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Single cell and spatial alternative splicing
analysiswithNanopore long read sequencing

Yuntian Fu 1 , Heonseok Kim 2,3,4,5, Sharmili Roy2, Sijia Huang6,
Jenea I. Adams1, Susan M. Grimes2, Billy T. Lau2, Anuja Sathe 2,
Hanlee P. Ji 2 & Nancy R. Zhang 1,7

Long-read sequencing boosts alternative splicing analysis but faces technical
and computational barriers in single-cell and spatial settings. High Nanopore
error rates compromise cell barcode and UMI recovery, while read truncation
andmisalignment undermine isoformquantification.Downstream, a statistical
framework to assess splicing variationwithin andbetween cells or spatial spots
is lacking. We introduce Longcell, a statistical and computational pipeline for
isoform quantification from single-cell and spatially barcoded Nanopore long
reads. Longcell efficiently recovers cell barcodes and UMIs, corrects sequen-
cing errors, and models splicing diversity within and between cells or spots.
Applied across multiple datasets, Longcell allows accurate identification of
spatial isoform switching. Longcell also reveals widespread high intra-cell
isoform heterogeneity for highly expressed genes. Finally, on a perturbation
experiment for 9 splicing factors, Longcell identifies regulatory targets that are
validated by targeted sequencing.

Alternative splicing is a pervasive gene regulatory mechanism which
affects more than 90% of multi-exon human genes. It is a key reg-
ulatory step in gene expression that allows a limited genome to
express an impressive diversity of coding and non-coding RNAs1.
Alternative splicing plays an important role in key biological processes
suchas cell differentiation, lineage determination2 and tumorigenesis3,
and its dysregulation has been connected to many diseases such as
cancer4, intellectual disability and autism spectrum disorders (ASDs)5.
While alternative splicing has been widely studied at tissue level2,6,7, it
remains poorly understood at the single cell level8,9.

Technical and computational challenges have limited our ability
to explore alternative splicing in the single-cell and spatial setting.
Commonly used droplet-based scRNA-seq protocols10–13 are based on
short-read sequencing that only captures the 3’ or 5’ ends of RNA
transcripts. The Smart-seq protocol14–16 can achieve full-length tran-
script coverage but requires further assembly and has limited

throughput. Advances in full-length sequencingmethods provide new
opportunities for single-cell isoform analysis, and recent studies have
demonstrated their feasibility17–20. The two most widely used full-
length sequencing protocols are provided by Pacific Biosciences
(PacBio) and Oxford Nanopore Technologies (Nanopore). While full-
length sequencing overcomes the read length limitations of short-read
sequencing and enables the full-length RNA isoform detection, these
methods also have their own challenges that impact their scalability
and accuracy. Current versions of Pacbio’s protocol have higher
sequencing accuracy but limited sequencing capacity21. In contrast,
current Nanopore protocols can achieve higher sequencing capacity
to profile a large number of transcripts22 across a large number of cells/
spots, but generally exhibit lower sequencing accuracy. In recent
years, various experimental strategies have been developed to address
the above problems. For PacBio, a novel technique called Multiplexed
Arrays Isoform Sequencing (MAS-ISO-seq) is designed to boost
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sequencing throughput by over 15-fold23. For Nanopore, the Rolling
Circle Amplification to Concatemeric Consensus (R2C2) method is
developed to improve sequencing accuracy through consensus error
correction24. Our method complements these advances by reducing
the noise introduced by Nanopore’s lower sequencing accuracy
through computational approaches. In this paper, we develop a com-
putational pipeline for pre-processing and analysis of single-cell and
spatially barcoded Nanopore sequencing data. The data we analyze
were generated by the 10× single-cell and Visium platforms, but the
model should be generalizable to other platforms.

In broad strokes, a pipeline for isoform quantification on long-
read sequenced single-cell libraries requires four pivotal steps (Sup-
plementary Fig. 1): (1) Recovery of the cell barcode and unique mole-
cular identifier (UMI) from each read. (2) Within each cell, group reads
with similar alignment based on their recovered UMIs, as the UMI
count, not the read count, better reflects the true quantity of a tran-
script. (3) Within each UMI-based read cluster, collapse reads into a
consensus alignment that best represents the isoform of origin. (4)
Derive isoform-level quantification basedon the consensus alignments
of each UMI cluster. It is important to note that the UMI, a unique
feature in single-cell and spatial experiments to mitigate PCR amplifi-
cation bias, is pivotal to accurate quantification in these experiments.
Tools developed for bulk sequencing data, when applied to the single-
cell and spatial settings, ignore the UMI. Recent studies that analyze
single-cell long-read RNA-seq data also ignore the noise in UMI
assignment25–27.

There are two key challenges in developing this pipeline for
Nanopore long-read sequencing data due to the low per-base
sequencing accuracy (85–99%)22,28–30. First, the lower sequencing
accuracy makes it difficult to recover the cell barcode and UMI from
the read, even as we show in the latest improved version of the tech-
nology. Thesebarcodes are short sequence tags that are not tolerant of
sequencing errors. While many methods now successfully address the
cell barcode recovery problem19,20,31 (Supplementary Fig. 2), the
importance and difficulty of UMI recovery have not been addressed.
Different from cell barcodes, which are designed following a whitelist
of known sequences, UMIs are shorter and randomly generated, which
makes their recovery more vulnerable to sequencing errors. Existing
methods like Sicelore219 and FLAMES20 collapse UMIs within a fixed
edit distance to quantify isoform expression, but we will show that
such a strategy is not foolproof: If sequencing error is high, existing
methods overestimate the number of UMIs, causing inflated quantifi-
cation. Such inflation due to sequencing error can bemore severe with
increased PCR amplification.

In addition to inaccurate UMI recovery, low sequencing accuracy,
and read truncation can also lead tomisidentificationof isoforms.With
the accumulation of sequencing errors in long reads, small internal
exons are sometimes wrongly mapped, leading to the false-positive
discovery of novel isoforms. Read truncation, due to pore-block and
early stop in reverse transcription32, is also pervasive in Nanopore
sequencing (Supplementary Fig. 3). These issues need to be addressed
to allow reliable downstream alternative splicing analysis with single-
cell and spatially barcoded long-read sequencing.

To address these significant challenges in single-cell and spatially
barcoded Nanopore sequencing, we developed Longcell, a computa-
tional pipeline tailored for isoform quantification. Key advances in
Longcell include (1) precise recovery of UMIs and their use in cor-
recting truncation and mapping errors, and (2) a robust statistical
framework for analyzing inter- and intra-cell splicing heterogeneity. By
incorporating these features, Longcell overcomes the technical bar-
riers posed by sequencing errors and variable sparse per-cell coverage,
enabling reliable downstream analyses of alternative splicing.

We validated Longcell using simulated and real datasets,
demonstrating its accuracy in isoform quantification across single-cell
and spatial platforms. We then applied Longcell to single-cell and

Visium Nanopore sequencing datasets to quantify splicing variation at
the single-cell/spot level. For single-cell data, we decompose hetero-
geneity in the usage of an exon (or splice-site) into intra-cell and inter-
cell splicing heterogeneity. These analyses revealed widespread intra-
cell splicing heterogeneity in highly expressed genes and spatially
resolved isoform switching events. Longcell also enabled the identifi-
cation of splicing factor regulatory targets in a CRISPR perturbation
experiment. Together, these results demonstrate Longcell’s potential
to uncover splicing dynamics and regulatory mechanisms with single-
cell and spatial resolution.

Results
Single-cell isoform quantification through UMI retrieval and
UMI-based denoising
UMIs are a distinctive feature of single-cell and spatial RNA sequen-
cing. A UMI barcode is attached to each transcript prior to amplifica-
tion and should be identifiable from the sequenced read. Accurate
recovery of UMIs from sequenced reads enables the removal of
amplification noise and can facilitate the correction of truncation and
mapping errors. In this section, we begin by presenting empirical evi-
dence of the challenges in UMI recovery and then detail how Longcell
addresses these issues to improve isoform quantification.

To illustrate how sequencing errors can impactUMI identification,
we extracted the 10 base-pair sequence located directly adjacent to
confidently assigned cell barcodes, which should be part of the Illu-
mina R1 adapter (Fig. 1A). Since the adapter sequence is fixed and
known, we calculate the edit distance between the original adapter 10-
mer with the extracted sequences. While most extracted sequences
exhibit a low edit distance from the original, ~5–10% of the sequences
have edit distance greater than 2, even for data generated by the latest
R10 protocol (Fig. 1A bottom left, Supplementary Fig. 4C). These high
edit distances exceed typical thresholds used in barcode clustering
algorithms, resulting in inflated UMI counts per gene or isoform.

To understand this inflation, based on empirically observed
sequencing error distributions, we simulated UMIs with comparable
edit distances from a random set of “true” UMIs (Supplementary
Fig. 4C). Frequently, the observed UMIs corresponding to a single true
UMI split into many small or singleton clusters due to sequencing
errors. As a visualization, Fig. 1A (bottom right) presents a toy example
of a UMI graph simulated under the observed edit distance distribu-
tion. Each node represents a UMI generated through amplification and
subject to simulated Nanopore-like sequencing errors, with colors
indicating their true molecular origin. Edges are drawn between UMIs
with a pairwise edit distance less than 2. Due to sequencing errors,
manyUMIs fail to connectwith others from the sameoriginalmolecule
and instead appear as isolated singletons. In Fig. 1Bweuse a simulation
to show the performance of the regular clusteringmethod for the UMI
clustering under the Nanopore sequencing noise. As the real UMI
sequences are not known, we use the 10mer adapter adjacent to the
cell barcode tomimic the PCR replicates of a single UMI.We extracted
10mer adapters from all reads with a confidently identified cell bar-
code. To simulate different levels of PCR amplification, we repeatedly
sampled varying numbers of adapters (ranging from 2 to 50) from this
pool and applied UMI clustering algorithms to each sample. In an ideal
scenario, clustering would return a single group, as all sampled
adapters originate from the same true sequence. However, commonly
used clustering methods such as DBSCAN (eps = 2, merge UMIs with
edit distance lower than 2, which has the best performance in clus-
tering accuracy in our test) tend tooverestimate thenumberofUMIs at
higher amplification levels, resulting in inflated UMI counts. This
phenomenon, which we call UMI scattering, leads to an inflated esti-
mation of gene expression. Since the degree of scattering depends on
PCR amplification fold and differs across UMI sequences, the severity
of inflation is randomanddiffers across transcripts. The consequences
of UMI scattering can be assessed in real data by considering genes
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with only a single isoform and comparing the UMI cluster size dis-
tributions between short-read sequencing and Nanopore long-read
sequencing of the same cDNA library. For single-isoform genes, the

distribution of true UMI cluster sizes should be comparable between
the short and long read data, but that is not what is observed: The
observed UMI cluster sizes for long reads show inflation at and near a

Fig. 1 | Overview of single cell Nanopore RNA seq preprocessing in Longcell.
A Top: The structure of a read in 10 × 5’ toolkit. Bottom left: Edit distance dis-
tribution between 10mers aside the confidently identified cell barcode and the
original sequences. Bottom right: UMI graph constructed using this distribution.
UMIs highlighted in green originate from the same molecule but fail to be con-
nected due to sequencing errors. B Application of DBSCAN (blue) and Longcell
(coral) to sampled 10-mer adapters across simulated amplification levels (n = 20
replicates per level). C UMI cluster size distribution for gene ENSG00000269590,
which has only one isoform. Compared to 10× short reads, DBSCAN applied to
Nanopore reads produces more singleton and small clusters. D Correction of
wrongly mapped exons for VPS28-201 after UMI deduplication. The misaligned
region is indicated by a black arrow. E Bulk-level percent-spliced-in (ψ) estimation
for constitutive exons before (blue) and after (coral) Longcell correction. Each
point represents an exon (n = 1146 from 325 genes); lines connect values for the
same exon pre- and post-processing. F Comparison for isoform quantification of
VPS28 across methods. The y-axis shows the proportion of misaligned reads

mapped to VPS28-201. G Overview of Longcell: ① simulated isoforms for a gene,
including two true isoforms (a andb) andamisaligned (n).②UMIs arefirst clustered
within each cell. In the example cell, three UMI clusters are formed.③Misalignment
correction is performed using an isoform attribution table built per cell based on
UMI clusters. Using cluster 1 as an example, isoform (a) is the majority, so the
misaligned read (n) is attributed to isoform a, and (n, a) is recorded as 1 in the table.
The table is then aggregated across cells and isoforms which are frequently
assigned to other isoforms are classified as misalignment. ④ Truncation errors are
corrected by comparing to complete read within each cluster. In the example, the
truncated 5’ end for the third read in cluster 1 and the second read in cluster 3 is
corrected. ⑤ Small UMI clusters are pruned based on cluster size distributions for
each isoform. All boxplots show the median (center line), the 25th and 75th per-
centiles (bounds of the box), and whiskers extend to 1.5× the interquartile range
from thebox limits. Outliersbeyond 1.5× IQRare shown as individual points. Source
data are provided in https://doi.org/10.5281/zenodo.15320816.
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size of 1, compared to that for short read data (Fig. 1C). This provides
direct evidence for the UMI scattering phenomenon.

In addition to hindering UMI recovery, sequencing errors can also
mislead read alignment and introduce noise into downstream isoform
identification. This issue is particularly pronounced for small exons,
where sequencing errors can lead to misalignment. For example, the
exon 8 in the isoform VPS28-201, of length just 29 bases, is often
misaligned to in our Nanopore single cell sequencing data, which leads
to two false positive splicing sites (Fig. 1D). Another example is given in
the exon 2 of RPL41-204, which has length 23 bases (Supplementary
Fig. 3B). Quantitatively assessing the impact of these errors on genes is
challenging, as numerous factors contribute, including data quality,
exon length and sequence, and the characteristics of the flanking
regions. To circumvent this limitation, we examined the splicing of
short internal constitutive exons. To avoid the influence of end trun-
cations, we calculated the percent-spliced-in (PSI) (ψ) values by con-
sidering only reads fully spanning the target exon. As these exons are
constitutive in the annotation, we expected their ψ values at the bulk
level to approach 1. However, in a human colorectal metastasis sample
sequenced byNanopore, weobserved an averageψ of only 0.67 across
1,146 constitutive exons from325 geneswith read counts exceeding 30
(Fig. 1E). This finding suggests that misalignment of short internal
exons is a common issue.

To address these challenges, we developed a robustUMI recovery
procedure within Longcell (Long-read single-cell transcriptomics),
designed to handle UMI scattering noise and simultaneously leverage
the UMI to correct for truncation and mapping inaccuracies. The
Longcell pipeline includes four main steps (Fig. 1G): (1) extraction of
cell barcodes and putative UMI sequences, (2) clustering of UMI
sequences, (3) correction of misalignments and truncations, and (4)
filtering of UMI clusters. Steps (2) and (4) improve UMI recovery, while
step (3) corrects misaligned reads and generates improved consensus
read alignments for downstream isoform identification (Fig. 1D).

In step (1), after cell barcode assignment, as the UMI is located
adjacent to the cell barcode, we extract the adjacent sequence that
putatively contains theUMI, togetherwith shortflanking sequences on
both sides so as to account for possible insertions and deletions. Using
the cell barcode, we then group all putativeUMI sequences assigned to
the same cell.

In step (2), ideally, we should only need to disambiguate between
UMIs mapping to the same isoform within the same cell, however,
since isoform assignment is often misled by read truncation and mis-
alignment (Supplementary Fig. 3), the putative UMIs extracted for
each cell are first grouped at a meta-isoform-group level. A meta-
isoform group comprises all isoforms that can be transformed to each
other through end truncations or misalignment of short internal
exons. Within each meta-isoform group, we apply an iterative clus-
tering procedure to cluster the putative UMI sequences, allowing for
sequencing errors (Supplementary Fig. 5A). We then take each result-
ing UMI cluster as representing one unique original UMI, which cor-
responds to one RNA molecule of origin.

In step (3), after UMI clustering, we order the isoforms in each
UMI cluster by their count, length, and mapping quality. In most
cases, the highest-ranked isoform should be taken as the repre-
sentative isoform for that cluster. Asmisalignments aremainly due to
errors introduced into the read after UMI barcoding, wrongly map-
ped reads often coexist with correctly mapped reads in the same UMI
cluster. Although we expect more correctly mapped reads as com-
pared to wrongly mapped reads at the bulk level, within one UMI
cluster, wrongly mapped read(s) can dominate due to random sam-
pling. To prevent wrongly mapped reads from being chosen as the
representative isoform of a UMI cluster, Longcell identifies isoforms
which frequently coexist in the same UMI cluster and compares their
bulk level counts. The isoform with the smaller bulk proportion is
then designated as misalignments and corrected within each UMI

cluster. More details for the complete algorithm can be found in the
“Methods” section.

To demonstrate how this mapping correction step improves iso-
form quantification, we revisit the issue noted earlier in Fig. 1E: con-
stitutive internal exons, whose PSI should be 1, exhibited an observed
average value of only 0.67 in the colorectal metastasis data set. After
applying themapping correction, the averageψ for constitutive exons
increased to 0.92 (Fig. 1E), a value that aligns better with expectations.
The importance of this step is also exemplified by the quantification of
VPS28-201, where a small middle exon was wrongly mapped in 20% of
the reads (Fig. 1D, F). Longcell recovered the existing isoform anno-
tation for this gene without prior knowledge. In contrast, existing
methods either erroneously preserve 5–20% of the misaligned reads
and assign them to an incorrect isoformordiscard these reads entirely.
Both approaches can bias the relative expression estimates between
isoforms. Among the existing methods, IsoQuant, which does not
utilize UMI information to refine read alignment, was most affected by
this issue. However, as we will show later, the UMI-corrected reads
from Longcell can be used as input to IsoQuant to derive accurate
isoform quantification. Overall, step (3) of Longcell helps correct the
mapping errors and assign reads to the true isoform.

In step (4), to address UMI scattering, we hypothesize that all
expressed transcripts of the same isoform should have a similar
amplification fold, as they share the same RNA sequence (Supple-
mentary Fig. 5B). Consequently, their UMI cluster sizes should also be
similar. Thus, within each isoform, we rank UMI clusters by size and
adaptively prune those in the left tail of the empirical distribution (e.g.,
singletons), as the small clusters are likely due to errors (Supplemen-
tary Fig. 5C). More details for the adaptive pruning method can be
found in the “Methods” section. To validate this step, we revisit
Fig. 1B, C. In Fig. 1B, Longcell demonstrates stable quantification across
all PCR amplification folds, addressing the inflated quantification
caused by UMI scattering in dbscan. Figure 1C shows the comparison
of UMI cluster size distribution of a single-isoform gene to the coun-
terpart in matched Illumina sequencing of the same cDNA library. For
such genes, the UMI cluster size distributions should be the same
between Nanopore and Illumina data sets. As Fig. 1C shows, Longcell
effectively correct the left tail inflation due to erroneous singleton
clusters. After Longcell correction, the two distributions are
comparable.

The UMI-corrected reads from each UMI cluster can be used for
isoform identification, quantification, and differential splicing analysis.
For annotation-based isoform identification and quantification, Long-
cell includes a module that assigns the representative read alignment
of each UMI cluster to a specific isoform in the annotation (Supple-
mentary Fig. 6B). Additionally, the UMI-collapsed and corrected reads
from Longcell can be used as input to other isoform identification and
quantification methods that accept single-cell data format. The
benchmarking presented in the next section explores the strengths of
each approach.

However, the incompleteness of current annotations introduces
potential biases in annotation-based isoform-level analyses, as
unknown isoforms not included in the annotation can be incorrectly
assigned. A detailed example of this issue is provided in the next sec-
tion. To reduce the impact of such biases and to reduce the number of
hypothesis tests, we recommend conducting differential splicing
analyses at the meta splice site level, as described in “Methods”.

Longcell improves isoform quantification for single-cell and
spatial Nanopore sequencing
In Fig. 1B–F, we have already shown empirically how each step of
Longcell’s pipeline effectively reduces the specific technical noise/
biases that were identified. We evaluated the isoform quantification
accuracy of the entire Longcell pipeline. For comparison, we bench-
marked Longcell with other existing approaches for single-cell long-
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read-based isoform quantification: Sicelore219, FLAMES20, IsoQuant33,
and Nanopore’s official method wf-single-cell34. Additionally, we inte-
grated Longcell’s UMI recovery and UMI-based read preprocessing
with IsoQuant, which focuses more on the downstream transcript
discovery andquantification steps. The comparisonof IsoQuant versus
this hybrid pipeline, which we call Longcell+IsoQuant, specifically
allows us to evaluate the effectiveness of Longcell’s UMI pre-
processing step.

We benchmarked the methods in three ways: first, we generated
simulation data across a range of low, medium, and high data quality,
and across different sequencing depths, where the true isoform
expression is known and used as a gold standard for all methods.
Second, we generated library-matched Pacbio and Nanopore sequen-
cing data on a 5’ cDNA library from a cancer cell line and compared the
isoformquantificationsderived fromthe twoorthogonal technologies.
Third, we considered library-matched Nanopore and saturated Illu-
mina sequencing of a 3’ Visium library of mouse brain and compared
eachmethod’s isoform quantification to that derived using traditional
methods aided by the Illumina-based UMI whitelist. We only con-
sidered the quantification of known isoforms and did not consider de
novo isoform identification, which is usually done at the pseudobulk
level where existing bulk-level tools can be applied33,35–41.

First, in simulation-based benchmarks, we simulated from two
real data sets as a foundation. In the first simulation, we generated
1000 isoforms from 187 genes across 220 cells extracted from a real
cancer sequencing dataset to be analyzed in detail later. We assumed
that the observed expression of these isoforms is the true expression
and introduced PCR duplicates, sequencing errors, and end trunca-
tions to mimic the data quality in different Nanopore sequencing
platforms and Guppy versions (Fig. 2A and Supplementary Fig. 4A–C),
see “Methods” for details of the simulation procedure. Since we know
the true expression level of each isoform, we used that as the gold
standard, against which we compared all methods. For each method,
we computed both the Spearman and Pearson correlation between the
method’s output and the gold standard, for each cell across isoforms
(Supplementary Fig. 6C). The results show that, across different data
quality, Longcell achieves the highest correlation with gold standard
compared to existing methods (mean Spearman correlation =0.76,
0.80, 0.82 for low-, middle- and high-quality data; Fig. 2C and Sup-
plementary Fig. 8B). The performance of IsoQuant in isoform identi-
fication and quantification is also significantly improved (13.73%
increase in Spearman correlation) when combined with Longcell
across different data qualities and sequencing depth (mean Spearman
correlation =0.78, 0.82, 0.83 for low-, middle- and high-quality data;
Fig. 2C and Supplementary Fig. 8A, B).

In the second simulation, we focused on testing themethods on a
full transcriptome data set sequenced at varying depths. Starting from
amouse olfactory bulb (MOB) Visiumdata set that we will introduce in
detail later, we applied the same procedure as simulation 1 to generate
full transcriptome datasets containing 23,560 isoforms from 13,242
genes across 918 cells under the Nanopore R10 data quality setting
(Supplementary Fig. 9A, B). We downsampled the data at rates
decreasing from 1 to 0.2 to obtain data sets of decreasing coverage,
then applied each of the methods to each of the downsampled data
sets. In this simulation, Longcell+IsoQuant achieves the overall best
performance (mean Spearman correlation = 0.87), while Longcell
(mean Spearman correlation = 0.85) and wf-single-cell (mean Spear-
man correlation =0.85) were ranked second and third, respectively
(Fig. 2D, Supplementary Fig. 9C, D).

We also performed simulations to examine the performance of
methods on the challenging scenarios of micro-exons and NAGNAGs.
The misalignment of microexons, e.g., the example in 1D, was part of
the motivation behind the UMI-based misalignment correction pro-
cedure in Longcell. The full transcriptome simulation data set above
includes 464 genes containing alternatively spliced exons shorter than

50 base pairs, which in total contribute to 2014 alternatively spliced
isoforms. In Supplementary Fig. 10, we show the summary statistics of
these microexons, whose length varies from <10 to 50 bases, and our
sensitivity in their detection at varying downsampling rates. Similar to
other alternative splicing events, Longcell+IsoQuant was the most
accurate, followed by Longcell and wf-single-cell. For the most
extreme case of alternative splicing events at tandem acceptor splice
sites (within the sequencemotif NAGNAG), we note that Longcell does
allowmismatches of three nucleotides for internal exons in reference-
based isoform alignment. To verify the ability of Longcell to quantify
such events, we did another simulation over theMYL6 gene. This gene
contains 4 isoforms, MYL6-201, MYL6-202, MYL6-207, and MYL6-218,
where there is a 3nt difference in the second exon betweenMYL6-201,
MYL6-202, and between MYL6-207 and MYL6-218. We simulated 240
cells in total and divided them into four groups, each group would
mainly express two types of isoforms. We then apply Longcell, Long-
cell+IsoQuant, and wf-single-cell to this data to show if those isoforms
canbecorrectly identified andquantified (SupplementaryFig. 10). All 3
three methods correctly detected the four isoforms without false
positive identification. We further compare their single cell isoform
quantification bymean square error (MSE) between the estimation and
the ground truth. Overall, Longcell (mean MSE = 1.02) and Longcell
+IsoQuant (mean MSE = 1.22) have better performance over wf-single-
cell (mean MSE = 1.48).

In the Pacbio-Nanopore benchmark, we sequenced 18 genes,
including 110 isoforms in 5881 Jurkat cells on both Pacbio and Nano-
pore R10 platforms (Fig. 2B). Given the low sequencing error rates in
Pacbio (Supplementary Fig. 7), weprocessed the Pacbio datawith their
official tool Isoseq42 and used the resulting isoform quantification as a
cross-technology validation. Then we applied all tools on the Nano-
pore sequencing data and, for each cell, computed the per-cell cor-
relation across isoforms between the Isoseq quantification and the
isoform expression output from each method (Fig. 2E and Supple-
mentaryFig. 8C). Longcell significantly improves upon the correlations
of existingmethods for data generated by theNanoporeR10 platform,
producing the most accurate single cell isoform quantification across
the board (mean Spearman correlation = 0.43, 8.72% improvement
compared to the second accurate method Sicelore2).

In the final benchmark, we analyzed a full transcriptome sequen-
cing forMOB slice (Fig. 2B). Lebrigandet al. sequenced the samplewith
Nanopore sequencing and library-matched 10× short read sequencing
near saturation27. They recovered the cell barcodes and UMIs in
Nanopore in a supervised fashion by referring to the cell barcodes and
UMIs in the short reads sequencing data set, and ended up with 40142
isoforms in 18724 genes for 918 cells. Such supervised recovery for cell
barcodes and UMIs should be more accurate, and thus, we applied all
tools on the Nanopore sequencing data and compared their output
with Legibrand et al.’s isoform quantification. Among all methods,
Longcell-IsoQuant (mean Spearman correlation = 0.70) and wf-single-
cell (mean Spearman correlation =0.66) have the best performance
(Fig. 2E and Supplementary Fig. 8C). Compared to IsoQuant (mean
Spearman correlation = 0.58), Longcell-IsoQuant shows 20%
improvement.

Note that the cancer cell line data for benchmark 2 comes from a
5’ targeted library and theMOBdata set for benchmark 3 comes froma
3’ full transcriptome library. Overall, these benchmarks show that
Longcell’s UMI recovery and UMI-based misalignment and truncation
correction improve isoformquantification across different sequencing
designs.

Biases from incomplete annotations and meta-splice site-based
quantification
The results from simulation data, cell-matched Oxford
Nanopore–Pacific Biosciences sequencing data, and spatial validation
data demonstrate that Longcell’s innovations improve isoform
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quantification, both independently and in combination with IsoQuant.
However, it is important to note that the metrics presented here are
reference-based andmay not fully capture the complexity of transcript
splicing, as unknown isoforms that are not in the reference may con-
fuse all algorithms. To illustrate such complexity, we use an example
from the Jurkat dataset (Supplementary Fig. 11). For the gene VIM,
which has three isoforms (201, 206, and 209), different methods yield

conflicting conclusions about their expression: IsoQuant attributes
most reads to VIM-209, Isoseq assigns themajority to VIM-201, and wf-
single-cell divides the reads roughly equally between VIM-201 and
VIM-206.

Examining the reads mapped to VIM reveals significant 3′ trun-
cations, withmost reads covering exons 2–5, which are shared by VIM-
209, VIM-201, and VIM-206. This overlap limits isoform assignment.
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However, a subset of reads covering both the 5′ and 3′ ends provides
additional clues. For instance, three reads span four exons at the 3′
end, shared only by VIM-201 and VIM-209, potentially explaining why
IsoQuant and Isoseq exclude VIM-206. Additionally, tens of reads span
exon 1 at the 5′ end. Among these, 24 reads exhibit a splice site cor-
responding to exon 1 of VIM-209, while 175 align with a splice site
corresponding to exon 1 of VIM-204. This combination of splice sites,
absent in the isoform annotation, suggests the existence of a novel
isoform, here referred to as VIM-new. Consequently, reads spanning
exons 2–5 could correspond to VIM-201, VIM-209, or 5′-truncated VIM-
new. Current quantification methods overlook this potential isoform:
IsoQuant assigns all such reads to 5′-truncated VIM-209, whereas Iso-
seq attributes them to VIM-201. Given the observed alignments, it
remains challenging to determine which method is accurate.

All annotations are incomplete, and it is important to remember
that unannotated isoforms, in addition to truncations and mapping
errors, can confuse all current algorithms. To mitigate the undesired
effects of unannotated isoforms, the remaining analyses in this paper
quantify alternative splicing events at the splice site, rather than the
isoform level. For each gene, Longcell identifies differences between
reads that cannot be attributed to truncation and treats these differ-
ences as putative alternative splice sites (Supplementary Fig. 12A). Due
to the prevalence of read truncation in Nanopore sequencing, differ-
ences at the 5’ are excluded, and for all reads lacking polyA tail, dif-
ferences at the 3’ are also discarded (see Supplementary Fig. 6 for
coverage biases for data from 3’ and 5’ protocols). To reduce dimen-
sionality and collinearity, putative alternative splice sites are grouped
into “meta splice sites” based on co-variation across reads. This
grouping effectively reduces the number of features for downstream
analysis (Supplementary Fig. 12B–E). Importantly, meta splice sites are
defined adaptively based on the observed covariance between the
individual splicing sites in the data, thus distilling the data into its
sufficient statistics.

Quantification of intra versus inter-cell splicing variation in
spatial and single-cell data
When an alternative splicing event is detected at the bulk-tissue level, a
basic question is whether the two isoforms are co-expressedwithin the
same cells or in separate cells. This question has been examined by
single-cell short-read sequencing43,44, where the conclusion was that
alternative isoforms predominantly originate from different cells.
However, existing studies did not fully account for the variation in total
gene expression and sequencing coverage across cells45, and current
single-cell data sets all suffer from low per-cell sequencing coverage
that limits the sensitivity to detect multiple isoforms within the same
cell. Here, we propose a statistical model to explicitly quantify inter-
versus intra-cell splicing variation at a given exon/splice site,
accounting for the variation in total read coverage across sites and
across cells. For an exon/site, intra-cell heterogeneity refers to the case
where both types of isoforms—those including the exon and those
excluding it—co-exist within the same cell. In contrast, inter-cell het-
erogeneity refers to the degree towhich the percent of transcripts that

include the exon (PSI) varies across cells (Fig. 3C). For spatial tran-
scriptomic data, similar definitions could be made for inter- versus
intra-spot heterogeneity.

Formally, for cell c, let Xe
c be the count of reads with exon e

retained. Here, wewill describe themodel in terms of exons, since that
is simpler and more intuitive, but in our analysis, we apply this model
on the level of meta-splice sites, as described in the previous section.
As noted there, the grouping of splice sites into meta-splice sites
retains the sufficient statistics in the datawhile reducing the number of
redundant features, increasing the power of any downstream
transcriptome-wide screens. We assume that Xe

c � BinomialðNe
c,ψ

e
cÞ,

whereNe
c is the total number of reads mapping to the gene containing

the exon in cell c, andψe
c is the unknown cell-specific PSI value for exon

e, i.e., the proportion of transcripts of cell c with exon e retained.
First, it is important to note that if we fix the bulk PSI (i.e., the

mean of ψe
c across cells), there is a clear trade-off between inter-cell

heterogeneity and mean intra-cell heterogeneity: for example, con-
sider the case where bulk PSI is 0.5. Then, in one extreme, all cells
could be at 0.5 (maximizing intra-cell heterogeneity and minimizing
cross-cell heterogeneity), or, in the other extreme, half of the cells
could be at 0 with the other half of the cells at 1 (no intra-cell het-
erogeneity, and maximum cross-cell heterogeneity). Imagine this as
trying to distribute the two isoforms amongst all cells. If we put the
two isoforms in the same cell, then across cells, there will necessarily
be fewer differences between cells. If we put the two isoforms in
different cells, then there will be more inter-cell heterogeneity but
less intra-cell heterogeneity.

With the cell-specific PSI ψe
c unknown, our goal is to estimate its

distribution across cells. Since ψe
c 2 0, 1½ �, we use the Beta distribution

to flexibly model its variation across cells. The mean of the Beta dis-
tribution, μe = E½ψe

c�, is the bulk-level PSI for this exon, while the var-
iance of the Beta distribution measures the degree of inter-cell
heterogeneity in exon usage. Since the variance of the Beta distribu-
tion scales with the mean in the form μe 1� μeð Þ, we compute the dis-
persion ϕe = var ψe

c

� �
μe 1� μeð Þ½ ��1 2 0, 1½ � ð1Þ as a mean-invariant

measure of inter-cell splicingheterogeneity. A low value ofϕe indicates
that the distribution of ψe

c across cells is unimodal. Thus, for example,
if the bulk PSI of exon e is μe = 1=2, andϕe is low, then wewould expect
the single cell PSI’s are also around 1=2 and so there would be high
intra-cell heterogeneity and low inter-cell heterogeneity. In contrast, a
high ϕe indicates that ψe

c is bimodal, meaning that individual cells
either splice this exon in or out, with low intra-cell heterogeneity
(Fig. 3C). Let μ̂e, ϕ̂

e
be our maximum likelihood estimates of μe,ϕe,

respectively, based on Longcell’s isoform quantification. Standard
errors and confidence intervals of μ̂e, ϕ̂

e
, which we compute by Boot-

strap, allow the assessment of estimation uncertainty due to low
sequencing coverage. For a given dataset, a plot of μ̂e versus ϕ̂

e
across

genes and exons gives a birds-eye-view of the bulk-level mean exon
inclusion rates versus the degree of inter-cell heterogeneity across the
transcriptome. We recommend using either error bars or color shad-
ing to reflect the estimation uncertainty. See Methods for details on
estimation and inference.

Fig. 2 | UMI deduplication results on simulated and real datasets. A The pro-
cedure to simulate single-cell long reads sequencing as a benchmark dataset. Dif-
ferent numberof transcripts arefirst simulated under the guidanceof a cell isoform
expression dataset. Each transcript is then amplified according to their GC ratio.
Then, the sequencing errors and truncations are introduced tomimic theNanopore
sequencing data quality. B The procedure to generate the real benchmark dataset.
The left plot shows the sequencing for Jurkat cells: The 10× full-length cDNA library
was randomly split into two parts, one for Pacbio and one forNanopore. Sequences
fromPacbiowasprocessed by their official tool isoseq, whileNanopore sequencing
was processed by other methods for single-cell isoform quantification. The output
fromeachmethod is then comparedwith the isoformquantification from Isoseqby
correlation. The right plot shows the sequencing for themouse olfactory bulb: The

Visium full-length cDNA library was randomly split into two parts, one for Illumina
and one for Nanopore. The Ilumina sequencing is used to guide the cell barcode
and UMI recovery to generate a confident single-cell isoform quantification.
Methods to be benchmarked are applied only to the Nanopore data. The output
from each method is then compared with the confident isoform quantification by
correlation.C The per cell Spearman correlation on simulated data across different
data quality for 220 cells. D The per-cell Spearman correlation on the full tran-
scriptome simulated data across different down-sampling rates for 918 cells. E The
per cell Spearman correlation on the real data: the upper one is the result on the
Jurkat cells (5881 cells) and the bottom one is the result on the MOB (918 cells).
Boxplots are defined as in Fig. 1. Source data are provided in https://doi.org/10.
5281/zenodo.15320816.
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To illustrate the procedure, we first consider a sample of color-
ectal cancer metastasis to the liver (CRCLM). The sample is processed
by both 10× Chromium (single cell) and 10× Visium (spatial), with the
cDNA libraries from both single cell and spatially barcoded samples
split and sequenced by both Illumina and Oxford Nanopore46

(Fig. 3A, B). In the single-cell sample, we identified four main cell types
based ongene expression. TheUMAPderived from Illumina short read

gene expression and Nanopore long read isoform expression reveal
similar geometries, indicating that after Longcell’s cell barcode
extraction and UMI recovery, cell types visible by short read sequen-
cing are also detectable from the long read data (Supplementary
Fig. 13A). For the CRCLM spatial data, the clusters identified based on
isoform expression map to histologically distinct regions on the slide
(Supplementary Fig. 13B). Through spot decomposition based on the
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gene expression we get 3 main cell types for the CRCLM spatial data
(Fig. 3B and Supplementary Fig. 13C). For downstream alternative
splicing analysis, given that existing isoform annotations are incom-
plete, we applied Longcell in annotation-free mode. After preproces-
sing, we applied the Beta-Binomial model above to the meta-splice
sites identified by Longcell. Figure 3D shows the μ̂e versus ϕ̂

e
plot for

exons e inhighly expressed genes in the single cell CRCLMdataset. The
standard error of ϕ̂

e
are shown as continuous color scale. We filtered

out ϕ̂
e
with high standard error and preserve confident ϕ̂

e
estimation

for 88meta splicing sites in 57 genes.We found thatmost alternatively
spliced exons for highly expressed genes have low estimated ϕ, indi-
cating a low inter-cell heterogeneity but high intra-cell heterogeneity
(Fig. 3D). Thus, for highly expressed genes, the dominant pattern is for
different isoforms to be co-expressed at a similar ratio within each cell
across the cell population. For example, we observed an isoform
switching event involving exon 4ofRBIS,which shows a lowϕ and thus
a unimodal distribution for the cell-specific PSI (Supplementary
Fig. 14A). Indeed, the two isoforms, RBIS-208 and RBIS-213, are co-
expressed in each tumor epithelial cell with a relative 1:1 ratio. (Sup-
plementary Fig. 14B–D). Another example gene ZFAS1 also shows such
low intra-cell heterogeneity (Supplementary Fig. 14E). We detected a
unimodal distribution of cell-specific PSI for its exon 4. Two isoforms,
ZFAS1-201 and ZFAS1-205 are involved in this alternative splicing event
and they are also co-expressed in each cell with a relative 1:1 ratio and
without any obvious cell-type-specific distinction (Supplementary
Fig. 14F–H).

We identified a few cases of alternatively spliced exons with high
ϕ, indicating high inter-cell variation and a bimodal distribution for ψ.
An example is exon 6 inMYL6. The two isoforms ofMYL6 are enriched
in different cell groups, with co-expression ofMYL6-218 andMYL6-207
in tumor epithelial cells and dominance ofMYL6-207 in macrophages
and CD8 cells (Fig. 3E–G). Just as highly variable genes analysis iden-
tifies genes with high variation in total expression across cells, the
Beta-Binomial above identifies exons with high variation in percent-
splice-in across cells, which could be informative for revealing cell sub-
populations distinguished by alternative splicing. The alternative
splicing ofMYL6 is also observed in the paired Visiumdataset, in which
the myeloid cells also predominantly express MYL6-207 while tumor
epithelial cells have high expression in both MYL6-207 and MYL6-218
(Fig. 3H, Supplementary Fig. 15). For a comprehensive list of the esti-
mations for inter-cell splicing heterogeneity, see Supplemen-
tary Data 1.

We further applied Longcell to Nanopore sequencing data of
mouse embryonic brain cells19. This data describes the differentiation
process from neuroblasts to glutamatergic and GABAergic neurons
(Fig. 4A). In this dataset we preserved confident ϕ̂

e
for 268 meta spli-

cing sites in 156 genes. As in the CRCLM data, high intra-cell and low
inter-cell splicing heterogeneity was observed in this dataset for most
of the alternatively spliced events (Fig. 4B). For example, the Serbp1
gene is alternatively spliced at exons 4 and 5, leading to 4 main iso-
forms. These four isoforms are co-expressed in single cells across the

neuroblast to glutamatergic neuron differentiation trajectory, with no
obvious cell type-specific distinction (Fig. 4D–F). To identify genes
with the most significant differential isoform usage across cells, we
ranked exons by ϕ̂

e
value and found two meta splice sites in the Pkm

gene that display very high inter-cell splicing heterogeneity (Fig. 4B).
This is consistent with the published result that single cells tend to
predominantly express one isoform for the alternatively spliced Pkm
gene in this tissue19. Our analysis found that exon 9 for Pkm has a
continuously increasing trend towards retention as cells progress from
neuroblasts to glutamatergic neurons (Fig. 4G, H). This indicates a
continuous switch in splicing from the Pkm-201 isoform to the Pkm-
202 isoform (Fig. 4I, J) as neurons mature towards the differ-
entiated state.

Detection of differential splicing events between cell
populations
To identify differentially spliced genes between two cell populations,
we developed a test that accounts for both the mean splicing differ-
encebetween populations as well as the inter-cell heterogeneity within
each subpopulation. Consider the exon colored yellow in Fig. 5A. As in
the last section, we will describe the model for each exon, but our
analysis applies the model at the meta-splice-site level. We let Xc

e be
the count of the number of reads retaining the exon for each cell c.
Given the total count Nc of reads for the gene in cell c, we model Xc

e

with a Beta-Binomial distribution, Xc
e � BinomialðNc,ψc

eÞ, with ψc
e �

Betaðα1
e,β1

eÞ for cells in population 1, and ψc
e � Beta α2

e,β2
e� �

for
cells in population 2. Based on this model, we perform a generalized
likelihood ratio test of the null hypothesis H0 : α1

e =α2
e,β1

e =β2
e,

whichcorresponds to the scenariowhere the two cell populations have
the same Beta distribution parameters for the cell-specific PSI values.
This model can account for uneven total gene expression across cells
and, by testing for changes in both shape parameters of the underlying
Beta distribution, can sensitively detect both a shift in mean and a
change in dispersion in the population distribution of ψc

e. After cor-
rection for multiple hypothesis testing, exons that display differences
in the distribution of ψc

e across the two cell populations are reported.
The detected signals will then be decomposed into mean-level and
variance-level changes for better interpretability (Fig. 5A).

Longcell reveals targets of splicing regulators in single cell
CRISPR experiment
We applied Longcell, with the differential expression module, to a
perturbation experiment in naïve and stimulated Jurkat human cell
lines. The Jurkat cell line was derived from a T cell leukemia and stably
expressed Cas9. On this cell line, we transduced a multiplexed gRNA
lentiviral library targeting 9 splicing factor genes (two gRNAs per
gene), including well-known factors from the HNRNPLL and SRSF
families and less-studied factors such as PCBP2 and CWC27 (Supple-
mentary Fig. 16A). After 14 days, we harvested the cells, generated
single-cell libraries, and conducted full transcriptome Nanopore
sequencing47. We identified 7 meta-splicing sites in 5 genes in Jurkat

Fig. 3 | Quantification of intra-cell versus inter-cell isoform heterogeneity in
colorectalmetastasis to the liver. ATheUMAPof the colorectal cancermetastasis
to the liver (CRCLM) single cell data, each point is a cell colored by its cell type
definition. B The paired VISIUM sequencing for the same CRCLM sample. The left
plot shows the histology, indicating the tumor region. The right plot shows the
dominant cell type in each spot. C The relationship between �ψ and ϕ, �ψmeans the
mean of percent-spliced-in for an exon across the cell population, ϕ means the
inter-cell heterogeneity of this exon. The histograms of ψ are colored by their �ψ.
The dots above each histogram show the alternative splicing across the cell
population. The dot filled in redmeans the target exon is preserved in the isoforms
in this cell, while the dot filled in white means the target exon is spliced out. The
circle filled in red gradient means the cell expresses both isoforms. D ϕ vs. �ψ
distribution for alternative spliced exons in CRCLM single cell data, the color

indicates the confidence interval ofϕ estimation. E Theψ distribution for exon 6 of
MYL6, which has a very high ϕ, indicating high intercell heterogeneity. In this his-
togram, x-axis shows the exonψ and y-axis shows the cell frequency whose ψ value
falls in this bin. As ψ estimation is influenced by the gene expression, the average
gene expression for is bin is shown in color gradient. F The left plot shows the ψ

distribution for exon 6 ofMYL6 across cells, epithelial show the highest inclusion-
level of this exon. The expression of two dominant isoforms across different cells
are shown in the right heatmap, epithelial has higher expression of MYL6-218
compared to other cell types. G The sashimi plot shows the comparison of bulk
expression of MYL6-207 and MYL6-218 between epithelial cells and other immune
cells. H The spatial view of the expression for MYL6-218 (top) and MYL6-207 (bot-
tom). The regions for myeloid cells are marked by black circles. Source data are
provided in https://doi.org/10.5281/zenodo.15320816.
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cell lines and 11 sites in 6 genes in stimulated Jurkat cell lines that were
affected by the knock-out of splicing factors after FDR control at
threshold 0.05 (Fig. 5B, C and SupplementaryData 2). For example, we
observed that knock-out of HNRPLL significantly promoted the inclu-
sion of exons 4 and 6 in PTPRC, leading to the transition from the
expression of PTPRC-214 to PTPRC-209, which corroborates existing
knowledge about these factors47,48 (Supplementary Fig. 17A–D).

We also compared the regulation patterns of splicing factors
between stimulated andunstimulatedT cells. Although the stimulation
significantly changed the expressionprofile of T cells,wewere still able
to identify overlapping regulation signals between the naïve and per-
turbed settings. For these overlapping targets, the effect sizes of
splicing factor knockout correlate highly between the stimulated and
unstimulated group (p=0:001), validating each other and indicating
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that these specific regulatory relationships of the splicing factors are
not changed by the stimulation (Fig. 5D).

Besides thewell-known regulation of PTPRCmentioned above, we
also identified novel regulation patterns such as PCBP2 promoting the
inclusion of exons 3 and 4 in DGUOK (Fig. 6A). Knock-out of this spli-
cing factor can lead to a transition from expression of isoformDGUOK-
208 to expression of isoformDGUOK-202 andDGUOK-203 (Fig. 6C, D).
We alsoverified this regulation patternbetween PCBP2 andDGUOK in a
targeted sequencing experimentwhere these geneswere enriched and
thus received much higher coverage (Supplementary Fig. 18). Another
example is the alternative splicing of the exon 4 in the gene PTS was
found to be regulated by CELF2. CELF2 was shown to promote the
removal of exon 4 and knock-out of CELF2 leads to the transition of
expression from PTS-201 to PTS-207 (Supplementary Fig. 17E–H). We
also found that the alternative splicing of ARHGEF1 is regulated by
CELF2 (Fig. 6E, F). But converse to PTS, our result shows that CELF2 can
suppress the removal of exons 14 and 15, thus promoting the transition
from ARHGEF1-203 to ARHGEF1-227 (Fig. 6G, H).

Spatial isoform switching in mouse olfactory bulb identified via
Longcell
To further illustrate spatial splicing analysis with Longcell, we revisit
the VISIUM Nanopore sequencing of the MOB slice from the experi-
ment conducted by Lebrigand et al. 27. The spatial domains of this data
are shown in Fig. 7A. In our benchmarks in Fig. 2, we showed that
Longcell gives accurate isoform-level quantification for this data as
compared to using the UMI whitelist of library-matched saturated
Illumina sequencing. We further applied Longcell to quantify intra vs.
inter-spot splicing variation, wherewe obtained confident estimates of
the inter-cell dispersion ϕ̂

e
for 185meta splicing sites in 131 genes, all of

which are highly expressed. Like the CRCLM and mouse embryonic
brain samples, we found that, for these highly expressed genes, most
meta splicing sites to have substantial intra-spot splicing hetero-
geneity and, relatively, low inter-spot splicing heterogeneity (Fig. 7B).
For example, ϕ̂

e
for a meta site in the gene Apod is 0.06, which indi-

cates low inter-spot heterogeneity (Supplementary Fig. 19A, B). This
meta-site corresponds to the exon 5 in Apod, and the alternative spli-
cing of this exon leads to 2 isoforms: Apod-202 and Apod-203. This
gene is highly expressed in the Olfactory Nerve Layer (ONL), and each
cell expresses around ¾ Apod-203 and ¼ Apod-202 (Supplementary
Fig. 19C, D). Such low inter-cell heterogeneity indicates that the two
isoforms may have different but important functions in this tissue.

Of themeta-sites that showhigh inter-spot heterogeneity, the one
with the highest inter-cell dispersion is a meta-site in the Plp1 gene
(Fig. 7B, D). This agrees with the experiment from Lebrigand et al. 27

which identified and validated this isoform switch of Plp1 between
different layers of the olfactory bulb.

To detect if there are any other isoform switching events between
different layers, we applied Longcell’s differential splicing test on this
sample. In total, 312 meta splicing sites in 224 genes are significantly
alternatively spliced in different layers at FDR threshold 0.05 (Fig. 7C).
The Plp1 gene is also one of the most significant signals in this

differential test. There exists an alternative 3’ splice site in the exon 3of
Plp1 gene, which leads to 2 isoforms Plp1-201 and Plp1-202. The outer
layers like ONL have high expression of both Plp1-201 and Plp1-202,
while inner layers, such as the Granule Cell Layer (GCL +RMS), exclu-
sively express Plp1-201 (Fig. 7E–G). For a comprehensive list of the
identified isoform switching events, see Supplementary Data 2.

To what extent is inter-spot splicing heterogeneity driven by tis-
sue domain (layer)? Interestingly, through a global analysis, we find
that across genes, the inter-spot heterogeneity of a meta-site is not
strongly correlated to whether it is differentially spliced between lay-
ers (Supplementary Fig. 19E). One example is exon 4 of the Mapre3
gene. There is an alternative 3’ splice site in this exon, leading to the
two isoforms Mapre3-201 and Mapre3-202. The splicing of this exon
shows high inter-cell heterogeneity that is not aligned with the tissue
layer (Fig. 7H, I). Instead, we found that within each layer, each single
cell exclusively expressesMapre3-201 orMapre3-202, but the choice to
expresswhich isoform is not correlated to the layer identity (Fig. 7J, K).
Thus, something else is driving the splicing of this gene. This highlights
the importance of unsupervised inter-spot splicing heterogeneity
quantification that is not dependent on known tissue domains.

Discussion
Long-read sequencing is a powerful tool for detecting and character-
izing alternative splicing in single-cell and spatial transcriptomics.
However, the influence of sequencing errors, read truncation, and
mapping errors on single-cell long-read-based isoform quantification
has not been characterized. In this study, we started with a detailed
examination of these sources of noise and described how UMI scat-
tering affects single-cell isoform quantification. We also observed that
misalignment and technical truncation of exons can lead to spurious
alternative splicing detections, especially in the absence of a reference
isoformannotation. Toovercome these issues, wedevelopedLongcell,
a novel preprocessing method that efficiently provides accurate iso-
form quantification for long-read sequencing with single-cell and
spatial barcodes. Through simulated and real data sets, Longcell is
found to improve isoform quantification and allow precise identifica-
tion of isoform switching between cell populations and spatial
domains.

Our results informexperimental design for future single-cell long-
read studies: It is important to note that we correct for read truncation
and mapping errors by taking a “consensus” among reads assigned to
the same UMI, which correspond to PCR duplicates. Thus, PCR repli-
cates are both a blessing and a curse, and our simulations show that a
mean PCR amplification fold of 5 already allows for the correction of
many truncation and mapping errors. Thus, a shallow PCR amplifica-
tion before sequencing is still recommended.

For downstream analyses, we proposed a novel metric to eval-
uate the exon- and splice-site usage heterogeneity within versus
across single cells. Armed with this metric, we re-examined the
question of intra-cell splicing heterogeneity that was the focus of
previous studies43–45: do cells predominantly express only one iso-
form, or do they co-express multiple isoforms of the same gene?

Fig. 4 | Quantification of intra-cell versus inter-cell isoform heterogeneity in
embryo mouse brain. A Umap of cells in the mouse embryo brain colored by cell
types. B ϕ vs. �ψ distribution for alternative spliced exons, color indicates the con-
fidence interval ofϕ.CTheψdistribution for exon4of Serbp1, whichhas a relatively
low ϕ and shows a unimodal distribution, indicating a low inter-cell heterogeneity.
DUmap of cells inmouse embryo brain. Cells are colored byψ for exon 4 of Serbp1.
Cells that have low expression (<3) of this gene and could not give a confident ψ
estimation are the smallest points colored ingray. The gene expression for each cell
is shown by the point size while the ψ estimation is shown by color gradient. Three
differentiation stages from neuroblast to glutamatergic cells are highlighted by
three circles (red: early, blue: middle, and green: late). E, F The alternative splicing
for Serbp1 in above three circled groups. The alternative splicing of exon 4 and 5 in

Serbp1mainly leads to 4 isoforms: Serbp1-201, Serbp1-203, Serbp1-207, and Serbp1-
211. Each single cell co-expressed part of those 4 isoforms and there is no obvious
cell-type-specific pattern of the alternative splicing from both single cell view
(E heatmap) and bulk level (F sashimi plot).G Theψ distribution for exon 9 of Pkm,
which has a relatively high ϕ and shows a bimodal distribution, indicating a high
inter-cell heterogeneity. H Umap of cells in mouse embryo brain. Cells are colored
by ψ for exon 9 of Pkm. I, J The alternative splicing for Pkm in above three circled
groups. The alternative splicing of exon 9 in Pkmmainly leads to 2 isoforms: Pkm-
201 ad Pkm-202. An obvious transition of the expression of two isoforms can be
identified both in both bulk (J sashimi plot) and single cell level (I heatmap). Source
data are provided in https://doi.org/10.5281/zenodo.15320816.
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Across multiple datasets, we found that same-cell co-expression of
multiple isoforms is common across highly expressed genes. Further
research is required to reveal the biological mechanisms of intra-cell
isoform switching.

We also developed a new test for differential splicing analysis that
detects, for an exon or splice-site, a change in the distribution of its

cell-specific PSI between two groups of cells. The test adjusts for dif-
ferences in read coverage between cells and goes beyond shifts in
mean to detect changes in the shape of the PSI distribution. To illus-
trate this method, we performed a splicing factor knock-out experi-
ment and applied Longcell to identify targets for multiple splicing
factors.
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Fig. 5 | Differential splicing analysis and the detection of alternative splicing
regulated by splicing factors. A The principle of generalized likelihood ratio test
to identify differentially expressed isoforms. The mean change vs. variance change
of ψ for all significant meta splicing sites identified in Jurkat (B) and stimulated
Jurkat cells (C) after knock-out of splicing factors. Each point is a significant meta-
splicing site labeled by its gene identity. Meta splicing sites with too low mean or
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After stimulation, there is a significant change of gene expression and alternative
splicing in Jurkat cells, but the regulation of splicing factors keeps the same
direction. Source data are provided in https://doi.org/10.5281/zenodo.15320816.
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(f dr = 2:16 × 10�7) can be observed after the knock-out. C Comparison of expres-
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Methods
This study used only cell lines and public data and did not involve
human participants, animal subjects, or other procedures requiring
ethical approval.

Jurkat cell culture
Jurkat (ATCC TIB-152) and Cas9-stable Jurkat (SL555, GeneCopoeia,
Inc., Rockville, MD, USA) cells were maintained in Roswell Park

Memorial Institute (RPMI) 1640 medium (A3160702, Gibco) supple-
mented with 10% FBS (A3160702, Gibco).

CRISPR knock-out
Pooled splicing factor knock-out was performed. Briefly, the oligonu-
cleotide pool for gRNA library targeting splicing factors was cloned to
the lentiGuide-Puro plasmid (Addgene plasmid #52963), and the pro-
duced lentiviruses were transduced to Cas9 stable Jurkat cells using
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spinoculation at 800g for 30min at 32 °C. After that, cell pellets were
resuspended to fresh media and plated in a six-well plate. After 72 h,
transduced cells were selected by puromycin (Life Technologies,
CA, USA)47.

Single-cell library preparation
Single-cell cDNA and gene expression libraries of cell lines and patient
samples are generated by Chromium Next GEM single cell 5’ library &
Gel Bead Kit v2 (PN-1000263, 10× Genomics, Pleasanton, CA, USA) as
per the manufacturer’s protocol. Then, 6 pmol of gRNA scaffold
binding primer (oJR160; AAGCAGTGGTATCAACGCAGAGTACCAAG
TTGATAACGGACTAGCC) was added to RT master mix directly before
droplet generation. After cDNA amplification, we performed 0.6× left-
sided SPRI cleanup reaction for cDNAs and 0.6×–1.8× double-sided
SPRI selection for gRNA using SPRIselect (Beckman Coulter Life Sci-
ences, CA, USA). The sgRNA fractions were amplified by primers
oJR163 and oJR165 (AATGATACGGCGACCACCGAGATCTACACTCTTT
CCCTACACGACGCTCTTCCGATCT, CAAGCAGAAGACGGCATACGAG
ATTCGCCTTAGTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGAGT
ACCAAGTTGATAACGGACTAGCC) and sequenced with the gene
expression library. We amplified cDNA and gene expression libraries
with 16 and 14 cycles of PCR, respectively.

The quality of libraries was confirmed using 2% E-Gel (A42135,
ThermoFisher Scientific, Waltham, MA, USA). They were then quanti-
fied by Qubit (Invitrogen).

Then, the single-cell cDNA libraries were converted to Oxford
Nanopore libraries using a ligation sequencing kit (SQK-LSK110,
Oxford Nanopore Technologies).

Illumina sequencing and preprocessing
Gene expression libraries for single-cell sampleswere sequenced using
NovaSeq 6000 platforms using S4 flow cell (20028313, Illumina, San
Diego, CA, USA) with recommended read cycles (Single-cell: 26,
8, 0, 91).

Cell Ranger (10× Genomics) version 5.0.0 “mkfastq” command
was used to generate Fastq files, and “count” command was used with
default parameters to do alignment to GRCh38 and to generate a
matrix of UMI counts per gene and associated cell barcode.

DNA amplification for targeted sequencing
We used 3’-end phosphorothioate-modified primers for multiplexed
PCR targeting transcript sequences (SupplementaryData 3). In the PCR
procedure, single-cell cDNA (from Jurkat Cells in Fig. 2B, 10μL) was
added with 100μM (total) phosphorothioate-modified primers
(0.5 μL, resulting in 1μMin thefinal PCRmix)withA1 adapter sequence
(CTGGCTCCTCTGTATGTTGGAGAAT). Additionally, 10μM partial R1
(CTACACGACGCTCTTCCGATCT) with 5’ phosphate (5μL), Kapa
master mix (25.0μL) (KK2602, Roche), and water were added to make
up the total volume to 50μL. The thermal cycling conditions included
denaturation at 62 °C for 40 s, extension for 60 s, and 50 cycles. The
resulting PCR product underwent 1.2× Mag-Bind® TotalPure NGS bead
purification (M1378-02, Omega Bio-tek), and the elution was done in
35μL of water. For the Lambda nuclease step, purified DNA in distilled
water (42.5μL) was combined with Lambda exo buffer (5μL) and

Lambda exo nuclease (2.5μL) (M0262S, New England Biolabs). The
mixture was incubated at 37 °C for 1 h, followed by the addition of 1μL
of 0.5M EDTA. Subsequently, the solution underwent a heat treatment
at 75 °C for 10min. Thefinal step involved 1×Mag-Bind®TotalPureNGS
bead purification, and the elution was performed in 22μL of water. In
the Final PCR, DNA (22μL), primers which was used for previous PCR
amplification, including 10μM partial R1 (5μL) with A1 sequence
(0.5 μL), and Kapa master mix (25μL) were combined. The thermal
cycling conditions included a denaturation step at 62 °C, an extension
step for 60 s, and 35 cycles. The resulting PCRproduct underwent 0.8×
bead purification, and the elution was done in 30μL of water.

Nanopore reads sequencing and preprocessing
cDNA libraries from the Jurkat CRISPR experiment and CRCLM sample
were sequenced by Oxford Nanopore platform using Promethion
R9.4.1 chemistry flow cell (FLO-PRO002, Oxford Nanopore Technolo-
gies) as per the manufacturer’s protocol.

The amplified cDNA library GSP based Jurkat targeted experiment
was sequenced by ONT long-read sequencing platform (Oxford
Nanopore Technology) using Promethion R10.4.1 chemistry flow cell
(FLO-PRO114M, Oxford Nanopore Technologies) as per the manu-
facturer’s protocol.

We performed basecalling on the raw fast5 data using models of
super accuracy (SUP) of Guppy5 for the JurkatCRISPR experiment, and
using Guppy6 with high accuracy models for the CRCLM sample and
GSP-based Jurkat targeted sequencing.

Pacbio reads sequencing and preprocessing
cDNA or amplified DNA samples are sent to prepare the library for
PacBio sequencing on SMRT cell to Azenta Life Sciences. The PacBio
sequencing library was prepared according to the manufactured
instruction (The BluePippin size selection system) using the PacBio
prep kit 1.0 (100-222-300, Pacific Bioscience) followedbyDNAdamage
repair and end repair are performed to ensure the integrity of frag-
mented DNA, then adapters with barcodes are ligated to both ends of
the DNA fragments, facilitating the identification of individual
sequences during the sequencing process. Following this, the pre-
pared library is bound to a polymerase, forming a complex that is then
loaded into the SMRT Cell for sequencing. The SMRT Cell, equipped
withmillions of zero-modewaveguides (ZMWs), serves as the platform
for single-molecule sequencing. During the sequencing process, DNA
polymerase synthesizes complementary strands in real-time, and the
system detects the fluorescence signals emitted. The libraries were
sequenced using PacBio P6C4 chemistry in one SMRT cell V3 (101-820-
200, Pacific Bioscience) in PacBio Sequel II with 10 h movie time.

Data simulation
For the first simulation on 1000 genes, the cell-by-isoform expression
matrix was simulated from the gene expression matrix from the 10X
CRCLM sample. The expression for 1000 highly variable genes are
referred to simulate the expression for 1000 isoforms, which come
from 187 genes (Supplementary Fig. 4B).

Full length transcripts are first generated according to the simu-
lated cell isoformexpressionmatrix. Adapters, cell barcodes, andUMIs

Fig. 7 | Longcell application on the VISIUM sequencing of a mouse olfactory
bulb slice. A The spatial plot for the VISIUM slice, each spot is colored by the layer
identification. B ϕ vs. �ψ distribution for alternative spliced exons, color indicates
the confidence interval of ϕ. C The mean change vs. variance change of ψ for all
significant meta-sites which are alternatively spliced across different layers. The
point size indicates the significance after FDR control, while the color indicates in
which layer thismeta-site is alternatively spliced.D Theψ distribution for exon 3 of
Plp1, which has the highest ϕ and shows a bimodal distribution, indicating a low
inter-cell heterogeneity. E Spatial plot of spots in the slice of mouse olfactory bulb.
The spots are colored by ψ for exon 3 of Plp1. Cells which have low expression (<3)

of this gene and could not give a confident ψ estimation are the smallest points
colored in gray. The gene expression for each spot is shown by the point size, while
the ψ estimation is shown by the color gradient. F, G The alternative splicing for
Plp1 in different layers. H The ψ distribution for exon 4 of Mapre3, which has a
relatively high ϕ and show a bimodal distribution, indicating a high inter-cell het-
erogeneity. I Spatial plot of spots in the slice ofmouse olfactory bulb. The spots are
colored by ψ for exon 4 of Mapre3. J, K The alternative splicing for Mapre3 in
different layers. Source data are provided in https://doi.org/10.5281/zenodo.
15320816.
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are attached to the 5’ end of each transcript to simulate the 10× single-
cell 5’ library. Then, the first round of truncation at both ends is
introduced to mimic the RNA degradation and early stop of reverse
transcription. The length of truncated reads is guided by a Bernoulli-
geometric distribution (By default the for each read, the probability to
be truncated is 0.6, the length of truncation follows a geometric dis-
tribution G(0.05)). Then each read is amplified, and the amplification
fold is according to the GC ratio of the read. We simulate the function
between amplification fold (A) and GC ratio (G) with
A= k sigmoid 0:5 G� 50ð Þð Þð Þ+2, in which k is a constant scaling factor
(by default k = 20). Another round of truncation will be introduced
later to mimic the pore block during Nanopore long-read sequencing.
Finally, each read is introduced to sequencing errors. The introduction
of sequencing errors is guided by a Markov chain with four states:
correct, indel, del, and wrong base. Different transition matrices are
used to simulate different data quality.

For the second full transcriptome simulation, the cell-by-isoform
expression matrix is simulated from the MOB Nanopore Visium sam-
ple. The simulation step is the same as the above process, but we
focused on read downsampling in the high data quality setting. After
the reads are simulated, the seqtk v1.3 is used to randomly sample the
fastq files with sampling rates from 0.2 to 1 to simulate different
sequencing depths.

Cell barcode and UMI assignment

1. Search for the adapter sequence and polyA: For each read in the
raw fastq, Longcell first searches for the adapter sequence aside
the transcript according to the adapter design. For time effi-
ciency, Longcell will first try searching the whole sequence of the
adapter along the reads. If the full adapter could not be found,
Longcell will next try searching the substring of the adapter in a
slidingwindowway (withwindow size as 10 bp and step as 2 bp by
default). Reads without or with over 1 valid adapters would be
discarded. Reads with one valid adapter in the reverse strand will
be reverse complemented. Overall, 50 ~ 80% reads can be found
with a valid adapter in this step (Supplementary Fig. 20A).

For the 5’ library, the part of read upstream the position of
the adapter would be trimmed. We preserve 55bp at the 3’ end
of the trimmedpart as the tag region for further identification of
cell barcode and UMI. Longcell will further search for polyA at
the 3’ end of the trimmed reads (reads with over 15 A found in a
20 bp window are claimed to have a valid polyA). For the 3’
library, the part after polyA would be trimmed and 55 bp nearby
the polyA would be preserved. This step would output a fastq
with polished reads and table with three columns: read name,
tag regions and the existence of the polyA.

2. Cell barcode match (Supplementary Fig. 2A): The reference bar-
codes canbe obtained from amatched Illumina sequencing of the
cDNA library, or, in the absence of this Illumina run, one can use
the 10X barcode pool that contains all possible barcodes. All
barcodeswill be vectorized into k-mers to build a k-merdictionary
(in our settings, we use k = 6). At the first iteration of barcode
alignment, a prior distribution for barcode start position will be
set as a normal distribution which could cover the whole tag
region. The 95% confidence interval for this distribution should
indicate the search region. Barcodes with the highest number of
k-mer overlaps (top 5 by default) with the search region will be
preserved as candidate barcodes. Each candidate barcode will
slide over the search region to find the best match. The barcode
with the minimum edit distance will be aligned and its start
position will be used to update the start position distribution.
After all reads get aligned with a cell barcode, low-quality
alignments would be filtered out. There are two types of low-
quality alignments. The first one is too many mismatches (with

high edit distance (over 3 by default)). The second one is and the
alignment has a deviant start position.More specifically, wewould
fit a normal distribution for confident cell barcode alignments
(edit distance =0). For other barcode alignments with mis-
matches, if their start positions are outside the 95% confidence
interval of the above distribution, they would be filtered out as
deviant cell barcodes. Overall, 50–70% reads out of all can be
found with a valid cell barcode in this step (Supplementary
Fig. 20A). As UMI is known to be located beside the cell barcode,
after cell barcode alignment, we extract this region that putatively
contains the UMI, with 1 bp flanking bases to be tolerant of
insertions and deletions. A region with the same length as UMI
from the adapter nearby the confidently identified cell barcode
(edit distance =0) will be extracted. We further calculate the
Needleman-Wunsch score between the extracted region and its
originally known sequence as an evaluation of data quality.

3. Reads mapping: reads were aligned to the human Genome
(GRCh38) with minimap2 v2.24 in spliced alignment mode
(command: “minimap2 -ax splice -t $thread –junc-bed $bed
–secondary=no –sam-hit-only $refer $fastq > $output”). The
splice junction bed file was generated from the Gencode v39 GTF
using paftools.js, a companion script of minimap2.

4. Read filtering: Given the mapping result, each read is recorded
as a set of splicing sites and its start and end position, for
example s, s1js2, s3j . . . jsn, e, in which s means the start position
(starting from 5’ in the positive strand) and e means end posi-
tion, and si is amiddle splice site. The count for each splicing site
is summed across all reads for a gene. Reads with the splicing
sites whose count is lower than a threshold (10 by default) will be
filtered out.

5. UMI clustering (Fig. 1G, step 2):Wedefine ameta-isoformgroupas
the set of reads representing isoforms which could transform to
each other by end truncations andmisalignment of small internal
exons (shorter than 100bp). For example, for two reads R1,R2

with overlapping regions, herewedefine s as the start point of the
read, and e as the end point of the read, base Ri,a,b

� �
as the bases

for read Ri within point a and b, then the overlapping region for
the two reads should be so =max s1, s2

� �
, eo =min e1, e2

� �
. R1,R2

belong to the same meta-isoform group if:

base R1, so, eo
� �

+base R2, so, eo
� �� 2 × intersect base R1, so, eo

� ��

+base R2, so, eo
� ��

< thresh

For each meta-isoform group within each cell, we calculate
Needleman-Wunsch scores between UMIs to serve as similarity.
We then build a graph based on the Needleman-Wunsch
similarity. Each node is a UMI and the edge weight is the
Needleman-Wunsch score. For UMIs with length as l, edges with
weight lower than l

2 + 2 will be filtered out. We then apply an
iterative Louvain algorithm on this graph using the R package
igraph v 1.5.1. Each time UMIs within the same cluster will be
separated as a sub-graph. The iteration continues until all
subgraphs are highly connected (min_cut > 3) or the minimum
edge weight for all sub-graphs is larger than l

2 + 4.
6. Misalignment correction (Fig. 1G, step 3): During the mapping

step, some reads can be wrongly mapped due to sequencing
errors, especially for some small internal exons. As misalignment
is mainly due to sequencing errors that occur after PCR amplifi-
cation, wrongly mapped reads could coexist with correctly map-
ped reads in the same UMI cluster. Thus, we could correct
misalignment cases during the UMI clustering step. We expect in
the bulk level, there would be more correctly mapped reads
compared to wrongly mapped reads, but within one UMI cluster,
there can be more wrongly mapped reads as it is a random sam-
pling process to split the bulk pool into each UMI cluster. Thus,
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simply collapsing reads in a UMI cluster into a consensus read
could not completely correct for misalignment.

In detail, to correct for suchmisalignment cases, for a gene,
within eachUMI cluster, we order isoforms in the UMI cluster by
their read counts, length and mapping quality. The isoform
ranked first has the highest probability to represent the original
transcript of the UMI cluster so it would be chosen as the
representative for this cluster. An attribution table will be built
to count how many reads for each isoform are assigned to this
representative in this cluster. Such an attribution table will be
summed across all UMI clusters across all cells for this gene as an
integration. Thus, the attribution tablewould be a squarematrix
with the number of rows and columns equal to the number of
kind of isoforms (n) for this gene. Here we call it asmatrixAwith
n rows and columns. Aii means the number of reads for isoform i
attributed to itself, while Aijji≠j means the number of isoform i
attributed to isoform j. As many wrong mapped reads coexist
with the correct ones in the same UMI cluster and correct
mapped reads should have quantity advantage, wrong mapped
reads should bemostly assigned to the correctly mapped reads.
Thus isoform i would be treated as a wrong mapped case when

AiiPn

i≠j
Aij

< thresh (2 by default). For each isoform i classified as a

mis-mapping case, the associated reads are reassigned to
isoform j =argmaxjðAijÞ. Following this correction, most UMI
clusters are expected to contain a single isoform, allowing these
clusters to be collapsed into a consensus read. For UMI clusters
that still contain multiple isoforms, only the most prevalent
isoform, determined by majority voting, is retained, and the
reads for this isoform are collapsed into a consensus read.

As an illustration of the above, we have shown a toy
example in Fig. 1D. There, we have three UMI clusters: cluster 1
contains two readsmapping to isoform (a) and amisaligned read
(n), so the representative isoform for the cluster 1 should be
isoform (a) and the misaligned read (n) should be attributed to
isoform (a). Then, in the attribution table for this cell in step 3,
the (n, a) is 1. Similarly, in cluster 1 the two reads of isoform (a)
are attributed to isoform (a). In cluster 2, 1 read of isoform (a) is
attributed to isoform (a), and thus in the single cell attribution
table, the value for (a, a) is 3. After we build attribution tables for
all single cells, we sum them up to get a cell population level
statistic. In our example, in the attribution table across all cells,
20 reads of the isoform (n) are attributed to isoform (a) while
only 10 reads are attributed to itself. That means isoform (n)
always coexist and is dominated by isoform (a) within the same
UMI cluster, across cells. Since each UMI cluster corresponds to
the same RNA molecule, we thus classify isoform (n) as a mis-
alignment and correct it into isoform (a). This use of UMI
information for the detection and harmonization of alternative
mappings within the same UMI cluster allows us to distinguish
read misalignment versus true alternative splicing.

7. Scatter reduction (Fig. 1G, step 4, Supplementary Fig. 5C): Mole-
cules of the same isoform should have similar PCR amplification
fold, as they share the same oligonucleotide sequence (Supple-
mentary Fig. 5B). Thus, small clusters (e.g., singletons) that devi-
ate from the “median” cluster size are likely to be due to the UMI
scattering effect caused by sequencing errors. To estimate how
many UMI singletons may be generated, we first evaluate the
sequence data quality via the distribution of Needleman score for
12mer adapters upstream of the confidently identified cell bar-
code. Here we suppose the minimum threshold of Needleman

score for a UMI to be clustered is k (by default k = l
2 + 2, l is the

lengthofUMI), the ratio of adapters r withNeedlemanscore lower
than k is an estimation of the ratio of singletons. Suppose for an

isoform in a cell, if all UMIs are correct, the size of each UMI
cluster i is si. Now with the sequencing error, we estimate that
within each UMI cluster, rsi UMIs will get enriched with sequen-
cing errors and couldn’t be clustered correctly, which lead to a
smaller UMI cluster with size 1� rð Þsi. The left rsi UMIs will
become singletons or small UMI clusters. Given such an assump-
tion, suppose we havem UMI clusters for an isoform in a cell, we
can rank themby their sizes in an increasing order as s1, s2, . . . , sm.
Then the smallest cluster will be iteratively removed until
Pp

i= 1si ≥
r
Pm

j =p + 1
sj

1�r . Then the UMI count would be m� p. This
strategy only uses the information from the sequencing data
itself. Thus, it can be generalized.

Isoform identification and quantification
Longcell includes a module to assign the representative read align-
ment of each UMI cluster to a unique isoform in the annotation. For
this section, we use “read” to denote the representative read of a UMI
cluster. Due to the end truncations in Nanopore sequencing (Supple-
ment Fig. 6A), many reads cannot be unambiguously assigned to a
unique isoform, Longcell applies an iterative isoform assignment
scheme (Supplement Fig. 6B), where the counts of unambiguously
assigned reads serve as prior to guide the probabilistic assignment of
the ambiguous reads. Besides using our isoform identification and
quantification module, we also combine Longcell with IsoQuant to
show the improvement of isoform quantification by denoising.

The isoform identification and quantification would be processed
in 2 different ways given if the isoform annotation is provided.
1. With reference isoform annotation: The Gencode v39 GTF was

used here to guide the isoform assignment of reads. In the pre-
processing step, each read has already been aligned to the refer-
encegenome template, giving a set of aligned segments, whichwe
call putative exon regions, separated by gaps. Similarly, each
isoform in the reference annotation also corresponds to a set of
exons buttressed by the 5’ and 3’ untranslated regions. For a read
to be assigned to an annotated isoform, the putative exon regions
contained by the readmust be a subset of the exon regions in the
annotated isoform. A maximum total number of small offsets are
allowed at the starts andends of themiddle exons (default = 3 bp).
Reads that have no compatible isoform assignments, at this step,
are discarded. The remaining reads may be assigned to multiple
compatible isoforms in the reference annotation. Let Uri be the
indicator of whether read r is compatible with isoform i, which is
known at this point. Let Zri be the indicator of whether read r
originated from isoform i, which is unknown and is the variable
that we would like to impute. Let pi be the true proportion of
transcripts from the gene that are from isoform i. Let Fi rð Þ be the
probability of a transcript of isoform i being observed in our data
in the form of read r, e.g., through truncation and misalignment.
Then, treating Zri as missing data, the complete data log-
likelihood is of the form

L= logP U,Z jpð Þ=
X
r, i

Z ri log Fi rð Þ+ log pi

� �� �� �
ð1Þ

Treating Z as missing data, we can estimate the isoform
proportions p by Expectation-Maximization (EM). In the E-step
of EM, with the current iteration’s estimate pðtÞ of p, we compute

E ZrijU,p tð Þ� �
=

Fi rð ÞpiP
i0Ui0rFi0 rð Þpi0

ð2Þ

In the M-step of EM, the estimates of p are updated by a
weighted tabulation based on E½ZrijU,pðtÞ�. In actual computa-
tion, we perform smart initialization by first pre-computing an
ordering R of the reads based on the number of compatible
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isoform assignments, with the uniquely assigned reads coming
first, the reads with two compatible isoforms coming next, etc.
The count of uniquely assigned reads (reads which are only
compatible to one annotated isoform) are tabulated to serve as
the initial values of p. The values of Zri are then updated based
on the pre-computed ordering R, with the values of p updated
after the update ½Zri : i= 1, . . . , I� of of each read.

For the emission distribution FiðrÞ, we simply assumed that
truncation can happen anywhere within a transcript with equal
probability, and thus assumed a uniform assignment distribu-
tion of each read to its compatible isoforms. This is because we
could not observe a reliable pattern for the length and position
of truncations in our data, and thus feel that a uniform prior is
more appropriate.

2. Without isoform annotation: Each transcript would be recorded
as a vector of splicing sites in a truncation-aware model to be
tolerant of end truncations. The truncation-awaremodel means if
an exon is not covered by the range for a read, we treat it as
missing instead of a spliced-out case. As an example, for a gene
with splicing sites s1, s2, . . . , sn, a transcript can be represented as
s, sk1jsk2, sk3j . . . jskm, e, in which s is the start sites at 5’ while e is
the end site at 3’ in the positive strand. This transcript is then
transformed to a vector vwith length n. Suppose si < s and si + 1 > s,
then v 1 : i½ �=NA, as it’s hard to know if it’s analternative 5’ event or
just a technical truncation. For the 3’ end, suppose sj < e and
sj + 1 > e, if the polyA exists, v j + 1 : n½ �=0 while if not,
v j + 1 : n½ �=NA. For the middle part, v ki

� �
= 1, i= 1, 2, . . . ,m while

other sites are filled with 0. Based on this way we could get a read
by splice sitematrix with number of rows as number of reads, and
number of columns as number of all splicing sites for this gene,
and this matrix is filled with 0, 1,NA.

Splice sites which always coexist or are mutually exclusive would
further be merged as meta-splice sites to avoid repetitive calculations
in the downstream analysis. To be more specific, for two columns in
the splice site matrix, one represents splicing sites si and the other
represents site sj , we use agreeðsi, sjÞ to represent the count of reads in
which si and sj are concomitant, and disagreeðsi, sjÞ to represent the
count of reads in which si and sj aremutually exclusive. we then define
the similarity between them as

sim si, sj
� �

=
agree si, sj

� �
� disagree si, sj

� �

agree si, sj
� �

+disagree si, sj
� �

������

������
ð3Þ

As NA won’t be counted in the agreeðsi, sjÞ and disagreeðsi, sjÞ, to
avoid the splicing sites are merged into sites with many NA, here we
use nonNA si

� �
to indicate the number of reads in which si is not NA.

And we require agreeðsi, sjÞ+disagreeðsi, sjÞ≥
nonNAðsiÞ+nonNAðsj Þ

2 , other-
wise we set simðsi, sjÞ=0.

Then we do clustering based on the similarity between each pair
of splicing with the cutoff simðsi, sjÞ≥0:95. Different splicing site
similarity above 0.95 doesn’t affect too much for the differential
alternative splicing test (Supplementary Fig. 12F). Splicing sites within
one cluster would be merged as a meta site.

To model the alternative splicing based on such a quantification,
for eachmeta-splicing site i in a cell c, the count of readswithnon� NA
value for this site is its gene count Gc

i, while the count of reads with 1
for this site is the spliced-in count Xc

i.

Comparison with other methods
All methods (FLAMES (git commit hash:
774e16ae53a1430e03081970827e93f1fbaecead), sicelore2 v1, wf-
single-cell v0.2.9, IsoQuant v3.3) are applied to the benchmark

datasets with their default parameters. To be fair, all methods used
the same mapping software (minimap2 v2.24 and samtools v1.18),
reference genome (GRCh38), and isoform annotations (Gencode
v39 GTF).

For the benchmark basedon simulation, simulated fastqs are used
as input for all methods except for isoquant. Barcode whitelist is also
input for FLAMES, sicelore2, and Longcell. As wf-single-cell searches
for cell barcodes without the barcode whitelist, the cell barcode
recovery is not compared. Isoquant is not specifically designed for
single cells and does not have a cell barcode identification module.
Here, we used the barcode-identified fastq from sicelore2 as the input
for isoquant. Eachmethod outputs a cell-by-isoform countmatrix, and
then all matrices are fully joined with the ground truth matrix by iso-
form. The Pearson correlation for each cell between the ground truth
and output was calculated to evaluate the performance of each
method.

For the benchmark based on cell-matched PacBio and Nanopore
sequencing, we processed the Pacbio HIFI reads by their official tool
isoseq v3.4.0 with default parameters except the coverage when col-
lapsing reads with the same UMI into an isoform (--min-aln-cover-
age = 0.5, --min-aln-identity = 0.9). The Nanopore sequencing for this
sample was input to the methods we compared in the sameway as the
simulation. And the evaluation is also the same as simulation.

For the time and RAM usage comparison (Supplementary Fig. 21),
we used the down-sampled CRCLM single-cell long reads data as the
low cell number benchmark (490 genes in 282 cells) and GSP-based
Jurkat targeted sequencing as the high cell number benchmark (18
genes in 5881 cells). The benchmark datasets were further down-
sampled into 5 datasets with a gradient number of reads (600k, 1200k,
1800k, 2400k, 3000k). We applied FLAMES, sicelore2, Longcell, and
IsoQuant on the benchmark datasets on a high-performance com-
puting grid (Rocky Linux 8 × 86_64 on a variety of AWS EC2 instance
types). (Unfortunately, we could not install wf-single-cell on our high-
performance computing grid. We ran the analysis based on wf-single-
cell on aWindowsplatform, and thus, the running time andRAMusage
arenot comparable. Sicelore2 didnot finish for someof thedatawithin
the benchmark).

Quantification of single-cell isoform heterogeneity
ϕ estimation: for each meta-splicing site i in a gene in a cell c, we

computed its gene count Gc
i and spliced-in count Xc

i during the iso-
form quantification without annotation in Longcell. We modeled the

spliced-in count with a binomial distribution Xi
c � BinomialðGi

c,ψ
i
cÞ.

Then, wemodeled theψi
c with a beta distribution Betaðαi,βiÞ. Thus, we

modeled the spliced-in count with a beta-binomial distribution as

Xi
c � BetaBinomialðGi

c,α
i,βiÞ. αi,βi are estimated by maximum like-

lihood estimation and then we estimate ϕi = 1
αi +βi + 1

. To estimate the

confidence interval of ϕi estimation, we applied Bootstrap by esti-

mating αi,βi multiple times. For time efficiency, as the estimation ofϕi

for many lowly expressed genes has high variance and is not infor-

mative, here we only estimate the ϕi for highly expressed genes. Only

meta-sites with Gc
i ≥ 10 in over 30 cells would be used to calculate ϕi.

Meta splice sites with 0:1 < �ψi <0:9 and CIðϕiÞ<0:2 are preserved as
valid results.

Differential alternative splicing analysis
We also modeled the spliced-in count with a binomial distribution
Xi
c � BetaBinomialðGi

c,α
i,βiÞ. Based on this distribution, we could do

a generalized likelihood ratio test to identify if two groups ðg1 and g2Þ
share the same parameters of α and β. The distance between the ψi

distributions from two groups is quantified as the Wasserstein dis-
tance. The confidence interval for the distribution distance is
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calculated by bootstrap. FDR control is applied to significant meta
splice sites and signals with f dr >0:05 were filtered out.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The single-cell RNA-seq for Jurkat targeted genes (used for benchmark,
including ONT and PacBio), and CRISPR experiment on Jurkat and
stimulated Jurkat cells (used for differential alternative splicing test) in
this study are available from the Gene Expression Omnibus with the
accession GSE295932. The single-cell RNA-seq and Visium for the
CRCLMsample are available athttps://www.ncbi.nlm.nih.gov/gap/sstr/
report/phs001818.v4.p1 with the entry id as 8640. The single-cell RNA-
seq for the mouse embryonic brain sample is available in Gene
Expression Omnibus under accession number GSE130708 [https://
www.ncbi.nlm.nih.gov/geo/query/acc.cgi]. The Visium for the MOB
sample is available in Gene Expression Omnibus under accession
number GSE153859 [https://www.ncbi.nlm.nih.gov/geo/query/acc.
cgi]. Source data are provided with this paper in https://doi.org/10.
5281/zenodo.15320816.

Code availability
The scripts for the preprocessing of single-cell long reads are wrapped
and collected in two R packages: Longcellsrc49 and LongcellPre50.
Longcellsrc is available at https://github.com/yuntianf/Longcellsrc
(https://doi.org/10.5281/zenodo.15318856) under the MIT License.
This project incorporates functions adapted from kseqpp (licensed
under the MIT License: https://github.com/cartoonist/kseqpp.git).
LongcellPre is available at https://github.com/yuntianf/LongcellPre
(https://doi.org/10.5281/zenodo.15318854) under the MIT License. The
scripts for downstream analysis are wrapped into the R package
Longcell51: https://github.com/yuntianf/Longcell (https://doi.org/10.
5281/zenodo.15318807).
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