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Abstract

Single-cell RNA sequencing is used for profiling gene expression differences between cells. It can be performed with short reads, which provide
high-throughput and high-quality information at the gene level, or with long reads, which provide isoform resolution via preserving full-length
transcripts. It is, however, unclear how comparable the data is between the two methods. We investigate the types of bias introduced at the
library preparation and the bioinformatic processing steps on the transcripts recovered from long- and short-read sequencing, and the effects
of filtering, enabled by sequencing of full-length transcripts, on gene expression. For each sample, we sequenced the same 10x Genomics 3’
complementary DNA (cDNA) using lllumina short reads and Pacific Biosciences long reads and cross-compared each molecule matched through
cell barcode and unique molecular identifier. We find that both methods render highly comparable results and recover a large proportion of cells
and transcripts. However, platform-dependent cDNA library processing and data analysis steps introduce biases. Short-read sequencing provided
higher sequencing depth, but long-read sequencing allowed for retaining transcripts shorter than 500 bp and for removal of degraded cDNA
contaminated by template switching oligos. Filtering of artefacts, identifiable only from full-length transcripts, reduces gene count correlation

between the two methods.

Introduction

Single-cell RNA sequencing (scRNA-seq) is a method for gene
expression profiling at a resolution of individual cells [1, 2].
Rapid developments in the library protocols in this field have
expanded the collected data with multiple modalities from sin-
gle cells, including chromatin accessibility (ATAC-seq) [1-4],
surface protein abundance (CITE-seq) [1, 3, 6], adaptive im-
mune receptor repertoire [7], nucleosome occupancy [35, 8, 9],
or spatial information [10]. The data have shed light on the
understanding of the heterogeneity in cell types and subtypes
[11-13], cell states [14, 15], cell fate [16, 17], and cell-to-cell
interactions [18, 19], not only at the level of a single organism
but also at the inter-organismal level, e.g. of the host and its
pathogens [20].

Short-read sequencing has been the basis for scRNA-seq
and for all the above-mentioned applications, but this method
comes with its limitations—the transcripts are only partially
sequenced either from the 3’ or 5" end, and the reads are fixed
to an exact same length. Long-read sequencing, on the other
hand, has allowed for full-length transcript sequencing [21], in
consequence providing information on isoform expression as
well as on the single nucleotide and structural variants along

the whole length of the transcripts [21-23]. Alternative splic-
ing, differential isoform expression, and variation in sequence
identity between isoforms have been shown to have a signifi-
cant contribution to understanding the complexity of systems
classically addressed with scRNA-seq [24-26].

Historically, long-read data have often been coupled with
short-read data due to lacking in coverage (mostly con-
cerning Pacific Biosciences, PacBio, data) or due to lower
read accuracy (mostly concerning Oxford Nanopore Tech-
nologies, ONT, data) [2, 27]. Recent developments in both
PacBio and ONT technologies, including improvements in
throughput and read accuracy, as well as significant advances
in software for processing long-read data have allowed
the decoupling of long- and short-read approaches. For
example, increase in throughput has been enabled by the
multiplexed array isoform sequencing method (MAS-ISO-
seq) offered by PacBio, released in October 2022 and now
relabelled as Kinnex full-length RNA sequencing, which
consists of concatenating full-length transcripts into longer
fragments (with average size of 10-15 kb) that can then
be sequenced on their instruments [28] (PacBio Applica-
tion note—MAS-Seq for single-cell isoform sequencing,
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https://www.pacb.com/wp-content/uploads/Application-
note-MAS-Seq-for-single-cell-isoform-sequencing.pdf,  ac-
cessed March 2024). Each fragment thus consists of an aver-
age of 16 transcripts instead of 1. After sequencing the reads
can then be bioinformatically broken down to the original
transcripts. The tools that have been instrumental in bridging
the gap and improving the applicability of long-read tech-
nologies include software such as Flexiplex [29], BLAZE [30],
Sockeye (https://github.com/jang1563/sockeye), Scywalker
[31], SQANTI3 [32, 33], or workflows like wf-single-cell
(ONT) (https://github.com/epi2me-labs/wf-single-cell).

The use of long reads without an addition of short reads
can be more cost- and time-efficient. However, questions arise
on the comparability of the two sequencing methods. In this
paper, we address two main questions for those concerned
about the impact of the differences between the short- and
long-read sequencing on the obtained results: (i) What are the
types of bias introduced at the platform-specific complemen-
tary DNA (cDNA) library processing steps or the bioinfor-
matic data analysis steps on the transcripts recovered from
long- and short-read sequencing, and (ii) Does the difference
in recovered transcripts and the presence of the isoform infor-
mation alter the conclusions on gene expression.

We sequenced four samples of patient-derived organoid
cells of clear cell renal cell carcinoma (ccRCC) and one sam-
ple of patient-derived metastasis-free kidney organoid cells
using Illumina NovaSeq 6000, a short-read sequencing plat-
form, and PacBio Sequel Ile, a long-read sequencing platform.
Both the short- and the long-read sequencing were done from
the same 10x Genomics 3’ ¢cDNA, with each ¢cDNA frag-
ment being tagged with a cell barcode and a unique molec-
ular identifier (UMI). We then carried out a per-molecule
comparison of the reads mapped to the human genome, and
we compared gene count matrices generated with state-of-
the-art bioinformatic pipelines. Despite short reads provid-
ing higher coverage and generally recovering more UMIs per
cell, we find the data from both methods to be highly com-
parable and render corresponding results for ccRCC-relevant
genes. However, sequencing platform-specific library prepara-
tion and data analysis steps do introduce biases along the way
impacting the recovered cells and transcripts and, in conse-
quence, gene expression results. MAS-ISO-seq library prepa-
ration allows for retaining transcripts shorter than 500 bp and
for removal of a large proportion of truncated cDNA contam-
inated by template switching oligos (TSO). PacBio’s single-
cell Iso-Seq processing pipeline applies more stringent filter-
ing permitted by identification of artefacts from full-length
transcripts.

Materials and methods

Generation and characterization of ccRCC
patient-derived organoid samples

The Department of Pathology and Molecular Pathology at
University Hospital Ziirich made available the patient tissue
samples. They were collected and biobanked according to pre-
viously described procedures [34]. The study was approved by
the local Ethics Committee (BASEC# 201 9-01 959) and in
agreement with Swiss law (Swiss Human Research Act). All
patients gave written consent. Organoids were established as
previously described [35]. The details of the methods are de-
scribed in [36].

Library preparation
10x Genomics single-cell full-length cDNA synthesis

The samples were analysed using the 10x Genomics
Chromium platform [37]. Library preparation was conducted
following the 10x Genomics Chromium Single Cell 3’ Reagent
Kits User Guide (v3.1 Chemistry Dual Index). Organoids
were dissociated, washed to eliminate debris, clumps, and
contaminants, and resuspended in a 1x phosphate buffered
saline/0.04% bovine serum albumin solution at a concentra-
tion of 500 cells/ul. Cell viability and concentration were de-
termined using a LUNA-FX7 Automated Cell Counter (Lo-
gos). To ensure a greater sequencing depth per cell using the
PacBio platform, our target was to recover ~700 cells per li-
brary preparation. The cells were then combined with a master
mix containing reverse transcription reagents. The single-cell
3’ v3.1 gel beads, which carry the Illumina TruSeq Readl, a
16 bp 10x Genomics barcode, a 12 bp UMI, and an oligo-
dT primer, were loaded onto the chip along with oil for the
emulsion reaction. The Chromium X partitioned the cells into
nanolitre-scale gel beads in emulsion (GEMs), where reverse
transcription occurred. All cDNAs within a GEM, represent-
ing one cell, shared a common barcode. After the reverse tran-
scription reaction, the GEMs were broken, and the full-length
c¢DNAs were captured by MyOne SILANE Dynabeads and
then amplified. The amplified cDNA underwent cleanup with
SPRI (solid-phase reversible immobilization) beads, followed
by qualitative and quantitative analysis using an Agilent 4200
TapeStation High Sensitivity D5000 ScreenTape and Qubit
1X dsDNA High Sensitivity Kit (Thermo Fisher Scientific).
The same single-cell full-length cDNA generated using the 10x
Genomics Chromium Single Cell 3’ Reagent Kits (v3.1 Chem-
istry Dual Index) was used to prepare Illumina and PacBio
sequencing libraries, as described below.

Illumina library preparation and short-read sequencing

The cDNA was enzymatically sheared to a target size of 200-
300 bp, and Illumina sequencing libraries were constructed.
This process included end repair and A-tailing, adapter liga-
tion, a sample index polymerase chain reaction (PCR), and
SPRI bead clean-ups with double-sided size selection. The
sample index PCR added a unique dual index for sample
multiplexing during sequencing. The final libraries contained
PS5 and P7 primers used in Illumina bridge amplification. Se-
quencing was performed using paired-end 28-91 bp sequenc-
ing on an Illumina NovaSeq 6000 to achieve ~300 000 reads
per cell.

MAS-ISO-seq library preparation and long-read sequencing

The ¢cDNA, with the input amount of 45 ng/sample, was di-
rected for single-cell MAS-ISO-seq libraries preparation using
the MAS-ISO-seq for 10x Genomics Single Cell 3’ Kit (Pacific
Bioscience, CA, USA). Firstly, TSO priming artefacts generated
during 10x Genomics cDNA synthesis were removed in the
PCR step with a modified PCR primer (MAS capture primer
Fwd) to incorporate a biotin tag into desired cDNA prod-
ucts followed by their capture with streptavidin-coated MAS
beads. cDNA free from TSO artefacts was further directed for
the incorporation of programmable segmentation adapter se-
quences in 16 parallel PCR reactions/samples followed by di-
rectional assembly of amplified cDNA segments into a linear
array. Such formed MAS arrays with the average length of
10-15 kb were further DNA damage repaired and nuclease
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treated in order to produce final single-cell MAS-ISO-seq li-
braries, which quantity and quality were measured by Qubit
1X dsDNA High Sensitivity Kit (Thermo Fisher Scientific) and
pulse-field capillary electrophoresis system Femto Pulse (Ag-
ilent), respectively. Each single-cell MAS-ISO-seq library was
used to prepare the sequencing DNA-polymerase complex us-
ing 3.2 binding chemistry (Pacific Biosciences) and further se-
quenced on a single 8M SMRT cell (Pacific Biosciences), on
Sequel Ile sequencer (Pacific Biosciences) yielding ~2M HiFi
reads and ~30M segmented reads/sample.

Data analysis
Short-read sequencing (short-read processing)

For direct comparisons with PacBio data, we generated a Cell-
Ranger compatible reference for the human genome version
GRCh38.p13 and GENCODE annotation v39 using the files
available via SMRTLink v11.1. The raw data were mapped to
this reference and filtered with CellRanger v7.2.0 [37]. Bam
files were subsampled for cell barcodes starting with AA se-
quence, for handling feasibility (reduction in BAM file size
from an average of 14.7 Gb to 746 Mb), and analysed using
the GenomicAlignments R package v1.38.0 [38] and Rsam-
tools R package v2.20.0 [39]. The subsampling and analy-
sis were repeated on barcodes starting with GC and TG se-
quences. For those reads where the UB tag (corrected UMI)
was missing, we substituted it with the UR tag (UMI tag re-
ported by the sequencer). For the analysis of mapped data,
PCR duplicates were filtered manually by choosing hierarchi-
cally either the mapped and counted read, any mapped read
at random if available or the unmapped read. Intronic reads
were excluded from UMI counting. The filtered feature counts
were converted to a seurat object and filtered for cells com-
mon with PacBio data and for protein-coding genes. Riboso-
mal and mitochondrial content was calculated as the propor-
tion of counts assigned to ribosomal or mitochondrial genes,
respectively. Cells common with PacBio were annotated as
ccRCC or non-ccRCC (healthy) according to the annotation
done by [36]. Pseudo-bulk was generated by obtaining the
sum of counts for each gene across all cells. Expression data
were then analysed using the seurat workflow (v5.0.1) [5, 40]:
the counts were normalized using log normalization with a
scale factor of 10 000 and subsequently scaled. We selected
3000 highly variable features using the vst method. Linear di-
mensional reduction was used to determine dimensionality of
the dataset and top 30 PCs were used for non-linear dimen-
sionality reduction analyses (UMAP/tSNE). Cluster-wise dif-
ferential expression was performed with SCpubr v2.0.2 [41].
For analysis of the proportion of unspliced reads equivalent
to the ones filtered out as intra-priming, RT switching or low
coverage/non-canonical isoforms in PacBio data, we used the
bam files subsampled down to cell barcodes starting with AA
sequence and, out of all the subsampled reads, we checked
how many reads were compatible with the splicing of the ref-
erence transcripts (using GenomicAlignments R package).

Long-read sequencing (long-read processing)

Long-read sequencing data were processed using the ‘Read
Segmentation and Iso-Seq workflow’ within SMRTLink
v11.1. For two samples (Normal and ¢ccRCC_2), for each of
which three SMRT cells were sequenced, all the sequencing
data were merged before analysis to increase data coverage.
No confounding batch effects were observed before merging.

scRNA-seq: short reads vs long reads 3

Briefly, within the pipeline, HiFi reads (high fidelity CCS reads
with QV > 20) were de-concatenated into segmented reads
based on segmented adapters with skera tool. The reads were
then processed with isoseq (v3.8.1 within SMRTLink v11.1)
for removal of cDNA primers and barcode and UMI tags, re-
orientation, trimming of polyA tails, cell barcode correction,
real cell identification and PCR deduplication via clustering
by UMI and cell barcodes. Independently of the SMRTLink
pipeline, BLAZE (v2.5.1) was used to confirm real cell iden-
tification and find unique barcodes that are likely associated
with empty droplets. BLAZE was run with default parame-
ters, including empty droplet detection capped at 2000 bar-
codes. Reads were then aligned to the GRCh38.p13 genome
with pbmm2 align (a wrapper around minimap2 [42]). Bam
files were analysed using the GenomicAlignments R package,
selecting cell barcodes matching the subsampled Illumina cell
barcodes [38]. PacBio cell and UMI barcodes are written in
reverse complement, and this has been accounted for in our
analyses. Unique isoforms were collapsed and classified with
pigeon, a PacBio provided software based on SQANTI [32,
33]. Data were initially compared to Illumina data without
filtering any isoforms. Subsequently, isoforms were filtered fol-
lowing the default parameters of filtering intra-priming, RT-
switching and low coverage/non-canonical isoforms. For both
datasets a gene count matrix was created with pigeon make-
seurat with the option ‘~keep-ribo-mito-genes’ for recovery of
ribosomal and mitochondrial genes that are by default dis-
carded. Results from both filtering steps were compared for
better understanding of the effect of the artefacts on gene
counts. Both gene count matrices from PacBio were then sub-
sequently used for comparison with Illumina data subsetted
to only protein-coding genes and common cells. Cells were
annotated as ccRCC or non-ccRCC (non-malignant) with sc-
Gate (v1.6.0) using CA9 as a positive expression marker for
ccRCC cells [43]. The annotation was done by Karakulak ez al.
[36]. Ribosomal and mitochondrial content was calculated as
the proportion of reads mapped to ribosomal or mitochon-
drial genes, respectively, using the mapped bam files. Pseudo-
bulk was generated by obtaining the sum of counts for each
gene across all cells. The data were processed with seurat and
SCpubr v2.0.2 following exactly the same workflow as de-
scribed earlier for Illumina.

Comparison

The long- and short-read datasets were compared at the level
of (i) transcribed molecules and their alignments and (ii) gene
count matrices. Since the protocol generates cDNA molecules
tagged with a cell barcode and a UMI, we could directly match
and compare the short- and long-reads generated from the
same original molecule. We defined for each molecule the tag
ID as the combination of cell barcode and UMI and used this
tag ID to identify corresponding reads across the technologies.
This allowed us to identify molecules preferentially detected
by each technology. Additionally, we evaluated characteristics
like genomic location of alignments, proportion of artefacts,
and proportion of reads discarded from the final counts. The
final gene count matrices were subsetted to common cells and
protein-coding genes. Each dataset was processed indepen-
dently (normalized, scaled, and subjected to selection of 3000
highly variable features) before merging and the dimensional-
ity reduction analyses were repeated after merging. Pearson’s
correlation coefficient between Illumina and PacBio pseudo-
bulk was calculated using stats R package (4.3.2). EdgeR ex-
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actTest (from edgeR v4.0.1) with dispersion coefficient of 0.1
was used to select genes with higher counts in Illumina or
higher counts in PacBio, including genes missing from either
of the datasets. The P-values were corrected with the p.adjust
function from EdgeR. The length and GC content of each gene
were assumed to be the average length and GC content of
all the reference isoforms. The dataset was visualized using
seurat (v5.0.1) and SCpubr (v2.0.2). Euclidean distance was
measured between any two same cells from PacBio and Illu-
mina on a UMAP. The comparison of gene count matrices was
done for PacBio data unfiltered of any isoforms and filtered
of all isoforms belonging to the category of intra-priming, RT
switching or low coverage/non-canonical. The significance of
the difference in length distribution of the filtered reads and
the unfiltered reads was measured with Kolmogorov-Smirnov
test from stats R package (v4.4.0).

Results

We generated short- and long-read sequencing data from four
samples of patient-derived organoid cells of ccRCC compli-
mented with a matched sample of healthy kidney organoid
cells. For both sequencing methods, we used the same cDNA
generated with 10x Genomics single-cell 3’ reagent kit (v3.1
Dual Index) (Fig. 1A). The short-read sequencing library fur-
ther underwent fragmentation and size selection and was then
sequenced on NovaSeq 6000; therefore, we refer to the data
as ‘lllumina data’ throughout the manuscript. The count ma-
trix for the Illumina data were generated with CellRanger
(Fig. 1A). For the long-read sequencing we subsequently fol-
lowed the MAS-ISO-seq protocol and sequenced the libraries
on Sequel Ile. The count matrix for the PacBio data were
generated with the ‘Read Segmentation and Single-Cell Iso-
Seq’ workflow in SMRTLink (see the ‘Materials and methods’
section for more detailed description) (Fig. 1A). For making
our comparison practical, we applied lab protocols commonly
used in the field and used state-of-the-art workflows for the
analysis of both datasets and in Fig. 1B we present the ma-
jor differences between them. The data were purposefully tar-
geted for a low number of cells (~700) with a deep coverage
per cell.

Number of cells detected from short-read
sequencing is higher, but those cells are of lower
quality
With PacBio sequencing, we obtained between 29.4 and 58.3
million segmented reads (generated from 1.88 to 3.79 million
HiFi reads of the concatenated constructs) with the average
number of reads per cell ranging from 21 499 to 96 620 (Ta-
ble 1). For Illumina data, we obtained between 4.5-6.5 x more
reads with a total of 193-271 million reads per sample, aver-
aging between 141 887 and 442 530 reads per cell (Table 1).
The difference in the number of reads did not translate pro-
portionally into a difference in the number of UMIs found, in-
dicating a high level of redundancy in Illumina data. The total
number of UMIs per sample was ~3 x higher in Illumina than
in PacBio (1.6-4.4 x, Table 1 and Fig. 1C) and the number of
UMIs per cell, for the cells shared between the two methods,
also increased by an average of 3x in Illumina compared to
PacBio (1.2-6.5x, Fig. 1D).

Although different numbers of cells were called by the
short- versus long-read data processing algorithms, a common

set of cell barcodes were identified in both datasets (Fig. 2A).
All cells detected by Iso-Seq3 were also called by CellRanger,
except for 12 cells unique to PacBio from sample ccRCC_2,
for which there were fewer than 60 UMIs per cell in Illumina
(Figs 1D and 2A). CellRanger detected additional cells in
[llumina for all samples, which stemmed from the difference
in the cell calling algorithm. Iso-Seq3 by default uses a knee
finding method to determine real cells (high RNA content
cells), which takes into account the number of UMIs per cell
(Fig. 2B and Supplementary Fig. S1) (Iso-Seq docs, Cell Call-
ing Documentation, https://isoseq.how/umi/cell-calling.html,
accessed December 2024). CellRanger additionally uses the
RNA profile and retains those barcodes with UMI counts
below the threshold but whose RNA profile strongly disagrees
with the background model (low RNA content cells) (Fig.
2B and Supplementary Fig. S1) (Cell Ranger’s Web Summary
Barcode Rank Plot, https://www.10xgenomics.com/support/
software/cell-ranger/latest/advanced/cr-barcode-rank-plot,
accessed December 2024). The method is sequencing depth-
dependent and so, with the unusually high depth per cell in
this study, led to a high discrepancy in the number of called
cells between the two methods. Indeed, for the CellRanger-
specific cell, we observed a low number of UMIs per cell
barcode in both Illumina and PacBio (Fig. 1D). The cells
identified in both methods captured 92.2% of the UMIs in Il-
lumina data while the CellRanger-specific cells captured only
7.8%. For a fairer comparison, we used BLAZE for empty
droplet detection in PacBio data. Within the second step of the
pipeline, BLAZE classifies unique barcodes with counts above
a quantile-based threshold as cell-associated barcodes. Out
of the rest, BLAZE picks out unique barcodes with an edit
distance of 5 from the cell-associated barcodes and classifies
them as empty droplets (BLAZE Release Notes v2.5.1, https:
/lgithub.com/shimlab/BLAZE/blob/v2.5.1/README.md,
accessed 15 December 2024) [30]. We provided the number
of cells identified by CellRanger from Illumina data as the
expected number of cells, which was used by BLAZE for
calculation of this quantile-based threshold for determining
the number of cell-associated barcodes. We still found that
9%-32% of these CellRanger-specific cells were classified
by BLAZE as empty droplets in the PacBio dataset (Fig. 2C
and Supplementary Fig. S2).

We evaluated the quality of all cells by looking at the num-
ber of genes mapping to mitochondrial genes and at the pro-
portion of contamination by sequencing artefacts. High mi-
tochondrial content can be an indication of apoptotic, lysing,
low-quality cells [44]. The proportion of reads mapping to
mitochondrial genes linearly correlated between Illumina and
PacBio data from the shared cells (R = 1, P < .05) but mito-
chondrial content was elevated in cells detected uniquely in Il-
lumina data (16.2% versus 25.6%) (Fig. 2D). Approximately
31.2% of Illumina-specific cells had mitochondrial content of
above 30% in contrast to 6.8 % of the cells shared with PacBio
(Fig. 2D). It must be noted that the mitochondrial genes are
completely filtered out of the PacBio data by the SMRTLink
single-cell Iso-Seq pipeline (v11.1), so filtering cells based on
the mitochondrial DNA content in the count matrix is not
possible, the data must be recovered manually.

The quality of the cDNA can also be assessed using the pro-
portion of Illumina short reads containing TSO or stretches of
adenine in the sequence. As part of the 10x Genomics 3’ cDNA
preparation, polyadenylated (polyA) RNA is reverse tran-
scribed into cDNA using anchored oligo dT, in the presence
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Figure 1. Quality evaluation of long- and short-read sequencing data. (A) The scRNA-seq workflow involved four samples of patient-derived ccRCC
organoid cells and one sample of healthy kidney organoid cells. The amplified cDNA generated using the 10x Genomics single-cell 3" gene expression kit
was split into two parts. One part was used for library preparation following the 10x Genomics protocol for lllumina sequencing, while the other part was
prepared for PacBio sequencing using the MAS-ISO-seq protocol. The two datasets were then processed with state-of-the-art workflows. Long reads
were analysed with SMRTLink v11.1 single-cell Iso-Seq pipeline and short reads were processed with CellRanger v7.2.0. (B) The differences and
similarities between the short-read and long-read datasets in the processing steps of the cDNA libraries (Wet-lab) and in the data analysis steps
(including read trimming, cell-barcode correction, cell calling, read deduplication, and UMI counting). *Cell barcode correction for lllumina data in
CellRanger is both distance-based, because only cell barcodes with sequence within 1-Hamming-distance away are corrected, and error-model-based,
because it explicitly incorporates sequencing error likelihoods via base quality scores to compute a posterior probability a barcode originated from the
whitelist to use it for replacement. Cell barcode correction for PacBio data in Iso-Seq is only distance-based because a barcode is replaced with a
whitelist barcode with the lowest edit distance and lowest Hamming distance (only if the edit distance is below 2). (C) Pearson correlation between the
number of reads obtained from both sequencing methods and the total number of UMIs. Here we count PacBio segmented reads. (D) Pearson
correlation between the number of UMIs per cell for all cells coloured by whether they were identified in both datasets, identified uniquely in lllumina by
CellRanger (Unique to ILL) or whether they were uniquely identified in PacBio by Iso-seq (Unique to PB).
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Table 1. Summary statistics for short-read lllumina sequencing data and long-read PacBio sequencing data

Normal ccRCC_2 ccRCC_3 ccRCC_4 ccRCC_5

Illumina  PacBio Illumina PacBio  Illumina PacBio Illumina PacBio Illumina PacBio
Total reads (Mio) 193.1 54.9 242.9 58.3 256.3 34.2 236.1 29.4 270.4 35.6
Total cells 827 437 549 373 588 310 1664 1091 1155 388
Mean reads per cell 233514 82703 442530 96620 435890 70 423 141 887 21499 234171 57 006
Reads in cells (%) 72 68.1 73 64.8 77 67.8 86 83.3 82 64.5
Deduplicated reads (Mio) NA 27.8 NA 18.5 NA 15.8 NA 21.1 NA 19.1
Reads mapped (Mio) 175.5 27.6 222.1 18.5 218.9 15.7 221.7 21 255.1 19
Reads mapped (%) 90.90 99.5 91.40 99.6 85.40 99.4 93.90 99.6 94.30 99.7
Mean genes per cell 7354 6208 5981 5468 7043 5564 6443 3595 8045 5626
(Common)
Total UMIs (Mio) 58.4 28 29.5 18.6 40 16 93.5 21.3 76.9 19.2
Mean UMIs per cell 70 651 35838 52616 37282 67 970 29014 56192 13 433 66 561 19 083

of the TSO [45]. An increased presence of TSO-containing
constructs can indicate RNA degradation or significantly
shorter RNA than expected prior to the reverse transcription
reaction. Cells undergoing a normal apoptotic pathway can
also have shorter transcripts undergoing degradation, which
results in TSO hybridising close to the polyA tail (10x Ge-
nomics, Why do a fraction of my Visium reads contain the
TSO at the beginning of Read 2? https://kb.10xgenomics.
com/hc/en-us/articles/360041690731-Why-do-a-fraction-
of-my-Visium-reads-contain-the-Template-Switch-Oligo-
TSO-at-the-beginning-of-Read-2, accessed July 2024). TSO
artefacts can be also created by mispriming, internal prim-
ing or incomplete template switching. The MAS-ISO-seq
protocol has a step of TSO-artefact removal (PacBio Appli-
cation note—MAS-Seq for single-cell isoform sequencing,
https://www.pacb.com/wp-content/uploads/Application-
note-MAS-Seq-for-single-cell-isoform-sequencing.pdf,  ac-
cessed March 2024). We observed that the proportion of
TSO artefacts in Illumina data from cells shared with PacBio
was lower (6.4%) than in cells unique to Illumina (19.6%)
(Fig. 2E), which contributed to the lower mapping rate of
the Illumina data. Around 99.6% of PacBio reads mapped to
the GRCh38.p13 human genome in contrast to an average
of 91.2% of the Illumina reads (with 81.6% of the reads
mapped confidently with a MAPQ of 255).

Short-read sequencing provides more data but
consists of a higher proportion of multi-mapping
reads

Since the same cDNA has been sequenced with both methods,
we could compare the [llumina and PacBio readouts for the
same original cDNA molecules, with the same cell barcodes
and UMIs. For these per-molecule comparisons, we subsam-
pled the mapped data to ~5% of the cells for handling feasibil-
ity, and we repeated the subsampling three times for compar-
ison (Supplementary Fig. S3). For Illumina data the number
of unique cell barcode-UMI combinations (tag IDs) ranged
from 1.3 million to 4 million with an average of 106 876
UMIs per cell (Fig. 3A). PCR deduplication occurs only af-
ter mapping, clustering the reads by UMI and cell barcodes
and taking the read coordinates into account. Thus, for each
cell barcode—UMI tag, there were on average 2—6 reads. For
PacBio data, the number of unique tag IDs ranged from 0.79
million to 1.07 million with an average of 39 762 UMIs per
cell (Fig. 3A). PacBio reads undergo PCR deduplication via
clustering by UMI and cell barcodes prior to mapping. Dedu-

plication reduced the number of reads per sample by 50% to
between 15.9 and 27.8 million reads. Therefore, the number
of reads per unique tag ID in the bam files ranged only from 1
to 1.02. We deduplicated the Illumina data by selecting hier-
archically either the counted read for each tag ID if available,
one read at random from all mapped reads or the unmapped
read. For PacBio data, we selected one read for all the tag IDs,
preferentially selecting the longest read.

Short-read sequencing clearly provided a higher coverage.
The common tag IDs averaged to 715 769, leaving only on
average 23.3% of tag IDs unique to PacBio but as much as
66.2% unique to [llumina (Fig. 3A).

However, we found ~0.75% of the common tag IDs to
be mapped in PacBio data but entirely unmapped in Illu-
mina data and an additional 3.7% of tag IDs to have at least
one unmapped read in the Illumina dataset out of the mul-
tiple reads per tag ID. The average length of those PacBio
reads with an unmapped equivalent in the Illumina data was
shorter than the average length of reads common between II-
lumina and PacBio (608 versus 798 bp) but the same was
observed for all the tag IDs uniquely identified by PacBio
data and missing from Illumina data (618 versus 798 bp)
(Fig. 3B). Indeed, PacBio tag IDs that were also found in Il-
lumina showed an underrepresentation of reads shorter than
500 bp (Fig. 3B). The reads undetected by Illumina repre-
sented valuable information—on average 53 % mapped to iso-
forms labelled as fully overlapping with reference transcripts
(full splice match, FSM), or matching consecutive but not all
splice junctions of the reference transcripts (incomplete splice
match, ISM) [33] (Fig. 3C). The two isoform categories were
represented in the same proportions in the reads common with
[llumina (52%) (Fig. 3C).

Due to isoform resolution, the PacBio workflow provides a
much more detailed classification of the detected transcripts.
In contrast to the exonic, intronic and intergenic read clas-
sification inferred from short-read data, SQANTI, on which
the PacBio single-cell Iso-Seq pipeline is based, classifies the
transcripts according to the splice junctions, donor and accep-
tor sites and distinguishes between the previously mentioned
FSM and ISM transcripts but also between two novel isoform
categories, including novel in catalog (NIC, isoforms present-
ing combinations of known splice donors and acceptors) and
novel not in catalog (NNC, isoforms harbouring at least one
unknown splice site) [32, 33]. The rarer categories include fu-
sion or intergenic isoforms, as well as genic isoforms contain-
ing both introns and exons. We found a large overlap between
the annotations provided by the two methods; most of the
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Figure 2. Quality evaluation of long- and short-read sequencing data. (A) Number of unique and common cells per sample. (B) A schematic cell barcode
rank plot showing the distinction between the high RNA content and low RNA content cells coupled with a cell barcode rank plot for lllumina and PacBio
data from sample ccRCC_3 showing cell barcodes colourcoded by whether they were identified as real cells in both PacBio and lllumina datasets
(Common) or uniquely in lllumina (Unique to ILL, the low RNA content cells). The vertical lines aid in visual cutoffs and show the difference in the
number of UMIs per cell for the cells common between PacBio and Illumina. (C) Venn diagram showing the sharing of cell barcodes identified as real
cells by CellRanger in lllumina data (ILL) with cell barcodes identified as real cells by Iso-seq in PacBio (PB) data and barcodes identified as empty
droplets by BLAZE in PacBio data (cell barcodes with counts below an estimated quantile-based threshold and with an edit distance of 5 from the
cell-associated barcodes) for sample ccRCC_3. Percentage labels indicate the percentage of Illlumina cell-associated barcodes. (D) Mitochondrial content
per cell for all cells is coloured by whether they were Common (the high RNA content cells identified in both datasets), Unique to ILL (cells identified
uniquely in lllumina by CellRanger), or Unigue to PB (uniquely identified in PacBio dataset by Iso-seq). (E) The proportion of TSO and polyA contamination
in reads unique to lllumina and lllumina reads shared with PacBio across all samples.
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Figure 3. Mapping summary for short-read and long-read sequencing data. (A) Number of common and unique combinations of cell barcode + UMI
considered in the comparison of bam files (mapped data) between PacBio and Illumina. (B) Fractions of PacBio reads shared with lllumina represented
across different real-length categories (log, of read length, 7-11). (C) Logged abundance of cell barcode—~UMI tags across different types of
PacBio-specific and Illumina-specific annotations. The unannotated reads from PacBio are reads discarded due to mapping chimerically or mapping with
poor identity. lllumina additionally has a set of reads that were unmapped (but were mapped by PacBio). The labels indicate the percentage of all tag
IDs. (D) Sankey plot visualising the proportion of tag IDs shared between lllumina and PacBio that are uniquely mapping or multi-mapping, that map to
the same location in the genome or to a different location, that are counted or not into the gene count matrix and the types of PacBio-specific artefacts
they belong to when not counted (discarded as artefacts).
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common tag IDs were annotated as exonic by Illumina and
as FSM by PacBio and the majority of reads annotated as in-
tergenic or intronic by Illumina were annotated as intergenic
or were discarded before annotation by PacBio (reads that
mapped with low identity or chimerically) (Fig. 3C). However,
not all annotations agreed. A large proportion of Illumina ex-
onic tag IDs were annotated as genic (unspliced) by PacBio, or
tag IDs annotated as novel isoforms by PacBio were only de-
tected as intronic or intergenic in Illumina, with the annota-
tion limited by the read length (Fig. 3C). The tag IDs uniquely
detected by one technology in majority mapped to exons (Il-
lumina) or as previously mentioned, were categorized as FSM
(PacBio), clearly indicating that both technologies capture use-
ful information missing from the other dataset (Fig. 3C).

The reads with common tag IDs found in both datasets
were not equally counted to the gene matrix. [llumina retained
a higher proportion of tag IDs (75% versus 52 %), but PacBio
discarded those tag IDs as artefactual for reasons that can’t
be inferred from short-read data due to lack of full transcript
resolution (Fig. 3D). Majority of the reads were discarded for
mapping to intrapriming isoforms (with accidental priming
of A’s within transcript sequence [23]) or to low coverage iso-
forms with non-canonical splice junctions (LCNC, defined as
isoforms with the coverage below 3 for splice sites that are not
in the known ‘canonical’ set of splice sites, [Iso-seq Docs, Pi-
geon Output, https://isoseq.how/classification/pigeon-output.
html, accessed March 2024)]. Illumina data consisted of a
higher proportion of multi-mapping tag IDs (7.2% versus
1.1%) with most (~67%) discarded from the gene count ma-
trix (Fig. 3D). All of the multi-mapping reads in PacBio were
eliminated from final counts. Of the multi-mapping Illumina
tag IDs, 48% mapped to a different genomic location than
the PacBio reads, and 93% of those were not counted into the
gene count matrix. In comparison, only 2% of the uniquely
mapping tag IDs mapped to a different location than the
PacBio equivalent reads (Fig. 3D).

Gene expression results are highly comparable
between long-read and short-read sequencing data

Next, we evaluated the gene count matrix constructed from
both datasets. For Illumina data, before the UMI count, Cell-
Ranger corrects UMI and cell barcode sequences and removes
PCR duplicates. In our analysis, we counted only reads map-
ping to exons. For PacBio data, pigeon was used to generate
the gene-level count matrix. At this step we did not apply any
isoform filtering.

As previously mentioned, Illumina data and workflow
called more cells, but we observed those cells to be of much
lower quality than the cells found in both datasets. The mean
number of genes per cell in cells common to Illumina and
PacBio was above 5981 across all samples, whereas for those
cells unique to Illumina, the mean number of genes did not ex-
ceed 2127 across all samples (Fig. 4A). The mean number of
genes in PacBio data varied between 3595 and 6208 (Fig. 4A).
We thus limited the data only to cells called by both methods.

Approximately 90% of all the detected genes were shared
by both methods (Fig. 4B). In Illumina data, we detected an
average of 16 212 protein-coding genes associated with an
average of 30.3 million total UMIs, whereas in long-read
data we detected 15 832 genes associated with an average of
11.9 million UMIs (Fig. 4B). Normalized and scaled sum of
counts across all cells (pseudo-bulk) strongly correlated be-
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tween the two methods (0.92 < R < 0.97, P-value < .05,
Fig. 4C and Supplementary Fig. S4) but we observed 10x
more genes to have significantly higher counts in PacBio (a
mean of 577 genes versus 53 genes, logFC > 1, FDR < 0.05)
(Supplementary Fig. S4). Majority of genes, which were not
significantly divergent in counts between the two methods,
had higher counts in Illumina, which explains the distribu-
tion of the generally higher UMI count in Illumina. The av-
erage length of genes with counts higher in PacBio (1905
bp) was in the same range as the average length of genes
with concordant counts between the two methods (2080 bp)
(Fig. 4D). However, the average length of genes with higher
counts in Illumina (1423 bp) was significantly lower (z-test,
P-value <.05, Supplementary Fig. S5) (Fig. 4D). The average
GC content for genes with higher counts in Illumina was 56 %
with 40% having GC content greater than 60% whilst for the
other two groups the average GC content did not exceed 52%
(Supplementary Fig. S6). The results are consistent with GC
content bias known to occur in [llumina sequencing data [46].

To understand whether the genes with incongruent counts
had a significant impact on the overall gene expression re-
sults, we merged the two datasets, projected the gene ex-
pression onto two-dimensional embeddings using UMAP and
measured the Euclidean distance between any two same
cells. We found the datasets to closely overlap (Fig. 4E
and Supplementary Fig. S7), with an equal number of cells
in each cluster and with the Euclidean distance being lower
than 1 for all but 2 to 5 cells for two samples (Fig. 4F).

The cell types were annotated according to CA9 expression
as ccRCC and non-ccRCC (not malignant) cells, following the
annotation in [36]. In ccRCC_2, ccRCC_4, and ccRCC_35, we
detected 96.8%, 3.8%, and 56% of cells expressing CA9, re-
spectively. We looked at the expression of the CA9 gene as
well as other markers characteristic of ccRCC [47-51] and
epithelial cells [52], expected to be present at high abundance
in non-ccRCC cells, and found no difference in relative gene
expression between PacBio data and Illumina data (Fig. 4G).

Isoform resolution provides more information on
the sequencing artefacts

PacBio distinguishes three types of artefactual transcripts:
intra-priming (with accidental priming of adenine stretches in
intronic or exonic regions of a transcript), RT-switching (re-
verse transcriptase template switching), and reads matching
to low coverage isoforms with non-canonical splice junctions
(LCNC) [32, 33]. To investigate the impact of those different
artefacts on the results, we evaluated the gene count matrix
generated after isoform filtering and compared it to the counts
obtained from Illumina data.

Across all our samples an average of 45% of reads and 82%
of isoforms were flagged as belonging to any of these cate-
gories of artefacts and thus discarded from the final counts
(Figs 3D and SA, and Table 2). Majority of the artefactual
reads (27%) and isoforms (48%) were classified as the low
coverage/non-canonical (Fig. SA) with over half of them be-
ing genic (containing both exons and introns) or intergenic
and none of them being classified as FSM (Fig. 5B). Removal
of all artefacts led to a decrease in UMI counts to an aver-
age of 9.3 million (77% of the unfiltered data) and a decrease
in the number of detected genes to 14 334 (to 90% of the
genes detected in unfiltered data). The number of genes with
counts higher in Illumina pseudo-bulk significantly increased
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Figure 4. Comparison of gene count matrices between short-read and long-read sequencing data unfiltered of artefacts. (A) The distribution of genes
per cell for cells unique to Illlumina, for lllumina cells common with PacBio and PacBio cells. The red dot indicates the mean. (B) The number of genes
unique and common between PacBio and Illumina from the set of commonly identified cells. The printed number indicates the proportion of all genes
detected by both methods that were common. (C) Pearson correlation between PacBio (unfiltered of any isoforms) and lllumina data in the log-mean
normalized sum of counts per gene across all common cells coloured by gene length in ccRCC_3 sample. (D) Gene length of genes with significantly
higher counts in lllumina (edgeR exactTest, log fold change (logFC) > 1, False Discovery Rate (FDR) < 0.05), with counts equal between Illumina and
PacBio and with significantly higher counts in PacBio (edgeR exactTest, logFC < 1, FDR < 0.05). The red dot indicates the mean. (E) UMAP embeddings
for sample ccRCC_3, coloured by sequencing method. Embedded: bar plot representing the number of cells from each method in each cluster. (F)
Euclidean distance between cells with the same barcodes from lllumina and PacBio (unfiltered) on the UMAP plot shown in panel (E). (G) Log
normalized gene expression of marker genes for ccRCC and epithelial cells split by sample and data type.
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and with significantly higher counts in PacBio (edgeR exactTest, logFC < —1, FDR < 0.05). The red dot indicates the mean. (D) Read length distribution
of unfiltered reads (black) and reads mapping to artefactual isoforms (red). (E) Pearson correlation between PacBio filtered isoforms and PacBio
unfiltered data in the sum of counts per gene across all cells coloured by gene length category across all samples. (F) UMAP embeddings for sample
ccRCC_3, coloured by sequencing method. Here, PacBio data is filtered of all artefactual isoforms. Clusters 4 and 5 are labelled on the UMAP and the
embedded plot shows the number of cells in each cluster. (G) Differentially expressed genes per cluster—clusters 4 and 5 are the two adjacent clusters
of same cells from Illumina and PacBio, respectively. (H) Alignment type of lllumina reads equivalent (with the same cell barcode-UMI tag IDs) to PacBio
artefacts and to unfiltered reads. The data is subsampled to the same cells analysed in the bam file comparison. ‘Counted’ indicates that the read has
been counted to the final gene count matrix.
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Table 2. Types of SQANTI3 categories identified in filtered and unfiltered PacBio data

Normal ccRCC_2 ccRCC_3 ccRCC_4 ccRCC_5
Number of isoforms  Unfiltered  Filtered  Unfiltered Filtered Unfiltered Filtered Unfiltered Filtered Unfiltered  Filtered
FSM 83 112 71205 80 013 68 352 60413 50983 73 925 62 582 75223 64 378
ISM 211 749 126 715 167 345 101 665 182 925 96 380 192 830 109 263 176 458 102 536
NNC 313 881 83 308 271 450 73 820 162 679 37997 248 839 62 710 248 491 72 372
NIC 179 820 52 740 147 796 49 142 138 756 23 054 175 605 42 698 162 261 49 049
Number of reads Unfiltered  Filtered  Unfiltered Filtered Unfiltered Filtered Unfiltered Filtered Unfiltered  Filtered
(mio)
FSM 11.6 11.3 8.3 8.1 S 4.9 7.3 7.1 7.9 7.7
ISM 3.4 2.4 1.9 1.4 1.9 1.1 2.2 1.5 2.2 1.5
NNC 2.4 0.8 1.4 0.5 1.1 0.35 1.6 0.49 1.8 0.77
NIC 1.1 0.6 0.76 0.42 0.68 0.24 1 0.46 0.96 0.51
Number of Unfiltered  Filtered Unfiltered Filtered Unfiltered  Filtered  Unfiltered  Filtered  Unfiltered  Filtered
artefactual isoforms:
IntraPriming 627 046 0 464 971 0 578 805 0 640 703 0 562 873 0
RTSwitching 40 830 0 29723 0 27274 0 41 626 0 32583 0
LC/NC 930 901 0 632 512 0 898 466 0 991 402 0 795 851 0
Number of Unfiltered  Filtered  Unfiltered Filtered Unfiltered Filtered Unfiltered Filtered Unfiltered Filtered
artefactual reads
(mio)
IntraPriming 3.6 0 2.3 0 2.8 0 3.3 0 2.7 0
RTSwitching 0.59 0 0.2 0 0.28 0 0.28 0 0.36 0
LC/NC 6.2 0 4.2 0 4.5 0 6.1 0 4.3 0

(from 53 to 1549), weakening the gene expression correla-
tion between the two methods (0.9 < R < 0.95). The set of
genes with counts higher in Illumina were on average longer
(2775 bp) than genes with equal counts from the two methods
(1950 bp) (Fig. 5C). The average length of reads with counts
higher in PacBio decreased to between 1630 bp indicating a
bias towards higher counts for shorter genes (Fig. 5C). Upon
investigation of the length of the filtered PacBio transcripts,
we observed a bias towards longer length across all sam-
ples (Kolmogorov—Smirnov, 0.10 < KS < 0.11, P-value <.05)
(Fig. 5D). We compared the non-normalized pseudo-bulk gene
expression between counts from unfiltered PacBio data and
PacBio data filtered of artefacts and we observed a consider-
able decrease in counts for genes longer than 4000 bp (Fig.
SE and Supplementary Fig. S8). Genes longer than 4000 bp
represented 7% of the total expressed genes but in the set of
genes experiencing a significant decrease in counts (edgeR ex-
actTest, logFC > 1, P-value <.05) they represented 18%.

We again merged the filtered PacBio data with the Illumina
data and projected the gene expression of the two datasets
onto a UMAP (Fig. 5F and Supplementary Fig. S9). With the
decrease in the number of genes and UMI counts per cell, for
56% of cells, we observed an increase in the Euclidean dis-
tance between the same cells in PacBio and Illumina data of
up to 50x the distance measured in the clustering analysis of
unfiltered PacBio data with Illumina. However, for ~15% of
cells per sample, we observed an improvement in clustering
with a decrease of Euclidean distance by 1%-50% of the dis-
tance measured from the unfiltered PacBio data. The number
of cells with Euclidean distance greater than 1 ranged from 1
to 44 cells, the latter being from the ccRCC_3 sample where
the same cells from Illumina and PacBio formed two adja-
cent but distinct clusters (Fig. SF). The differential clustering

was driven by genes such as ZCCHC24, EMILIN1, LZTS1,
or LHFPL6 for which 60% of isoforms from PacBio were fil-
tered out due to being flagged as low coverage/non-canonical
(Fig. 5G).

To review whether removal of those reads leads to over fil-
tering, we looked at the quality of the equivalent reads (se-
lecting by tag IDs) in the subsampled Illumina data analysed
earlier. We split the reads into those with tag IDs filtered or
retained in the PacBio workflow. We found the set of reads
matching the filtered PacBio reads to consist of a higher pro-
portion of unmapped reads (43 % versus 11% on average) and
a lower proportion of reads confidently aligned and counted
(17% versus 29% on average) (Fig. SH). Additionally, we
found a higher proportion of those reads to be annotated as
not matching the reference transcript, so as unspliced (41%
versus 13%). The proportion of unspliced reads corresponded
to the proportion of genic (containing both exons and introns)
reads identified in the filtered PacBio data.

Discussion

Long-read sequencing applied to scRNA-seq allows for deci-
phering of cell heterogeneity based on full-length transcripts
providing isoform and variant information. Recent develop-
ments have expanded the use and interest in long reads in the
field [21, 53] and allowed their decoupling from short reads.
However, evidence suggests variability in the information ob-
tained by both methods [23]. Dondi et al. [23] compared the
expressed genes captured by both methods and the impact on
cell type identification in ovarian cancer cells, but their re-
search did not address the sources of the observed differences
between short and long reads. Here, we used single cells from
four samples of ccRCC-derived organoids and one matched
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healthy kidney organoid sample to answer the question of
the extent of comparability between the long- and short-read
data and to elaborate on the reasons for the observed differ-
ences. Using both Illumina short-read and PacBio long-read
technologies, we sequenced the same 10x Genomics 3' cDNA,
with each molecule tagged with a cell barcode and UMI, to
perform a molecule-by-molecule matched comparison. We fo-
cused on the information obtained after mapping of reads to
the reference genome and gene-wise UMI counting.

In comparison to the long-read sequencing performed on
Sequel Ile and following the company guidelines for the se-
quencing depth, short-read sequencing provided higher cov-
erage and more UMIs per cell. Despite its lower sequencing
depth, long-read sequencing data also consisted of unique
transcripts not found in the short-read data. Paradoxically,
these were short transcripts of less than 500 bp that are other-
wise discarded in Illumina 10x Genomics library protocol due
to transcript fragmentation and size-selection steps. Lower
depth was not the only reason why transcripts were not re-
covered in PacBio data—the MAS-ISO-seq library protocol
contains a TSO artefact removal step, which removes contam-
inant constructs with TSO on both ends of cDNA molecules.
Short-read sequencing resulted in a higher level of redun-
dancy with more reads per cell barcode-UMI tag ID ending up
discarded.

The current state-of-the-art workflows applied to the long-
and short-read data differed by the cell calling algorithms.
Both of them applied a UMI count threshold for identification
of high RNA content cells but CellRanger additionally ap-
plied an empty droplet analysis for identification of low RNA
content cells in Illumina data (Cell Ranger’s Web Summary
Barcode Rank Plot, https://www.10xgenomics.com/support/
software/cell-ranger/latest/advanced/cr-barcode-rank-plot,
accessed December 2024), which captured, on average 7.8 %
of the total UMIs. Empty droplet analysis of the long-read
data still classified 9%-32% of those cells as ambient RNA.
Distinguishing between cells with low RNA content, either
due to variable capture and amplification efficiencies across
droplets or due to low transcriptional activity, from damaged,
apoptotic cells or from empty droplets has posed significant
challenges in scRNA-seq research [37, 54-56]. Various meth-
ods have been proposed, including filtering of cell barcodes
by deviation from the ambient RNA pool (EmptyDrops,
[57]) or by characteristics such as nuclear fraction (the
proportion of RNA originating from unspliced pre-mRNA)
and mitochondrial content (DropletQC, [58]). In our dataset,
the low RNA content cells exhibited elevated mitochondrial
gene content and contamination with TSO/PolyA artefacts,
therefore, we focused our comparison on high RNA content
cells. Additionally, we did not specifically target any cell types
known for low transcriptional activity such as neutrophils
[59]. However, we do recommend including empty droplet
analysis in long-read sequencing data analysis for targeting
low RNA content cells and evaluating the data on a sample-
by-sample basis, especially if the aim is targeting rare cell
populations.

As expected, isoform-level resolution and longer read
length introduces changes in the data processing and analysis.
First, it allowed for mapping of reads otherwise unmapped
in short-read data, although the proportion of those reads in
total was quite low (below 1%). Second, long-read informa-
tion allowed for more precise allocation of reads to unique
genomic regions. Short-read data had a higher proportion of
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multi-mapping reads with imprecise or low-confidence map-
ping locations, discarded from the gene count matrix. Third,
isoform information from long reads provided more infor-
mation on the types of sequencing artefacts and thus lead
to more precise filtering of reads for gene expression profil-
ing. We identified on average 35% of isoforms and 18% of
reads to be discarded due to being flagged as intra-priming or
reverse-transcriptase switching.

It is, however, unclear whether filtering of low
coverage/non-canonical isoforms is not carried out too
stringently within the pipeline. An average of 48% of iso-
forms and 27% of reads were identified as belonging to that
category. We observed the filtering to have the biggest impact
on the UMI counting and to be biased towards transcripts
of longer length resulting in decreasing in counts especially
for genes longer than 4000 bp. As a result of scale-based
normalization we observed an increase in pseudo-counts for
genes shorter than 800 bp when compared to short-read
data. The higher counts for short genes in PacBio data when
compared to Illumina data were also observed by Dondi
et al. [23], so the result is not specific to our study. The
largest proportion of those reads was identified as unspliced
(containing introns and exons), also in the short-read data,
and approximately a third was identified as novel or as
incomplete splice matches. Unspliced transcripts are used
for RNA velocity analyses [60] and, as revealed by the
Long-read RNA-seq Genome Annotation Assessment Project
(LRGASP) Consortium, identification and quantification of
lowly expressed and complex transcripts continue to be a
challenge in long reads [21], so filtering them out might be
leading to loss of valuable information. Our investigation of
equivalent Illumina reads did show a higher proportion of
low-quality reads, but a lot of the reads were still counted
into the final gene count matrix. Experimental validation of
those transcripts using RT-PCR [61-63] or RNA-FISH [64]
would provide information on whether they are biologically
significant or true artefacts. Non-canonical transcripts have
been shown to encode tumour-specific antigens; therefore, it
would be beneficial to verify the usefulness of this filtering
step in the workflow and whether the filtering needs to be
done in a sample-specific manner and adjusted for tissue
types or conditions [63, 66]. For greater in-depth analysis of
the significance and frequency of novel isoforms in ccRCC
from the same set of samples, see [36].

Additionally, the same filtering is applied in the pipeline
for gene- and isoform-level quantification and further anal-
ysis would need to be done to assess whether that should
be the case. For instance, intra-priming isoforms can rep-
resent valuable information about the gene-level expression
while only providing misleading information about the al-
ternative splicing. In order to enhance gene-level quantifica-
tion filtering of isoforms and associated reads could be bol-
stered by an addition of orthogonal data, such as PolyAsite,
refTSS, or CAGE data, e.g. incorporating filtering by the dis-
tance to known genes’ transcription start sites/transcription
termination sites [67] or by implementing a machine learn-
ing filtering approach available through SQANTI3 [32]. If
the aim is to maximize the concordance with short-read se-
quencing data, our study suggests retaining all reads and
isoforms.

Despite the earlier-mentioned differences between short-
and long-read data, we observed a considerable overlap in the
information provided by both datasets. We found the same set

G20z Jequieoa( £z Uo Jasn MNHH ZIemyosisamploN a|nyosyaoyyoe Aq £86581 8/6804eby/g/2/e1one/qebieu;woo dnooiwspese)/:sdiy Woll papeojumod


https://www.10xgenomics.com/support/software/cell-ranger/latest/advanced/cr-barcode-rank-plot

14  Zajac et al.

of high RNA content cells that captured most of the reads; we
found a high proportion of cell barcode-UMI combinations
recovered by both methods. Of all expressed genes, 90% were
shared between the two methods and we observed deviation in
pseudo-bulk counts for <5% of the genes. Gene expression re-
sults per cell connect two same cells in non-linear dimension-
ality reduction analyses even after isoform filtering and cell
markers specific to ccRCC show comparable normalized ex-
pression. The choice of either of the sequencing methods lies,
therefore, in the research question addressed and in the avail-
able funding. The cost of PacBio long-read sequencing remains
significantly higher than Illumina short-read sequencing, espe-
cially when considering the sequencing throughput, and thus
remains less accessible. However, for isoform-resolved expres-
sion analysis and for highly complex single-cell samples e.g.
with seemingly homogenous gene expression but highly vari-
able phenotypes, the use of long-read sequencing can provide
invaluable information.

Our aim was to test the most frequently applied workflows
on both datasets, and we do acknowledge the limitations, for
example in comparing bam files resulting from two different
mapping algorithms. We also sequence a lower number of
cells than is perhaps of interest in most scRNA-seq experi-
ments. However, we think that our benchmark analysis iden-
tified multiple sources of variations between long- and short-
read sequencing technologies that could be mitigated with
higher sequencing depth or deviation from the standardized
pipelines. The finding is informative and has a general appli-
cability. With increasing throughput in long-read sequencing
provided by the Revio system, we would expect even a greater
overlap in the obtained data and thus we think long reads pro-
vide an alternative to short-read sequencing for scRNA-seq
experiments.
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