-cell work 
is bringing more insight into pathological 
mechanisms, it is also opening the door for 
novel disease treatments.

Advancing therapeutics by investigating 
differential isoform expression

Using single-cell long-read sequencing, differen
tial isoform expression is often observed within 
cancer cell types. Recent work reported tumor- 
specific isoform usage as a byproduct of epithe
lial to mesenchymal transition in the tumor 
microenvironment [50]. Dondi et al. found 

over fifty thousand novel isoforms as well as 
programs of genomic and transcriptional dysre
gulation. They also described an IGF2BP2: 
TESPA1 gene fusion found in the cancer cells 
of a patient which had been mischaracterized as 
an upregulation of TESPA1 with prior short- 
read technologies. This highlights how useful 
single-cell long-read technologies can be when 
discussing diagnosis and personalized medicine. 
A manifold of novel full-length isoforms in 
complex tissues such as brain and blood have 
also been described, revealing previously unan
notated TSS, polyA sites, and alternative exons 
in excitatory, inhibitory neurons, and glial sub
types [24,34] as well as in B and T cells [22]. 
Related work showed high diversity of isoforms 
for the surface receptors that define cell identity 
and dictate interactions within the immune sys
tem. The study of Human Leukocyte Antigen 
(HLA) isoforms also allowed for the identifica
tion of allele-specific isoform expression, includ
ing intron retention, alternative exons and 
polyA sites [51]. Such work is particularly sig
nificant not only to understand the immune 
response to disease, but also for the develop
ment of novel therapeutic approaches.

Splicing-based therapeutic approaches have 
also been discussed in relation to cancer treat
ments. Data from over 8,000 patients and 32 
cancer types demonstrated a 30% increase in 
alternative splicing events in tumors compared 
to healthy tissue, with over 900 exon junctions 
detectable only in tumors [52]. Thus, a novel 
cancer therapy could employ neoantigens which 
are tumor splice-site specific. Similarly, other 
therapies targeting cancer-specific alternative spli
cing include targeted splicing-factor small mole
cules, such as pladienolides which block the 
assembly of the spliceosome [53–55]. Antisense 
oligonucleotides (ASOs) have been developed to 
target splicing enhancers or repressors, such as 
hnRNPA1/A2 to include exon 7 along the SMN2 
gene, as a clinically approved treatment for spinal 
muscular atrophy [56–58]. This work is a prime 
example of how understanding a fundamental 
molecular process and its downstream effects is 
crucial to further the treatment for many diseases, 
especially in cases where splicing may be cell-type 
or cell-state specific.
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Combination patterns of RNA variables: 
exhaustive exploration vs. coordination

The above work has revealed interesting observa
tions on individual RNA variables. As isoforms 
can harbor many RNA variables, the question of 
how these variables are combined into complete 
isoforms is of interest to understand the extent of 
molecular variation. Early studies have shown the 
coordination of alternative splicing with promoter 
and polyadenylation site usage, transcription elon
gation rates, and sequence motifs found in sur
rounding introns and exons [59–62]. Over the last 
few years, such works have inspired our lab and 
others to invest considerable energy into under
standing these combination patterns at the single- 
cell level in complex tissues and in a high through
put manner. Overall, the community has found 
that many genes harbor at least one pair of coor
dinated exons [63–65], with examples of mutually 
exclusive exons found in various pathologies. Such 
examples include cancer with the coordination of 
two exons of TMEM16A, a gene encoding 
a chloride channel overexpressed in many breast 
cancer tumors [66]. Another well-known spliceo
pathy is myotonic dystrophy [67] where many pre- 
mRNA molecules are mispliced, giving rise to fetal 
isoforms which in turn impair myogenesis. 
Among others, one example is the two mutually 
exclusive exons α1 and α2 of the MEF2D gene, 
a transcription factor essential in muscle cell dif
ferentiation and development.

Although coordination effectively limits the 
variety of isoforms expressed, many genes do con
tain randomly paired exon pairs, thereby increas
ing the isoform number per gene considerably. 
Single-cell long-read approaches have enabled the 
investigation of how RNA-variable coordination 
differs among cell types. A surprising observation, 
made in both mouse [24] and human [31] brain, is 
that alternative exon pairs with (“distant pairs”) 
and without (“adjacent pairs”) intervening exons 
behave differently. Indeed, distant pairs that are 
coordinated, i.e., distant pairs with a preference for 
two combinations as opposed to the theoretically 
possible four, usually achieve coordination in bulk 
through cell-type specific isoform expression 
[24,31]. In other words, for mutually associated 
but distant exons, the both-exon-in isoform 

characterizes one cell type, while the both-exons- 
out isoform characterizes another (Figure 1a). For 
adjacent coordinated exons, however, a different 
pattern emerges: the preference for two isoforms 
out of the four possible ones is usually observed 
the same way in at least one cell type (Figure 1b). 
Additionally, when coordinated, adjacent exon 
pairs are predominantly mutually associated, 
whereas distant ones have a higher tendency to 
also allow for mutual exclusion [24,31] (Figure 1c).

Of note, previous research has established that 
promoter structure can influence splicing deci
sions [60,68–70] and a genome-wide trend was 
suggested based on the analysis of annotated tran
scripts [71]. Cramer et al. [60] used multiple 
genetically engineered constructs to drive tran
scription of the fibronectin gene from distinct 
promoters and found differences in the inclusion 
of an internal exon, depending on the employed 
promoter. Of course, within complex human tis
sue, no such genetic engineering can occur. 
However, human genes can have multiple TSS 
that are separated by tens of thousands of bases. 
In these situations, the same gene can be driven 
from distinct promoters, which makes the logic by 
Cramer et al. applicable to alternative splicing in 
complex tissue. Therefore, one would expect to 
find associations between TSS choice and exon 
inclusion in genomic data, which we found as 
coordinated TSS-exon pairs in our human brain 
single-nuclei isoform data. While these were less 
prevalent than coordinated exon–exon pairs in our 
scan, in terms of cell-type specific expression of 
these pairs, coordinated TSS-exon pairs behaved in 
majority like distant exon pairs and oppositely to 
adjacent pairs. In most cases, either the choice of 
the alternative TSS or the exon is constitutive at 
the cell-type level (Figure 1d). Therefore, distant 
coordinated exon pairs, as well as coordinated 
TSS-exon pairs tend to distinguish cell types, but 
the resultant isoforms tend to co-occur less within 
the same cell type [31].

Notably, for most coordination events, we cur
rently ignore whether they mechanistically influ
ence each other, or whether there is an external 
factor governing the inclusion of both. For two 
exons in the FN gene, it has been shown that 
RNA Polymerase II speed influences the inclusion 
of both exons [61]. It stands to reason that this 
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model may affect other exon pairs as well. 
However, to what extent this model links to most 
exon-coordination events is so far unknown.

Given the above considerations about the varia
bility of some splicing events across single cells, for 
some exon-coordination events, measurements 
with single-cell and even single-cell-single- 
nucleotide resolution might considerably advance 
the field. In this respect, technologies like 
PERTURB-Seq [72–74], which apply scRNA-seq 
to CRISPR screens could add important insights 
to the field. Although the original publications of 
these techniques investigated immune response in 

the brain, T-cell receptor induction, as well as 
unfolded protein stress response, some recent 
work has focused on RNA variables, notably look
ing at polyA site usage and polyadenylation regu
lation [75]. Paired with long-read sequencing, such 
techniques would gain isoform resolution and 
could answer questions such as (i) which splicing 
factors control which exons? (ii) If multiple exons 
in one gene are affected, are they affected in 
a coordinated manner or not? Finally, (iii) does 
the CRISPR-mediated deletion of one exon affect 
the splicing of introns surrounding the second 
exon in the same molecule?

Figure 1. Coordination patterns of RNA variables (a) Distantly coordinated exons exhibit cell-type specificity wherein Cell type 1 (top 
left) has both exons being included across most/all transcripts whereas Cell type 2 (top right) has both exons being skipped (b) 
Adjacent coordinated exons tend to be cell-type agnostic, wherein both cell types exhibit two distinct patterns of coordination, 
albeit to different degrees, (c) Distantly coordinated exons (top) are are frequently mutually exclusive, meaning that transcripts 
include either the first or the second alternative exon. Adjacent coordinated exons (bottom) on the other hand are primarily 
mutually associated, meaning that both exons are either included together, or skipped together. (d) Transcription start sites (TSS) 
usage can also be coordinated with the presence or absence of alternative exons. Cell type 1 displays an upstream canonical start 
site, whereas Cell type 2 displays an alternative TSS which co-occurs with the existence of the highlighted exon in teal. These 
patterns are similar to distantly coordinated exons in that they are cell-type specific (e) Same as in (d) but for alternative poly(A) site 
usage which is also cell type specific.
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Quality, barcode calling, and throughput – 
important factors in single-cell long-read 
sequencing

Barcoding approaches were primarily pioneered to 
facilitate the identification of the cell-of-origin of 
each RNA molecule to subsequently determine cell- 
to-cell variability in gene expression [76,77] and then 
to define cell types in complex tissue. The concept of 
unique-molecular-identifiers (UMIs) was later added 
to distinguish PCR duplicates. An unintended, yet 
interesting consequence is that after PCR, the result
ing cDNA mixes contain many copies of the same 
original RNA molecule. Such cDNA mixes can then 
be split into pools for multiple experimental proce
dures. We recently followed this paradigm to get 
a sequencing readout for the same individual RNA 
molecule on both the PacBio platform and the ONT 
system [78]. This highlighted that annotation- 
diverging NAGNAG acceptors in ONT reads are 
usually confirmed by the PacBio platform for the 
same molecule. However, GTNNGT annotation- 
diverging donors suggested by the ONT reads are 
almost never confirmed. Such knowledge formed the 
basis for creating accurate long-read interpretation 
software [40].

Just like for single-cell short-read sequencing, non- 
microfluidic approaches have also been explored for 
high-throughput single-cell long-read sequencing. In 
combination with long-read sequencing, Rebboah 
et al. [30] have used a kit from Parse Biosciences, 
which uses a split-pool approach to allow sequential 
cDNA barcoding through ligation for higher cell 
numbers. Furthermore, barcoding techniques can be 
applied to mounted tissue slices to obtain the location 
in addition to the spot of origin for an RNA molecule. 
We leveraged this technique to obtain spatially 
resolved isoform expression in the brain, and showed 
clear gradients in isoform choice on a tissue slice 
during cellular differentiation and postnatal develop
ment [34]. Extending this work further, Lebrigand 
et al. [79] developed a method to obtain higher 
throughput for spatial isoform information and 
demonstrated region-specific isoform switching in 
the olfactory bulb, and provided an A-to-I RNA- 
editing map in adult mouse brain. They showed that 
the RNA-editing landscape varies across brain 
regions, and that the thalamus is an outlier in terms 
of A-to-I editing, correlating with an increase in the 

gene expression of editing enzymes adenosine deami
nases (ADARs). Accordingly, we recently showed the 
thalamus being an outlier in terms of regional isoform 
specificity, as defined by splicing, TSS and poly(A) 
sites [43]. These studies underscore the importance 
of considering more than one aspect of RNA biology 
when studying single-cell gene and isoform 
expression.

Fundamental to the success of single-cell isoform 
studies are (i) the number of distinct molecules per 
cluster or per individual cell that one is able to record, 
as well as (ii) the accuracy with which barcodes/UMIs 
can be retrieved. PacBio and ONT, which are currently 
the two long-read technologies of choice, are both 
improving. PacBio, which achieves highly accurate 
reads, is working toward higher throughput using 
methods of concatenating molecules [44,80]. ONT 
achieved very strong throughput and averages around 
50–100 million cDNA molecules per run of 
a PromethION flow cell and is improving accuracy 
with its Q20+ chemistry.

Throughput and quality essentially define the suc
cess of recognizing barcodes and UMIs. Given the 
very high quality on the PacBio system, perfect- 
match searches for these elements are certainly the 
most precise approach without substantial losses in 
recall. On the Nanopore system however, with much 
higher throughput yet lower quality basecalling, per
fect-match searches are prone to strong losses in recall. 
To circumvent this, methods like rolling-circle ampli
fication were successfully introduced to obtain high 
accuracy albeit at the cost of throughput [23]. More 
recently, a number of error-allowing algorithms have 
been proposed for barcode deconvolution 
[28,35,41,81]. Some of these approaches use heuristics 
or network analysis, while others employ deep learn
ing. Of note, to-date, we do not have a perfect under
standing of the biases, limitations and advantages of 
each approach – a topic certainly in need of a closer 
look.

Single-cell measurements to studying RNA 
isoforms – what can we measure at this point, 
what are we yet blind to?

The research described above has allowed us to 
investigate usage and combination patterns of 
some RNA variables (Figure 2a) that exist in bulk 
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[63–65] and in single cells [24,31,34]. However, 
the combination patterns of RNA modifications 
with themselves as well as the aforementioned 
TSS, exons, and polyA sites remain relatively 
under-described in single cells. In bulk, an RNA 
editing site in the Glur-B gene, which lies one 
nucleotide away from the exon/intron border of 
exon 13 has been connected to splicing execution. 
Splicing of the rat GLUR-B pre-RNA molecule 
prior to RNA editing has been shown to eliminate 
all editing of this site while prior editing does not 
inhibit splicing in vivo. In vitro, additions of ade
nosine deaminase to GLUR-B pre-RNA molecules 
shows eradication of splicing around this editing 
site [82]. This suggests that in vivo interactions 
between editing and splicing machinery exist 
such that they sequentially process RNA molecules 
without impediment. Such an example raises mul
tiple fundamental questions on whether RNA 

editing, as well as RNA modifications such as 
m6As or RNA structures can be coordinated gen
ome-wide and at a cell-specific level (Figure 2b). 
While RNA-editing events can be easily studied 
using single-cell cDNA sequencing, most other 
RNA modifications will require more elaborate 
approaches, as these modifications are lost during 
the usual cDNA preparation steps. One way of 
circumventing this problem is the usage of 
reverse-transcription assays that introduce mis
matches in the cDNA upon encountering RNA 
modifications or unstructured regions, or the 
induction of in vitro targeted RNA-editing that 
could then be detected in the cDNA molecule. 
Analysis of the mismatches with respect to the 
genome would then essentially allow the localiza
tion of modifications and/or RNA structure ele
ments in single-cell cDNAs. An alternative to this 
approach is to add chemical modifications to non- 

Figure 2. RNA variables in single cells. (a) Schematic of the RNA variables of a gene at the DNA (TSS and polyA site usage, allele- 
specific sequence) and RNA (nucleotide modifications and editing, alternative splicing, secondary structures) level. (b) Differential 
RNA variables between hypothetical cells 1 and 2 for i) alternative splicing, ii) alternative TSS and polyA usage, iii) RNA modifications, 
iv) RNA editing, and v) protein interactions and RNA structure in single cells. (c) Availability of data and techniques to address RNA 
variables in single cells, as of time of publication (see main text).

100 A. JOGLEKAR ET AL.



structured regions and then to deduce the pre
sence of such modifications (and thus the absence 
of structure) through changes in direct RNA 
sequencing signal using ONT. This approach has 
been successfully taken to reveal isoform-specific 
RNA structures, showing that alternative isoforms 
may exhibit structural differences in shared exons, 
which may correlate with differences in translation 
efficiency [83]. This could in principle be 
employed in single cells as well – if direct RNA 
single-cell sequencing was to become possible, 
a frontier we recently commented on [2].

Isoform biology is tightly linked to a variety of 
other factors. Particularly in human tissues, 
somatic mutations can affect transcriptional out
comes, and SNVs linking to distinct transcrip
tional profiles have been detected with some 
success from ONT long-read data [37]. In addition 
to splicing factors, noncoding RNAs such as 
snRNAs are intricately linked to the splicing pro
cess and microRNAs have been linked to 3’UTR 
regulation. Moreover, chromatin structure and 
transcription-factor binding can also influence 
alternative splicing (see reference [84] for review). 
Allowing the study of chromatin and RNA in the 
same single cells, 10 Genomics released their 
Single-Cell Multiome kit in 2020, which measures 
both gene expression and chromatin accessibility 
in single cells. This novel technology expands the 
field by revealing a fuller picture of what happens 
inside a single cell, and how variables such as 
chromatin accessibility, cell-type, age, or disease 
can influence gene expression. Thus, from an iso
form perspective, any multimodal measurement 
that measures one of the above factors along with 
the full-length isoforms in a single cell would allow 
us to decipher the regulatory mechanisms under
lying isoform expression and their association with 
development and disease. Figure 2c highlights the 
next frontiers to tackle for the field to achieve 
a fuller picture of isoform biology in single cells.

Conclusion

Alternative splicing is an important step of RNA 
processing that confers a high degree of specializa
tion to cellular function. In this review, we motivate 
the need for single-cell measurements of transcript 
diversity and point out the shortcomings of only 

focusing on gene counts by highlighting various 
studies that have identified novel RNA variables 
and isoform patterns that are specific to cell types 
and tissues. As a community, we have made signifi
cant headway in mapping the transcriptional pro
files of common and rare cell types in various 
tissues, and in the context of disease. However, 
further technical advances will be needed to map 
out the splicing patterns and transcriptional diver
sity on the single-cell front. Given the many sources 
of noise that can arise in the preparation and 
sequencing of single-cell splicing libraries, we warn 
the reader to treat biological results and potential 
artifacts with caution. Nevertheless, with increasing 
technological advancements in terms of throughput, 
accuracy, and read length, we are getting closer to 
being able to assess isoforms at the single-cell level 
in a widespread manner. Additionally, with a greater 
understanding of technical artifacts, we are in 
a demonstrably better position to come up with 
analysis methods that circumvent these issues and 
still yield biologically meaningful results. Finally, we 
discuss the myriad ways in which we can enhance 
our understanding of molecular dynamics in single 
cells by coupling isoform sequencing with readouts 
of other modalities such as chromatin conforma
tion, RNA modifications, and protein structure, 
and speculate about other potential avenues of 
exploration.
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