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Integrating short-read and long-read single-cell
RNA sequencing for comprehensive transcriptome
profiling in mouse retina

Meng Wang,1 Yumei Li,1,2 Jun Wang,1 Soo Hwan Oh,1 Yexuan Cao,1 and Rui Chen1,2
1Department of Molecular and Human Genetics, Baylor College of Medicine, Houston, Texas 77030, USA; 2Human Genome
Sequencing Center, Baylor College of Medicine, Houston, Texas 77030, USA

The vast majority of protein-coding genes in the human genome produce multiple mRNA isoforms through alternative

splicing, significantly enhancing the complexity of the transcriptome and proteome. To establish an efficient method for

characterizing transcript isoforms within tissue samples, we conducted a systematic comparison between single-cell long-

read and conventional short-read RNA sequencing techniques. The transcriptome of approximately 30,000 mouse retina

cells was profiled using 1.54 billion Illumina short reads and 1.40 billion Oxford Nanopore Technologies long reads.

Consequently, we identify 44,325 transcript isoforms, with a notable 38% previously uncharacterized and 17% expressed

exclusively in distinct cellular subclasses. We observe that long-read sequencing not only matches the gene expression and

cell-type annotation performance of short-read sequencing but also excel in the precise identification of transcript isoforms.

While transcript isoforms are often shared across various cell types, their relative abundance shows considerable cell type–

specific variation. The data generated from our study significantly enhance the existing repertoire of transcript isoforms,

thereby establishing a resource for future research into the mechanisms and implications of alternative splicing within ret-

inal biology and its links to related diseases.

[Supplemental material is available for this article.]

The mouse retina is a complex neuronal tissue composed of over
130 unique neuronal cell types that are categorized into sevenma-
jor cell classes (Masland 2012; Grünert andMartin 2020; Yan et al.
2020). Each cell type differs in its morphology, function, location,
and transcriptomic profile (Jeon et al. 1998; Grünert and Martin
2020). Alternative splicing of pre-mRNA is a crucial mechanism
that enhances the diversity of transcriptome and proteome
(Wang et al. 2015). It regulates gene expression by producingmul-
tiple mRNA variants from a single gene, allowing for diverse
protein production. This process enables cells to adapt their func-
tion during development and in response to environmental
changes, underscoring its pivotal role in the complexity of multi-
cellular organisms. Similar to other neural tissues, the retina exhib-
its a notable enrichment of tissue-specific splicing events (Liu and
Zack 2013; Aísa-Marín et al. 2021). Previous research endeavors
have unveiled various aspects of retina-specific splicing, including
the identification of retina-specific exons, transcript isoforms, and
splicing regulators (Murphy et al. 2016; Ciampi et al. 2022). A com-
prehensive understanding of the expressed transcript isoforms,
coupled with insights into retina cell type–specific splicing events
as well as the expression patterns of transcript isoforms at the sin-
gle-cell level is indispensable for understanding the underlying
mechanisms of splicing and gene regulation. Furthermore, a com-
plete catalog of splicing isoforms in individual cell-type contexts
could guide the accurate prediction of the effect of genetic variants
in disorders related to the retina (Aísa-Marín et al. 2021).

Single-cell RNA sequencing (scRNA-seq) haswidely been used
to characterize cell-specific transcriptomic differences in various
neuronal tissues (Tian et al. 2021). Currently, scRNA-seq data pri-

marily consist of short-read sequencing technologies because of
their high accuracy, efficiency, and low cost (Amarasinghe et al.
2020). However, short-read RNA technology is limited to sequenc-
ing either the 5′ or 3′ end of the transcript, limiting the ability to
quantify RNA transcript isoforms (Byrne et al. 2019). Long-read
sequencing is an ideal technology to effectively identify alterna-
tive splicing and sequence heterogeneity in mRNA transcripts
(Kovaka et al. 2019). Indeed, recent studies of long-read-based
scRNA-seq technology have shown that distinct mRNA transcript
isoforms have been observed among different cell types (Tian et al.
2021). Unfortunately, to date, RNA transcript isoforms in the
mouse retina have not been systematically annotated and quanti-
fied in a cell type–specific context.

In this study, we adapted protocols from the 10x Genomics
and implemented a modified pipeline (Fig. 1A; Methods) to con-
duct Illumina short- and Oxford Nanopore Technologies (ONT)
long-read sequencing and data analysis at the single-cell level. By
profiling the transcriptome of single cells from mouse retinas
with short and long reads, we aimed to primarily assess the perfor-
mance of long-read sequencing at the gene expression level and
conduct an unbiased characterization of the isoform catalog at
the single-cell level in the mouse retina, which will be the first ex-
tensive examination of isoforms inmouse retina, offering valuable
insights into their diversity and abundance. Additionally, we
aimed to identify novel isoforms and those specific to particular
cell classes, thereby enhancing our understanding of isoform het-
erogeneity and its implications for cell function. Another goal was
to explore the differential usage and expression of isoforms across
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Figure 1. Overview of the experimental design and basic summary statistics between Illumina short-read (SR) and ONT long-read (LR) scRNA-seq. (A)
Summary of the study design, with an overview of the Illumina SR andONT LR scRNA-seq data processing pipeline. (B) Summary of cell count in eachmajor
retina cell class and subclass. (C) Uniform Manifold Approximation and Projection (UMAP) visualization of cells in each major retina cell class for SR (left
upper) and LR (left lower) and dot plots for viewing the expression level of known major cell class markers between SR (right upper) and LR (right lower)
data. (D) Scatter plot for single-cell gene expression levels calculated by two approaches in each major retina cell class. (E) Concordance of major cell class
annotation results between SR and LR. Only cells detected in both approaches were shown here. (F) Concordance of BC type annotation results between SR
and LR approaches. Only cells detected in both approaches were shown here. (G) UMAP visualization of cells in each BC type for SR (left upper) and LR (left
lower) and dot plots for viewing the expression level of known BC type markers between SR (right upper) and LR (right lower) data.
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cell classes and to determinewhether incorporating splicing infor-
mation can enhance cell subclustering and provide deeper insights
into cell diversity. Lastly, our study also included specific isoform
investigations using the extensive data set, which will further our
exploration, uncover additional discoveries, and advance our un-
derstanding of biological mechanisms.

Results

Single-cell RNA-seq with short- and long-read technologies

To benchmark and assess the performance of short-read and long-
read single-cell sequencing technologies comprehensively, we per-
formed the two technologies on cells isolated from four mouse
retina samples. These included two biological replicates from
wild-type retinas and two samples enriched in amacrine cell (AC)
and bipolar cell (BC), leading to a more comprehensive coverage
of rare cell types. A thorough comparison of short-read and
long-read sequencing methods was conducted, as detailed in
Supplemental Table S1.

In total, the transcriptomes of over 30,000 single cells from
four mouse retinas were profiled, generating 1.54 billion
Illumina short reads and 1.40 billion ONT long reads. The se-
quencing achieved high read coverage, with an average of over
45,000 reads per cell, and exhibited comparable depth between
the short- and long-read data sets. The median read length for
ONT was ∼1000 bp, corresponding to the average size of full-
length transcripts. The average base call quality score was ∼12.5,
corresponding to an estimated error rate of ∼5.6% (Supplemental
Fig. S1).

Cell clustering and annotationwere initially conducted on the
short-read scRNA-seq data set (Supplemental Data). Following the
analysis pipeline previously described (Li et al. 2024), a total of
29,191 cells that passed quality filters were integrated and clustered,
forming six major groups (Fig. 1B,C). Cell clusters were annotated
using established cell class–specific marker genes (Supplemental
Fig. S2; Li et al. 2024). Six major cell classes in the retina were iden-
tified, including 13,525 rod cells, 8863 BCs, 4571 ACs, 1218 cone
cells, 869 Müller glial cells (MGs), and 145 retinal ganglion cells
(RGCs). As expected, the twobiological replicates ofwild-type retina
displayed a similar distribution of cell-type proportions, with rod
cells being themost abundant (Supplemental Table S2). In contrast,
the samples enriched for ACs and BCs showed a significant increase
in the proportion of the corresponding cell classes (Supplemental
Table S2). Given the known heterogeneity within AC, BC, and
RGC classes, based on their distinct transcriptomic, morphological,
and functional properties, notable cell heterogeneity was observed,
particularly in AC and BC clusters. To attain higher resolution, ACs
were further clustered into three subclasses:GABAergic,Glycinergic,
and non-GABAergic non-Glycinergic (nGnG), while BCs were fur-
ther clustered into 14 cell types (Fig. 1B).

To compare the performance of long-read to short-read se-
quencing, we conducted cell clustering and annotation using
long-read data generated from the same set of samples. As depicted
in Figure 1A, long reads that passed quality filtering were demulti-
plexed based on cell barcodes (CBs) identified by short-read se-
quencing (details in Methods), resulting in ∼518 million long
reads across the four samples (Supplemental Table S3). Uponmap-
ping, cell clustering was performed, and the resulting clusters were
annotated using knownmarker genes, following the same pipeline
as the short-read data set. Consistently, six major cell classes were
identified with cell proportions similar to the short-read approach

(Fig. 1C,D; Supplemental Fig. S2). The consistency of cell class an-
notations between the short-read and long-read data sets was ana-
lyzed by comparing individual cell annotations (Fig. 1E). Over
98.0% of cell class assignments (28,606 out of 29,191 cells) were
consistent, with BCs showing an agreement of 99.8%. This high
level of concordance was also evident at higher cell cluster resolu-
tions. For instance, in BC cell types, a concordance of 97.4% (8629
out of 8863 cells) was observed at the individual cell-type level (Fig.
1F). The long-read data identified an additional BC type, BC4, that
was missed in the short-read data (Fig. 1G).

We further assessed the correlation of gene expression by
comparing the transcriptomics across all cell classes from both
data sets. As illustrated in Supplemental Figure S3, a strong positive
correlation in gene expression was observed, with an overall
Pearson’s r value of 0.87 (P-value<2.2 ×10−16). This strong correla-
tion was consistent across all cell classes, with Pearson’s r
values ranging from 0.84 to 0.90 (Fig. 1D, P-value<2.2 ×10−16).
Therefore, our results indicated that when sequenced at similar
depths, both short-read and long-read data sets exhibited compa-
rable sensitivity and high concordance in cell identification, clus-
tering, and annotation.

Mouse retina isoform catalog and unique splicing

profiles across cell classes

One of the key advantages of long read is the improved ability of
detecting transcript isoforms. To assess the robustness of the
long-read sequencing approach in discovering splicing isoforms
of different cell classes in mouse retina, we performed a detailed
isoform analysis including identification, classification, and quan-
tification on the long-read data. Under a stringent cutoff and filter-
ing criteria (see Method), as shown in Figure 2A, using annotated
transcripts in GENCODE (vM25) as the reference, a total of
44,325 transcript isoforms were identified. Most transcript iso-
forms (38,247, 86.2%) belonged to protein-coding genes. Sixty
percent of isoforms match with known isoforms, including
19,821 isoforms matching a reference transcript at all splice junc-
tions (full splice match, FSM) and 7517 isoforms partially match-
ing to consecutive splice junctions of the reference transcripts
(incomplete splice match, ISM). The remaining 40% represents
novel isoforms, including 15,894 isoforms of known genes with
novel splice junctions of known splicing sites (novel in catalog,
NIC), 38 isoforms of known genes with novel donor and acceptor
sites (novel not in catalog, NNC), and 1055 isoformsmatching the
concatenation of two or more separate genes (fusion). It was inter-
esting to note that novel isoforms (NNC, NIC, and fusion) tended
to be expressed at lower levels (Fig. 2B), which could provide a par-
tial explanation for why these isoforms remained undetected in
previous studies. Therefore, single-cell long-read sequencing great-
ly increased the number of isoforms detected.

To validate the isoform detection, we sequenced RNA from
another wild-type mouse retina sample aged P50 at the bulk level,
obtaining ∼37 million ONT long reads and conducted isoform
identification and classification (Supplemental Fig. S4; Methods).
Consequently, 13,030 (30%) out of 44,325 transcript isoforms de-
tected by the single-cell data set were also identified in the bulk
data. The majority (9227) of these isoforms were classified as
FSM, while those uniquely detected by single-cell data included
a higher portion of novel isoforms (Fig. 2C). The low level of ISM
detected in bulk data suggested that significant ISMs were likely ar-
tifacts. However, the substantial amount of NIC confirmed by bulk
(3317 out of 15,894) indicated that the identification of much of
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Figure 2. Overview of single-cell isoform catalog in the mouse retina. (A) Classification of isoforms according to their splice sites when compared to ref-
erence annotations and the number of isoforms in each category detected by the entire data set. (B) Box plot showing the isoform abundance in different
categories specified in (A). The adjusted P-value shows the group differences. (C) Number and classification of isoforms detected in both single-cell and bulk
RNA-seq data compared to isoforms uniquely detected using single-cell data. (D) Isoform abundance of isoforms detected in both single-cell and bulk RNA-
seq data compared to isoforms uniquely detected using single-cell data. (E) Summary of number (left) and percentage (right) of isoforms in different cat-
egories for each cell class, colored by categories specified in A. (F) UpSet plot showing overlap of isoforms in cell classes, where number and percentage of
isoforms shared by different cell classes were indicated in the top bar charts, colored by categories specified in (A), and the isoform abundance in each group
were showed in the box plot. (G) Bar plot of the number of distinct isoforms expressed per gene. Genes with more than five distinct transcripts were
merged. (H) Histogram showing the differential transcript usage in the gene of the two most abundant isoforms of each gene, grouped and colored
by categories specified in A.
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the NIC was accurate. Additionally, 10 out of 38 NNCs in the sin-
gle-cell data setwere validated by bulk data. In terms of abundance,
isoforms uniquely identified in the single-cell data set had lower
expression levels (Fig. 2D, adjusted P-value<2.2 ×10−16) compared
to those validated in bulk RNA-seq data, consistent with the high
coverage of long reads in single-cell data. Additionally, we exam-
ined the transcripts identified exclusively using bulk RNA-seq
data (15,304) and found that a significant portion of those
(6834, 45%) were filtered out under the stringent abundance crite-
ria applied to single-cell data. This indicated over 70% (19,864 out
of 28,334) of isoforms detected using bulk RNA-seq data were cap-
tured with the scRNA-seq data set, even though the data sets were
generated from different mouse retina samples.

Subsequently, we systemically examined the identified
44,325 transcript isoforms in each cell class. The number of novel
isoforms identified across different cell classes varied significantly,
with over 13,000 novel isoforms found in rod cells followed by BC
and AC (Fig. 2E), correlating with the number of cells from each
cell class profiled in our data set (Fig. 1B). Despite the difference
in raw isoform numbers, overall similar distribution of different
isoform categories across cell classes was observed with known iso-
forms accounting ∼65% (Fig. 2E). In contrast, the proportion of
different isoform categories varied significantly depending on
their expression pattern (Fig. 2F). For example, out of the transcript
isoforms that were expressed across all cell classes, ∼20% of these
isoforms were newly discovered. In contrast, for isoforms that
showed a more restricted expression pattern, the proportion of
novel isoforms was generally higher. It was worth noting that al-
though the vast majority of isoforms were expressed in at least
three cell types, 16.7% of isoforms were expressed exclusively in
one cell class, including 2945, 914, 108, 206, 77, and 3133 iso-
forms identified for AC, BC, cone,MG, RGC, and rod, respectively.

Consistent with previous studies (Tian et al. 2021), an average
of four isoforms, ranging from 2 to 28, were observed for the ma-
jority of genes (68%) (Fig. 2G). Similar distribution was observed
across all cell classes (Fig. 2G). Subsequently, we classified the
structural categories (Supplemental Table S4) and compared the
expression levels (Fig. 2H) of the two most abundant isoforms
for each gene. Approximately 34% of genes exhibited a novel iso-
form among their top two isoforms.Moreover, for half of the genes
(6336 out of 14,490) expressed in the retina, the major isoform
constituted over 90%of the total gene expression, which indicated
these genes had a dominant isoform.

Several features of known and novel isoformswere compared,
including the number of exons (Fig. 3A), differential transcript us-
age (DTU) within genes (Fig. 3B), and the length of the open read-
ing frame (ORF) (Fig. 3C). The results revealed that while the
distribution of exon numbers and ORF lengths between known
and novel isoforms exhibited similar patterns, their usage within
genes exhibited significant differences. Most of the known iso-
forms accounted for over 90% of the total gene expression, where-
as the novel isoforms showed lower expression levels. We then
extended our comparison to examine the differential usagewithin
genes of known and novel isoforms across different cell classes
(Fig. 3D), and they exhibited consistent trends. This pattern also
held true for isoforms specific to cell classes (Fig. 3E).

Most genes display varied isoform usage among cell

classes/subclasses/types

Since the vastmajority of genes expressedmultiple isoforms, it was
interesting to examine whether genes demonstrated DTU among

the cell classes, subclasses, or types illustrated in Figure
1B. Considering the high dropout rate in single-cell data, DTU
analysis was performed by merging cells from the same cluster
into a pseudo-bulk sample to calculate the proportion of isoform
usage across different cell classes. Consistent with the observation
where only a small portion of isoforms showed cell class–specific
expression,most if not all isoforms of a given gene tended to be ex-
pressed across all cell classes. However, the proportion of different
isoforms varied significantly among cell classes. For example,
Pcbp4 is a gene predicted to facilitate mRNA 3′-UTR-binding activ-
ity. It acts upstream of or within the negative regulation of the
DNA damage response and mRNA splicing via the spliceosome.
Although all isoforms of Pcbp4 were expressed in all cell classes,
varied usage among different cell classes was observed (Fig. 4A,
B). As shown in Figure 4B, the transcript (colored in yellow) that
was predominantly expressed in ACs was lowly expressed in
rods, exhibiting significant difference (P-value=1.06×10−88, Fig.
4C). Conversely, a transcript (colored in dark blue) was signifi-
cantly more prevalent in rods than in BCs (P-value=3.86×10−98,
Fig. 4C). Another example is gene Prkcz, which belongs to the
PKC family of serine/threonine kinases, and plays roles in diverse
cellular activities like proliferation, differentiation, and secretion.
Similarly, for the two isoforms of Prkcz, the isoform comprising
15 exons was predominantly expressed in ACs, BCs, and RGCs,
while the isoform with 18 exons accounted for over 90% expres-
sion in cones, MGs, and rods (Fig. 4D).

Another example is Impdh1, which has associations with in-
herited human retinal disorders like Leber congenital amaurosis
(LCA) and retinitis pigmentosa (RP). We identified several novel
isoforms of Impdh1, which include a novel 17 bp exon previously
unreported in the Reference Sequence (RefSeq) transcripts (Fig. 4E,
upper). The inclusion of the 17 bp exon resulted in a reading
frameshift and ORF elongation (37 amino acids) with an alterna-
tive stop codon. The transcripts incorporating this exon demon-
strated significant expression in BCs, cones, MGs, and rods (Fig.
4E, lower). The primary isoform of Impdh1 expressed in mouse
photoreceptors was not the canonical Impdh1, suggesting that
changes in the canonical protein’s function were probably not
the primary cause of retinal degeneration. Additionally, this
exon exhibited a high degree of conservation in humans, and we
identified several single nucleotide variants located within 10 bp
upstream or downstream from the novel exon in our in-house
RP patient cohort, as indicated in Supplemental Table S5. These
variants were not present in the general populations in the
Genome Aggregation Database (gnomAD) (Karczewski et al.
2020). It would be intriguing to explore its correlationwith human
diseases in subsequent studies.

Subsequently, we analyzed the pattern of isoform usagewith-
in the subclasses of AC and BC.Mirroringwhatwe observed inma-
jor cell classes, it appeared that most isoforms were present across
all subclasses, though the distribution of these isoforms shifted be-
tween subclasses. For example, as shown in Figure 4F, one isoform
of Snap25 (colored in blue) was mainly found in GABAergic and
Glycinergic subclasses, while another one (colored in green) con-
stituted over half of the expression in nGnG ACs. Furthermore,
the expression ratios of these two isoforms varied between cone
BCs and rod BCs.

To assess transcript isoform usage in individual cell types, we
further counted the isoformusage for each individual BC, resulting
in a cell-by-isoformmatrix.We thenundertook cell clusteringwith
isoforms serving as distinguishing features (Fig. 4G). While no ad-
ditional cell clusters emerged compared to gene expression-based
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annotations, we observed differential expression patterns of iso-
forms among BC types and identified several isoforms that were
predominantly expressed in specific BC types (Fig. 4H). Notably,
some of these were novel isoforms.

In summary, our study revealed that genes exhibited diverse
isoformusage patterns acrossmajor retina cell classes and subclass-
es. Additionally, we have identified distinct expression patterns of
isoforms across BC types, as well as isoforms that are primarily ex-
pressed in specific cell types.

Gene fusion isoforms in mouse retina

A surprising finding was the identification of a substantial number
(1055) of potential fusion transcripts, 114 of them were validated
using the above-mentioned bulk RNA-seq data. These fusion tran-

scripts were unlikely due to experimental artifacts as supported by
the following evidence: (1) The fusions were substantiated by a
minimum of 5 UMIs from long reads that spanned a fusion break-
point (details in Methods), therefore, indicating these were inde-
pendent events and unlikely to be artifact. (2) All detected
fusions occurred within the same chromosome, with no indica-
tion of interchromosomal fusions, indicating it was unlikely due
to template switch error during polymerase chain reaction (PCR).
(3) Notably, the genes involved in each fusion were found on
the same strand, further suggesting that these fusion transcripts
were biologically relevant events.

Notably, 903 out of 1055 gene fusions occur in coding re-
gions. We then extracted topologically associating domains
(TADs) identified from an adult mouse retina bulk Hi-C data set
(NCBI Gene Expression Omnibus [https://www.ncbi.nlm.nih
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Figure 3. Comparison of novel and known isoforms in general and across different cell classes. (A) Scatter plot showing isoform length and exon numbers
for known and novel isoforms. (B) Histogram showing the distribution of known and novel isoforms on expression level in the gene. (C ) Histogram showing
the distribution of known and novel isoforms onORF length. (D) Histogram showing the distribution of known and novel isoforms expressed in different cell
classes on expression level in the gene. (E) Histogram showing the distribution of cell class–specific known and novel isoforms on expression level in the
gene.
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Figure 4. Statistics of differential usage of transcript isoforms across cell classes and subclasses. (A) Top 7 most abundant transcript isoforms of gene
Pcbp4 detected. The transcription orientations for all the isoforms are from left to right. Differentially spliced sites were outlined in black. (B) Percent usage
of each Pcbp4 isoform, with colors corresponding to isoforms in A. All other less abundant isoforms not plotted in Awere merged and represented as gray
bars. (C) Heatmap showing the significance of differential isoform usage between twomajor cell classes (x-axis) using Fisher’s exact tests. For each isoform
(y-axis, colored by isoform specified in A), the greater the disparity in isoform usage between the first and second cell classes, the lower the P-value. (D)
Isoform plots and usage bar charts of Prkcz showing different isoform expression patterns across major retina cell classes. The transcription orientations
for all the isoforms are from left to right. (E) Isoform plots and usage bar charts of Impdh1 showing different isoform expression patterns across major retina
cell classes. The transcription orientations for all the isoforms are from left to right. The 17 bp exon was outlined in black. (F ) Isoform plots and usage bar
charts of Snap25 showing different isoform expression patterns across AC and BC subclasses. The transcription orientations for all the isoforms are from left
to right. (G) UMAP visualization of 8863 BCs clustered using isoform as features and colored by BC subclass annotations from SR scRNA-seq. (H) Violin plot
showing selected isoforms differentially expressed across BC subclasses.
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.gov/geo/] accession number GSE135465) in a previous study
(Norrie et al. 2019). As a result, 831 out of 1055 gene fusions occur
within these TADs, 114 partially overlap with TADs, and 110
(10.43%) are located outside TAD regions (Supplemental Table S6).

Most of these fusions were characterized by the combination
of two genes, though instances of three-gene fusions were ob-
served (Fig. 5A,C). Subsequently, we assessed the proximity of
the fused genes. Some exhibited adjacent fusion, while others
skipped over nearby genes to fuse with more distant counterparts
(Fig. 5B,C).When examining the exon count and abundance of fu-
sions, categorized by gene proximity, it became evident that adja-
cent fusions contained a greater number of exons compared to the
nonadjacent counterparts (Fig. 5D, adjusted P-value=1.8 × 10−7),
and variations in abundance were noted between the two groups
(Fig. 5E, adjusted P-value=0.0073).

We then compared the abundance of the fusions against the
expression of all isoforms present in the implicated genes. The pro-
portions between fusion utilization and other isoform usage
showed a broad distribution (Fig. 5F). Ninety genes were exclu-
sively expressed in fusions. Functional clustering of these
genes unveiled common pathways (Fig. 5G), notably those
associated with immunity, such as the T cell receptor binding
(GO:0042608), which was logical considering the need for adapt-
ability in immune processes.

In addition, upon detailed examination of the detected gene
fusions,we also observed that: (1) Certain genes could partnerwith
multiple other genes, resulting in different fusions (Fig. 5H, up-
per). (2) Some fusions underwent alternative splicing events (Fig.
5H, lower), whichwould be interesting for drug target-related stud-
ies. We further evaluated the overlap of fusions across various cell
classes (Fig. 5I) and pinpointed certain fusions unique to each cell
class, tallying 164 in rods, 107 in ACs, and 27 in BCs.

Down-sampling analysis and sequencing saturation

To evaluate the sensitivity of sequencing depth on isoform detec-
tion and determine if our sequencing reached saturation, we con-
ducted a simulation by randomly sampling 1%, 10%, and 50% of
the data set and performed the analysis with the same pipeline. As
expected, the number of isoforms detected positively correlates
with the number of sequencing reads used in the analysis (Fig.
6A). However, the increasing rate varied among different structural
categories. For example, the number of FSMs detected increased
by 41.3% from 10% to 50% of the full data set and only increased
slightly by 10.2% from 50% to the full data set (Fig. 6A;
Supplemental Fig. S5A), indicating they were approaching satura-
tion and canonical isoforms can be detected by a moderate num-
ber of reads. Conversely, the quantity of novel isoforms, such as
NICs, kept escalating. There was a 111.3% increase in their num-
bers when comparing 10%of the full data set to 50%, and a further
26.4% increase was observed when expanding from 50% of the
data set to the entire data set, indicating that it has not been satu-
rated even with the full data set, probably due to their low expres-
sion level (Fig. 6A; Supplemental Fig. S5A).

We further examined the overlap of isoforms detected using
1%, 10%, 50%, and all long reads. Some isoforms were identified
in data sets with fewer sequencing reads but were absent when
more reads were used (Fig. 6B). For instance, 1075 isoforms were
detected using 50% of the long reads, but they were not present
in the comprehensive isoform set derived from all long reads.
This discrepancy arose becausewe excluded isoforms that had a us-
age of <2% of the total usage for their respective genes, in order to

mitigate background noise (Fig. 6C). Thus, when we down sam-
pled the reads, the isoforms with low abundance could be kept
by chance if their proportion becomes higher than 2%.

As we increased the number of reads used for isoform identi-
fication, the number of isoforms detected in each cell class
followed a similar upward trend (Fig. 6D, upper) and the fraction
of FSMs within the identified isoform set saw a downtick
(Supplemental Fig. S5C–E). The count of identified isoforms in
the six retina cell classes experienced a notable rise, ranging from
30% to 60%, when comparing the data from 10% of the full data
set to 50%. Subsequently, when expanding from 50% of the data
set to the complete data set, a further increase ranging from 11%
to 18% was observed. This pattern suggested that isoform detec-
tion within each cell class approached a state of saturation. In ad-
dition, upon examining the overlap of isoforms across cell classes
for each data set, we observed that 21.75% (8012 out of 36,832),
26.58% (5555 out of 20,899), and 27.32% (2208 out of 8082) iso-
forms from sets determined using 50%, 10%, and 1%of long reads,
respectively,were expressed across all cell classes. This compared to
20.65% (9153 out of 44,325) in the complete data set, suggesting a
smaller number of reads more tend to identify the common iso-
forms across cell classes. Additionally, the identification of cell
class–specific isoformshas not yet reached saturation, as evidenced
by a significant 56.0% increase in isoform number when the data
set was expanded from 50% to its full extent (Fig. 6D, lower).

Discussion

Short-read scRNA-seq, now as a standard method, is highly effec-
tive in profiling gene expression to identify cell types and trajecto-
ries (Hwang et al. 2018), however, there is a limitation in the
length of the sequenced reads. Short-read scRNA-seq can be divid-
ed into two main approaches: transcript counting methods (e.g.,
10x Genomics) that sequence transcript ends, and whole tran-
script methods (e.g., Smart-seq2) (Picelli et al. 2013) that cover en-
tire RNA sequences. Transcript counting methods can profile
many cells but have limited capacity for splicing or isoform
information, whereas whole transcript methods provide more de-
tails on exon alternative splicing but offer lower throughput.
Previous short-read scRNA-seq studies employing whole transcript
methods have revealed significant variations in isoform expres-
sion among individual cells (Shalek et al. 2013; Marinov et al.
2014). However, these analyses predominantly concentrated on
alterations in specific exons or splice junctions, a limitation im-
posed by the nature of short-read sequencing. The reconstruction
of isoforms remained suboptimal for sequences longer than 1 kb,
with only ∼40% of molecules assignable to a specific isoform
(Hagemann-Jensen et al. 2020). This technological limitation
leaves a gap in understanding the full extent of alternative splicing
and the diversity of isoform expression bothwithin and across sin-
gle cells and underscores the need for improved methodologies in
accurately capturing and characterizing longer isoforms.

Long-read sequencing technology aims to resolve this issue
entirely; however, its adoption in single-cell research is currently
hindered by the lack of established protocols and data analysis
pipelines (De Paoli-Iseppi et al. 2021). In our study, we developed
a workflow designed to streamline the analysis aspect of high-
throughput long-read RNA sequencing data, enabling the identifi-
cation of transcript isoforms at the single-cell level. Our workflow
modified the 10x Genomics scRNA-seq protocol (Gupta et al.
2018) in order to comprehensively resolve the full-length tran-
scriptome of the mouse retina, and this approach can be applied
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Figure 5. Gene fusions in mouse retina. (A) Example visual of fusions (in green) aligned to the RefSeq reference (in blue) formed by two or three known
genes. (B) Example visual of fusions (in green) aligned to the RefSeq reference (in blue) formed by adjacent or distant known genes. (C) Bar chart illustrating
the count of fusions, categorized by the number of fused genes and their adjacency to one another. (D) Box plot showing the exon number of fusions
categorized by the adjacency of the fused genes. (E) Box plot showing isoform abundance of fusions categorized by the adjacency of the fused genes.
(F ) Histogram illustrating the distribution of fusion expression ratios compared to the combined expression of fused genes, with log transformation applied.
(G) Bubble chart depicting the 13 molecular functions of Gene Ontology enrichment analysis ranked by fold enrichment, utilizing gene set always in fu-
sions. (H) Example visuals of fusions (in green) aligned to the RefSeq reference (in blue). The top illustration depicted a gene (Ifit3) that can fusewithmultiple
other genes (Ifit2 and Ifit3b). The lower visualization highlighted the alternative splicing within the fusion (Phf6-Hprt). (I) UpSet plot showing the intersec-
tion of fusions in major retina cell classes, where number of fusions shared by different cell classes were indicated in the right bar charts.
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Figure 6. Down-sampling analysis. (A) Classification of isoforms according to their splice sites when compared to reference annotations and number of
isoforms in each category detected using 100%, 50%, 10%, and 1% of demultiplexed LRs. (B) Venn diagram showing the intersection of the isoform sets
detected using all, 50%, 10%, and 1%of demultiplexed LRs. (C ) UpSet plot showing the intersection of isoforms detected using 100%, 50%, 10%, and 1%
of demultiplexed LRs, where the number and percentage of isoforms shared by different cell classes are indicated in the bottom and top bar charts, colored
by categories specified in A. The box plot shows the DTU in the gene before filtering with 2% cutoff for the isoforms in each group. (D) The bar plot shows
the number of all isoforms (above) and cell class–specific isoforms (bottom) in each major retina cell class detected using 100%, 50%, 10%, and 1% of
demultiplexed LRs.
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to other cDNA libraries. In comparing the long-read and short-read
data sets, we discovered highly comparable results in both gene ex-
pression and cell annotation.Our analysis revealed a 98.0% consis-
tency in cell class categorization between long-read and short-read
data sets, and a closely aligned 97.4% agreement at the BC-type
level. In short, the long-read sequencing approach demonstrated
its reliability in detecting single-cell transcriptomes based on
gene expressions, making it plausible to use long-read sequencing
exclusively for scRNA-seq in the future (Shiau et al. 2023).

The integration of long-read sequencing with single-cell se-
quencing techniques holds the promise of filling the existing
gaps in isoform information. Using this pipeline, we conducted
the first comprehensive characterization of full-length transcrip-
tion isoforms within individual cells of the mouse retina. Over
16,000 novel transcripts were identified at lower expression levels
compared to previously annotated ones. Although some of these
transcript isoforms have already been identified in previous studies
(Murphy et al. 2016; Norrie et al. 2019; Ling et al. 2020; Ray et al.
2020) using various methods, reference annotations such as GEN-
CODE and RefSeq have not kept pace with the increasing amount
of sequencing data available. Specifically, capture-based methods,
which were designed to target and enrich particular isoforms,
thereby uncovered a greater range of isoform diversity within se-
lected genes (Ray et al. 2020). In contrast, our approach provided
an unbiased detection method for isoforms across all genes,
though its sensitivity was limited by the depth of sequence and
abundance of the transcript. As a result, our studymay not capture
the full breadth of isoform diversity found in studies using more
targeted techniques. For instance, in our isoform catalog, we iden-
tified 67 out of the 4116 isoforms across 30 genes from Ray et al.
(2020) (Supplemental Table S7), which was likely due to the lower
read abundance for these genes in our data set (Supplemental Ta-
ble S8) compared to target enrichment method. However, these
67 isoforms appeared to be more abundant than other isoforms
within their respective genes, suggesting our approach was able
to capture the more abundant isoforms (Supplemental Fig. S6A).
Increasing sensitivity without target enrichment would have re-
quired greater sequencing depth. Additionally, our bioinformatic
pipeline excluded certain isoforms due to strict abundance filter-
ing, as well as noncanonical splice isoforms because of the refer-
ence annotation used. For instance, unique Crb1 isoforms like
Crb1-b, reported by Ray et al. (2020), were filtered out and not in-
cluded in our final isoform catalog (Supplemental Fig. S6B). We
then reconducted isoform identification using Ray et al. (2020)’s
GTF as a reference annotation, rather than GENCODE, subse-
quently revealed more isoforms (Supplemental Fig. S6B). There-
fore, we expect novel transcripts will be further discovered with a
combination of increasing of sequencing depth and optimizing
the analysis pipeline, such as including de novo transcript
assembly.

In validating the identified isoforms using long-read bulk
RNA-seq data, we found that a substantial portion (30%) of these
isoforms could be confirmed, including both known and novel
ones, despite the more than 10-fold difference in read depth for
isoform detection between the two data sets. This underscored
the reliability of long-read scRNA-seq for detecting transcript iso-
forms. The comparison between bulk and single-cell data revealed
distinct advantages and limitations in isoform detection. Bulk
RNA-seq data provided broader coverage, leading to the validation
of numerous isoforms identified in the single-cell data set. Howev-
er, single-cell data uniquely captured isoforms that were less abun-
dant,whichmight be overlooked in bulk RNA-seq due to averaging

effects across heterogeneous cell populations. Our analysis high-
lighted that while bulk RNA-seq can validate the presence of
many isoforms, scRNA-seq is crucial for uncovering isoforms
present inminor cell populations or thosewith lowexpression lev-
els. Additionally, considering that many isoforms detected using
bulk data (over 70%) could be detected in single-cell data when
the abundance filtering criteria were relaxed, we could predict
that a significantly larger number of true novel isoforms could
be identified by loosing the criteria for single-cell analysis. Limita-
tions in the current studies, such as sequencing depth, chemistry
artifacts, stringent cutoffs, and the capabilities of software tools,
suggest that some isoforms remain undetected. Addressing these
limitations could lead to the identification of additional isoforms,
enhancing our understanding of transcriptomic complexity. Fu-
ture improvements in sequencing technologies and computation-
al methods are essential for overcoming these challenges and
providing a more comprehensive isoform landscape.

Additionally, we pinpointed 7383 isoforms specific to cell
classes, many of which were novel and exhibited low expression
levels. The identification of cell class–specific isoforms holds po-
tential applications in various fields, such as immunotherapy,
where cell surface proteins play a pivotal role. Our analysis of the
mouse retina showed the distribution of novel transcripts was con-
sistent across different retinal cell classes and unveiled a common
pattern where all major cell classes in the tissue expressed a combi-
nation of diverse isoforms rather than a single canonical isoform.
We frequently observed intricate splicing variations between the
two most abundant isoforms of a gene. Furthermore, many genes
displayed varying patterns of isoform usage among different cell
classes and subclasses. Another noteworthy finding was that reti-
nal cells could express different isoforms, even when their overall
gene expression levels did not significantly differ from each other.
This implied that identifying cell class–specific genes based solely
on gene expression levels was not sufficient to characterize the vast
transcriptional diversity. By examining the transcriptomic profiles
of individual cells, researchers can gain a deeper understanding of
how different isoforms are used in specific cellular contexts, shed-
ding light on the intricacies of gene regulation and function with-
in heterogeneous cell populations.

In addition to what we have demonstrated in this study, this
data set has a wide range of applications across various genomic re-
search areas. One such application is the exploration of single-cell
gene fusions, which can provide valuable information about aber-
rant gene interactions and potential drivers of diseases. By leverag-
ing long-read scRNA-seq data, we were able to identify a total of
1055 intrachromosomal gene fusions within the mouse retina.
We analyzed the fusions within the 3D genome structure using
TAD from the bulk Hi-C data of mouse retina and our results
showed that over 10% of gene fusions were outside the TAD
boundaries. This suggests potential new avenues of research for
understanding gene fusions occurring beyond TAD constraints.
It is plausible that these fusions may be associated with cell
type–specific TADs not captured by bulk Hi-C data. Currently,
however, no publicly available mouse retina cell type–specific 3D
genome architecture, such as single-cell Hi-C, exists for further in-
vestigation, though we are keen to monitor future developments
and revisit this question. In addition, these identified gene fusions
exhibited intriguing characteristics. For instance, certain genes
had the capability to partner with multiple other genes, resulting
in diverse fusion events. Furthermore, some of these fusions un-
derwent alternative splicing events, further diversifying the tran-
scriptomic landscape. What is particularly noteworthy is that
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certain genes can fuse with others that are not immediately adja-
cent to them on the same chromosome, highlighting the com-
plexity and flexibility of gene fusion events in the context of
scRNA sequencing data. These findings may have implications in
various fields, including cancer research, where gene fusions and
differential isoform expression can have significant clinical rele-
vance. At the meantime, fusion detection is still a more complex
bioinformatics procedure compared to other transcript categories.
We also examined the percentage of length of the fusion transcript
mapped to each of the fused genes. As shown in Supplemental
Figure S7, the length ratios between the two fused geneswerewide-
ly distributed and not well balanced. To further exclude the possi-
ble artifacts due to themapper, we also performed fusion detection
using an alternative read mapping tool STARlong (Dobin et al.
2013). With stringent filtering and a lower mapping rate of
20.68%, 538 out of 1055 fusions were detected, indicating most
of the fusions were likely to be true. The bioinformatics algorithms
require improvement for fusion detection, and subsequent func-
tional tests are necessary to better understand this phenomenon.

In conclusion, the long-read scRNA-seq approach was proved
to be highly effective in identifying both known and novel iso-
forms. Our study stands as the first unbiased characterization of
full-length transcription isoforms in single cells within the mouse
retina. Our analytical approaches shed light to the transcriptome
profiling and isoform discovery at the single-cell level, which
can be applied to human samples, propelling isoform-focused re-
search of aging and disease context.

Methods

Sampling and animal procedures

All mice were handled in accordancewith the policies on the treat-
ment of laboratory animals by the Institutional Animal Care and
Use Committee (IACUC) at Baylor College of Medicine, and the
studies were conducted in adherence to the Animal Models of
Retinal Development and Diseases protocol approved by
Biomedical Research and Assurance Information Network. Stock
C57BL/6J mice were purchased from the Jackson Laboratories,
Bar Harbor, ME (stock number: 000664). The C57BL/6J mice
were maintained on a 12 h light–dark cycle at 23°C, standard
mouse LabDiet 5V5R (Purina), and water was provided ad libitum
throughout the study. The mice were managed and housed by the
Baylor College of Medicine Center for Comparative Medicine.
Adult mice were euthanized using CO2 gas and isoflurane asphyx-
iation for 5 min, followed by cervical dislocation.

Single-cell cDNA library preparation and Illumina short-read

sequencing

Samples and scRNA-seq cDNA and library generation were de-
scribed previously (Li et al. 2024). Briefly, scRNA-seq cDNA and li-
brarywere generated using 10x Genomics Chromium Single cell 3′

Reagents Kits v2 and v3, following the manufacturer’s instruc-
tions. The short-read sequencing library was sequenced on an
Illumina NovaSeq 6000 sequencer (151 bases + 151 bases).

Nanopore long-read single-cell library preparation and

sequencing

Nanopore library was generated from scRNA-seq cDNA following
the Nanopore Single-cell transcriptomics with cDNA prepared
using 10x Genomics protocol (version Jan2022) using the SQK-
PCS111 Ligation Sequencing Kit; 35–55 fmol of the library was

sequenced on PromethION FLO-PRO002 R9.4.1 flow cells. The
following options were used: 72 h of run time, and real-time
basecalling with high-accuracy mode.

Nanopore long-read bulk RNA-seq library preparation and

sequencing

Total RNA was extracted from male C57BL/6J mouse retina using
the Direct-zol RNA Microprep Kits (Zymo Research). The sequenc-
ing libraries were then generated using the ONT cDNA-PCR
Sequencing Kit V14 (SQK-PCS114). And 35–55 fmol of the library
was sequenced on PromethION FLO-PRO002 R10.4 flow cells us-
ing the following procedure: 72 h of run time, and real-time base-
calling with super high-accuracy mode. The read quality control
plots in Supplemental Figure S4 were generated using pycoQC
v2.5.2 (Leger and Leonardi 2019).

Illumina short-read scRNA-seq data analysis

All four samples’ FASTQ data were processed using Cell Ranger
(7.0.1) to create a gene count matrix for each. Contamination
from background transcripts in the preserved true cells was miti-
gated using SoupX (Young and Behjati 2020). Subsequently,
DoubletFinder (McGinnis et al. 2019) was employed to estimate
and remove potential doublets, particularly focusing on those
with a high proportion of simulated artificial doublets. The gene
count matrices were then fed into the standard Seurat (Hao et al.
2021) pipeline, with SCTransform v2 (Choudhary and Satija
2022) undertaking the normalization process. The samples were
clustered at a resolution of 0.6. Annotations for the retina cell class
were added manually using well-known retina marker genes. The
subclass annotation for AC and BC was obtained through the uti-
lization of “single-cell ANnotation using Variational Inference”
(scANVI) (Gayoso et al. 2022), using an in-house meta reference
described in Li et al. (2024). Data integration from all four data
sets was carried out using Seurat. Figure 1C and F illustrate the re-
sults of the clustering and cell annotation.

Oxford Nanopore long-read scRNA-seq data preprocessing

Basecalling was carried out on the rawONT FAST5 data using Gup-
py (version 6.1.5). The Nanopore FASTQ reads were inspected for
adapter sequences and poly(A/T) sequences of 15 nt or longer.
We identified poly(A) (or T) sequenceswith aminimumof 75%ad-
enine content within 170 nt from both read ends, generating
stranded (forward) reads via Single Cell Long Read (SiCeLoRe)
(Lebrigand et al. 2020) (https://github.com/ucagenomix/sicelore)
utilizing the NanoporeReadScanner.jar module. The refined
FASTQ data were then used to align the genome using minimap2
(Li 2018) (v2.24, https://github.com/lh3/minimap2) with the
parameter “-ax splice -uf ‐‐MD ‐‐sam-hit-only ‐‐junc-bed”, refer-
encing the GRCm38/mm10 genome, and annotated with
GENCODE vM25. Using SiCeLoRe’s Nanopore_BC_UMI_finder.
jar module, we identified the location of the barcode sequence
for each alignment by searching the flanking sequence to the
CB. The CBs and gene correlation discovered from the Illumina
short-read data served as a reference to find and trim in the long
reads, with the dynamic edit distance adjusting the maximal edit
distance according to the complexity of the search set. The se-
quences found after the CB were treated as UMIs (unique molecu-
lar identifiers) and were trimmed accordingly. Based on SiCeLoRe,
similar to the barcode edit distance, the UMI edit distance was
dynamically adjusted based on the complexity of the search set.
After CB/UMI assignment and correction, the processed BAM
was used for further analysis.
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Detection and quantification of isoforms using ONT long-read

scRNA-seq data

We used Flair (Tang et al. 2020) (https://flair.readthedocs.io/en/
latest/index.html) to summarize the alignment for each read by
grouping reads with similar splice junctions (<5 bp) to get a raw
isoform annotation. The final nanopore-specific reference isoform
assembly is made by aligning raw reads to the first-pass assembly
transcript sequence using minimap2 to identify isoforms with
high confidence. “Stringent” mode was used to make sure all sup-
porting reads were full-length (80% coverage and spanning 25 bp
of the first and last exons).

flair correct -q LR.bed -g mm10.fasta -f GENCODE.v25.mm
10.annotation.gtf -o LR_corrected.bed

flair collapse -q LR_corrected.bed -g mm10.fasta -f
GENCODE.v25.mm10.annotation.gtf -m /path/to/minimap2
-sam /path/to/samtools -o LR -r demultiplexed_reads.fq ‐‐stringent

Pseudo-bulk samples were produced by merging isoform
counts at the level of cell class, cell subclass, and individual cells.
Cell class groupings originated from the Seurat clustering depicted
in Figure 1C, while AC/BC subclass groupings were derived from
scANVI clustering presented in Figure 1G. The “flair quantify”
function in Flair was used to create a UMI count matrix for each
tier, in which rows correspond to chosen transcripts and columns
represent groups (cell classes/subclasses).

flair quantify -r reads_manifest.tsv -i LR.isoforms.fa -m
/path/to/minimap2 -sam /path/to/samtools -o LR.flair.quantify
‐‐isoform_bed LR.isoforms.bed ‐‐sample_id_only ‐‐generate_map
‐‐tpm ‐‐stringent

Isoform classification and ranking for Oxford Nanopore long-

read scRNA-seq data

SQANTI3 (Tardaguila et al. 2018) (version 5.1.2, https://github
.com/ConesaLab/SQANTI3) was used to compare the transcripts
identified to the referencewith rulesmode and default parameters.
The isoform classification was extracted from the SQANTI3 result
and plotted in Figure 2A. Results from comparisons across different
cell classes were plotted using the R (R Core Team 2023) package
ComplexUpset (Krassowski et al. 2022). We ranked transcript
abundance for each gene that hadmultiple isoforms and obtained
the alternative splicing events from the most expressed isoform
and the second most expressed isoform.

Isoform filtering for Oxford Nanopore long-read

scRNA-seq data

We implemented several filters to hone the isoforms according to
specific parameters. The first parameter was intrapriming events:
isoforms showing 12 ormore adenines at the genomic level within
the 20 bp downstream from the transcription terminating site
(TTS) were filtered out. RT-Switching was the next parameter: we
removed isoforms that may have been affected by reverse tran-
scription errors, resulting in the formation of new, noncanonical
splice junctions. Isoforms linked to degraded RNA, as indicated
by the retention of intronic sequences, were also considered for ex-
clusion. Gene abundance and isoform abundance were also taken
into account: we eliminated genes with a UMI count of 10 or less,
and isoforms with a UMI count of 5 or less. Moreover, we excluded
isoforms with a UMI count of <2% of the total UMI count for the
respective gene to account for background noise. The SQANTI3
was used to annotate and filter based on the first three parameters,
while the last three were applied manually after isoform quantifi-
cation. These filtering steps were used to refine the isoform data
set, ensuring a more precise and reliable set of isoforms for addi-
tional analysis.

Isoform detection, classification, and filtering using Nanopore

long-read bulk RNA-seq data

Once again, we used Flair for isoform identification. Unlike in
scRNA-seq data analysis, we used the “flair align” module to per-
form long-read alignment to the reference genome (mm10),which
was also built using minimap2. The command and parameters
used are detailed below:

flair align -g mm10.fasta -r ./Ms_bulk/Ms_bulk.fastq.gz -o
./Ms_bulk/flair_align ‐‐threads 36

Next, splice junction correction and read collapse were con-
ducted using “flair correct” and “flair collapse,” respectively,
with the same commands as the ONT long-read scRNA-seq data
procedure. Then we ran SQANTI3 on the detected isoforms and
compared with the reference transcript in GENCODE v25 under
rules mode for structural category classification.

Lastly, we conducted isoform filtering with the following cri-
teria, similar to scRNA-seq data, except the ones regarding abun-
dance: (1) intrapriming events; (2) RT-Switching; and (3) intron
retention.

Isoform comparison between long-read scRNA-seq and bulk

RNA-seq data sets

The software gffcompare (Pertea and Pertea 2020) (version 0.12.6)
was used with the command “gffcompare -i input -o out -A -K” to
compare transcript isoforms in the GTF files generated using ONT
long-read single-cell and bulk RNA-seq data after isoform filtering.
The output file “out.tracking” contained IDs for transcripts that
overlappedbetween these twodata sets and those exclusively iden-
tified in each one. With the transcript IDs, we tracked back to the
isoform annotation and quantification results to compare features
like abundance, and structural category in each group.

Differential isoform usage analysis across cell

classes/subclasses/types

Utilizing the matrix detailing isoform expression by cell class/sub-
class, the transcript structures and the percentage usage visualiza-
tions in Figure 4 were constructed via the “plot_isoform_usage”
function in Flair. The significance of differential isoform utiliza-
tion across cell classes was determined using the “diff_iso_usage”
function in Flair, which is based on Fisher’s exact tests. After scal-
ing the matrix of cell-by-isoform expression, the outcomes were
incorporated into UMAP visualizations, as depicted in Figure 4
and facilitated by Seurat.

Down-sampling analysis

The down-sampling data sets were achieved by randomly sub-
sampling the demultiplexed long reads (1%, 10%, 50%) using
seqtk (version: 1.3-r115-dirty, https://github.com/lh3/seqtk) and
rerunning the pipeline with the same parameters and filter-
ing. The gffcompare (Pertea and Pertea 2020) (0.12.6) program
was used with the command “gffcompare -i input -o out -r
GENCODE.vM25.annotation.gff3 -R” to compare transcript iso-
forms annotations obtained from the three down-sampling data
sets and the complete isoform catalog. Results from these compar-
isons were plotted using R packages VennDiagram (Fig. 6B; Chen
and Boutros 2011) and ComplexUpset (Fig. 6C).

Data access

All raw and processed sequencing data generated in this studyhave
been submitted to the NCBI Gene Expression Omnibus (GEO;
https://www.ncbi.nlm.nih.gov/geo/) under accession number
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GSE255520. The analyzed transcript isoformdata generated in this
study have been submitted to the UCSCGenome Browser (https://
genome.ucsc.edu/s/wmeng1018/SC_transcript_isoform_mouseRe
tina). The code and scripts used in this study are available at
GitHub (https://github.com/RCHENLAB/LR_scRNA-seq_manuscript)
and as Supplemental Code.

Competing interest statement

The authors declare no competing interests.

Acknowledgments

This workwas supported by the Rui Chen Lab at the Baylor College
of Medicine and was funded by the Chan Zuckerberg Initiative
(CZF2019-002425). We acknowledge support to the Gavin
Herbert Eye Institute at the University of California, Irvine from
an unrestricted grant from Research to Prevent Blindness and
from National Institutes of Health core grant P30 EY034070. We
thank eyeGENE for providing patient samples collected at the
National Eye Institute. We acknowledge Dr. Salma Ferdous for
her contribution to improving the proofreading and English lan-
guage in our manuscript.

Author contributions: M.W., R.C., and Y.L. conceived the study
design. Y.L. collected mouse samples and performed experiments
and sequencing. M.W. developed the pipeline, conducted data
analysis, and wrote the manuscript while J.W. and R.C. provided
feedback. S.H.O. provided helpful comments and discussion.
Y.C. performed the experiment on long-read bulk RNA-seq. R.C.
planned and supervised the research and wrote the manuscript.
All authors provided critical feedback and read and approved the
final manuscript.

References

Aísa-Marín I, García-Arroyo R, Mirra S, Marfany G. 2021. The alter retina: al-
ternative splicing of retinal genes in health and disease. Int J Mol Sci 22:
1855. doi:10.3390/ijms22041855

Amarasinghe SL, Su S, Dong X, Zappia L, Ritchie ME, Gouil Q. 2020.
Opportunities and challenges in long-read sequencing data analysis.
Genome Biol 21: 30. doi:10.1186/s13059-020-1935-5

Byrne A, Cole C, Volden R, Vollmers C. 2019. Realizing the potential of full-
length transcriptome sequencing. Philos Trans R Soc Lond B Biol Sci 374:
20190097. doi:10.1098/rstb.2019.0097

Chen H, Boutros PC. 2011. Venndiagram: a package for the genera-
tion of highly-customizable Venn and Euler diagrams in R. BMC
Bioinformatics 12: 35. doi:10.1186/1471-2105-12-35

Choudhary S, Satija R. 2022. Comparison and evaluation of statistical error
models for scRNA-seq. Genome Biol 23: 27. doi:10.1186/s13059-021-
02584-9

Ciampi L, Mantica F, López-Blanch L, Permanyer J, Rodriguez-Marín C,
Zang J, Cianferoni D, Jiménez-Delgado S, Bonnal S, Miravet-Verde S,
et al. 2022. Specialization of the photoreceptor transcriptome by
Srrm3-dependent microexons is required for outer segment mainte-
nance and vision. Proc Natl Acad Sci 119: e2117090119. doi:10.1073/
pnas.2117090119

De Paoli-Iseppi R, Gleeson J, Clark MB. 2021. Isoform age - splice isoform
profiling using long-read technologies. Front Mol Biosci 8: 711733.
doi:10.3389/fmolb.2021.711733

Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P,
ChaissonM,Gingeras TR. 2013. STAR: ultrafast universal RNA-seq align-
er. Bioinformatics 29: 15–21. doi:10.1093/bioinformatics/bts635

Gayoso A, Lopez R, XingG, Boyeau P, Valiollah Pour Amiri V, Hong J,Wu K,
Jayasuriya M, Mehlman E, Langevin M, et al. 2022. A Python library for
probabilistic analysis of single-cell omics data. Nat Biotechnol 40: 163–
166. doi:10.1038/s41587-021-01206-w

Grünert U, Martin PR. 2020. Cell types and cell circuits in human and non-
human primate retina. Prog Retin Eye Res 78: 100844. doi:10.1016/j
.preteyeres.2020.100844

Gupta I, Collier PG, Haase B, Mahfouz A, Joglekar A, Floyd T, Koopmans F,
Barres B, Smit AB, Sloan SA, et al. 2018. Single-cell isoformRNA sequenc-

ing characterizes isoforms in thousands of cerebellar cells.Nat Biotechnol
36: 1197–1202. doi:10.1038/nbt.4259

Hagemann-Jensen M, Ziegenhain C, Chen P, Ramsköld D, Hendriks G-J,
Larsson AJM, Faridani OR, Sandberg R. 2020. Single-cell RNA counting
at allele and isoform resolution using Smart-seq3. Nat Biotechnol 38:
708–714. doi:10.1038/s41587-020-0497-0

Hao Y, Hao S, Andersen-Nissen E, Mauck WM, Zheng S, Butler A, Lee MJ,
Wilk AJ, DarbyC, ZagerM, et al. 2021. Integrated analysis ofmultimodal
single-cell data. Cell 184: 3573–3587.e29. doi:10.1016/j.cell.2021.04
.048

Hwang B, Lee JH, Bang D. 2018. Single-cell RNA sequencing technologies
and bioinformatics pipelines. Exp Mol Med 50: 1–14. doi:10.1038/
s12276-018-0071-8

Jeon C-J, Strettoi E, Masland RH. 1998. The major cell populations of the
mouse retina. J Neurosci 18: 8936–8946. doi:10.1523/JNEUROSCI.18-
21-08936.1998

Karczewski KJ, Francioli LC, Tiao G, Cummings BB, Alföldi J, Wang Q,
Collins RL, Laricchia KM, Ganna A, Birnbaum DP, et al. 2020. The mu-
tational constraint spectrum quantified from variation in 141,456 hu-
mans. Nature 581: 434–443. doi:10.1038/s41586-020-2308-7

Kovaka S, Zimin AV, Pertea GM, Razaghi R, Salzberg SL, Pertea M. 2019.
Transcriptome assembly from long-read RNA-seq alignments with
StringTie2. Genome Biol 20: 278. doi:10.1186/s13059-019-1910-1

Krassowski M, Arts M, Lagger C, Max. 2022. krassowski/complex-upset:
v1.3.5. https://zenodo.org/records/7314197 (Accessed September 3,
2024).

Lebrigand K, Magnone V, Barbry P, Waldmann R. 2020. High throughput
error corrected Nanopore single cell transcriptome sequencing. Nat
Commun 11: 4025. doi:10.1038/s41467-020-17800-6

Leger A, Leonardi T. 2019. pycoQC, interactive quality control for Oxford
Nanopore Sequencing. J Open Source Softw 4: 1236. doi:10.21105/joss
.01236

Li H. 2018. Minimap2: pairwise alignment for nucleotide sequences.
Bioinformatics 34: 3094–3100. doi:10.1093/bioinformatics/bty191

Li J, Choi J, Cheng X, Ma J, Pema S, Sanes JR, Mardon G, Frankfort BJ, Tran
NM, Li Y, et al. 2024. Comprehensive single-cell atlas of the mouse ret-
ina. iScience 27: 109916. doi:10.1016/j.isci.2024.109916

Ling JP, Wilks C, Charles R, Leavey PJ, Ghosh D, Jiang L, Santiago CP, Pang
B, Venkataraman A, Clark BS, et al. 2020. ASCOT identifies key regula-
tors of neuronal subtype-specific splicing. Nat Commun 11: 137.
doi:10.1038/s41467-019-14020-5

Liu MM, Zack DJ. 2013. Alternative splicing and retinal degeneration. Clin
Genet 84: 142–149. doi:10.1111/cge.12181

Marinov GK, Williams BA, McCue K, Schroth GP, Gertz J, Myers RM, Wold
BJ. 2014. From single-cell to cell-pool transcriptomes: stochasticity in
gene expression and RNA splicing. Genome Res 24: 496–510. doi:10
.1101/gr.161034.113

Masland RH. 2012. The neuronal organization of the retina. Neuron 76:
266–280. doi:10.1016/j.neuron.2012.10.002

McGinnis CS, Murrow LM, Gartner ZJ. 2019. DoubletFinder: doublet
detection in single-cell RNA sequencing data using artificial
nearest neighbors. Cell Syst 8: 329–337.e4. doi:10.1016/j.cels.2019.03
.003

Murphy D, Cieply B, Carstens R, Ramamurthy V, Stoilov P. 2016. The
Musashi 1 controls the splicing of photoreceptor-specific exons in the
vertebrate retina. PLoS Genet 12: e1006256. doi:10.1371/journal.pgen
.1006256

Norrie JL, Lupo MS, Xu B, Al Diri I, Valentine M, Putnam D, Griffiths L,
Zhang J, Johnson D, Easton J, et al. 2019. Nucleome dynamics during
retinal development. Neuron 104: 512–528.e11. doi:10.1016/j.neuron
.2019.08.002

Pertea G, Pertea M. 2020. GFF utilities: GffRead and GffCompare. https://
f1000research.com/articles/9-304 (Accessed January 4, 2024).

Picelli S, Björklund ÅK, Faridani OR, Sagasser S, Winberg G, Sandberg R.
2013. Smart-seq2 for sensitive full-length transcriptome profiling in sin-
gle cells. Nat Methods 10: 1096–1098. doi:10.1038/nmeth.2639

Ray TA, Cochran K, Kozlowski C, Wang J, Alexander G, Cady MA, Spencer
WJ, Ruzycki PA, Clark BS, Laeremans A, et al. 2020. Comprehensive
identification of mRNA isoforms reveals the diversity of neural cell-sur-
face molecules with roles in retinal development and disease. Nat
Commun 11: 3328. doi:10.1038/s41467-020-17009-7

R Core Team. 2023. R: a language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna. https://www.R-project
.org/.

Shalek AK, Satija R, Adiconis X, Gertner RS, Gaublomme JT, Raychowdhury
R, Schwartz S, Yosef N, Malboeuf C, Lu D, et al. 2013. Single-cell tran-
scriptomics reveals bimodality in expression and splicing in immune
cells. Nature 498: 236–240. doi:10.1038/nature12172

Shiau C-K, Lu L, Kieser R, Fukumura K, Pan T, Lin H-Y, Yang J, Tong EL, Lee
G, Yan Y, et al. 2023. High throughput single cell long-read sequencing

Isoform detection in mouse retina with LR scRNA-seq

Genome Research 753
www.genome.org

 Cold Spring Harbor Laboratory Press on May 15, 2026 . Published by genome.cshlp.orgDownloaded from 

https://genome.ucsc.edu/s/wmeng1018/SC_transcript_isoform_mouseRetina
https://genome.ucsc.edu/s/wmeng1018/SC_transcript_isoform_mouseRetina
https://genome.ucsc.edu/s/wmeng1018/SC_transcript_isoform_mouseRetina
https://genome.ucsc.edu/s/wmeng1018/SC_transcript_isoform_mouseRetina
https://genome.ucsc.edu/s/wmeng1018/SC_transcript_isoform_mouseRetina
https://genome.ucsc.edu/s/wmeng1018/SC_transcript_isoform_mouseRetina
https://github.com/RCHENLAB/LR_scRNA-seq_manuscript
https://github.com/RCHENLAB/LR_scRNA-seq_manuscript
https://github.com/RCHENLAB/LR_scRNA-seq_manuscript
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279167.124/-/DC1
https://zenodo.org/records/7314197
https://zenodo.org/records/7314197
https://zenodo.org/records/7314197
https://zenodo.org/records/7314197
https://f1000research.com/articles/9-304
https://f1000research.com/articles/9-304
https://f1000research.com/articles/9-304
https://f1000research.com/articles/9-304
https://f1000research.com/articles/9-304
https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
http://genome.cshlp.org/
http://www.cshlpress.com


analyses of same-cell genotypes and phenotypes in human tumors. Nat
Commun 14: 4124. doi:10.1038/s41467-023-39813-7

Tang AD, Soulette CM, van Baren MJ, Hart K, Hrabeta-Robinson E, Wu CJ,
Brooks AN. 2020. Full-length transcript characterization of SF3B1muta-
tion in chronic lymphocytic leukemia reveals downregulation of re-
tained introns. Nat Commun 11: 1438. doi:10.1038/s41467-020-
15171-6

Tardaguila M, de la Fuente L, Marti C, Pereira C, Pardo-Palacios FJ, del Risco
H, Ferrell M, Mellado M, Macchietto M, Verheggen K, et al. 2018.
SQANTI: extensive characterization of long-read transcript sequences
for quality control in full-length transcriptome identification and quan-
tification. Genome Res 28: 396–411. doi:10.1101/gr.222976.117

Tian L, Jabbari JS, Thijssen R, Gouil Q, Amarasinghe SL, Voogd O,
Kariyawasam H, Du MRM, Schuster J, Wang C, et al. 2021.
Comprehensive characterization of single-cell full-length isoforms in

human and mouse with long-read sequencing. Genome Biol 22: 310.
doi:10.1186/s13059-021-02525-6

Wang Y, Liu J, Huang B, Xu Y-M, Li J, Huang L-F, Lin J, Zhang J, Min Q-H,
Yang W-M, et al. 2015. Mechanism of alternative splicing and its regu-
lation. Biomed Rep 3: 152–158. doi:10.3892/br.2014.407

YanW, LaboulayeMA, TranNM,Whitney IE, Benhar I, Sanes JR. 2020.Mouse
retinal cell atlas:molecular identification of over sixty amacrine cell types.
J Neurosci 40: 5177–5195. doi:10.1523/JNEUROSCI.0471-20.2020

Young MD, Behjati S. 2020. SoupX removes ambient RNA contamination
from droplet-based single-cell RNA sequencing data. GigaScience 9:
giaa151. doi:10.1093/gigascience/giaa151

Received February 20, 2024; accepted in revised form November 21, 2024.

Wang et al.

754 Genome Research
www.genome.org

 Cold Spring Harbor Laboratory Press on May 15, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com

