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Abstract

The fast development of single cell RNA sequencing (scRNAseq) presents new challenges
in data analysis and opportunities for protocol development. To address challenges in
data preprocessing, I developed scPipe, an R/Bioconductor package that integrates bar-
code demultiplexing, read alignment, UMI-aware gene-level quantification and quality
control of raw sequencing data generated by multiple protocols. Results from scPipe can
be used as input for downstream analyses and can be easily incorporated into R-based
pipelines with other tools. In order to compare different computational methods for
scRNAseq data, I generated a realistic benchmark experiment that included single cells
and admixtures of cells or RNA to create ‘pseudo cells’ from up to five distinct cancer
cell lines. Multiple datasets were generated using both droplet and plate-based scRNA-
seq protocols and processed by scPipe. We found pipelines suited to different types
of data for different tasks. Our data and analysis provide a comprehensive framework
for benchmarking most common scRNA-seq analysis steps. Finally, I developed single
cell full-length transcript sequencing by sampling (FLT-seq), together with the com-
putational pipeline FLAMES to perform isoform discovery and quantification, splicing
analysis and mutation detection in single cells. With FLT-seq and FLAMES, 1 per-
formed a comprehensive characterization of the full-length isoform landscape in single
cells of different types and species and found conserved functional modules that were
enriched for alternative transcript usage in different cell populations, including ribosome
biogenesis and mRNA splicing. The datasets, protocols and tools that I developed and

generated are useful resources for the single cell research community.
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Chapter 1

Introduction

1.1 The development of single cell RNA sequencing tech-
nology

Single cell RNA sequencing (scRNAseq) refers to the whole transcriptome quantifica-
tion of single cell gene expression by next generation sequencing. The core concept is to
use cellular barcodes to label transcripts from different cells which enables them to be
pooled, which greatly reduces the cost. Falling costs along with increasing throughput
has been a key driver behind the rapid expansion of this field [1]. scRNAseq protocols
have different mechanisms for isolating cells and preparing nucleic acids for sequenc-
ing, with approaches such as Indrop [2] and Seqwell [3] using template switching while
CEL-seq2 [4] and MARS-seq [5] use in vitro transcription (IVT). While throughput
has increased, the breadth of single cell sequencing applications has also expanded to
include multi-omics, such as coupling the measurement of surface markers [6], epige-
netic modifications [7], chromatin states [8], the genome (i.e. DNA rather than RNA)
[9] or CRISPR screen output together with transcriptome data on the same cells [10].
The application of these technologies has led to the identification of new cell types in
complex tissues and led to the revision of differentiation hierarchies for stem cells and
boosted other new findings where the heterogeneity of individual cells is important.
The combination of multiple omics allows researchers to study the epigenetic landscape
on top of transcriptomic changes [7], and to dissect regulatory circuits by combining

gene knockout information together with transcriptomic measurements using protocols
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such as CROP-seq [11] and Perturb-seq [10]. While short-read sequencing is commonly
used for scRNAseq profiling, recent developments in other technologies has provided
researchers with additional options. For example, emerging in-situ sequencing meth-
ods aim to characterize gene expression profiles while retaining spatial information in
the tissue context, which is typically lost in regular scRNAseq approaches. The gene

expression levels are quantified by imaging and represented by fluorescent intensity [12].

A major short-coming of single-cell transcriptome technology is its inability to measure
alternative splicing. Most droplet-based scRNAseq protocols are based on 3’ end tag
sequencing, which lacks full-transcript coverage and cannot be used to detect alterna-
tive splicing. Some plate-based protocols, such as SMART-seq have similar coverage
compared to bulk RNAseq and have been used to detect alternative splicing events [13].
However, these protocols are based on Illumina short-read sequencing, which can detect
changes in single splicing sites, but have limited ability to recover full-length transcripts
and correlate distal alternative splicing events [14]. The rapid development of long-read
sequencing platforms provides an alternative to short-read sequencing with the added
benefit of being able to sequence full-length transcripts in single cells. However, the
lower throughput and accuracy compared to short-read sequencing is a major limitation
of this approach, and currently, it cannot replace short-read sequencing. Methods have
been developed to resolve these issues. R2C2 [15] employs rolling circle amplification
to sequence the same read multiple times and call consensus reads to reduce error rate,
which will unavoidably reduce the sequencing throughput. RAGE-seq [16] reduces the
number of genes assessed by targeted sequencing and cannot profile the whole transcrip-
tome. The recently published ScNaUmi-seq protocol [17] utilized the high-throughput
of PromethION platform and deep sequencing for error correction with UMIs. How-
ever, this method is not cost-effective as high sequencing saturation is required for UMI
correction and the PromethION platform is still roughly 10 times more expensive than
Illumina sequencing for a similar throughput. Taken together, there are still limitations

with current approaches and new methods are needed to address these issues.
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1.2 Computational challenges in single cell transcriptomics

1.2.1 Data preprocessing

The rapid development of scRNAseq technology not only brings new opportunities, but
also presents new challenges in data analysis. Compared with bulk RNA-sequencing
(RNAseq), it is harder to find a good method for scRNAseq data that can tease apart
the technical and biological noise to accurately recover the original mRNA abundance
[18]. The technical noise in scRNAseq data comes from several sources. RNA capture
efficiency for scRNAseq is usually 10-30% [19] due to the sampling and enzyme effi-
ciency in the protocol. Usually the mRNA is captured by polydT primers and reverse
transcribed (RT) to ¢cDNA. The capture and RT efficiency can significantly alter the
quality of the library, as it is the first step of the protocol. Apart from the RT step,
there are also several rounds of library amplification and clean up, which may result in
further loss of material [4]. Taken together, the effect of these factors will be to reduce
the level of complexity in the final sequencing libraries and introduce bias. Moreover,
the competitive nature of RNAseq means a certain number of reads will be distributed

between genes.

Given that scRNAseq usually involves cell barcoding and pooling of materials from
multiple single cells, differences in library size between cells can arise from variation in
cell size, library preparation and other technical artifacts. The sequencing depth also
plays a role in data quality and there have been several studies that have focused on the
differences between shallow sequencing with larger numbers of cells, or deep sequencing
with fewer cells [20]. In summary, the technical noise, sometimes also referred to as
unwanted variation, introduced during the scRNAseq experiment and sequencing, is
unlikely to be completely removed due to the stochastic nature of RNAseq. The general
goals for data preprocessing, including quality control, normalization and imputation,
is to remove technical noise and other systematic effects while leaving the biological
variation [21]. Because of the differences in barcoding strategies, processing the raw
FASTQ files to generate a gene count matrix is a non-trivial task. Although there have
been tools developed to process data from certain protocols [22, 23], there were none
that worked across protocols. The lack of availability of an easy-to-use, cross-platform

preprocessing tool led me to develop the scPipe package [24] described later.
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Quality control Data quality control (QC) is an essential step that generally follows
acquisition of a gene count matrix from the raw FASTQ file. QC can have a profound
impact on the interpretation of the final results, as the presence of low quality cells can
confound the downstream analysis. Since manual QC may introduce bias and uncer-
tainty, efforts have been made to automate the quality control process. Ilicic et al. [25]
performed a systematic study of the quality control metrics that are useful for identify-
ing low quality cells by acquiring independent quality annotations (via images) through
the Fluidigm C1 platform. They then used these labels to train a support vector ma-
chine that could be used to identify low quality cells in new datasets. However, such
methods have not been widely used because of the need for training data, which can
be hard to access for some protocols, such as Drop-seq, where visual inspection of the
individual cells is not possible. To overcome this limitation, methods that rely on the

quality control metrics alone have been proposed such as in scran [26].

These methods use the distribution of one or more quality control metrics to look for
outlier cells. The basic underlying assumption is that the majority of the cells are high
quality, thus the low quality cells will be the outliers in terms of QC metrics such as the
total counts or number of genes detected. The results of such automatic quality control
methods should be still be carefully explored and visual inspection of the quality control
metrics is recommended to avoid systematically removing cells of one particular type
that may have extreme QC metrics (i.e. a low number of genes detected) that are driven
by real biological differences. The heterogeneous nature of single cell and scRNAseq
protocols increases the difficulty of defining poor quality cells. Poor quality cells can
arise from multiple sources, and have different characteristics in quality control measures
[27], such that broken or dying cells may have increased numbers of mitochondrial reads
or failure of the library preparation will reduce the total counts and the ERCC spike-in
counts (where present). The ambiguity in the definition of the cell quality highlights the
importance of manually checking the quality control metrics. Even though a number
of methods and strategies exist to identify poor quality cells, there are still some open
questions in the field, such as how to distinguish between genuine single cells with low
transcript abundance and low quality cells, and how to find doublets in droplet-based

protocols [28].
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Normalization A wide range of different assumptions and models are used in scR-
NAseq data normalization, partly due to the complex noise structure where capture
efficiency, cell size and sampling noise can each contribute to cell-to-cell variability.
Normalization methods can be roughly split into two classes depending on the model
assumptions. The first is normalization by scaling, where the key assumption is that
most of the genes are not differentially expressed (DE) between cells, so the major factors
driving trends of count differences between cells are related to technical variability. Such
methods therefore summarize the cell-to-cell technical variability to a scaling factor for
each cell and apply it to the gene counts to obtain an expected gene expression value.
Global scaling methods have been widely used for bulk RNAseq data normalization [29]
and have been adapted to the scRNAseq setting in the scran package [30]. To overcome
the sparsity of scRNAseq data, scran constructs a pseudo-reference RNAseq dataset
from pooling single cell data and deconvolves the global scaling factor into single cell
specific scaling factors. In contrast to the approach of scran where single scaling factors
are used for each cell, SCnorm [31] tries to group genes with different sequencing depths
by quantile regression and estimates scale factors within each group, in order to adjust
the gene specific bias that cannot be removed with universal scale factors. Another
example of scaling by regression is Linnorm [32], in which scaling is based on a group

of house-keeping genes.

In contrast to the scaling methods, other normalization methods model the read counts
as a distribution where parameters are both influenced by technical and biological vari-
ability. The commonly used distributions are Negative Binomial and Gamma distribu-
tions, because of their ability to model the over-dispersion of read counts that exceeds
the Poisson sampling variance [29]. The BASiCS [33] method uses a Bayesian hierar-
chical model, where the parameters of the Negative Binomial are also random variables
that follow distributions that are centered around technical artifacts such as cell size
and capture efficiency. Similar to BASiCS, Ding et al. [34] considers gene expression
to follow a Gamma distribution, and use a Gamma regression model to fit the detected
and added ERCC spike-in molecules in order to calculate the molecular concentration
of genes. The issue of sparsity in scRNAseq data has led to the development of methods
that update the existing Negative Binomial model to include drop-out events, which are
usually defined as the zero gene counts that result from inefficiencies in the protocol,

and represent missing transcripts. Although the existence of drop-outs in scRNAseq
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data has been widely accepted [21], there has been much debate about its distribu-
tion. Some have shown that these drop-outs exceed the theoretical frequency predicted
by the Negative Binomial, and methods such as ZIFA [35] and ZINB-WaVE [36] have
been developed to include separate terms to model drop-out events. Others have shown
that the drop-out from technical replicates follows a Poisson distribution [37], indicat-
ing that the drop-out events can be described by Negative Binomial statistics and that
zero-inflation is caused by biological heterogeneity instead of technical artifacts. With
different assumptions, these methods are likely to suit different scenarios. To overcome
this limitation, ensemble-based approaches such as scone [38] have been proposed to run
multiple normalization methods on the same dataset and rank the performance based

on quality control metrics.

Imputation Although several normalization methods have been proposed to adjust
for drop-out events in scRNAseq data, a fundamental limitation of normalization is
that the normalized gene expression values are scaled from the original values by either
applying a scaling factor or estimating the distribution parameters. As a result, if a data
point is zero then after normalization, it will remain zero. Since this effect is the same
for all genes, especially lowly expressed ones which suffer most from the drop-out events,
the cell-to-cell technical variability will be reflected by the different frequencies of zeros,
which can introduce unwanted correlation structures in the data [39]. To address this
issue, several imputation frameworks have been proposed to recover the lost counts due
to drop-out [40-42]. The most common assumption made by these methods is that the
drop-out rate is correlated to the true gene expression. The relationship between drop-
out rate and average gene expression is then calculated by logistic regression and the
true expression is recovered by considering the drop-out rate [40]. Instead of explicitly
modelling the drop-out events, MAGIC [42] smooths the data, assuming the underlying
structure is a manifold. Similar to MAGIC, the method developed by Wagner et al. [37]
uses KNN-based smoothing to recover the drop-out loss, where the UMI count for each
gene is averaged with its neighboring cells. Although not in widespread use at present,
the fundamental limit of normalization in recovering signal for the drop-out genes is

likely to see an increase in the application of imputation methods in the future [27].
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1.2.2 Clustering and pseudo-time ordering

A major application for scRNAseq is in the characterization of gene expression hetero-
geneity, which is hidden in bulk RNAseq, with the objective of finding new cell types or
cell states. This goal is usually achieved by clustering cells with similar transcriptomic
profiles. The clustering methods available for single cell analysis can be classified into
two main groups, based on whether or not they take established knowledge as input.
Some methods, such as RCA [43] and scran, incorporate prior knowledge during the
clustering procedure, including bulk RNAseq data and marker genes. The majority of
the methods available do not require this kind of input. Instead they often allow users

to specify the number of clusters expected in the data.

Apart from the degree of supervision, clustering methods also vary in terms of their
scope. Some assume the data has been cleaned and non-informative genes have been
filtered out. Other packages integrate clustering with preprocessing steps such as nor-
malization and feature selection. Considering the levels of noise and high dimensionality
of scRNAseq data, most clustering methods perform dimensionality reduction on the
gene expression matrix and then cluster cells using a low dimensional representation of
the original matrix [27]. A range of different dimensionality reduction algorithms are

used for this step, with PCA, t-SNE and UMAP being the most popular choices [44].

The next essential step after dimensionality reduction is partitioning cells into multiple
clusters, which is usually achieved by grouping cells by their distance or similarity. Some
methods, like SIMLR [45], are designed around the similarity matrix calculation. The
cell-cell distance is also calculated non-explicitly during the clustering, such as in k-
means, in which the distance matrix calculation are calculated within each iteration. A
distance measure is required by all clustering methods, and the choice here can have
a substantial influence on the results. In early studies there was limited focus on the
distance calculation and Euclidean pairwise distances are usually the default, with most
methods emphasizing feature selection and dimensionality reduction [46]. However, the
critical importance of the choice of distance measures has been recognized in some recent
studies, such as RAFSIL [47] and SIMLR [45], using random forest and multi-kernel
methods respectively to calculate distances instead of the Euclidean measure. Ensemble-
based methods, which utilize multiple clustering algorithms for robustness, have also

been proposed recently. The SCS8 [46] package performs consensus clustering on the
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results of multiple clustering methods, followed by k-means clustering on the consensus
matrix, which can also be considered as a generalized distance matrix. Similar to SCS3,
the clusterExperiment [48] package applies multiple clustering methods and combines
these result by consensus clustering. In general, ensemble-based methods are shown to

be more robust than individual methods.

While in many cases, cell heterogeneities are described as multiple cell types or cell
states coexisting in a cohort, it is notable that the transcriptome of these cells does not
form discrete clusters that represent different cell states, but exhibits a broad continuum
with cells in different cell states and transient stages [49]. For example, in hematopoietic
stem cell differentiation, the multi-potent stem and progenitor cells differentiate to more
than one mature blood cell type in a continuous fashion [50], involving multiple transient
stages such as from pro-B cells to mature B cells [51, 52]. As a result, clustering methods
may not be optimal in this situation and additional analysis is required to distinguish

cells within different lineages.

Several computational approaches have been proposed to reconstruct these lineages from
scRNAseq data. Although each method has its own assumptions, most of them involve
the construction of a similarity matrix [27], as per clustering methods. Instead of group-
ing cells by similarity, these methods will build a tree structure to reflect the branching
dynamics, thus giving a pseudo-temporal ordering [53]. The trajectory construction
method can be summarized into three major steps. The first is to perform dimensional-
ity reduction on the gene expression matrix and generate a similarity matrix. There are
various techniques to achieve this goal, such as diffusion maps [54], PCA and Laplacian
eigenmaps [55]. The second is to construct the tree structure, with minimum spanning
trees (MSTs) being the most popular method for this task [56-59]. The third step usu-
ally involves interpretation of the lineage tree, such as giving the pseudo-time value for

each cell or finding the genes associated with a branching event [60].

Although designed for the same purpose, these methods still differ in several aspects,
apart from the algorithm they use. The first is the preprocessing stage of the method.
Despite the fact that most of these methods take a gene expression matrix as input,
the way they specify and treat this input varies considerably. Some methods are only
designed for scRNAseq data, while others also suit mass cytometry data [61]. Some

methods, such as SLICER [62] will perform feature selection after data input, in order
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to remove noise from the data. Meanwhile, instead of sub-setting genes, FCLAIR [57]
subsamples the cells to generate multiple trees. Then an ensemble of the trees is gen-
erated to obtain a consensus tree. The second major difference relates to when they
build the lineage tree. Some methods, such as Slingshot [48] and FCLAIR, find clusters
through the dimensionally-reduced representation of original data and connecting the
clusters with a tree structure. Others such as DPT [63] and SLICER apply lineage
construction directly on the low dimensional matrix. The third main difference is in the
level of supervision allowed by the methods to guide the pseudo-time ordering. Usually,
the user-specified parameters are related to the underlying algorithms that each method
uses. As trajectory analysis involves the construction of a tree structure, most methods
allow users to specify the starting state, or root of the tree and some also allow users
to give marker genes as prior knowledge [39]. The methods that use K NN usually also
apply a method to find the optimal value of k from the data, but users can also specify

k from their own experience.

1.2.3 Differential gene expression analysis in the single cell context

Differential expression (DE) analysis is a long-standing topic in transcriptomic research,
with a huge amount of effort dedicated to methodology for this task since microarray
technology launched the field in the early 2000s. A classic DE analysis aims to prioritize
genes that correlate to conditions or phenotypes, which can be discrete or continuous.
There are many well-established tools for bulk RNAseq DE analysis [29, 64]. Unlike
bulk RNAseq, scRNAseq data exhibits more noise and generally has lower library sizes.
The sparsity of scRNAseq data poses new challenges in the DE analysis and a num-
ber of new methods have been developed to deal with this problem. SCDEFE [65] uses a
two-component mixture model to capture the drop-out events, which is similar to what
has been used in normalization and imputation. The DE analysis can then be reformu-
lated as a comparison between the posterior distributions of different sub-populations.
Similar to SCDFE, BASiCS can also perform DE analysis after model fitting, by esti-
mating the posterior distributions of the log-fold-change in gene expression between the
known groups [66]. Although the DE methods tailored for scRNAseq data all claim
to outperform those designed for bulk RNAseq data, a recent study that systemati-
cally evaluated 30 different DE methods on a number of real and simulated scRNAseq

datasets showed that ‘methods developed for bulk RNAseq do not perform mnotably worse
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than those developed for scRNAseq’ [67]. More studies are needed to elucidate whether
scRNAseq DE analysis benefits significantly from more complex modeling or whether

the over-dispersed nature of the data can be handled sufficiently with classical methods.

In contrast to the standard DE analysis paradigm, where samples are split into dif-
ferent experimental groups representing known conditions, scRNAseq data can have
tremendous heterogeneity within a given group. So the DE analysis is often preceded by
dimensionality reduction and clustering, with the hope of finding new cell populations
or cell states [68]. The DE analysis is then performed on clusters or trajectories, in order
to find marker genes that are enriched in certain clusters or correlated with pseudotime.
Such DE analysis has been embedded in several popular scRNAseq frameworks such
as Seurat [69], and has resulted in the discovery of new cell populations and marker
genes [70]. However, extra care should be taken when interpreting the results, because
the clustering and pseudotime analysis are first performed on the same gene expression
data, with the results used to guide the DE analysis. It has been shown in a recent
benchmarking study that the error rate is inflated using these methods [67], raising con-
cerns about the inherent bias in such analyses. The fact that scRNAseq measures gene
expression at the single cell level presents us with the opportunity to quantify not only
the mean expression of a gene but also its variance and distribution. Because of the
complexity of biological variability, gene expression kinetics may result in distributions
with multi modality. The normalization and imputation methods that model the gene
expression as a distribution will naturally yield the variance estimate. Some packages
such as BASiCS also provides functions to analyse differential dispersion of genes in dif-
ferent groups. The scDD package [71] can look beyond the variance and also find genes
with different distributions using mixture modeling. Although the variance of scRNAseq
suffers from technical noise and the analysis of variability should be conducted with care,
such methods can give new insights into gene expression dynamics that cannot be seen

in bulk RNAseq analysis [66].

With the development of new scRNAseq protocols, the context of differential gene ex-
pression has been extended beyond comparing different groups. New methods such
as RNA velocity computationally generate pseudotime ordering on cell differentiation
trajectories [72], and new protocols on single cell lineage-tracing now facilitate the map-

ping of clonal relationships to construct the cellular history in a more unambiguous
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way. They enable differential gene expression analysis with pseudotime or differentia-
tion stages used as covariates to correlate gene expression with cellular differentiation.
Spatial transcriptomics provides another avenue by allowing differential gene expression
analysis in space [73]. Although these methods correlate gene expression with time and
space, the gene expression measurements are still the same and can be characterized
by Negative Binomial distributions. The emergence of full-length transcript sequencing
provides makes it possible to quantify transcript-level expression which allows differen-
tial transcript usage analysis. However, computational methods for this task are still
limited. Methods such as DRIMseq and DEXseq have been developed for bulk differen-
tial transcript usage analysis, while similar methods have not been reported for single

cells.

1.2.4 Benchmarking single cell RNA sequencing analysis methods

Because of the importance of understanding the characteristics of different omics meth-
ods, there have been many studies aimed at benchmarking different methods and plat-
forms from microarray to RNAseq, using specially designed control experiments. There
are several ways to design a control experiment and acquire the necessary ground truth.
Spike-in controls, which are a set of mRNA molecules of known composition and concen-
tration, were popular in early research studies to evaluate the performance of Affymetrix
microarrays [74]. Control experiments often involve the use of reference RNA samples
(e.g. MAQC, and SEQC used commercially available human reference RNAs) or well
characterized cell lines in which gene expression is known and stable. Samples can
then be run in their pure form, or mixed in different proportions to induce controlled
biological variability [75]. A third strategy is to dilute the RNA sample to create sys-
tematic decreases or increases in gene expression affecting every gene in the sample in a

predictable way when comparisons are made back to the undiluted reference sample.

The rapid development of transcriptomic technology for single cell analysis has created a
need for systematic benchmarking in order to understand the strengths and weaknesses
of different platforms and computational methods. To date, there has been a growing
interest on the comparison of protocols and computational methods. Svensson et al.
[19] compared the quality of many publicly available datasets based on spike-in controls,

together with in-house data generated using mouse embryonic stem cells and human
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brain total RNA. They found that the detection rate, defined by the minimum input
spike-in molecules required for a reliable detection, is among 10-100 molecules for most
protocols. They also found that the minimum read depth to get saturation is around 0.5
to 1 million reads per cells. Two large scale benchmarking studies have been published
recently, both utilizing mixtures from multiple species and cell types as reference to
compare different scRNAseq protocols [76, 77]. Results from multiple benchmarking
studies showed considerable heterogeneity of different protocols ability to detect cell-type
markers, impacting their predictive value and suitability for integration into reference

cell atlases.

Apart from comparisons of protocols and platforms, the benchmarking of different com-
putational methods is emerging as a major topic, as the number of methods contin-
ues to expand (> 713 methods as at August 2020 according to Zappia et al. [78],
https://www.scrna-tools.org/). Methods comparisons for scRNAseq data are challeng-
ing for two main reasons. The first stems from the diversity of tasks (normalization,
clustering, trajectory analysis as reviewed above) and approaches taken by different
methods (for instance some clustering methods focus on robustness, while others focus
on rare cluster detection). The second arises from the complex nature of scRNAseq
data that make it hard to design realistic control datasets that mimic the properties of
a real scRNAseq experiment. Current benchmarking studies are performed using pub-
licly available datasets, to get a good representation of different biological and technical
variabilities. Soneson et al. [67] published a comprehensive comparison on differential
expression analysis of scRNAseq data, evaluating 30 methods on dozens of datasets. A
framework that ranks different normalization methods called scone [38] has been devel-
oped to allow consistent data processing and methods ranking based on QC measures
and other unwanted variations. A comprehensive comparison of more than 20 trajectory
methods using simulated and public datasets to evaluate their performance in various
areas, including different types of trees and code availability was also recently published
[53]. These studies highlight the heterogeneity of computational methods and the im-

portance of choosing reliable methods for different tasks.


https://www.scrna-tools.org/
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Abstract

Single-cell RNA sequencing (scRNA-seq) technology allows researchers to profile the transcriptomes of
thousands of cells simultaneously. Protocols that incorporate both designed and random barcodes have
greatly increased the throughput of scRNA-seq, but give rise to a more complex data structure. There is
a need for new tools that can handle the various barcoding strategies used by different protocols and
exploit this information for quality assessment at the sample-level and provide effective visualization of
these results in preparation for higher-level analyses.

To this end, we developed scPipe, a R/Bioconductor package that integrates barcode demultiplexing,
read alignment, UMI-aware gene-level quantification and quality control of raw sequencing data
generated by multiple protocols that include CEL-seq, MARS-seq, Chromium 10X, Drop-seq and
Smart-seq. scPipe produces a count matrix that is essential for downstream analysis along with an
HTML report that summarises data quality. These results can be used as input for downstream analyses
including normalization, visualization and statistical testing. scPipe performs this processing in a few
simple R commands, promoting reproducible analysis of single-cell data that is compatible with the
emerging suite of open-source scRNA-seq analysis tools available in R/Bioconductor and beyond. The
scPipe R package is available for download from https://www.bioconductor.org/packages/scPipe.

Introduction

Advances in single-cell transcriptomic profiling technologies allow researchers to measure gene activity in
thousands of cells simultaneously, enabling exploration of gene expression variability [1], identification of
new cell types [2] and the study of transcriptional programs involved in cell differentiation [3]. The
introduction of cellular barcodes, sequences distinct for each cell attached to the dT-primer, has increased
the throughput and substantially reduced the cost of single-cell RNA sequencing (scRNA-seq). These
barcodes allow for the demultiplexing of reads after cells are pooled together for sequencing. Apart from
cellular barcodes, molecular barcodes or unique molecular identifiers (UMIs), are frequently employed to
remove PCR duplicates and allow identification of unique mRNA molecules, thereby reducing technical
noise. The multiple levels of barcoding used in scRNA-seq experiments create additional challenges in
data processing together with new opportunities for quality control (QC). Different protocols use
different barcode configurations, which means a flexible approach to data preprocessing is required.
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A large number of software tools have already been tailored to scRNA-seq analysis [4], the majority
of which are focused on downstream tasks such as clustering and trajectory analysis. Methods for
preprocessing tend to focus on specific tasks such as UMI-tools [5], umitools
(http://brwnj.github.io/umitools/) and wmis [6] which have been developed for handling random UMIs
and correcting UMI sequencing errors. Other tools such as CellRanger [7], dropEst [8] and dropseqPipe
(https://github.com/Hoohm/dropSeqPipe) on the other hand offer a complete preprocessing solution for
data generated by droplet based protocols. Other packages such as scater [9], and scran [10] work further
downstream by preprocessing the counts to perform general QC and normalization of scRNA-seq data.

scPipe was developed to address the lack of a comprehensive R-based workflow for processing
sequencing data from different protocols that can accommodate both UMIs and sample barcodes, map
reads to the genome and summarise these results into gene-level counts. Additionally this pipeline
collates useful metrics for QC during preprocessing that can be later used to filter genes and samples. In
the remainder of this article we provide an overview of the main features of our scPipe software and
demonstrate its use on various in-house generated and publicly available scRNA-seq datasets.

Design and Implementation

Single-cell RN A-seq datasets analysed
Mouse hematopoietic lineage dataset

Single cell expression profiling of the main hematopoietic lineages in mouse (erythroid, myeloid,
lymphoid, stem/progenitors) was performed using a modified CEL-seq2 [11] protocol. B lymphocytes
(B220+ FSC-Alow), erythroblasts (Ter1194+ CD444, FSC-Amid/high), granulocytes (Macl+ Grl+) and
high-end progenitor/stem (Lin- Kit+ Scal+) were sorted from the bone marrow of a C57BL/6 10-13
week old female mouse. T cells (CD34 FSC-Alow) were isolated from the thymus of the same mouse.
Bone marrow and thymus were dissociated mechanically, washed and stained with antibodies for 1hr on
ice. Single cells were deposited on a 384 well plate using an Aria cell sorter (Beckman). Index data was
collected and our adapted CEL-seq2 protocol used to generate a library for sequencing. The reads were
sequenced by an Illumina Nextseq 500 and processed by scPipe. This dataset is available under GEO
accession number GSE109999.

Human lung adenocarcinoma cell line dataset

The cell lines H2228, NCI-H1975 and HCC827 were retrieved from ATCC (https://www.atcc.org/) and
cultured in Roswell Park Memorial Institute (RPMI) 1640 medium with 10% fetal calf serum (FCS) and
1% Penicillin-Streptomycin. The cells were grown independently at 37°C with 5% carbon dioxide until
near 100% confluency. Cells were PI stained and 120,000 live cells were sorted for each cell line by FACS
to acquire an accurate equal mixture of live cells from the three cell lines. This mixture was then
processed by the Chromium 10X single cell platform using the manufacturer’s (10X Genomics) protocol
and sequenced with an Illumina Nextseq 500. Filtered gene expression matrices were generated using
CellRanger (10X Genomics) and scPipe independently. For CellRanger, we used the default parameters,
with ——expect-cells=4000. For scPipe, we processed the 4,000 most enriched cell barcodes. The
GRCh38 human genome and ENSEMBL v91 human gene annotation were used for both the scPipe and
CellRanger analysis. In scPipe, the number of components used in the outlier detection step was set to
comp=2 for quality control to remove poor quality cells. This dataset is available under GEO accession
number GSE111108.

Ischaemic Sensitivity of Human Tissue dataset

A publicly available Chromium 10X dataset from the Human Cell Atlas project was also preprocessed
using scPipe and analysed with highly compatible Bioconductor packages. This dataset of roughly 2,000
cells comes from the first spleen harvested in a project seeking to study sensitivity to ischaemia in 3
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different tissues types. For this data scPipe was run with quality and sequence filters turned off in
sc_trim barcode, cellular barcodes were detected from a sample of the first 5 million reads using
sc_detect_bc, this resulted in 2,273 detected barcodes. The sequences were aligned to the GRCh38
human genome using Rsubread and counts were assigned based on ENSEMBL v91 human gene
annotations using scPipe and outliers were detected with comp=2 in the automatic outlier detection step.

scPipe implementation details

scPipe is an R [12] / Bioconductor [13] package that can handle data generated from all popular 3’ end
scRNA-seq protocols and their variants, such as CEL-seq, MARS-seq, Chromium 10X and Drop-seq.
Data from non-UMI protocols generated by Smart-seq and Smart-seq2 can also be handled. The pipeline
begins with FASTQ files and outputs both a gene count matrix and a variety of QC statistics. These are
presented in a standalone HTML report generated by rmarkdown [14] that includes various plots of QC
metrics and other data summaries. The scPipe package is written in R and C++ and uses the Rcpp
package [15,16] to wrap the C++ code into R functions and the Rhitslib package [17] for BAM
input/output. The key aspects are implemented in C++ for efficiency.

Results

The scPipe workflow
FASTQ reformatting

The scPipe workflow (Figure 1) generally begins with paired-end FASTQ data which is passed to the
function sc_trim barcode, which reformats the reads by trimming the barcode and UMI from the reads
and moving this information into the read header. There are options to perform some basic filtering in
this step, including removing reads with low quality sequence in the barcode and UMI regions and
filtering out low complexity reads, most of which are non-informative repetitive sequences such as polyA.
The output FASTQ file contains transcript sequences, with barcode information merged into the read
names.

Read alignment, exon mapping and barcode demultiplexing

The next stage of preprocessing involves sequence alignment. For this task, any popular RNA-seq read
aligner that produces BAM formatted output can be used. By default, scPipe uses the fast and
convenient R-based Rsubread [18] aligner which is available on Linux and Mac OS operating systems.
For publicly available datasets from sources such as GEO, FASTQ files are often available per cell and
these need to be aligned first before they can be processed further using scPipe. For all different types of
data, aligned reads in the BAM file are then assigned to exons by the sc_exon_mapping function
according to a user provided annotation. Using a similar strategy to featureCounts [19], we divide
chromosomes into non-overlapping bins and assess the overlap of aligned fragments with exons that fall
within the bin to reduce the search complexity. This function records the mapping result, together with
the UMI and cell barcodes available from the optional fields of the BAM file with specific BAM tags. By
default we use the official BAM tag BC for cell barcode and OX for UMI sequence.

Next, the sc_demultiplex function is used to demultiplex results per cell using the sample barcode
information. For CEL-seq and MARS-seq, the demultiplexing is based on the list of designed barcode
sequences that the user provides, and allows for mismatches during the cell barcode matching step. For
10X and Drop-seq where the cell barcode sequences need to be identified from the reads, the function
sc_detect_bc can be applied to identify enriched barcodes in the data that can then be supplied to
sc_demultiplex. This function can accept a list of possible barcodes that may be present in the dataset
(if available), such as the white list provided by 10X. Data from non-UMI protocols such as Smart-seq
and Smart-seq2 can be handled by setting has_UMI to FALSE when running sc_demultiplex. The
sc_detect_bc function summarises the sequences in the cell barcode region, collapsing reads with a
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Fig 1. The scPipe workflow. scPipe is a R/Bioconductor package that uses functionality from a
number of other packages, including Rsubread to align reads to a reference genome (although in practice
any aligner that produces BAM files can be used for read alignment) and SingleCellExperiment to
organise the counts and sample annotation information. The major steps in the preprocessing pipeline of
scPipe are shown along with the quality control (QC) statistics collected at each stage. The final output
of this process is a matrix of counts and QC metrics for use in downstream analysis and an HTML
report that summarises the analysis. The resulting Single CellExperiment object can be used as input to
other Bioconductor packages to perform further downstream analysis.

small edit distance, which are indicative of sequencing errors. It can report a given number of cell
barcodes or keep the cell barcodes based on a read number cutoff. A relaxed threshold is generally
recommended when one specifies the number of barcodes to retain, for instance if the estimated number
of cells in the library is 1,000-5,000, a threshold of 10,000 would ensure data for all cells is collected. The
motivation behind this is that unlike CellRanger, we don’t recommend detecting low quality cells or
empty barcodes solely based on the number of reads or UMI counts per cell. Instead, more robust and
meaningful results can be produced using multiple QC metrics. Hence the sc_detect_bc function should
be run to allow more barcodes than cells. The quality control function in scPipe can be used to remove
erroneous cell barcodes at a later stage. The demultiplexed data are output in a csv file for each cell,
where each row corresponds to a read that maps to a specific gene, and columns that include gene id,
UMI sequence and mapping position. The overall barcode demultiplexing results are recorded and can
be plotted as shown in Figure 2A for the mouse blood cells generated by the CEL-seq2 protocol.



Contents 18

Obtaining a gene count matrix and performing quality assessment

The next stage of preprocessing makes use of the sc_gene_counting function to remove PCR duplicates
(also known as UMI deduplication) to generate a gene count matrix. scPipe uses a greedy approach
based on hamming distance to do this. The detected UMIs are compared to each other and if two UMI
sequences are found to be within a certain hamming distance apart (the default is 1) and one UMI has
more than twice the count of the other, then the two different UMIs will be treated as instances of the
same UMI. The approach is based on the fact that erroneous UMI sequences due to sequencing error
usually just have one or two reads. PCR errors, however, can be more problematic, and other more
sophisticated network-based methods such as the approach taken in UMI-tools have been developed to
deal with such errors. When PCR error rates are low, the approach used in scPipe should give good
results. Our pipeline outputs the raw UMI sequences that map to each gene, which can be used as input
for more sophisticated UMI correction methods when the PCR error rate is high. After UMI
deduplication we get a gene count matrix that can be used for further analysis. QC information is
collected at each step (Figure 1) and includes the total number of mapped reads per cell, UMI
deduplication statistics, per cell barcode demultiplexing statistics, UMI correction statistics and External
RNA Controls Consortium (ERCC) spike-in control statistics (where present).

scPipe uses the S4 infrastructure provided by the SingleCellExperiment package [20] for data storage.
A SingleCellExperiment object can be constructed by the create_sce_by_dir function using the data
folder generated during preprocessing, or by manually specifying all the required slots. Alongside the
gene count matrix, this object stores QC information obtained during preprocessing, and the type of
gene id and organism name, which can both be useful in downstream functional enrichment analysis.

Next, alignment statistics for each cell can be plotted using the plotMapping function (Figure 2B).
Data shown here is again from the mouse blood cell dataset described previously. Monitoring these QC
statistics across experiments (Figures 2C-D) can be particularly useful for labs that routinely process
single-cell data, allowing them to assess the impact changes in lab processes and protocols have on data
quality. Pairwise scatter plots of QC metrics such as the total molecules per cell and the number of genes
detected can be generated with the plotQC_pair function (Figure 3).

scPipe implements a multivariate outlier detection method for discovering low quality cells to remove
from further analysis. The method uses up to 5 metrics (log-transformed number of molecules detected,
the number of genes detected, the percentage of reads mapping to ribosomal, or mitochondrial genes and
ERCC recovery (where available)) as input (Figure 3) to a Gaussian mixture model (GMM). There are
three stages in the outlier detection process. First the Mahalanobis distances between cells based on the
quality control metrics chosen are calculated, with extreme cells removed before fitting the GMM using
the mclust package [21]. The QC metrics of the remaining cells are used to capture the overall
heterogeneity in the dataset. The mixture component with systematically lower QC metrics, such as
lower numbers of genes detected and lower numbers of molecular counts are marked as outliers. In the
final stage, the Mahalanobis distance is calculated for cells from the mixture component with the highest
QC metric values with outliers automatically detected based on this distance. Outlier detection can then
be reconciled with visual inspection of the QC metrics through the afore-mentioned QC plotting options
to fine tune the sample-specific filtering thresholds chosen. Depending on the data, the only argument
that needs to be specified is the maximum number of components in the GMM. In most cases, this is set
to 1 or 2 for good quality data with only a small proportion of poor quality cells. For data generated by
droplet-based protocols where larger proportions of poor quality cells may be expected, the number of
components can be set to 2 or 3 to model extra components that correspond to the good and poor
quality cells. Apart from the number of components, the user can also adjust the confidence interval for
choosing outliers (0.99 by default).

An HTML report generated using rmarkdown [14] that includes all run parameters used, QC
statistics and various types of dimension reduction plots of both the gene expression data and QC
metrics can be generated using the create_report function (Figure 4). As scPipe generates consistent
QC measures across different protocols and experiments, these QC metrics can be easily combined
(Figures 2C,2D) to facilitate comparisons between multiple datasets.

After QC, the data can be easily passed to downstream packages. Use of the SingleCellEzperiment
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Fig 2. Example QC plots that can be created using output from scPipe to assess data
quality both within and between experiments. Within experiment displays include (A) a bar
plot illustrating the overall cell barcode matching results to assess sequencing accuracy across all samples
and (B) a stacked bar plot showing the mapping rate, separated into reads that map to exon, intron and
ERCCs and those that are ambiguously mapped, map elsewhere in the genome and are unaligned for
each cell in an experiment (ordered by exon mapping rate). Between experiment displays include (C) a
stacked bar plot showing the cell barcode matching results from panel (A) from multiple experiments
and (D) a ridgeline plot presenting the distribution of proportions of non-mitochondrial read counts for
cells across multiple experiments.
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class ensures the output of scPipe is fully interoperable with a range of other Bioconductor packages. For
instance, packages such as scater, scran and BASiCS [22] can be used for normalization, zinbwave [23]
for dealing with zero inflation in the data and removing unwanted variation , SC3 [24] and

clusterExperiment [25] for clustering and MAST [26] and scDD [27] for differential expression analysis.

Using scPipe

A vignette accompanying the package provides further details on implementation and an example use
case on the CEL-seq2 mouse blood dataset.

This example dataset contains 100 million reads and takes under 2 hours to process on a standard
Linux server. scPipe creates a SingleCellExperiment object from the count matrix and mapping
statistics output by the pipeline which can be manipulated using other Bioconductor packages for single
cell analysis. scPipe’s outlier detection has been used to remove low quality cells (Figure 3). For the
mouse blood dataset, scPipe’s outlier removal retained 359 of 383 cells for further analysis and in the
human spleen dataset, 1,397 of the 2,273 detected cells were retained for further analysis. We applied
scran to compute size factors for normalization. Differential expression analysis was performed between
the a priori defined B-lymphocyte and T-lymphocyte cells (based on FACS sorting information available
for the cells in each well) using a generalised linear model from edgeR [28] after performing conversion to
a DGEList using scater (Figure 5A). From this analysis 636 differentially expressed genes were
discovered based on likelihood-ratio testing (LRT) at a 0.05 false-discovery-rate (FDR) threshold.

A second example uses data from the pilot Human Cell Atlas ischaemic sensitivity dataset, which was
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Fig 3. A pairwise scatter plot of the quality control metrics collected by scPipe for the
mouse blood cell dataset. Sample-specific metrics include the total read count, the number of genes
detected and the proportion of non-ERCC or non-mitocondrial reads. The good quality and outlier
samples detected by scPipe’s automatic outlier detection method are indicated in each panel by a
different colour.

again preprocessed by scPipe, with automatic outlier detection leaving 1,397 cells, which were then
normalized using scran. Next, we performed cell clustering with SC3, where the number of clusters
produced was optimised by SC8’s estimate_k function to give 10 clusters. To annotate these clusters,
the mean normalized expression of each cluster was correlated with a microarray dataset of 12
immunological lineages [29]. The lineage with the highest correlation was considered the most likely cell
type candidate for each cluster. Using this method, the 10 clusters identified by SC3 were assigned to 5
of the 12 potential candidate lineages (Figure 5B).
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« genome index: /nome/users/allstaff/tian.l/MM.GRCm38/subRead_MM_GRCm38_ERCC_phiX_WPRE

1.3 parameters for sc_exon _mapping

« input bam file: /wehisan/general/user_managed/grpu_naik.s_1/CB51_24.05.17/CB51.aligned.bam
« output bam file: /wehisan/general/user_managed/grpu_naik.s_1/CB51_24.05.17/CB51.aligned.mapped.bam

Fig 4. Screenshot of an HTML report created by scPipe for the mouse blood cell dataset.
This report organises the output of scPipe, including run parameters and QC metrics and also generates
basic dimension reduction plots of the data. Such reports provide a convenient format for communicating
basic QC information to collaborators to help them evaluate the overall quality of an experiment.

A third example of running scPipe on the Chromium 10X cell line data is, which has 400 million
reads from around 1,000 cells takes about 10 hours on a standard Linux server. We also provide
examples of using scPipe with an alternate aligner (STAR [30]).

Code for each of these example analyses is provided as Supplementary Information from
http://bioinf.wehi.edu.au/scPipe/.

scPipe is a fully modular pipeline, with each step generating independent results. It is also flexible
with its inputs, accepting FASTQ as outlined above, or BAM files produced by CellRanger and Dropseq
tools (http://mccarrolllab.com/dropseq/) from which a gene count matrix can be generated. This
approach ensures interoperability with tools both inside and outside of Bioconductor to give the data
analyst maximum flexibility when configuring their scRNA-seq analysis pipelines.

Comparing scPipe with other pipelines

We reviewed the tools currently available for scRNA-seq data preprocessing identified through the
‘Alignment’ and ‘UMISs’ categories provided by the https://www.scrna-tools.org/ website [4]. The search
revealed 9 tools that have overlapping functionality with scPipe. Our software is the only Bioconductor
package that spans all major single cell platforms (both plate and droplet-based) and the full range of
preprocessing tasks (alignment, UMI handling and QC). The shell program zUMIs [31] is another
program that covers the breadth of platforms and preprocessing tasks. Other software tools, such as
dropSeqPipe, CellRanger and dropEst [8] only deal with data from droplet-based protocols, Sharg [32] is
suitable for plate-based approaches, and the remaining handle the UMI processing step only. CellRanger
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Fig 5. Analysis results produced with SingleCellExperiment-compatible analysis packages
from Bioconductor. (A) Differential gene expression results from comparing B-lymphocytes and
T-lymphocytes known a priori in the CEL-seq2 mouse blood dataset. Highlighted points are genes
determined to be significantly differentially expressed from LRT with 0.05 FDR cutoff. (B) tSNE
coloured by cell type predictions obtained for SC3 clusters for the first spleen sample from the Human
Cell Atlas ischaemic sensitivity dataset. The 10 clusters from SC3 were assigned to 5 distinct cell types
from the reference set of 12 lineages.

is the only tool that also offers downstream analysis, with clustering and differential expression testing
included in its default output.

Multiple Analysis task
Sl L Ly technologies Quality Downstream
Alignment |UMI handling
control analysis
scPipe R FASTQ v v v v X
2UMIs Shell FASTQ v v v v X
dropSeqPipe Snakemake FASTQ X v v v X
Shargq Python/Perl/R | FASTQ X v v v bad
BCL/

CellRanger Python/R FASTQ X v v v v
dropEst C++/R FASTQ X v v v X
UMI-tools Python FASTQ v/ X v X X
umis Python FASTQ v X v X X
sircel Python FASTQ v X v X X
TRUmiCount R/Shell BAM v X v X bad

Table 1. Summary of the data preprocessing software currently available for scRNA-seq
analysis and the particular tasks covered by each package.

In order to highlight the differences between scPipe and the popular CellRanger pipeline that
processes raw data from the Chromium 10X platform, we performed a benchmark experiment that
included 3 human lung adenocarcinoma cell lines (see Materials and Methods) and processed the raw
data using both scPipe and CellRanger (Figure 6A). The dataset contains about 1,000 cells. CellRanger
returns 1,027 cells and scPipe 981 cells after QC (Figure 6B). The t-SNE plot [33] generated from the
CellRanger output shows that the 48 cells that appear in the CellRanger results but not in scPipe tend
to cluster together (Figure 6C). Inspection of their QC metrics (Figure 6D) shows that these cells have
higher proportions of mitochondrial gene counts, suggesting they may be dead cells that should be



Contents 23

40+

Overlap with scPipe
® FALSE
TRUE

T
50

CellRanger scPipe

0.6+

0.5+

Overlap with scPipe
0.41 B3 FALSE

B3 TRUE

0.3+

mitochondrial counts percentage

Fig 6. Comparing scPipe and CellRanger. (A) The workflow for the comparison. An equal
mixture of cells from three cell lines are sequenced using the Chromium 10X platform (see Materials and
Methods). Data were processed by scPipe and CellRanger. (B) The pie chart shows the overlap of cell
barcode detected by scPipe and CellRanger. (C) The t-SNE plot generated using CellRanger output.
Cell barcodes that only exist in CellRanger are highlighted. (D) Box plots showing the percentage of
mitochondrial gene counts in cells that overlap with scPipe or only exist in the CellRanger results.

excluded from downstream analysis. Since CellRanger only uses the UMI counts per cell as a QC cutoff,
the results generated by CellRanger may contain dead cells and benefit from a further round of QC. The
scPipe analysis on the other hand uses multiple QC metrics by default (Figure 3) to achieve a robust
measure of cell quality to ensure low quality cells are discarded. This comparison shows the benefit of
scPipe’s built-in QC step.

Availability and Future Directions

The scPipe package is available from https://www.bioconductor.org/packages/scPipe. Code for each of
the example analyses described in the 'Using scPipe’ section above is available from
http://bioinf.wehi.edu.au/scPipe/. Bug reports and questions about using scPipe should be posted on
the Bioconductor support site (https://support.bioconductor.org/).

With the growing popularity of scRNA-seq technology, many tools have been developed for
normalization, dimensionality reduction and clustering. There are relatively few packages designed to
handle the raw data obtained from the various 3’ end sequencing protocols with their associated UMIs
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and cell-specific barcodes from beginning to end and collect detailed quality control information. The
scPipe package bridges this gap between the raw FASTQ files with mixed barcode types and transcript
sequences and the gene count matrix that is the entry point for all downstream analyses. scPipe outputs
numerous QC metrics obtained at each preprocessing step and displays these results in an HTML report
to assist end users in QC evaluations. Future improvements that are planned for scPipe include support
for new scRNA-seq protocols as they emerge and parallelization of the various preprocessing steps to
enable scalability to larger datasets. We also plan to generate a more comprehensive scRNA-seq
benchmark dataset to ensure the default UMI correction and quality control methods used in scPipe are
optimal that will also allow for a more detailed comparison of scPipe with other relevant analysis
pipelines, such as zUMIs. The scPipe package is used extensively in the following chapters, ensuring a
consistent data preprocessing pipeline across multiple scRNAseq protocols in the benchmarking work of
Chapter 3 and the preprocessing of data from single-cell long-read protocols in Chapter 4.
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Abstract

Single cell RNA-sequencing (scRNA-seq) technology has undergone rapid development in recent years,
leading to an explosion in the number of tailored data analysis methods. However, the current lack of
gold-standard benchmark datasets makes it difficult for researchers to systematically compare the
performance of the many methods available. Here, we generated a realistic benchmark experiment that
included single cells and admixtures of cells or RNA to create ‘pseudo cells’ from up to 5 distinct cancer
cell lines. In total 14 datasets were generated using both droplet and plate-based scRNA-seq protocols.
We compared 3,913 combinations of data analysis methods for tasks ranging from normalization and
imputation, to clustering, trajectory analysis and data integration. Evaluation revealed pipelines suited
to different types of data for different tasks. Our data and analysis provides a comprehensive framework
for benchmarking most common scRNA-seq analysis steps.
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Introduction

The rapid development of computational methods for single cell gene expression analysis has created a
need for systematic benchmarking in order to understand the strengths and weaknesses of different
algorithms. The performance of particular scRNA-seq analysis methods have been evaluated for tasks
including normalization [1], feature selection [2], differential gene expression analysis [3], clustering [4, 5]
and trajectory analysis [6]. These studies compare methods using either experimental data where cell
type labels are available or simulated datasets. Such ground truth is however imperfect, with simulations
relying on assumptions that may not reflect the true nature of scRNA-seq data, and by focusing on
specific tasks, these studies lack a complete picture of performance at the pipeline level.

Considering the heterogeneity between scRNA-seq datasets in terms of the number of clusters (cell
types/states) and the presence of various technical artifacts, we set out to design a realistic
gold-standard scRNA-seq control experiment that combines ground truth with varying levels of
biological complexity. Two strategies are commonly employed to create gold-standard gene expression
datasets. The first, that has been widely adopted in scRNA-seq studies [7], uses small collections of
exogenous spike-in controls such as ERCCs [8] that vary in expression in a predictable way. The second
involves either the dilution of RNA from a reference sample or mixing of RNA or cells from two or more
samples to induce systematic genome-wide changes. An early example from Brennecke et al. [9] involved
a dilution series to explore sensitivity of the Smart-seq protocol. Griin et al. [10] generated a benchmark
dataset using single mouse embryonic stem cells (mESC) together with bulk RNA extracted from the
same population, diluted to single cell equivalent amounts to quantify biological and technical variability.
A limitation of these experiments is their lack of biological heterogeneity which makes them less useful
for comparing analysis methods. Mixture designs, in which RNA or cells are mixed in different
proportions to generate biological heterogeneity with in-built truth have been successfully used to
benchmark microarray [11], RNA-seq [12] and scRNA-seq [13] data.

To combine the strengths of these approaches, we designed a series of experiments using mixtures of
either cells or RNA from up to 5 cancer cell lines that included a dilution series to simulate variations in
the RNA content of different cells as well as ERCC spike-in controls where possible. Data were generated
across four single-cell technology platforms. Our scRNA-seq mizology design simulates varying levels of
biological noise, with sample sizes varying from around 200 cells to 4,000 cells and known population
structure to allow benchmarking of different analysis tools. We specifically evaluated combinations of
methods for normalization and imputation, clustering, trajectory analysis and data integration. The
methods chosen for each task use different algorithms and are mostly implemented in R [14] and
Bioconductor [15] for convenience.

Results

scRINA-seq mixology provides ground truth for benchmarking

Our scRNA-seq benchmarking experiment spanned 2 plate-based (CEL-seq2 and SORT-seq) and 2
droplet-based (10X Chromium and Drop-seq) protocols and involved 3 different experimental designs
with replicates, yielding 14 datasets in total (Supplementary Table 1). The experimental design involved
single cells, mixtures of single cells and mixtures of RNA from up to 5 human lung adenocarcinoma cell
lines (see Methods, Figure 1A-B and Supplementary Figure 1).

The three designs incorporate ground truth in various ways. For the single cell datasets (Figure 1A),
the ground truth is the cell line identity which can be determined for each cell based on known genetic
variation (see Methods). For the ‘pseudo cell’ mixture datasets, the known composition of cells/RNA
serves as ground truth. The RNA mixzture and cell mizture datasets (Figure 1B and Supplementary
Figure 1) contain 7 and 34 groups respectively that give a continuous structure. Moreover, the RNA
mixzture dataset contains technical replication and a dilution series (Figure 1B), which is ideal for
benchmarking normalization and imputation methods that are intended to deal with such technical
variability. The data characteristics and analysis tasks each design is suited to benchmark are
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Figure 1. Overview of our scRNA-seq mixology experimental design. The benchmark exper-
imental design involving single cells (A) and ‘pseudo cells’ (B). (C) PCA plots from representative
datasets for each design (normalized using scran) highlight the structure present in each experiment.
Percentage variation explained by each PC is included in the respective axis labels and sample sizes are
indicated by n. (D) Workflow for benchmarking different analysis tasks using the CellBench R package.
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summarised in Supplementary Table 2.

By comparing a range of quality control metrics collected across datasets using scPipe [16], we
observed that data from all platforms were of consistently high quality in terms of their exon mapping
rates and the total unique molecular identifier (UMI) counts per cell (Supplementary Figure 2).
Interestingly, we found substantial differences in the percentage of reads mapping to intron regions in
datasets generated from different protocols and experimental designs (Supplementary Figure 2A). After
normalization by scran [17], Principal Component Analysis (PCA) plots from four representative
datasets show that our single cell and mixture designs successfully recapitulate the expected population
structure (Figure 1C; t-SNE and UMAP visualizations provided in Supplementary Figure 3A). Doublet
rates were observed to vary between datasets (Supplementary Figure 3B).

A summary of the benchmarking workflow is shown in Figure 1D. After preprocessing and quality
control with scPipe, each dataset was analysed using different combinations of normalization (8 methods)
and imputation (3 methods). Each normalized and imputed gene expression matrix was used as input to
various downstream steps, including clustering (7 methods), trajectory analysis (5 methods) and data
integration (6 methods). The CellBench R package (see Methods) was developed to manage the 3,913
dataset x method combinations obtained through this analysis, with performance evaluated using
metrics tailored to the ground truth available.

Comparisons of normalization and imputation methods

We evaluated 8 popular normalization methods, including techniques developed primarily for bulk
RNA-seq such as TMM [18], CPM [19] and DESeq2 [20], and others tailored for scRNA-seq, including
scone [1], BASiCS [21], SCnorm [22], Linnorm [23] and scran [17]. Three scRNA-seq imputation
methods, including kNN-smoothing [24], DrImpute [25] and SAVER [26] were also evaluated using input
data normalized by different methods. Altogether, 438 analyses representing combinations of datasets,
normalization and imputation methods were used for benchmarking.

Performance was evaluated using 2 metrics: the silhouette width of clusters for all datasets, and the
Pearson correlation coefficient of normalized gene expression within each group for the RNA mixture
data (see Methods). Although a wide range of silhouette widths was observed amongst different methods
in different datasets, most normalization methods, apart from TMM, markedly increased silhouette
width relative to the unnormalized data (Figure 2A, Supplementary Figure 4A-B). Methods tailored to
scRNA-seq data tended to perform better than methods designed for bulk RNA-seq analysis, with the
exception of DESeq2, which generated good results. Across all the methods compared, Linnorm was the
top performer on average, followed by scran and scone.

The RNA mizture experiment included pseudo cells with varying amounts of input RNA to simulate
dropout events, making it an ideal dataset for evaluating the performance of imputation methods.
Example PCA plots on an RNA mixture dataset after different normalization combinations are shown in
Figure 2B-E. In general, imputation induces higher intra-group correlation, although considerable
differences are observed depending on the normalization method chosen (Figure 2F). KNN-smoothing
and DrImpute show similar results with different normalization methods. SAVER has greatest variation
in performance, with either the best or worst depending upon the input normalization method applied.
We also investigated whether spurious cell states could be introduced during imputation. We chose cells
from two distinct groups (pure H2228 and HCC827) in the RNA mizture dataset and examined the
correlations among samples. Overall, the sample correlation within the same group is lower when the
mRNA amount decreases (Figure 2G) and correlation increases after imputation (Figure 2H-J). All three
methods clearly separate the two pure groups, however kNN-smoothing introduces a spurious intra-group
correlation structure (Figure 2H) that is also shown in the PCA (Figure 2C), which is consistent with
observations from another recent study [27]. Moreover, we found the extra clusters were related to the
input RNA amount, which implies that kNN-smoothing is sensitive to dropout events.
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datasets (A) Silhouette widths calculated using the known cell/mixture groups after different normal-
ization methods, summarised across all datasets and normalized against the Silhouette widths obtained
without normalization (‘none’). (B-E) Example PCA plots after normalization or with imputation
by different methods using the RNAmixz_CEL-seq2 dataset (n=340). Percentage variation explained
by each PC is included in the respective axis labels. (F) Average Pearson correlation coefficients for
‘pseudo cells’ within the same groups in the RNAmiz_CEL-seq2 and RNAmiz_Sort-seq datasets (n=2) for
different combinations of normalization and imputation methods. (G-J) Heatmap of Pearson correlation
coefficients of samples in RNAmiz_CEL-seq2 dataset that have pure H2228 (n=45) or HCC827 (n=44)
RNA obtained from different imputation methods.

Comparisons of clustering methods

Performance of 5 representative clustering methods, including RacelID3 [28], RCA [29], Seurat [30],
clusterExperiment [31] and SC3 [32], were evaluated across all datasets. As there is no function to choose
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the optimal number of clusters in Seurat, two resolutions, 0.6 and 1.6 were used. The resolution
parameter controls the number of clusters, with higher values producing more clusters. In addition to
the various normalized gene expression matrices, we also evaluated Seurat using its own default pipeline
(denoted Seurat_pipe) that starts from the raw gene count matrix. PCA and t-SNE plots showing
clustering results from 3 methods across 3 different datasets is shown in Supplementary Figure 5. We
measured the performance of clustering methods by calculating both the entropy of cluster accuracy
(ECA) and entropy of cluster purity (ECP) (see Methods). We consider these two metrics together to
account for both under and over-clustering, with methods that have both low ECP and low ECA having
optimal cluster assignments (Figure 3A). Good correlation was observed between these two metrics and
the Adjusted Rand Index (ARI) [33] (data not shown), which is commonly used to evaluate clustering
performance by computing similarity to the annotated clusters.

As shown in Figure 3B-E, which presents the two best results for each method on different datasets,
no particular algorithm consistently outperformed others across all experimental designs under default
settings. In general, Seurat achieved a good balance between under-clustering and over-clustering across
all datasets, and performs best when there was clear separation between cell types, as was the case in the
single cell datasets (Figure 3D-E). RaceID3 outperformed all other methods in the more complex cell
mixture datasets. The accuracy of all methods was lowest in the cell mizture datasets (Figure 3B), due
to the continuous population structure which gives less separation between different clusters compared to
the other experiments. For the single cell datasets, we note that the true cluster number given by
genotype information is likely to be an underestimate, with subtle sub-clusters present within each cell
line, as highlighted in the t-SNE and UMAP visualisations (Supplementary Figure 3A). Methods that
over-cluster the single cell data may well capture true biological signal.

In addition to showing the best results for each method, a linear model was fitted to 2,323 analysis
combinations (different normalization, imputation and clustering methods applied across different
datasets) using either ARI or the true number of clusters as dependent variables and the different
methods as covariates (Supplementary Figures 5A-B) to further investigate the contribution of each
method to the results. Similar to what has been shown in Figure 3B, C and E, the clusterExperiment
method frequently failed to recover the expected population structure, and SC8 under-clusters most
datasets (Figure 3B-C). Interestingly, we found that kNN-smoothing was associated with lower ARI and
higher cluster numbers (Supplementary Figures 5B-C), which is consistent with our previous results
(Figure 2C, H), and serves as a further indication that this method can introduce spurious clusters.

Comparisons of trajectory analysis methods

Five methods, including Slingshot [35], Monocle2 [36], SLICER [37], TSCAN [38] and DPT [39] were
evaluated using the RNA mizture and cell mizture datasets. These datasets were chosen as they both
contain clear ‘pseudo trajectory’ paths from one pure cell line to another that are driven by variations in
composition of cells/RNA. For simplicity, we chose H2228 as the root state of the trajectory (Figure 4A).
We evaluated the correlation between the pseudotime generated from each method and the rank order of
the path from H2228 to the other cell lines based on the cells/RNA mixture information (Figure 4B) to
examine whether each method can position cells in the correct order. In addition, we calculated the
coverage of the trajectory path (Figure 4C), which is the proportion of cells that have been assigned to
the correct path, and assesses the sensitivity of the method. We used data generated from combinations
of normalization and imputation methods as input to each trajectory analysis method, to assess their
impact on performance. In total, 683 analysis combinations of normalization, imputation and trajectory
analysis methods applied to different datasets were evaluated.

For each method in each dataset, we selected the best results from all combinations based on the
performance metrics (Figure 4B, 4C). In addition to that, a linear model was used to characterize the
average performance for each method (Supplementary Figure 6A-B). Slingshot and Monocle2 showed
robust results according to both metrics and generated meaningful representations of the trajectory,
while Slingshot sometimes gave an extra trajectory path (Figure 4A, Supplementary Figure 7). In
contrast, SLICER places all cells in the correct path but was unable to order them correctly or recover
the expected structure induced by the mixture designs. Despite the similar performance of Slingshot and
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Figure 3. Comparisons of scRNA-seq clustering methods. (A) An overview of the evaluation
approach. Entropy of cluster accuracy measures the degree of over-clustering, while Entropy of cluster
purity measures under-clustering. The clustering tree adapted from the package Clustree [34] allows
conceptual visualisation of the two measurements. (B-E) Entropy of cluster purity and entropy of
cluster accuracy for the top performing combinations of each method for different datasets. Colours
denote different clustering methods and labels indicate the combination of normalization and imputation
methods used as input to the clustering algorithms).

Monocle2, their results differ in terms of the way they position cells. Slingshot does not perform
dimensionality reduction itself and presents the result as is, whereas Monocle2 uses DDR-tree for
dimensionality reduction by default, and tends to place cells at the nodes of the tree rather than in
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Figure 4. Comparisons of scRNA-seq trajectory analysis methods. (A) The trajectory path
chosen for the RNA mizture dataset (top) (n=340) and cell mixture dataset (bottom) (n=169) along
with visualisations of the output from Slingshot, Monocle-DDRTree and SLICER. Cells are coloured by
the proportion of H2228 RNA present, which was chosen as the root of the trajectory. (B) Violin plot
showing the Pearson correlation coefficient between the calculated pseudotime and the ground-truth, for
the best performing combination of each method on each dataset. Stars indicate the mean values (n=8
for cellmix, n=4 for RNAmix). (C) Violin plot showing the proportion of cells that are correctly assigned
to the trajectory. Stars indicate the mean values (n=8 for cellmix, n=4 for RNAmix) in panels B and C.

transition between two nodes (Figure 4A). For example, the RNA mizture dataset has 7 clusters by
design which are equally distributed along the path between one pure cell line and another. Monocle2
assigns most of the cells to the three terminal states, leaving only a few in between, which does not
reflect the designed structure. Indeed, this feature might fit real situations in cell differentiation, where
most cells are in defined cell states with only a small proportion in transition between different groups.
However, such an assumption may not always hold and care is therefore needed when interpreting the
results.

Comparisons of data integration methods

State-of-the-art methods including MNNs [40], Scanorama [41], scMerge [42], Seurat [43] and MINT [44]
were compared using the single cell (sc.CEL-seq2, sc-10X, sc_Drop-seq and sc-10z_5cl) and RNA mizture
(RNAmixz_CEL-seq2 and RNAmix_Sort-seq) datasets. The 5 cell line CEL-seq2 datasets
(sc_.CELseq2-5cl_p1, sc.CELseq2-5cl_p2 and sc_.CELseq2_5¢l_p3) were excluded due to their high doublet
rates (Supplementary Figure 3B). The input to each data integration analysis were from a particular
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Figure 5. Comparisons of data integration methods for batch effect correction for the
RNA mizture (A, B) and the 4 single cell experiments (C, D). (A,C) Silhouette width calculated on
either batch information or known sample group. Input data were based on a combination of different
normalization and imputation methods, with top performing combination indicated for each method.
(B,D) Examples of dimension reduction visualisations for some data integration methods. Seurat results
were visualised with t-SNE and other methods’ results with PCA. scMerge_s: supervised scMeryge;
scMerge_us: unsupervised scMerge, (n=636 for RNA mixture and n=>5,319 for single cell).
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combination of normalization and imputation applied across the datasets to be combined. This gave rise
to 469 different analyses across the two experimental designs. As expected, when naively combining the
independent datasets, clear separations related to the different single cell protocols were observed in the
PCA plots, with data integration methods removing these effects to varying degrees (Figure 5A-B and
Supplementary Figure 8C-D).

MNNs, Scanorama and scMerge generate batch-corrected gene expression matrix which can then be
analyzed using other downstream analysis tools, while Diagonal Canonical Correlation Analysis
combined with Dynamic Time Warping from Seurat and MINT output a low-dimensional representation
of the data. MINT includes an embedded gene selection procedure whilst projecting the data into a
lower dimensional space. We assessed each methods’ performance with the silhouette width according to
protocol (batch) and known cell line or mixture group information (Figure 5C-D). As Seurat uses t-SNE
for dimension reduction where distances are not preserved, we also used kBET [45] to quantify the
remaining batch effect variation (Supplementary Figure 8A-B). When considering the best normalization
and imputation methods as input data, most methods performed similarly for the single cell design, with
the exception of Seurat that had a low kBET acceptance rate, Supplementary Figure 8A. We observed
differences in performance between methods for the RNA mizture design that includes a larger number
of groups (7) and a smaller number of cells per group than the single cell design. MNNs gave the best
performance according to silhouette width distance, while Seurat had the highest kBET acceptance rate
in this analysis (Supplementary Figure 8B), suggesting a homogeneous mix of batches consistent with
the t-SNE visualisation. In addition to the silhouette width and kBET acceptance rate, we also
performed clustering on the RNA mixture data post integration to assess whether the expected mixture
groups were retained. Most methods except Seurat have high ARI and gave the correct number of
clusters (Supplementary Figure 9) after appropriate normalization and imputation, indicating that they
preserve biological signal.

Discussion

By incorporating many different combinations of normalization and imputation in downstream analyses,
we were able to assess the robustness and variability of the final outputs in light of their inputs. As
summarised in Figure 6, the performance of methods varied across different datasets, with no clear
winners in all situations. However, consistently satisfactory results were observed for scran, Linnorm,
DrImpute and SAVER for normalization and imputation; Seurat for clustering; Monocle2 and Slingshot
for trajectory analysis as well as MNNs for data integration. Some normalization and imputation
method combinations were also found to give good results in most downstream analysis tasks, such as
Linnorm and SAVER. Variations were also observed in the ability of methods to handle different inputs.
Methods, such as Linnorm and SC3 produced relatively consistent results regardless of their input
dataset, while others such as SAVER was more sensitive to these inputs. By evaluating the results from
method combinations across different tasks, we observed a number of interesting trends related to the
suitability of different preprocessing methods in downstream analysis. For example, we found that
although imputation generally improves the results of clustering and trajectory analyses, it can lead to
poor mixing of data from different batches in data integration analyses (Supplementary Figure 6D).

Interestingly, the various ensemble methods, which combine results from multiple algorithms in a bid
to improve performance, did not always outperform individual methods. The ensemble methods SC$ and
clusterExperiment did not outperform other clustering methods and scone normalization also gave mixed
results on different datasets.

Our comparison is subject to a number of limitations such as the linear mixture settings, which may
not be a realistic model for developmental trajectories where regulatory gene expression may be
non-linear and non-systemic. Also methods are mostly compared under default settings, which may not
give optimal performance across all datasets. The number of methods for each task can be easily
expanded using our CellBench software for a more in depth analysis of specific tasks or to explore the
effect different starting parameters have on the results. Our benchmarking platform will benefit future
package developers as it allows new methods to be evaluated on the same standards, avoiding ambiguity
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Figure 6. Summary of results from methods comparisons using scRNA-mixology datasets.
Methods are ranked by the best performance in each category. The average performance and variability
show the average result and the variance when given different input dataset and processed by different
upstream methods. For normalization and imputation, the impact each method have on downstream
analysis is also shown, which measures the changes in results when applying such method. Results have
been scaled and standardised to apply to the same colour scale.

caused by cherry-picking evaluation datasets. We hope that this study will reinvigorate interest in the
important area of benchmark data generation and analysis, providing new insights into current best
practice and guide the development of better scRNA-seq algorithms in the future to ensure the biological
insights derived from single cell technology stand the test of time.

Methods

Study design

Five human lung adenocarcinoma cell lines (HCC827, H1975, A549, H838 and H2228) were cultured
separately and the same batch was processed in three different ways (Figure 1). Firstly, single cells from
each cell line were mixed in equal proportions, with libraries generated using three different protocols:
CEL-seq2, Drop-seq with Dolomite equipment and 10X Chromium.

Secondly, RNA was extracted in bulk from three cell lines (HCC827, H1975 and H2228), mixed in 7
different proportions and diluted to single cell equivalent amounts (Supplementary Figure 1A). In total,
there are 8 mixtures in the plate layout with 49 replicates of each mixture. The mix1l and mix2 samples

1.1 %) but were prepared separately in order to

have the same proportions of the three cell lines (5 : 3 :
assess the variation introduced during the RNA dilution and mixture step. In addition to the RNA
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mixtures, we also designed a dilution series in the same plate to create variations in the amount of RNA
added. The amounts ranged from 3.75pg to 30pg (Supplementary Figure 1A) and were intended to
simulate differences in cell size. In total, each mixture had 4 different RNA starting amounts with
replicates per mixture of 6, 14, 14 and 14 for the 3.75pg, 7.5pg, 15pg, 30pg dilutions respectively.

Thirdly, single cells from three cell lines (HCC827, H1975 and H2228) were sorted into 384-well
plates, with an equal number of cells per well in different combinations. For most of the wells, we sorted
9 cells in total, with different combinations of three cell lines distributed in ‘pseudo trajectory’ paths
(Supplementary Figure 1B), where the major trajectory is similar to the RNA mizture design while the
minor trajectory is the combination that only contains cells from two cell lines instead of three, which is
similar in design to our previous study [46]. For the major trajectory, we also included a population
control for each combination, which includes 90 cells in total (i.e. a large sample) instead of 9. Apart
from the trajectory design, we also varied the cell numbers and qualities to study the data characteristics
in these configurations. We included 9 replicates with 3 cells in total with one cell from each cell line, to
simulate “small cells” The 9-cell wells were sub-sampled after pooling to get single cell equivalents of
RNA, with three replicates in 1/9 and one in 1/3. We applied different clean up ratios to the three
replicates after library generation to induce batch effects of a purely technical nature and study how
clean up affects the data.

Cell culture and mRNA extraction

The cell lines were retrieved from ATCC (https://www.atcc.org/) and cultured in Roswell Park
Memorial Institute (RPMI) 1640 medium with 10% fetal calf serum (FCS) and 1%
Penicillin-Streptomycin. Three cell lines H2228, H1975 and HCC827 were cultured for the cell mizture,
RNA mizture and single cell experiments and later, five cell lines (H2228, H1975, HCC827, A549 and
H838) were grown for another single cell experiment. The cells were grown independently at 37°C with
5% carbon dioxide until near 100% confluency.

For the three cell lines (HCC827, H1975 and H2228), cells were dissociated into single cell
suspensions in FACS buffer and sorted for the cell mizture and single cell experiment (see below for
sorting strategy). The remaining cells were centrifuged and frozen at -80°C and subsequently RNA was
extracted using a Qiagen RNA miniprep kit. The amount of RNA was quantified using both Invitrogen
Qubit fluorometric quantitation and an Agilent 4200 bioanalyzer to get an accurate estimation. The
extracted RNA was diluted to 60 ng/pul and mixed in different proportions, according to the study
design. The different mixtures were further diluted to create an RNA series that ranged from 3.75pg to
30pg, each of which was dispensed into CEL-seq2 and SORT-seq primer plates using a Nanodrop II
dispenser. Prepared RNA mixture plates were sealed and immediately frozen upside down at -80°C.

Cell sorting and single cell RN A sequencing

For CEL-seq2, single cells were flow sorted into chilled 384-well PCR plates containing 1.2ul of
primer/ERCC mix using a BD FACSAria III flow cytometer. Sorted plates were sealed and immediately
frozen upside down at -80°C. These plates, together with the RNA mixture plates, were taken from -80°C
and processed using an adapted CEL-Seq2 protocol with the following variations. The second strand
synthesis was performed using NEBNext Second Strand Synthesis module in a final reaction volume of 8
ul and NucleoMag NGS Clean-up and Size select magnetic beads were used for all DNA purification and
size selection steps. For the 9-cell mixture plates, clean up of the PCR product was performed with
2x0.7-0.9 bead/DNA ratio. For the single cell and RNA mixzture plates, two different clean up ratios for
the PCR product were used (0.8 followed by 0.9). The choice of clean up ratio was optimized from the
QC results of the 9-cell mixture data and the SORT-seq protocols. For the 5 cell line single cell mixture
experiment, the protocol was further optimised by pooling the sample after first strand cDNA synthesis.
The cell mixture plates were sorted with most wells containing 9 cells in total in different
combinations that were processed using our adapted CEL-seq2 protocol described above with variations
in the pooling step. After the second strand synthesis, materials from the 9-cell mixtures and 90-cell
population controls were pooled separately into different tubes and the volumes were measured. Then for
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the 9-cell mixture sample, 3x1/9 and 1x1/3 of the total pooled material were taken and these four
samples were processed separately in the following step. At the PCR product clean up stage, the clean
up ratios for the 3x1/9 samples were 0.7, 0.8 and 0.9 respectively, and 0.7 for the 1/3 9-cell mixture
sample and the 90-cell population controls. The SORT-seq protocol is similar to CEL-seq2 but uses oil
to prevent evaporation. This allows reductions in the reaction volume which can be dispensed using the
Nanodrop 1T liquid handling platform (GC biotech). In summary, 2.0ul vapor-lock oil was added to each
well of the plate, followed by 0.1ul of primer/ERCC mix. The reaction volume for RT and first strand
synthesis were 0.075u] and 0.568ul respectively. The composition of the various mixes was the same as
for CEL-seq2. The sample pooling was achieved by centrifuging the plates upside down into a container
covered with parafilm and carefully separating the oil from the other materials. The PCR clean up ratio
used for SORT-seq was 0.8 followed by 0.9. We experienced significant sample loss during sample pooling
such that only ~60% of the total volumes were recovered, which was lower compared to the CEL-seq2
protocol (90%).

For the 10X and Drop-seq protocols, cells were PI stained and 120,000 live cells were sorted for each
cell line by FACS to acquire an accurate equal mixture of live cells from the three cell lines. This
mixture was equally split into three parts, where one part was then processed by the Chromium 10X
single cell platform using the manufacturer’s (10X Genomics) protocol. The second part was processed
by Dolomite Drop-seq with standard Drop-seq protocols [47]. The third part was sorted in a 384-well
plate and processed using the standard CEL-seq2 protocol, with a PCR clean up ratio of 0.8 followed by
0.9. For the five cell line experiment, cells were counted using Chamber Slides and roughly 2 million cells
from each cell line were mixed and processed by 10X. Three CEL-seq2 plates were sorted from the same
sample. All samples, including Drop-seq, 10X and CEL/SORT-seq, were sequenced on an Illumina
Nextseq 500.

Data preprocessing and quality control

scPipe (1.3.0) was used for data preprocessing and quality control to generate a UMI-deduped gene
count matrix per dataset. All data were aligned using Rsubread (1.28.1) [48] to the GRCh38 human
genome and its associated annotations, with ERCC spike-in sequences added as extra chromosomes. For
10X, we processed the 5,000 most enriched cell barcodes, with comp=3 used in the function

scPipe: :detect_outliers for quality control to remove poor quality cells. For CEL-seq2 and
SORT-seq, we used the known cell barcode sequences for cell barcode demultiplexing and comp=2 was
used in the function scPipe: :detect_outliers for quality control. The background contamination was
high for Drop-seq, so we first ran scPipe: :detect_outliers with comp=3 to remove outlier cells and
ran it again with comp=2 to remove background noise caused by droplets without beads. The quality
control metrics, including intron reads for each cell, were generated during cell barcode demultiplexing
by the function scPipe::calculate QC metrics. Intron reads are defined as any reads that map to the
gene body but do not overlap an annotated exon. The PCA and t-SNE results were generated using
runPCA and runTSNE in the scater (1.8.2) package with default parameters and perplexity set to 30. The
UMAP results [49] were calculated using the umap function from the umap (0.2.0) R package [50].

Data normalization and imputation

The raw counts were used as input to each normalization algorithm and all methods were blind to the
mixture groups. To have a fair comparison, the normalized counts from algorithms such as BASiCS
(1.4.0) and SCnorm (1.4.2) which do not generate values on a log-scale were log, transformed after an
offset of 1 was added to the counts. The raw counts were also log, transformed before calculating the
Pearson correlation and silhouette widths.

We used edgeR (3.24.2) to calculate count-per-million (CPM) and TMM (trimmed mean of M-values)
normalized values. The BASiCS method requires spike-in genes, so we did not apply it to our datasets
generated by 10X or Drop-seq which both lacked ERCC spike-ins. For scone (1.6.0), we set the
maximum number of unwanted variation components to 0 for the removal of unwanted variation method
(RUV) and ignored QC metrics.
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Data analysis using scran (1.8.2), Linnorm (2.6.0), Drimpute (1.0), DESeq2 (1.20.0) , and SCnorm
(1.4.2) was performed with default settings. For the RNA mizture data, kNN-smoothing (2.0) was run
with k = 16. The size.factor parameter was set to 1 in SAVER (1.1.1) to override its internal
normalization procedure. BASiCS (1.4.0) was run with 5,000 MCMC iterations, 500 warm up iterations
and a thinning parameter of 10.

The Pearson correlation coefficient was calculated using gene expression after normalization or
imputation for samples with the same RNA mixture proportion, as these samples are replicates and any
differences in gene expression should be contributed by variations in RNA amount and technical noise.
We performed PCA using normalized counts and calculated the silhouette width on the first two PCs to
assess whether normalization was able to preserve the known structure. For any clustering of n samples
(here a cluster refers to a particular mixture or a cell line), the silhouette width of sample ¢ is defined as

oy b(i) — a(3)

l ———— € [-1,1 1
where a(i) denotes the average distance (Euclidean distance over the first two PCs of expression
measures) between the ¢th sample and all other samples in the cluster to which ¢ belongs to, and b(z) is
calculated as below: for all other clusters C,

b(i) = mincd(i, C) (2)

where d(i,C) denotes the average distance of i to all observations to C. Methods with better
performance have higher silhouette width. The function silhouette from the package cluster (2.0.7)
[51] was used to calculate the silhouette width.

Clustering

Our comparison of clustering methods used all mixture datasets except cellmixb, which is the population
control data. To obtain truth for the single cell datasets (sc_CEL-seq2, sc_10z, sc_Drop-seq, sc_10z_5cl,
sc_.CEL-seq2-5cl_p1, sc.CEL-seq2-5cl_p2 and sc_CEL-seq2_5cl_p3) we used Demuazlet [52], which exploits
the genetic differences between the different cell lines to determine the most likely identity of each cell.
The predicted cell identities in each dataset corresponded largely to clusters seen when visualising the
data. Five methods, including clusterEzperiment (2.2.0), RaceID3 (0.1.3), RCA (1.0), SC3 (1.10.0) and
Seurat (2.3.4) were compared. Each method is used as specified by the authors in its accompanying
documentation. For each dataset, the inputs for each method were normalized and imputed by different
methods and the top 1,000 highly variable genes were selected using the trendVar and decomposeVar
functions in scran. The same gene selection method was also applied in other downstream analyses such
as trajectory analysis and data integration. The Seurat package has its own data preprocessing pipeline
that takes raw UMI counts as inputs and includes normalization and gene selection (referred to as
Seurat_pipe in the results). Most methods besides Seurat have functions to help choose the optimal
cluster numbers. Therefore two resolutions, 1.6 (Seurat_1.6) and 0.6 (Seurat_0.6) were applied to get
greater or fewer clusters respectively.

In order to compare the performance of the clustering methods, we looked at two measures: entropy
of cluster accuracy, Haccuracy, and entropy of cluster purity, Hpyrity. With M and N representing the
cluster assignment generated from clustering methods and annotations (ground truth), we define these
measures as follows:

SN SN play)log(p(sy))

Haccuracy = M (3)
ity Xyt pla)log(p(e;)
Hpum’ty = - N (4)

For Hyccuracy, M denotes the clustering generated by a given method, and N; are the true clusters in
the ith generated cluster. Similarly, in Hy iy, N denotes the true clusters while M; is the method
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assigned cluster for the ith true cluster. The entropy of cluster accuracy measures the diversity of the
true group labels within each cluster assigned by the clustering algorithm. A low value indicates that the
cells in a cluster identified by a given method are homogeneous and from the same group. Hyccuracy does
not account for over-clustering though, and in an extreme case, a method that assigns a unique cluster
for each cell will have an Hgccuracy of 0. In contrast, the entropy of cluster purity measures the diversity
of the calculated cluster labels within each of the true groups and offers no control of under-clustering. A
method that assigns all cells into one cluster will have an Hyri1, value of 0, which is indicative of high
cluster purity.

Trajectory analysis

The comparison of trajectory analysis methods used all 9-cell mixture datasets (cellmiz! to cellmiz4) and
the RNA mizture datasets generated by the CEL-seq2 and SORT-seq protocols. For each dataset, the
gene count matrix is normalized using different normalization methods and imputation methods. The top
1,000 most highly variable genes were selected using the trendVar and decomposeVar functions in scran.
Five methods, including Slingshot (1.0.0), Monocle2 (2.8.0), SLICER (0.2.0), TSCAN (1.20.0) and DPT
(0.6.0) were compared using these data. Slingshot requires the dimensionality reduced matrix and cluster
assignment as input. Similar to the approach described by the authors, we used PCA (scater: :runPCA)
for dimensionality reduction and fitted a Gaussian mixture model to the first two PCs to obtain the
cluster assignments using the Mclust function from the mclust (5.4.2) R package [53]. Next, the first two
PCs and the clustering results were used as input for Slingshot. DDR-Tree, a scalable reversed graph
embedding algorithm, was used for monocle2 for dimensionality reduction and tree construction.
SLICER applies locally linear inference to extract features and reduce dimensions. To make it easier for
comparison, the pure H2228 samples were selected as the root cells or root state when generating the
trajectory and computing pseudotime. Then for the branching structure generated by each method, we
searched for the best match to the two branches: H2228 to H1975 and H2228 to HCC827 and calculated
the proportion of overlap of cells between the real path and the branch obtained by each method.

Data integration

The main characteristics of the data integration methods applied are described in Supplementary Table
3. These analyses made use of the R packages scran (1.8.2) for MNNs, Seurat (2.3.4) for Diagonal
Canonical Correlation Analysis (CCA) and scMerge (0.1.14), mizOmics (6.6.1) for MINT and the
Scanorama Python library (1.0).The input data for each analysis were the normalized and imputed
results from different methods for each dataset. The scMerge method was run in both unsupervised
(scMerge_us) and supervised (scMerge_s) modes using cell line identity or RNA mixtures as groups.

We calculated the silhouette width coefficient to compare how well the different methods combined
data from different protocols. In the single cell and RNA mizture datasets, the clusters are defined based
on either the known batch/protocol information or cell/mixture groups. Silhouette coefficients were
calculated on the first two principal components from PCA for each method that output a data matrix
(MNNs, scMerge and Scanorama) or the first two components from MINT. A high value for the batch
silhouette width indicates that a strong protocol effect remains, whilst a high value for the biological
group silhouette width indicates that the biological signal is retained after data integration. The kBET
acceptance rate was calculated using kBET (0.99.5) with default parameters, with a high rate indicating
homogeneous mixing of samples from different batches. The Seurat package (2.3.4) with default
parameters was used to perform clustering on the dimensionality reduced RNA mixture datasets after
integration. The clustering results were evaluated using ARI and the estimated number of clusters, with
results shown in Supplementary Figure 9.

Pipeline analysis with CellBench

CellBench (0.99.4) contains functions and data structures that simplify the testing of combinations of
analysis methods without duplicating code. In addition to a benchmarking framework, CellBench also
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provides functions to access preprocessed data objects for the samples described in this study. To use
CellBench, methods are modified with wrapper functions to ensure that the methods that perform the
same task are able to accept a common input format and produce a common output format. Lists of
wrappers for one pipeline stage are passed to the apply methods function along with the data.
Successive application of the apply methods function with lists of wrappers containing downstream
pipeline steps automatically generate combinations between the methods and all upstream combinations.
CellBench allows individual combinations to fail without affecting the execution of other pipelines, and
the function time methods can be used to measure running times. The scripts containing the wrappers
and code used for this analysis can be found at
https://github.com/LuyiTian/CellBench_data/tree/master/script.

Performance summary

The results from all analysis combinations including the performance scores are listed in Supplementary
Table 4 and are also available from GitHub. Results were plotted using the ggplot2 (3.1.0) [54] and
pheatmap (1.0.10) [55] R software. Clustering of the Pearson correlation coefficients in Figure 2 was
performed using the hclust function in base R. To summarise the results of each analysis we fitted a
linear model using the 1m base R function with the performance score as the dependent variable, and
type of method and experimental designs as binary covariates. The coefficient of each method indicates
the degree to which the method is positively or negatively associated with performance. This analysis is
summarised in Supplementary Figure 5B-C and 8.)

Figure 6 summarises the performance across all evaluated methods. For each task, we considered a
specific metric. Clustering performance was assessed with the ARI coefficient, trajectory analysis with
the correlation between pseudotime and ground truth and integration across protocols, normalization
and imputation with the silhouette width coefficient and kBET results. The best performance is defined
as the average of the best two results for each design, and the average performance is calculated across
all results. Variability refers to the variation of all results. For normalization and imputation methods,
the coefficients of the linear model were scaled and shown in the heatmap to summarise performance and
indicate which method yields better results in the downstream analysis compared with others.

The running time for each combination is given in Supplementary Table 5. For each method, a linear
model was fitted (using 1m) that regressed the running time against the number of cells on the log-scale
from the different datasets. The cell number coefficient indicates the scalability of the method. The
scalability is classified as poor if the coefficient is larger than 2, good if the coefficient is smaller than 1
and fair if between 1 and 2. The running time for a method was regarded as poor if it was longer than 30
minutes, good if shorter than 5 minutes and fair if in between.

Data Availability

Raw data are available under GEO SuperSeries GSE118767. A summary of the individual accession
numbers is given in Supplementary Table 1. The processed SingleCellExperiment R objects are
available from https://github.com/LuyiTian/CellBench_data.

Code Availability

Code used to perform the comparative analyses and generate the figures is available from
https://github.com/LuyiTian/CellBench_data. The CellBench R package was developed for
benchmarking single cell analysis methods and is available from https://github.com/Shians/CellBench
and Bioconductor (https://www.bioconductor.org/packages/CellBench).
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Abstract

Alternative splicing shapes the phenotype of cells in development and disease. Long-
read RNA-sequencing recovers full-length transcripts but has limited throughput at the
single-cell level. Here we developed single-cell full-length transcript sequencing by
sampling (FLT-seq), together with the computational pipeline FLAMES to overcome
these issues and perform isoform discovery and quantification, splicing analysis and
mutation detection in single cells. With FLT-seq and FLAMES, we performed the first
comprehensive characterization of the full-length isoform landscape in single cells of
different types and species and identified thousands of unannotated isoforms. We
found conserved functional modules that were enriched for alternative transcript usage
in different cell populations, including ribosome biogenesis and mRNA splicing.
Analysis at the transcript-level allowed data integration with scATAC-seq on individual
promoters, improved correlation with protein expression data and linked mutations
known to confer drug resistance to transcriptome heterogeneity. Our methods reveal
previously unseen isoform complexity and provide a better framework for multi-omics
data integration.
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Main

Single-cell RNA-sequencing (scRNA-seq) is a widely adopted method for profiling
transcriptomic heterogeneity in health and disease'. However, assessing transcript-
level changes between cell types using current scRNA-seq protocols is challenging
due to their reliance on short-read sequencing. Previous studies using plate-based
methods?? have focused on individual alternative splicing events such as exon
skipping, due to the fundamental limitation of short-read sequencing in linking distal
splicing outcomes belonging to the same transcript. The Smartseq3 protocol* can
achieve full-length transcript coverage but is still unable to assemble the complete
transcript sequence and is heavily reliant on the reference annotation. Droplet-based
methods® such as 10x only sequence the 3’ or 5° end of transcripts which largely
precludes isoform identification. Long-read sequencing can overcome this limitation
and generate full-length transcript information in single cells, as illustrated in several
recent studies®°. However, the throughput of current long-read sequencing platforms
is still not comparable to short-read platforms and the per-base accuracy is also lower,
which together create many issues. Limited sequencing throughput introduces a trade-
off between the per-cell sequencing depth and the number of cells or genes processed.
Protocols such as SclSOr-Seq® perform shallow sequencing per cell while RAGE-Seq’
focuses on specific transcripts rather than the whole transcriptome. On top of the
current protocol limitations, another pressing issue is the lack of data analysis
pipelines for long-read transcriptome data, especially for single cells. Methods such
as FLAIR' and TALON' have been developed for isoform annotation and
quantification but have not been benchmarked and lack the ability to perform
quantification at the single-cell level. Therefore, we need both new protocols and
computational pipelines to overcome these limitations.

To this end, we developed FLT-seq and FLAMES to perform single-cell isoform
sequencing and data analysis. Adapted from the popular 10x Chromium platform,
FLT-seq is a cost-effective approach to discover and quantify isoforms in single cells
by integrating data from short- and long-read sequencing technologies. By
subsampling single cells from a full 10x run and applying nanopore long-read
sequencing, FLT-seq can achieve comparable sequencing depth per cell to that
obtained from short-read platforms. For data analysis, we developed a computational
framework to perform single-cell full-length analysis of mutations and splicing
(FLAMES), which includes cell barcode, UMI assignment from nanopore reads and
semi-supervised isoform discovery and quantification. We applied FLT-seq and
FLAMES to human and mouse samples containing different cell types and highlight
shared splicing patterns in human cancer cells and mouse quiescent muscle stem
cells. Differential transcript usage analysis pinpointed common functional modules and
genes across samples. We also demonstrate that FLT-seq is a promising tool for
detecting coding variants of clinical relevance. Taken together, our new protocol and
data analysis pipeline enable comprehensive characterization of the full-length
isoforms present in single cells that are currently missed by short-read sequencing
datasets.

High-throughput single-cell full-length transcriptome sequencing with FLT-seq
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FLT-seq is based on the Chromium scRNA-seq platform (10x Genomics), with
optimizations to better amplify the full-length cDNA. Since the throughput of long-read
platforms is still limited compared to Illumina sequencing platforms, we developed a
strategy to subsample 10-20% of the 10x Chromium generated Gel Bead-in-
Emulsions (GEMSs) after reverse transcription (Figure 1A). This is equivalent to
sampling 10-20% of the cells as the cDNA of each cell is still within the GEMs. After
subsampling, the GEMs are pooled separately for library preparation. Part of the
amplified cDNA from the 10-20% subsample is used for Oxford Nanopore
Technologies long-read library preparation and sequencing on a PromethlON. The
remainder of the cDNA from the 10-20% sample together with the GEMs from the 80-
90% sample are used for regular 10x library preparation and lllumina sequencing in
parallel. In the end, long-read data from the 10-20% subsample of cells and lllumina
short-read data for all cells are generated by this protocol.

We demonstrate FLT-seq by profiling 16,660 cells from diverse biological systems,
2,737 of which were sequenced by both long-read and short-read technologies (Figure
1A, Table S1). Firstly, we used our previously published scmixology design'?, which
involved an equal mixture of cells from five cell lines (H2228, H838, H1975, HCC827,
A549). Two biological replicates were profiled (scmixology1 and scmixology?2) with
FLT-seq together with 10x scATAC-seq for the second replicate. In addition to the cell-
line mixtures, we sequenced freshly isolated quiescent and activated muscle stem
cells (MuSCs) from mouse. Lastly, we applied FLT-seq to a cryogenically preserved
peripheral blood mononuclear cell (PBMC) sample from a patient (CLL2) whose
chronic lymphocytic leukemia (CLL) had progressed on venetoclax treatment after a
durable response. The sample was prepared together with the 10x CITE-seq assay
with 17 antibody markers. This demonstrated the broad utility of FLT-seq, which is
compatible with different 10x transcriptomic assays and can be applied to both fresh
and frozen samples. The Uniform Manifold Approximation and Projection (UMAP)
visualization presented the cell populations as expected (Figure S1) and revealed no
obvious bias in the sampling process of FLT-seq (Figure 1B). Collectively, we
generated 230 million long reads across all samples, together with scATAC-seq and
CITE-seq data for the scmixology2 and CLL2 samples respectively.
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Figure 1. Overview of experimental design, FLT-seq and FLAMES methods and
basic summary statistics.
(A) Summary of the study design, with an overview of the FLT-seq protocol and FLAMES data
processing pipeline.
(B) UMAP visualization of cells in each sample, cells colored in red are sampled for long-read
sequencing. scmixology1 and scmixology2 were integrated and shown together in one plot. All UMAP
visualizations are based on short-read data
(C) The number of nanopore reads generated from each sample, and the percentage of reads that were
assigned a cell barcode.
(D) Distribution of UMI counts per cell for lllumina and nanopore data in each sample.

(E) Correlations between gene UMI counts generated from nanopore long-read and lllumina short-read
data.
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(F) Density scatter plot shows the relationship between transcript-level counts and scATAC-seq read
counts around the TSS regions. The horizontal orange line shows the threshold calculated that
separates open chromatin from the background. The percentage shows the transcripts that have their
TSSs in open chromatin regions.

Single-cell isoform detection and quantification with FLAMES

We developed a flexible computational framework called FLAMES (Full-Length
Analysis of Mutations and Splicing in long-read data) to detect and quantify isoforms
for both single-cell and bulk long-read data (Figure 1A and Methods). Inputto FLAMES
are fastq files generated from the long-read platform. Using the cell barcode
annotation obtained from short-read data as the reference, it identifies and trims cell
barcodes/UMI sequences from the long reads. After barcode assignment, all reads
were aligned to the relevant genome to obtain a draft read alignment. The draft
alignment is then polished and grouped to generate a consensus transcript assembly.
All reads are aligned again using the transcript assembly as the reference and
quantified.

Next, we benchmarked FLAMES on a bulk SIRV spike-in dataset'® for which the
isoform structure and abundances are known a priori. We compared our new method
to FLAIR, TALON and StringTie2'* which are designed for bulk long-read isoform
detection and quantification. Our results clearly show that FLAMES outperforms other
tools both in terms of the isoform detection (Figure S2A) and quantification (Figure
S2B). It is notable that TALON and FLAIR still have many false positive transcripts
after filtering by abundance (82% and 78% respectively) compared to FLAMES (3%),
highlighting the importance of choosing an appropriate method.

After validating the method, we used FLAMES to preprocess and analyze the four
datasets generated. 40-60% of the long reads could be assigned to an expected cell
barcode and were kept for further analysis (Figure 1C). The transcript coverage of
reads realigned to assembled transcripts showed that the percentages of full-length
reads decreased for longer transcripts (Figure S3), which also been shown in another
study’® . Reads that are not full-length and cannot be uniquely assigned to transcripts
are discarded during data processing. The average UMI count per cell ranges from
10,000-60,000, varied by cell type, and was comparable to the short-read counts from
the same cells (Figure 1D). Gene-level UMI counts between the matched nanopore
and lllumina data were also found to be highly correlated (Figure 1E). The data
processed by FLAMES showed that FLT-seq generated high quality long-read data
that was comparable to the short-read lllumina data when analyzed at the gene-level.

To validate the transcription start sites (TSSs) from the isoforms generated by
FLAMES, we compared them to the FANTOMS5 TSS peaks'® and found that around
75% of the TSSs are within the FANTOMS annotation (Figure S4A). For the
scmixology data where scATAC-seq data from the same populations were also
available, we aggregated scATAC-seq signals around the TSSs as an indicator of
open promoters. The result showed scmixology1 and scmixology2 have similar open
promoters and more than 85% of the TSSs are within active promoters, supporting the
existence of these transcripts (Figure 1F). In contrast, when we process the
scmixology data using TALON, FLAIR and StringTie2 the results were less optimal.
The majority of transcripts generated by FLAIR and TALON did not match the
reference annotations (Figure S4B) and FLAIR, TALON and StringTie2 had fewer
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TSSs overlapping the FANTOMS annotations compared to FLAMES (Figure S4C).
We found similar results when comparing the scATAC-seq signals around the TSS
regions from transcripts generated by different methods (Figure S4D), with TALON
and FLAIR having around 40% and 50% of their TSSs in open chromatin regions
respectively. In summary, our comparisons yield similar results between a spike-in
dataset and the scmixology dataset, with FLAMES outperforming StringTie2, FLAIR
and TALON with the latter two generating many false transcripts.

Characterization of isoforms reveals the distinct splicing landscapes of different cell populations
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Figure 2. Overview of the single-cell isoform-level analysis from FLAMES.

(A) Classification of transcripts according to their splice sites when compared to reference annotations.
(B) Summary of transcripts in different categories in (A) both in numbers (left) and in the percentage of
UMI counts (right).
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(C) UpSet plot showing overlap of transcripts in human datasets, where number of transcripts shared
by different sets of samples are indicated in the top bar chart, colored by categories specified in (A).
(D) UMAP visualization of CLL2 and MuSC dataset on the cells sampled for long-read sequencing.
Colored by percentage of UMI counts of transcripts in FSM (top) and NNC (bottom) categories. CLL
cells and quiescent MuSCs are annotated on the plot.

(E) Bar plot of number of distinct transcripts expressed per gene. Genes with more than five distinct
transcripts are merged.

(F) Box plot showing the percentage of transcript abundance relative to gene abundance for genes
express multiple transcripts. Transcripts are ranked by abundance, shown on the x-axis.

(G) Summary of the type of alternative splicing between the two most abundant transcripts of each
gene. The ‘Complex splicing changes’ category represents transcripts with more than one type of
constitutive alternatively spliced event.

We compared the transcripts generated by FLAMES to the reference annotation and
classified them using the scheme introduced in SQANTI'” | including transcripts with
all splice junctions matching to reference transcripts (full splice match, FSM) or
partially matching to consecutive splice junctions for a reference transcript (incomplete
splice match, ISM) and transcripts with novel splice junctions with new (Novel, not in
catalog, NNC) or known (Novel, in catalog, NIC) donor and acceptor sites (Figure 2A).
We observed that the number of transcripts detected varies between samples and was
correlated with the sequencing throughput as shown in Figure 1C. While around half
of the transcripts detected were novel, the majority of reads aligned to known
transcripts with novel transcripts having lower abundance in general. In addition to the
comparison with reference annotations, we also compared the transcripts generated
from the three human samples to each other (Figure 2C) and found many transcripts
unique to each sample (22%, 27% and 68% for scmixology1, scmixology2 and CLL2
respectively). A majority of transcripts (~60%) were shared between biological
replicates and among these 30% were novel, suggesting that many conserved
alternative splicing events in these cell lines have not been annotated.

Within samples we found consistent alterations in splicing patterns between cell
populations (Figure 2D). CLL cells had higher proportions of novel transcripts,
especially transcripts with novel splice junctions (NNC), compared to non-CLL cells
from the same sample, including T cells, NK cells and monocytes. Similarly, quiescent
muscle stem cells also had higher proportions of novel transcripts compared to
activated stem cells. Analysis of intronic reads from RNA-seq data'® has demonstrated
that intron retention, which would produce novel transcripts, is increased in quiescent
mouse muscle stem cells and is essential for these cells to exit the quiescent state.
This is consistent with our results and suggests that differences in splicing patterns
between different cell populations may act as a regulatory mechanism.

After comparing the transcripts identified against reference annotations, we sought to
characterize isoforms within the same gene. Around 80% of genes can be expressed
as multiple isoforms. The average number of isoforms expressed per gene ranges
between 3 and 6 and varied between the different samples (Figure 2E). The
distribution of isoform expression is skewed with only a few abundant transcripts
dominantly expressed for most genes (Figure 2F). On average, the two most highly
expressed isoforms account for 80% of the total counts (median 85%). Next, we
categorized the types of alternative splicing between the two most highly expressed
isoforms (Figure 2G). Alternative splicing has mostly been studied based on particular
events such as exon skipping or alternative 5’ splice sites using short-read sequencing
technology'®. Here we found that around 30% of genes have more than one type of
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alternative splicing event between the top two isoforms. This means that the 2 most
highly expressed isoforms differ by complex splicing changes involving multiple exons,
which may not be accurately characterised by short reads because two isoforms could
have a skipped exon near the 5’ end and a different splice site near the 3’ end.

In addition to summarizing isoforms at the sample-level, we examined how splicing
variants are captured at the single-cell level. Individual alternative splicing events in
single cells might follow a unimodal binomial distribution and a cassette exon is
skipped or included at the same probability for all cells. Or cells may not share the
same parameter of the binomial distribution and create the bimodal splicing pattern,
with some cell always skipping an exon while others always include it. The latter is
supported by an early single cell study?. Recently by analyzing the splice junctions
using short-read scRNA-seq data, splicing in homogeneous cell populations has been
found to be largely unimodal®®. Here we expanded the binomial model from
considering single splice junctions to complete isoforms in order to estimate the
isoform choice between the major isoform and other isoforms (see Methods). These
results showed the percentage of cells with binary isoform choice is strongly related
to the gene abundance and can be approximated by a unimodal binomial distribution
(null distribution), which indicates the cell randomly chooses isoforms with a certain
frequency (Figure S5A). We also noticed that the MuSC and CLL2 samples contained
more genes with binary splicing patterns, especially for genes with low abundance.
This could result from the difference in mMRNA amounts where the cell lines are
transcriptionally active, and the other samples have lower numbers of mMRNA
molecules per cells. Or it could be that the MuSC and CLL2 samples have
heterogeneous populations with different splicing patterns. To further explore the
effect of recovery on isoform identification and splicing analysis, we sampled reads
from the scmixology dataset to retain 20-80% of the total reads for analysis. The
number of transcripts detected decreased with lower sampling rate (Figure S5B),
especially for novel transcripts, while binary splicing still showed a unimodal
distribution (Figure S5C). This suggested that the reliability of isoform choice
estimation may be influenced by multiple factors, including the transcriptional activity
and heterogeneity of the cell identities.

Common classes of genes with differential transcript usage across samples

Following the analysis of isoform abundance, we investigated whether genes with
multiple isoforms exhibited differential transcript usage (DTU) between the clusters or
cell types shown in Figure S1. We focused on changes in the use of internal splice
junctions, grouping transcripts with the same intron chain. To mitigate the high dropout
rate in single-cell data, we aggregated the transcript counts into pseudo-bulk values
per cluster and filtered out transcripts with low abundance. Next, we evaluated how
sequencing level influenced the results of a DTU analysis using the same
downsampling scheme used in the last section (see Methods). We observed that
although as expected the number of genes with DTU decreases with decreasing
sequencing depth per cell, 58% of the changes could still be detected with 20% of the
reads (Figure S5). We then performed DTU analysis on all samples and identified
between 500 and 1,000 genes with differential transcript usage (gDTU) in each sample
(Figure 3A, Table S2). Nearly half of the gDTU (244 out of 573) are shared between
scmixology1 and scmixology?2. Besides this overlap, gDTU were largely unique for
each sample (Figure S6A). The functional annotation clustering of these genes
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revealed shared pathways across different samples, especially pathways related to
transcription and translation, such as mRNA splicing and ribosome biogenesis (Figure
3B, Table S3). As an example, different gDTU related to mRNA splicing were found in
different samples. PQBP1, which is involved in pre-mRNA splicing, is a gene with DTU
in the scmixology samples (Figure S6B), while SRSF2 and SRSF3, which belong to a
family that act both as general splicing factors and as regulators of alternative
splicing?", exhibit DTU in the CLL2 sample (Figure S6C).

Apart from the gDTU that are unique to each sample, we also found a few genes (18)
that appeared in all samples (Figure S6A), including a ribosomal protein RPS24 that
had the smallest P-value among different samples (Table S2). RPS24 is a highly
conserved gene between mouse and human, with exon 5 and 6 alternatively spliced
to generate different protein coding sequence (Figure 3C, 3D). Further analysis
showed transcript usage of this gene is altered at multiple levels in different samples.
Firstly, the major transcript of RPS24 was distinct between different samples.
Transcripts without exon 5 and 6 were most abundant in the cell lines (scmixology1
and scmixology?2, Figure 3C), while the transcript with only exon 5 was highly
expressed in the patient derived PBMC sample (CLL2, Figure 3C) and MuSC sample
(Figure 3D). In addition to the major transcript, additional transcripts showed
differential transcript usage in different cells within the same sample. The transcript
with exon 5 and 6 was more frequently expressed in CLL cells while the transcript
without exon 5 and 6 was preferentially expressed in non-CLL cells (Figure 3E).
Besides these known transcripts, we also identified a new isoform in mouse (Rps24-
001) that was preferentially expressed in quiescent MuSCs (Figure 3F). Different
RPS24 isoforms have tissue-specific expression??> and some have been linked to
tumor progression?3, however the functional differences between the encoded
proteins remains unclear. In summary, we have highlighted the heterogeneity of
expression of the RPS24 transcript that is missed in a typical gene-level analysis
(Figure 3E, 3F).
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Figure 3. Summary of differential transcript usage results from FLAMES.

(A) Summary of results from the statistical testing of DTU detected many significant genes per sample
(adjusted P-value < 0.01).

(B) Table of common functional categories among different samples from the functional enrichment
analysis of gDTU.

(C) Top 4 most abundant isoforms of RPS24 in human and heatmap of their expression at the single-
cell level in the scmixology1, scmixology2 and CLL2 samples.

(D) Top 4 most abundant isoforms of RPS24 in mouse and heatmap of their expression at the single
cell level in MuSCs.
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(E) UMAP of cells in CLL2, colored by RPS24 gene expression and transcript expression. Two
transcripts with differential expression on different populations were selected. Transcript expression in
each cell is colored by scaled relative expression to highlight the difference between different
populations.

(F) Similar to (E), UMAP of cells in MuSC sample, colored by RPS24 gene expression and transcript
expression.

(G) Top 4 most abundant isoforms of CD45 in CLL2 and UMAP visualizations of the cells colored by
(from left to right) gene expression, transcript expression and corresponding protein expression.

(H) Top 4 most abundant isoforms of CD82 in MuSC, with UMAP visualization of cells colored by
expression of two isoforms that have differential expression between quiescent and activated MuSC.
(I) scATAC-seq read coverage for PRDX1 with cells from each cell line aggregated and plotted together.
UMAP plots showing isoform expression, with each cell colored by scaled transcript expression.

Another category of gDTU of interest is cell-surface proteins. Genes encoding cell-
surface proteins produce alternative mRNA isoforms, usually by changing the
combinations of consecutive exons corresponding to certain functional domains.
Some of the isoforms have been characterized, such as CD45, where alternative
splicing of exons 4 to 6 are expressed in different lymphocytes?*. By analyzing the
CLL2 data where the surface marker expression is available through CITE-seq, we
detected multiple isoforms of CD45 (Figure 3G). We found similar expression patterns
between the transcript and the protein it encodes, where the protein was quantified by
counting antibody derived tags (ADT) from CITE-seq data. The result both validated
the isoform quantification from the FLAMES pipeline and showed that transcript-level
analysis can provide better correlation between mRNA and protein expression that
cannot be achieved using gene-level quantification. We also observed other genes
encoding important cell surface markers with DTU, such as CD82 (Figure 3H), CD47
(Figure S6D) and CD44 (Figure S6E), with different combinations of consecutive
exons. Notably, some of the novel transcripts in CD47 can be observed in different
samples (Figure S6D), suggesting conserved alternative splicing patterns that are
missing from the reference annotation. In sum, we observed previously overlooked
isoform diversity of cell-surface proteins, which could introduce functional diversity and
contribute to development and diseases?>26.

Alternative promoters have been shown to regulate cancer-specific transcription?’.
Here we found transcripts with different TSSs expressed in different cancer cell lines.
We have shown that open chromatin captured by scATAC-seq is correlated with the
promoter region indicated by the TSS (Figure 1F). As an example, we found multiple
isoforms of PRDX1, including a new isoform PRDX1-001 with a different TSS. The
new isoform expressed in H838 and A549 contains a novel first exon that is not found
in the other cell lines (Figure 3l). Additional open promoter regions are observed in the
scATAC-seq data from H838 and A549 that coincide with the new exon (Figure 3I).
This result suggests that FLT-seq can be integrated with scATAC-seq at the promoter
level to further enhance the resolution of integration and reveal promoter
heterogeneity that cannot be found via gene-level integration®.
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FLT-seq links coding sequence variation to transcriptome heterogeneity
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Figure 4. Summary of differential allele frequency analysis to detect coding

mutations.

(A) Summary of variation filtering and analysis pipeline implemented in FLAMES. Candidate variants
are filtered based on allele frequency first, then based on per cell allele frequency to remove technical
artefacts. The remaining variants are used for differential allele frequency analysis.

(B) PCA on alternative allele matrix using the variants after filtering, colored by unsupervised clustering
results using top PCs and annotated with cell lines.

(C) Manhattan plot of P-values from a differential allele frequency analysis with Benjamini—Hochberg
adjustment. Genes with significant variants are labelled.

(D) UMAP visualization highlighting two CLL populations that have differential allele frequency for the
significant variants.

(E) UMAP visualization of cells colored by Gly101Val mutation status.

Nanopore long-read sequencing allows full transcript coverage compared to 3’ or 5’-
end short-read sequencing, which provides us with a better chance of identifying
coding variations. But the high error rate in sequencing presents an obstacle?®. To
overcome this challenge, we first exclude homopolymer regions since they have
higher sequence error rates3%3'. After excluding these regions, ~95% of regions have
a reference allele frequency >90% (Figure S7A). The remaining single-nucleotide
variants (SNVs) were filtered again using a statistical test in FLAMES to enrich for true
positives and clonal mutations, based on the assumption that the occurrence of
sequencing errors is independent of cell barcode and will occur randomly in all cells
(Figure 4A and Methods). We tested our approach on the scmixology samples where
the five cell lines carry distinct mutations. The principal-component analysis (PCA) on
the filtered allele count matrix successfully recapitulated the expected population
structure (Figure 4B). Louvain clustering on leading principal components generated
similar results to the cell type assignment obtained from running Demuxlet®? on the
short-read data (98.7% and 99.4% concordance for scmixology1 and scmixology?2
respectively), which indicated that we can successfully capture mutations in these
different cell lines using long-read data. We then performed differential allele
frequency analysis to find SNVs that were specific to each cell line. The results showed
a high precision (80.1%) with the SNVs called from bulk RNA-seq data from individual
cell lines.

After we confirmed the approach using the cell lines, a similar analysis was performed
on the CLL2 dataset to examine the relationship between transcriptome heterogeneity
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and sequence variations. We searched for SNVs that only existed in the cancer cells
and had a differential allele frequency across different CLL transcriptional clusters. We
found four significant mutations (adjusted P-value < 0.05, chi-square test, Benjamini—
Hochberg correction) associated with different CLL clusters (Figure 4C, 4D) and their
existence was confirmed by bulk genomic sequencing (data not shown). By
investigating the allele frequency of these mutations across clusters (Figure S7B), we
identified two subclones, where mutations in the genes BCL2, RAD21 and PHEX are
enriched in subclone1 and the mutation located in the gene B3GAT3 is enriched in
subclone2 (Figure 4D). Although the analysis itself does not require genomic
sequence data as a reference, it is important to validate the mutations detected since
the changes in allele frequency may also come from allele-specific expression or RNA
editing. The Gly101Val mutation has been confirmed to promote resistance to
venetoclax treatment by reducing the affinity of BCL2 for venetoclax33, and patient
CLL2 was known to carry ~25% Gly101Val mutations. Using FLT-seq, we showed that
the mutation is not just subclonal, but also linked to specific transcriptional clusters.
The distribution of the Gly101Val mutation was further confirmed by capture
enrichment of the BCL2 gene (Figure S7C), which greatly increased the coverage of
the mutation site (Figure S7D). Taken together, FLT-seq provides unbiased high-
throughput linking of single-cell mutations and transcriptomic heterogeneity.

Discussion

Transcriptional activity is typically summarized at the gene-level due to the limitations
of short-read technology, especially in scRNA-seq studies. The recent development
of long-read sequencing technology promises sequencing of the full-length transcript,
but its application to single cells has been slowed by a lack of protocols and data
analysis pipelines. By optimizing the 10x Genomics scRNA-seq protocols we have
developed the scalable and affordable FLT-seq approach by cell sampling to achieve
per-cell sequencing depths similar to short reads at a much lower cost than other
methods®. It combines the advantages of throughput and accuracy from short-read
sequencing to identify cell barcodes and perform clustering with the strengths of long-
read sequencing that enables isoform discovery and quantification, the results of
which are combined in an integrated analysis. FLT-seq is compatible with a variety of
10x transcriptomic assays and could be potentially applied to any single-cell
transcriptomic protocol with cell barcoding, including Visium spatial transcriptomics. It
could also be combined with other single-cell long-read sequencing approaches such
as R2C2** or other sequencing platforms including PacBio Sequel Il. As the
throughput and accuracy of long-read sequencing platforms increases, it may be
possible to skip FLT-seq's sampling step and apply long-read sequencing only rather
than the current hybrid approach to achieve similar aims in future studies.

To analyze noisy long-read data, we developed the FLAMES pipeline that can detect
and quantify novel and known isoforms in single-cell and bulk samples. It can also find
cell-type-specific isoforms and mutations through comparative analysis. We showed
that FLAMES outperforms other methods both on a synthetic spike-in dataset®® and
experimental datasets. To date, FLAMES is the only package that can be used to
process single-cell long-read sequencing data that has been validated both using
synthetic spike-in data and other omics data. The recently published SiCelLoRe
method claims to be able to detect and quantify isoforms, although ithas not been as
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extensively validated. FLAMES implements a strict filter on consensus read clustering
and filters out spurious reads that are mostly truncated reads with incomplete 3’ or 5°
ends. It also has two rounds of alignment using the genome and the recovered
isoforms as reference to reduce alignment artefacts and distinguish reads aligned to
similar isoforms. Our comparison indicated that certain methods generate many
spurious transcripts, highlighting the importance of designing appropriate methods to
detect novel isoforms.

With FLT-seq and FLAMES, we performed the first comprehensive characterization of
full-length isoforms at the single-cell level across species and cell types. We detected
thousands of novel transcripts expressed at low levels, most of which were unique to
each sample. Novel transcripts also showed distinct enrichment patterns at the single-
cell level where CLL cells and quiescent muscle stem cells often have more novel
transcripts. We frequently found more than one differentially spliced junction between
isoforms for many genes, suggesting the inadequacy of studying individual splicing
junctions via short reads. Furthermore, we found that single cells often express more
than one mRNA isoform per gene and the isoform choice is largely random,
challenging the argument that individual cells have binary outcomes in splicing®. In
addition to the overall stochasticity of isoform choice, we observed cell type specific
isoform usage for genes that are enriched for common functions such as mRNA
splicing and ribosome biogenesis. The expression of ribosomal and spliceosome
proteins has low correlation with their gene-level expression®’, indicating some protein
expression levels might be regulated by alternative splicing. Genes encoding cell-
surface proteins such as CD44 and CD47 often have cell-type-specific splice variants,
some of which have not been previously annotated, and may result in different
functions®. The examples we show indicate that identification of cell-type-specific
isoforms may have broad applications in many fields such as immunotherapy, where
cell surface proteins play an important role.

Compared to short-read scRNA-seq, FLT-seq provides better linkage between
proteome and genome as it can resolve the full-length transcript. Transcript
abundance can be aligned directly to single-cell protein measurements, which is
particularly helpful for proteins with multiple isoforms such as CD45. We also showed
that FLT-seq facilitates integration with scATAC-seq data, such that open chromatin
signals are not summarized at the gene-level but at the exact transcription start site.
Full transcript coverage unlocks the potential to detect mutations and allelic
expression for specific isoforms. Through unsupervised analysis, we not only identified
coding mutations that cannot be easily detected by 3’ or 5’-end short-read sequencing,
but we could also associate mutations to different transcriptional signatures. This can
improve our understanding of the correlation between the single-cell transcriptome
and genome in cancer.

FLT-seq and FLAMES provide new avenues for characterizing single-cell
transcriptomic heterogeneity at the transcript-level and unveils new questions and
challenges. Benchmarking studies that compare the performance of emerging long-
read sequencing protocols and computational methods are needed to help our
understanding of the strengths and weaknesses of different approaches. Many
unanswered questions about transcript expression and alternative splicing in single
cells also remain. For example, do the majority of novel transcripts simply reflect
stochastic noise in the splicing machinery®, or are they indicative of a genuine
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increase in protein diversity? Our methods and analysis provide a starting point for
addressing these questions to accelerate isoform-level studies in single cells.
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Methods

Human Cell Lines

The cell culture and sample preparation of the scmixology cell lines are as previously
described. Briefly the five cell lines (H2228, H838, H1975, HCC837, A549) were
retrieved from the ATCC (https://www.atcc.org/) and cultured in Roswell Park
Memorial Institute (RPMI) 1640 medium with 10% fetal calf serum and 1% penicillin-
streptomycin. The cells were grown independently at 37°C with 5% carbon dioxide
until near 100% confluency. The cells were then counted and mixed in equal numbers.
The mix was used for FLT-seq library preparation. The first batch was derived from



Contents 64

the same sample featured in a previous study (scmixology?). The cell lines were
cultured again using the same protocol to create a second batch (scmixology?2)
processed by both FLT-seq and scATAC-seq.

Mouse Muscle Stem Cells

Animals

All procedures were approved by the Animal Ethics Committee of The University of
Melbourne and conformed to the Australian code of practice for the care and use of
animals for scientific purposes as stipulated by the National Health and Medical
Research Council of Australia. Mice were housed in the Biological Research Facility
at The University of Melbourne under a 12h light-dark cycle, with drinking water and
standard chow provided ad libitum. Pax7°¢ERT2R26-eYFP" mice were generated from
Pax7¢ERT2 and R26-eYFP" founder mice strains®*4° both on a C57BL6 background.

Muscle Injury and Stem Cell Isolation

At 3 months of age, Pax7°¢¢ERT2: R26RYFP mice received daily 100uL tamoxifen
(20mg/ml in corn oil) for five days to label MuSCs with YFP. Two weeks after the final
injection, animals were killed and hindlimb muscles excised and dissociated as
described previously*'. Cells were sorted on a FACS Aria Ill (BD Biosciences) with
gating based on YFP.

To obtain activated MuSCs, mice were anaesthetized with isoflurane and muscles
were injured with 1.2% barium chloride (Sigma). Lower hindlimbs received 40uL
barium chloride via an intramuscular injection. Activated cells were isolated 72 hrs
post injury while quiescent MuSCs were isolated from uninjured muscles as described
previously.

Human CLL Sample

After providing written informed consent, the patient sample was collected after
progression on venetoclax treatment*? (Human Research Ethics Committee approvals:
Melbourne Health 2011.044, 2016.305; Peter MacCallum Cancer Centre 11/18;
Walter and Eliza Hall Institute 05/04). Blood was collected in EDTA tubes and
processed within 2 hours. Peripheral blood mononuclear cells (PBMCs) were isolated
using Ficoll-Paque Plus (#17144002, 10t:10258101, GE Healthcare) density gradient
centrifugation and cells were cryopreserved. PBMCs were thawed, rested for 2 hours,
and incubated with Fc Receptor blocking solution (Human TruStain FcX, Biolegend)
for 10 minutes prior to staining with TotalSeq C antibodies (Biolegend) at 4 degrees
for 30 min. PBMCs were washed three times and stained with propidium iodide (PI,
Sigma). Viable cells (Pl negative) were flow sorted using the FACSAria (BD) and
diluted to 1000 cells/pL.

FLT-seq

Single-cell capture and cDNA amplification for mouse skeletal muscle stem cell and
cell lines was performed using 10x Genomics Chromium Single cell 3’ Library and Gel
Bead (v2 for MuSC and scmixology1 and v3 for scmixology2) and for CLL sample
using Chromium Single Cell 5" Library & Gel Bead Kit (v1) according to manufacturer
instructions. Full-length cDNA generation for FLT-seq was carried out as described in
detail at protocols.io*3. Briefly we followed the standard 10x genomic user guide, with
RT time increased to 2 hours to increase reverse transcription of longer transcripts.
After GEM-RT we transferred 10-20% volumes of GEMs into a new tube and
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performed subsequent steps in parallel for both 10-20% and 80-90% subsample
where each subsample is treated as a separate sample according to the 10x user
guide. Volume of the Cleanup Mix was reduced accordingly. cDNA generation for
hybrid capture input was similar to FLT-seq except that cDNA from the remaining
sample (i.e. 80-90%, excluding the 10-20% subsample) was used for amplification
using primers 10x Partial R1: CTACACGACGCTCTTCCGATCT and T5 PCR Primer
[IA: AAGCAGTGGTATCAACGCAGAG in place of FPSfilA and RPSfilBr.

To capture the BCL2 gene, all annotated isoforms from Gencode and Ensembl data
bases and isoforms identified in ~20% subsamples were integrated and used for IDT
XGEN Lockdown capture probe design with one probe for each exon up to 1Kb. To
design probes for exons shorter than 120 nucleotide they were concatenated to
flanking exons and two probes were designed to include short exons and part of
flanking exons. Hybrid capture was done with 2ug of cDNA input using IDT xGEN
Hybridisation and Wash Kit. Captured cDNA were pulled down with streptavidin beads
and washed with IDT buffers. The targeted cDNA library was amplified similar to the
FLT-seq protocol for 12 cycles with Takara LA Tag DNA polymerase in place of
PrimeSTAR GXL DNA Polymerase.

Standard single cell Illumina libraries were prepared according to 10x protocol.
lllumina HiSeq2500 was used for sequencing scmixology1 (2x125 cycles) and MuSC
(2x150 cycles). Other libraries were sequenced on NextSeq 500 (1x 28 / 1x91 cycles
plus 8 base index cycle) using the v2 150 cycle High Output kit (Illumina) as per the
manufacturer’s instructions. The base calling and quality scoring were determined
using Real-Time Analysis on board software v2.4.6, while the FASTQ file generation
and de-multiplexing utilised bcl2fastq conversion software v2.15.0.4. Full-length cDNA
libraries from subsamples or capture cDNA were prepared using Oxford Nanopore
Technologies SQK-LSK109 Ligation Sequencing Kit with the following modifications:
incubation times for end-preparation and A-tailing were lengthened to 15 minutes, and
all washes were performed with 1.8X Ampure beads to conserve smaller fragments.
SFB was used for the final wash of the libraries. 50 fmol per library were sequenced
on PromethlON FLO-PRO002 R9.4.1 flow cells according to manufacturer protocols.

Single cell ATAC-seq (scATAC-seq)

The cells from five cell lines were counted and mixed equally. Cell nuclei were isolated
and washed according to the Nuclei Isolation for Single Cell ATAC Sequencing (10x
Genomics) protocol, with 1 million cells to start with (0.2 million from each cell line)
and 3 minutes lysis on 100uL buffer. Nuclei were then used to generate scATAC-seq
libraries according to the Chromium Single Cell ATAC Reagent Kits User Guide (10x
Genomics; CG000168 Rev B) Sequencing libraries were loaded on an lllumina
sequencer with 2 x 75 paired-end kits using the following read length: 72 bp read 1N,
8bp i7 index, 16 bp i5 index and 72 bp read 2N. In the sequencing reaction, reads 1N
and 2N contain the DNA insert, while the index reads, i5 and i7, capture the cell
barcodes and sample indices, respectively. Cells were sequenced on lllumina
HiSeq2500 with near around 300 million read pairs in total.

SCATAC-seq data analysis
scATAC-seq sequencing data was demultiplexed, preprocessed and aligned with the
default settings of the single cell ATAC Cell Ranger platform (1.0). The reference used
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for alignment through the Cell Ranger platform was hg38. Next, Picard tools
(http://broadinstitute.github.io/picard/) was used to remove the PCR duplicates.
Samtools** (1.7) was used to extract read pairs that have mapping quality (MAPQ)>30,
were nonmitochondrial and not chimerically mapped. bedfools*® (v.2.26.0) was used
to identify reads in mate pairs (i.e. fragments) and adjust the start of the paired reads
to account for the 9bp region that the transposase enzyme occupies during
transposition (i.e. +4 bp for + strand and -5 bp for - strand). Next, Demuxlet was used
to identify the cell lines of each cell barcode using the genotypic information acquired
in our previous benchmarking studies'24.

The count matrix was generated for each barcode separated BAM file using the
featureCounts function in the Rsubread package*’ (1.32.4) in the R environment (v.
3.5.1). The annotation features were promoter regions (i.e. TSS - 500 bp to TSS + 200
bp) corresponding to isoforms identified by the various long-read analysis methods
(i.e. FLAMES, TALON, FLAIR, StringTieZ2). To determine the background of scATAC-
seq and identify the open promoter, we performed analysis on randomized TSS, where
a random position in each gene body was used as the TSS. The 90% percentile of the
fragment count around random TSS (7.64) was used as the threshold to determine
the open promoters and is annotated in Figures 1F and S4D.

For Figure 31, scATAC-seq coverage was calculated from the aligned BAM files using
compute_coverage in the plyranges package*® (1.7.14) and visualised using
view_coverage in the superintronic® package (0.99.4).

lllumina short-read data analysis

The fastq data were processed by scPipe to generate a gene count matrix for all
samples except CLL2, which was processed by Cell Ranger (3.0.0) to generate the
antibody and gene count matrix. Each gene count matrix was used as input to the
standard Seurat pipeline with normalization performed by SCTransform®. Clustering
was performed for the MuSC and CLL2 samples with resolution equal to 0.6. The cell
line annotation for scmixology was acquired using Demuxlet with the same parameters
as our previous benchmark study. Integration of the scmixology1 and scmixology?2
datasets was performed using Seurat. The clustering results and cell line annotation
is shown in Figure S1.

Nanopore sequencing and data preprocessing

We performed basecalling on the raw fast5 data using Guppy (1.8.1 for MuSC sample
and 3.1.5 for scmixology and CLL2) from Oxford Nanopore Technologies. For each
read, we locate the barcode sequence by searching for the flanking sequence before
the cell barcode. The cell barcodes identified from the short-read data provide a
reference to search for and trim in the long reads. An edit distance of up to 2 is allowed
during cell barcode matching. Reads that failed to match any cell barcode were
discarded. Sequences following the cell barcode were used as UMIs and trimmed. For
the 3’ end protocol, the polyA tail after the UMI sequence was trimmed and sequences
after the polyA tail were kept. The cell barcode and UMI sequence was integrated into
the fastq read header as per scPipe®'. The processed fastq was used as input for
genome alignment and further analysis.

Detection and quantification of isoforms
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Reads were aligned to the genome by minimap2°? (-ax splice --junc-bonus 1 -k14 --
secondary=no --junc-bed) using Gencode reference (human hg38.v33, mouse
mm10.vM24). FLAMES summarizes the alignment for each read by grouping reads
with similar splice junctions (<5bp) to get a raw isoform annotation. The raw isoform
annotation is compared against the reference annotation to correct potential splice site
and transcript start/end errors. Transcripts that have similar splice junctions (<5bp)
and transcript start/end (<100bp) to the reference transcript were merged with the
reference. This process will also collapse isoforms that are likely to be truncated
transcripts. Next, the sequence of each polished transcript was extracted and used as
the updated reference. The reads were realigned to this reference by minimap2. The
transcript coverage of individual reads is summarized in Figure S3. We noticed that
the scmixology2 data contained more reads that were not full-length, which might
relate to the difference in sample preparation time or the v2 and v3 10x chemistry. The
transcripts with fewer than 5 full-length aligned reads (>95% coverage) were discarded.
The reads were assigned to transcripts based on both alignment score, fractions of
reads aligned and transcript coverage. Reads that cannot be uniquely assigned to
transcripts or had low transcript coverage (<60%) were discarded. The UMI transcript
count matrix was generated by collapsing the reads with the same UMI in a similar
way to what is done for short-read scRNA-seq data, but allowing for an edit distance
of up to 2. Downsampling was performed by randomly selecting reads in bam files that
aligned to the genome according to the sampling ratio. The counts of transcripts from
the same gene were aggerated to generate the gene-level UMI count and compared
to the gene count generated from the short-read data in Figure 1E. FLAMES is written
in python and uses other packages, including pysam** (0.15.2), numpy®3 (1.14.2) and
editdistance (0.5.3) (pypi.org/project/editdistance).

Comparison of FLAMES to other tools

Direct RNA sequencing data from SIRV spike-in E2 mix which contains 69 synthetic
isoform transcripts (from 7 SIRV genes) was downloaded from NCBI (SRX3204589).
Alignment was performed using minimap2 (2.17), with “-ax splice --splice-flank=no -
k14 --secondary=no” and “--junc-bed”. For TALON, the mapped reads were processed
using TranscriptClean (1.02) to correct for mismatches and microindels. Following
correction, long reads were collapsed into a transcript isoform quantification table in
TALON (4.1), using the SIRV annotation. We ran the FLAIR pipeline (1.4) using default
parameters with the SIRV annotation supplied to aid isoform detection. We ran
StringTie2 (2.0.4) with “-L -G -c 10" and uses the SIRV annotation. For FLAMES, we
used the default parameters except “strand_specific:1” and we filtered transcripts with
at least 10 reads. For comparison, transcripts generated by TALON and FLAIR were
also filtered to have a read count of at least 10. The scmixology1 data was processed
in a similar way to the SIRV data. Gencode human hg38.v33 was used as the gene
reference annotation for each method. TALON was run in parallel on each
chromosome to reduce compute time and the results were aggregated later.

Isoform classification and splicing analysis

SQANTI2 (4.1, https://github.com/Magdoll/SQANTI2) was used to compare the
transcripts identified to the reference with parameter “-g --cage_peak --coverage --
force_id_ignore”. We used the FANTOMS5 cage peak dataset on hg19 and mm9 and
lifted these to the hg38 and mm10 reference using UCSC’s liftOver tool
(https://genome.ucsc.edu/cgi-bin/hgLiftOver). The isoform classification was extracted
from the SQANTI2 result and plotted in Figure 2B. The gffcompare®* (0.11.2) program
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was used with parameter “-T -R -M” to compare isoform annotations generated from
different samples (Figure 2B). It was also used to compare isoform annotations
obtained after downsampling (Figure S5B). Results from these comparisons were
plotted using UpsetR®® (1.4.0). We ranked transcript abundance for each gene that
had multiple isoforms and obtained the alternative splicing events from the most
expressed transcript and the second most expressed transcript. We used a common
model to classify the splicing events®®, where alternative 5/3’ splice site includes
alternative promoter and alternative polyadenylation. Transcripts with more than one
splicing event were classified as complex splicing changes (Figure 2G).

The binary splicing analysis was performed for each multi-isoform gene by calculating
the percentage of cells that only expressed the maijor isoform (isoform with highest
abundance) or only expressed other isoforms. The null distribution for each gene
assumes each cell randomly chooses isoforms and the chance of picking the major
isoform is proportional to the major isoform expression p,,,, calculated by dividing the
major isoform’s total UMI count by the total gene UMI count across all cells. Next, we
assume the count of the major isoform follows a binomial distribution B(n, p,,) where
n is the UMI gene count for a cell. Therefore, the probability of binary splicing is
Pr(0,n,p,,) + Pr (n,n,p,,). We used the UMI gene count for each cell Pr(0,n, p,,) +
Pr (n, n, py,)take the average. In Figure S5A, S5C we fit the relationship between the
average binary splicing probability and total gene count (black lines) using
geom_smooth() in ggplot2%6 (3.3.1) which uses generalised additive models.

Differential transcript usage analysis

We filtered genes to have at least two isoforms, each with more than 15 UMI counts.
For each gene, the per cell transcript counts were merged by group to generate
pseudo bulk samples. For scmixology the groups are based on cell line identify
inferred by known genetic variation, and for the MuSC and CLL2 data the groups are
based on the clusters acquired from Seurat clustering, shown in Figure S1. The top 2
highly expressed transcripts for each group were selected and a UMI count matrix
where the rows are selected transcripts and columns are groups was used as input to
a chi-square test of independence (chisq.test in R). P-values were adjusted by
Benjamini—-Hochberg correction®” and results were summarized in Table S2. We
performed functional clustering with DAVID%® using genes with significant DTU
(adjusted P-value < 0.01) as input (Table S3). The transcript structures in all figures
were plotted using geom_alignment in ggbio®® (1.36.0). We performed imputation of
transcript counts on cells that were not sampled for long-read sequencing using the
shared nearest neighbour network constructed by Seurat®® (3.1.5). We then scaled
the transcript expression matrix for each gene and the results were used in heatmaps
and UMAP visualizations (available in Seurat) in Figure 3 and Figure S6. The imputed
results were used for visualization purposes only.

Variant calling and clonal analysis

First, we identified candidate SNVs using FLAMES by excluding homopolymer regions
(runs >3 of the same nucleotides), positions with coverage of fewer than 100 reads
and positions with reference allele frequency less than 10% or greater than 90%. For
each candidate SNV, we generated an allele count matrix of the reference and
alternative allele. Next, we collect the cells that have reads with the reference allele
and the alternative allele and performed a binomial test on the allele counts in a similar
way as the binary splicing analysis, assuming that under the null hypothesis each cell
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has the same probability of having the alternative and reference allele. P-values were
adjusted by Benjamini—Hochberg correction and candidate SNVs with an adjusted P-
value < 0.05 were kept for further analysis. PCA was applied to the filtered alternative
allele count matrix from the scmixology data and first two PCs were plotted in Figure
4B. The top 5 PCs were selected to build the shared neighbour network
(scran::buildSNNGraph®' k=20, d=5) which is used for Louvain clustering
(igraph::cluster_louvain®?) in order to examine whether the allele count matrix captured
the variants in the cell lines. Next, we performed differential allele frequency analysis
in a similar way to the DTU analysis, but with the allele counts aggregated for each
cluster. The candidate SNVs with adjusted P values < 0.05 were selected and
compared to the VCF reference generated from a previous study using bulk RNA-seq.
After analyzing the scmixology dataset, we processed the CLL2 data in the same way
and conducted differential allele frequency analysis on the CLL2 clusters shown in
Figure S1. The bar plot of cells with alternative alleles of significant SNVs were shown
in Figure S7B and summarized in Figure 4D. The capture enrichment data was
analyzed in similar way, with the reads processed by FLAMES and an allele count
matrix generated for the Gly101Val mutation. All plots were generated using ggplot2
unless otherwise specified and most of the analysis was performed in R®3 (4.0) unless
otherwise specified.

Data and code availability

Raw data are available from GEO under accession numbers GSE126906 and
GSE154869 (scmixology1), GSE154870 and GSE142285 (scmixology?2),
GSE154868 (MuSC) and the patient data (CLL?2) is available from EGA. Refer to Table
S1 for a summary of these datasets. The FLAMES source code is available from
https://github.com/LuyiTian/FLAMES. The processed data and scripts used in this
study are available from https://github.com/LuyiTian/FLTseq data.
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Chapter 5

Concluding remarks

In this thesis, we developed a pipeline for data preprocessing (Chapter 2), performed
experiments to generate a benchmarking dataset that was used to compare the per-
formance of many different computational methods (Chapter 3) and developed a new
protocol that combines scRNAseq and long-read sequencing together with a novel data

analysis pipeline (Chapter 4).

The field of single cell RNA sequencing has developed rapidly in the past few years
which has resulted in many different protocols for capturing and sequencing mRNA
from single cells. In 2018 there were limited options available for preprocessing the
raw data that these different technologies generated in a unified way. The scRNAseq
data preprocessing pipeline (scPipe) that we developed [79] filled this gap, enabling
the flexibility to handle data arising from different protocols, including both plate
and droplet-based methods. Processing the data generated by different protocols in
a consistent way makes quality control between different samples easier. scPipe is
an open-source R package that is publicly available from the Bioconductor project
(https://bioconductor.org/packages/scPipe/). Since publication, this work has been
cited 33 times (Source: Google Scholar, 29 Aug 2020) and has been used by other re-
searchers to process their scRNAseq data. scPipe provided the basic data preprocessing

infrastructure that was used in the remainder of this thesis.

We next created data resources to facilitate the systematic benchmarking of scRNAseq
analysis methods. The availability of ground truth, which refers to independent cell la-

bels in this context, across multiple datasets makes it easier to compare the performance
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of different scRNAseq analysis methods. For example, to compare clustering algorithms
we can use the cell identity labels to compare the solutions generated, and to compare
data integration methods we also need multiple datasets that include the same popu-
lations processed by different scRNAseq protocols. To meet this need, we generated a
comprehensive benchmarking dataset that included ground truth across multiple tech-
nologies that followed a mixture design, as used in the past in microarray and RNAseq
studies. We designed a series of mixture experiments that involved mixing either cells
or mRNAs in different combinations or proportions to create known structure in the
datasets. Next we used these datasets to compare different data analysis methods for
scRNAseq, ranging from normalization and imputation to clustering, trajectory analysis
and data integration. Of note, we not only compared the performance of methods for
individual tasks, but also compared combinations of methods at the pipeline-level to re-
veal pipelines suited to different types of data for different tasks [80]. Since publication,
this study has been cited 55 times (Source: Google Scholar, 29 Aug 2020), with the
datasets used in other benchmarking studies to evaluate the performance of different
computational methods, including data preprocessing [81], imputation [82] and cell type
annotations [83]. These data have also been used by method developers to compare and
validate new algorithms, such as scAlign [84], scclusteval [85], ROGUE [86], scIGANs
[87], TooManyCells [88], DecontX [89] and CellAssign [90]. This benchmark design
could be extended to generate new datasets to compare methods for other single cell

genomics applications, such as single cell multi-omics.

Recent improvements in long-read sequencing technology from Oxford Nanopore Tech-
nologies and Pacific Biosciences has seen increases in the throughput and accuracy of
these platforms, making it possible to quantify gene expression at the transcript-level.
A small number of studies that have combined scRNAseq and long-read sequencing to
detect and quantify isoforms at the single cell level. However, further development of
both the protocols and computational methods are required to broaden the applicability
of this approach, motivating the final chapter of this thesis. The FLT-seq protocol sam-
ples the droplets containing cells generated by the popular 10X scRNAseq method for
long-read sequencing technologies, which is combined with the advantages of through-
put and accuracy from short-read sequencing on all cells to identify cell barcodes and
perform clustering. The open-source computational pipeline (FLAMES, available from

https://github.com/LuyiTian/FLAMES) was developed to process the long-read data
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to facilitate isoform analysis and mutation detection. We generated multiple datasets
using FLT-seq from different species and cell types, profiling isoforms at the single cell
level. These data highlighted many common features that were shared between different
cell type and species, such as conserved functional modules that were enriched for alter-
native transcript usage in different cell populations, including ribosome biogenesis and
mRNA splicing. There have been several other studies published recently on this topic,
some of which apply long-read sequencing to spatial transcriptomics [17, 91], while oth-
ers focused on capture enrichment of specific target genes [92]. This work will hopefully

encourage more researchers to investigate transcript-level heterogeneity in single cells.

In summary, we have developed computational tools, datasets and a new protocol that
enables researchers to make better use of scRNAseq technology to generate novel bio-
logical insights. The tools were built around scRNAseq, but could also be extended to
other single-cell omics protocols. The scPipe package implemented a general and versa-
tile pipeline for scRNAseq data preprocessing and can be extended to other modalities
such as single-cell ATACseq. The experimental design for our secmizology study could
be extended to single-cell multi-omics technologies which currently lack gold-standard
benchmarking datasets to support methods comparisons and development. And finally,
the FLT-seq protocol could be adapted to work with the recently released 10X multi-ome
kits which allow the generation of scATACseq and scRNAseq profiles simultaneously on

the same cells.



Appendix A

Additional Material for Chapter 3

7



a
Mixing proportions
mba
v
7/ mix6
mix1-2
/ mix7 mixg
'““"'fn‘ix‘ mix‘SW:csz'
b

9 cell combinations

RNA mixture design

Plate layout

EEEE

,.ml_.c = 000000000000000000000000‘
i - 000000000000000000000000"
mmz—C - 000 000000000000 00"
- 000 00000000000 000-

: 000 200000000000000"

- 000 0000000000000 0"

<000 DOO0000000000000

|- 000 200000000000 00Q0
00000¢ 2000000000000000"

- 000 00000000000000"

- 000000 000000000000Q0"

0080 o 000000000000 000"

(] Q0000000000000

- 000000 00000000000000"

m_s_( - 000000 0000000000000

oooo o 00000000000000"

Cell mixture design

H2228:H1975:HCC827
7:1:1

o
® 100
%o/
® O 9080 &g
20 @ ‘3%(»&
80 %
® ® ® %,
‘.J\
® L%
® e
® @ ®
®
EEEEEEEENXKTE
S & 0 & & ¢

HCCB27/cells:0->8

Supplementary Figure 1

path
@ minor trajectory
@ major trajectory

H2228:H197h:HCC827
1:0:8

Experimental design

RNA amount

[o]

<]
o
¢}

. x 20 replicates for each 9-cell combination +
x 3 replicates for 90-cell combinations

‘ x 5 replicates for each 9-cell combination

* 10 replicates of 3-cells in 1:1:1
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Overview of the RNA mixture and cell mixture experimental designs.
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(a) Ternary plot and plate layout of the RNA mixture design, which involved extracting RNA from 3 cell lines (H2228, H1975 and
HCC827) in bulk, and mixing it in known proportions to get 8 mixtures that were then diluted to single cell equivalent amounts ranging

from 3.75pg to 30pg.

(b) Ternary plot of cell mixtures. Various 9 cell combinations were obtained using the same 3 cell lines. The number of replicates for
each combination varies, as does the number of low quality samples included.
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Supplementary Figure 2
Violin plots of quality control metrics for cells from each benchmarking dataset.

(a) The proportion of reads that map to introns. (b) The proportion of reads that map to exons. (¢) The number of reads that map to
exons. (d) The total number of counts per cell after UMI deduplication. (e) The amplification rate, which is defined by the ratio between
the reads mapping to exons and the UMI counts after UMI deduplication. This measure reflects the library complexity. The sample size
for each dataset is shown in Supplementary Table 1.
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Supplementary Figure 3
Visualization of representative benchmarking datasets using t-SNE and UMAP and violin plot of the number of doublets.

(a) t-SNE and UMAP visualizations of 4 datasets. From left to right: 10X single cell using 3 cell lines; 10X single cell using 5 cell lines; a
CEL-seq2 cell mixture and a CEL-seq2 RNA mixture. Each point represents a cell or ‘pseudo cell’ and the number of cells in each plot
is indicated in the title.

(b) Violin plot of doublets in each dataset, identified using Demuxlet (DBL: doublet, SNG: single cell). The number of single cells and
doublets are shown on top of each violin. Doublets were excluded when calculating the performance metrics.
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Supplementary Figure 4
Violin plots of silhouette widths for different normalization methods.

Silhouette widths calculated using the known biological groups after data have been normalized by different methods. The input to the

silhouette width calculation is the distance between cells, which have been calculated using either (a) the gene expression matrix with

the 1,000 most highly variable genes or (b) the first two PCs obtained from PCA. The sample sizes in this plots are the same as shown
in Figure 2A.
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Supplementary Figure 5

Example clustering results and summary of clustering performance using ARI and the number of clusters.

(a) Examples of clustering results visualized by PCA (top) and t-SNE (bottom), with different colours representing the cluster
assignments made by the selected method. The sample sizes are 340 for RNAmix_CEL-seq2, 285 for cellmix3 and 274 for sc_CEL-
seq2. Coefficients obtained from linear models fitted using the ARI (b) or the number of clusters (¢) as dependent variables, and
experimental design, normalization methods, imputation methods and clustering methods as covariates. The coefficients measure
whether particular features have positive or negative associations with the dependent variables.



Correlations Overlaps
I 02'
\
= 0.004 -.... —- -.l !E 0.14
b5 = 8
:;;_’ }% 0.0+ [ —_--- St 5
3 :
8 -0.25 8 :. I
‘ ~0.14
2 N o © (St @ P (@ 0 O 2
N o‘"h 9.‘5‘0 c,c‘° %2 °°sdj§°o°“‘% ‘\«\05»\ (,0‘“ @"’ A A o e «\é@: ook ﬁ\oo\“ VARV % «««“cfc
o 7 oc\e'z ¥ o od\"
Wt B imputation Wt
Trajectory B normalization
I trajectory
Silhouette 4 KBET .
027 0.1
0.14 I
£ \I. . I.. 8 ]
§—0‘1- 2
| (&)
-0.21 -0.11
-0.31
SR 0@ i G @ O o T, 9 A B
0" c,0°‘ geoc_’o \vﬂ?’ «\°°\“<‘°’$<\>°° ‘_}?3@‘6 "\\,\\:\9 PO 9.6‘0 ‘} 00‘ «‘00 Q\,\ \o ‘o RN ‘;:‘ %&o“g o
[l data integration
Data integration [ imputation
B normalization
Supplementary Figure 6

Coefficients from linear models used to quantify the impact different methods have on the trajectory analysis and data integration

results.

Linear models were fitted using the evaluation metrics as dependent variables, with experimental design, normalization methods,
imputation methods and either trajectory analysis or data integration methods as covariates. Positive coefficients indicates that a
method is positively associated with the performance metrics. The evaluation metrics used as dependent variables for each plot were:
(a) the correlations between calculated pseudotime and ground truth; (b) the overlap between the calculated trajectory and the known
trajectory; (c¢) the average silhouette width of the known groups and (d) the kBET acceptance rate.
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Supplementary Figure 7
Visualization of results from the trajectory analysis methods evaluated in our study.

Results for the RNAmix_Sort-seq, cellmix2 and cellmix1 analyses are shown. The dimension reduction method chosen for each method
was as follows: PCA for Slingshot and TSCAN, DDR tree for Monocle2, diffusion map for DPT and locally linear embedding (LLE) for
SLICER. The sample sizes are 266 for cellmix1, 268 for cellmix2 and 296 for RNAmix_Sort-seq.
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Supplementary Figure 8
Additional data integration results for the single cell and RNA mixture datasets.

The kBET acceptance rate versus silhouette width coefficient for each method for the two combinations that had the highest silhouette
width from the RNA mixture (a) and single cell (b) data integration analyses. The silhouette width assesses the ability of a given method
to group biologically similar cells together while kBET assesses whether different batches are homogeneous after batch effect
correction (scMerge_s: supervised scMerge; scMerge_us: unsupervised scMerge) (¢) Additional PCA plots from the RNA mixture
analysis and (d) t-SNE (perplexity = 30) plots from the single cell analysis to visualize the results of different method combinations.
Cells are coloured according to protocol/batch information (t-SNE for MNNs and scanorama were based on batch corrected expression

matrices). The samples sizes are n=636 and n=5,319 in panels ¢ and d respectively.
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Supplementary Figure 9
Performance of clustering on the RNA mixture datasets after data integration is applied.

Scatter plot of the ARI versus the number of clusters detected for the top performing normalization and imputation combinations. The
true number of clusters for the RNA mixture experiment is 7.



Supplementary Table 1: Summary of the benchmarking datasets generated. Information on the 3 experimental designs employed, the single cell protocols used, the GEO accession numbers

and parameters applied when generating cDNA libraries is listed.

Dataset name Sample size Experimental design Protocol GEO number Protocol parameters
single cells from the mixture of 1x384 well plate x0.8 then x0.9 clean up for PCR
sc_CEL-seq2 274 three cell lines CEL-seq2 GSM3336845 products
single cells from the mixture of
sc_10x 902 three cell lines 10X Chromium GSM3022245 standard 10X scRNA-seq protocol
single cells from the mixture of
sc_Drop-seq 225 three cell lines Drop-seq Dolomite GSM3336849 standard Dolomite Drop-seq protocol
single cells from the mixture of
sc_10x_5cl 3918 five cell lines 10X Chromium GSM3618014 standard 10X scRNA-seq protocol
single cells from the mixture of
sc_CEL-seq2_5cl_p1 297 five cell lines CEL-seq2 GSM3618022 1x384 well plate. Pooling after first strand synthesis
single cells from the mixture of
sc_CEL-seq2_5cl_p2 307 five cell lines CEL-seq2 GSM3618023 1x384 well plate. Pooling after first strand synthesis
single cells from the mixture of
sc_CEL-seq2_5cl_p3 305 five cell lines CEL-seq2 GSM3618024 1x384 well plate. Pooling after first strand synthesis
9 cell mixtures from three cell subsampled 1/9 from the same 384 plate. 2x0.7 clean
cellmix1 266 lines CEL-seq2 GSM3295024 up for PCR products
9 cell mixtures from three cell subsampled 1/9 from the same 384 plate. 2x0.8 clean
cellmix2 268 lines CEL-seq2 GSM3295025 up for PCR products
9 cell mixtures from three cell subsampled 1/9 from the same 384 plate. 2x0.9 clean
cellmix3 285 lines CEL-seq2 GSM3295026 up for PCR products
9 cell mixtures from three cell subsampled 1/3 from the same 384 plate. 2x0.7 clean
cellmix4 288 lines CEL-seq2 GSM3295027 up for PCR products
90 cell mixture (population
cellmix5 21 controls) CEL-seq2 GSM3295023 24 samples 2x0.7 clean up for PCR products
mixture of RNA extracted from
RNAmix_CEL-seq2 340 bulk population CEL-seq2 GSM3305230 1x384 plate x0.8 then x0.9 clean up for PCR products
mixture of RNA extracted from
RNAmix_Sort-seq 296 bulk population Sort-seq GSM3305231 1x384 plate x0.8 then x0.9 clean up for PCR products



Supplementary Table 2: Summary of the data characteristics and data analysis tasks that can be compared by each experimental design.

The suitability of each experimental design to benchmark specific tasks is indicated by the scale * < ** < *** j.e. the RNA
mixture datasets include a dilution series which induces different dropout levels, making it an ideal dataset for comparing

Experimental design

Data characteristics

Single cell Cell mixture RNA mixture
Number of datasets 7 5 2
Number of protocols 3 1 2
Number of cell populations 3 (5) 34 7

Bulk RNA-seq from RNA-seq from 90 cell
Population controls previous study controls (cellmix5)
Technical replicates No No Yes

RNA mixing

Source of biological variation

Different cell lines

Cell combinations
from three cell lines

proportion from three
cell lines

Source of gene count noise

Gene expression
noise + technical
noise

Gene expression
noise + sampling
noise + technical
noise

Technical noise

Annotations

Cell identity from
Demuxlet

Cell combination

RNA proportion and
amount

Analysis tasks

Protocol comparison

Hkk

*x

Quality control

*

Normalization

P

Imputation

*

Differential expression analysis

P

Clustering

ke

Trajectory analysis

Data integration




Supplementary Table 3
Summary of integrative methods used to combine data from
different protocols and datasets.

Integration Method  Correct’ Adjust’®  Dimensionality Reduction®  # of genes* Main parameters® Reference

i. Number of nearest neighbours
ii. Bandwidth of smoothing kernel

MNNs YES NO NO HVGs [39]

i. Number of components
ii. If gene selection: Number of genes

MINT Supervised NO NO YES All Genes
to select

[43]

i. Number of components

ii. Reference dataset
Seurat NO YES YES LVGS iii. If multiCCA: number of iterations [42]

i. Number of K-means clusters

scMerge YES NO NO HVGs + SEGs |- \umber of factors [41]
iii. Ratio of pseudo replicates

iv. Distance metric

i. Number of HVGs

ii. Number of nearest neighbours (NN)

ili. Choice of approximate kNN

iv. Gaussian kernel function

Scanorama YES NO NO HVGs [40]

1. Method outputs batch-corrected count data matrix

2. The batch effect is accounted for in the model but not batch-corrected count data matrix is output

3. Method outputs components or factors summarising the batch-corrected data

4. The genes utilised in the method. HVGs: Highly Variable Genes. SEGs: Stably Expressed Genes

5. Main model parameters. Grey indicates parameters with set default values in the model which can be altered



Contents 90

Supplementary Table 4. The table is too large and can be viewed at Github

TABLE A.4: Individual performance metrics obtained from benchmarking analysis,
organized by task

Supplementary Table 5. The table is too large and can be viewed at Github

TABLE A.5: Run times for different analysis pipelines


https://github.com/LuyiTian/sc_mixology/blob/master/misc/Supplementary%20Table%204.xlsx
https://github.com/LuyiTian/sc_mixology/blob/master/misc/Supplementary%20Table%205.xlsx
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Figure S1. Dimensionality reduction (UMAP) of all samples.

UMAP visualization of cells from (A) scmixology1 and scmixology2 combined, (B) mouse
muscle stem cells (MuSCs) and (C) patient CLL2. Cells are either colored by cell line identity
(scmixology1 and scmixology?2) or by Seurat clusters and are annotated with major cell
populations.
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Figure S2. Comparing FLAMES with other methods using the SIRV dataset.

(A) Number of transcripts detected and not detected by each method, colored by whether
transcript is present in the reference annotation.

(B) Scatter plot of transcript quantification where the x-axis is the expected transcript
abundance based on the known concentration in the spike-in sample and the y-axis is the
recovered transcript count (log2) generated by each method. The Spearman correlation
coefficient (R) and P-value and the number of transcripts (n) included in the analysis are
annotated in each plot.
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Figure S3. Percentage of transcript coverage of individual reads stratified by

length.

The histogram shows the distribution of raw transcript coverage of reads aligned to the

transcripts generated by FLAMES. Transcripts are stratified by length and divided into equal

500bp bins.
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Figure S4. Comparing FLAMES results with database annotations and other
methods.

(A) Proportion of transcript for which the TSS is within the FANTOM cage peak annotations
for each sample.

(B) Number of transcripts generated by each method and the number of transcripts that match
to the reference annotation.

(C) Similar to (B) and colored by the number of transcripts that fall within the FANTOM cage
pack annotations.

(D) From left to right, density scatter plot showing total transcript count versus scATAC-seq
read count around the TSS regions for FLAIR, StringTie2 and TALON, together with a similar
plot based on random TSS. The red line shows the threshold that separate the open chromatin
and the background. The percentage shows the transcripts that have their TSSs in open
chromatin regions.
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Figure S5. Binary splicing and downsampling analysis.

(A) scatter plot shows the total transcript counts for each gene versus the percentage of binary
splicing, colored by the percentage of major isoform counts. Black line shows the null
distribution that follows binomial distribution.

(B) Upset plot shows the overlap of transcripts generated from downsampling analysis of
scmixology?2 with sampling ratio from 0.2 to 0.8, annotated with number of transcripts match
to reference annotation.

(C) Similar to (A), scatter shows the binary splicing of samplings with different downsampling
ratio of scmixology?2.

(D) Upset plot shows the overlap of genes with significant DTU on scmixology data with
different downsampling ratios.
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Figure S6. Genes with di

(A) Upset plot shows the overlap of genes with differential transcript usage (gDTU) across

different samples.

Dim1

fferential transcript usage.



(B) Top 4 most abundant isoforms of PQBP1 in scmixology1 and UMAP visualization colored
by the expression of two isoforms with differential expression across different cell lines.

(C) Isoforms of SRSF3 in CLL2, with UMAP visualization colored by two isoforms with
differential expression across different clusters

(D) Top 4 most abundant isoforms of CD47 in scmixology1 and CLL2, together with UMAP
visualization of expression of selected transcripts. Exons with alternative splicing was
highlighted.

(E) Top 4 most abundant isoforms of CD44 in scmixology1, and UMAP visualization of
transcript expression.
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Figure S7. Identification of genomic variation from long read by FLAMES.

(A) Cumulative proportions of bases with certain percentage of reference alleles. The
cumulative proportions of bases with 90% allele frequency were labelled on the plot,
represent the percentage of reads that have lower than 90% reference allele frequency.
(B) Bar plot of four significant mutations shows the distribution of cells in each cluster
(x axis) that detected the mutation.

(C) The read coverage of the Gly101Val BCL2 mutation with different methods, short
read stands for scRNA-seq from the same cells.

(D) Similar to (B), the bar plot of the distributions of cells with Gly101Val BCL2
mutation across clusters, with data acquired from capture enrichment (see Methods).



Cells

sampled
forlong
read
Total sequenci Data accession [Other data on this
Sample name |Experiment design sample size [ng Protocol number sample
FLT-seq with 10x single cell gene
scmixology1 [equal mixture of 5 cell lines 3918 465|expression v2 chemistry GSE154869 NA
scATACseq on the same
FLT-seq with 10x single cell gene cell mixture (GSE142285
scmixology2 [equal mixture of 5 cell lines 1438 183|expression v3 chemistry GSE154870 Lib90)
mouse quiescent muscle stem FLT-seq with 10x single cell gene
MuSC cell and activated stem cells 853 242|expression v2 chemistry GSE154868 NA
frozen PBMC sample from
relapsed CLL patient after FLT-seq with 10x single cell antibody drived count of
CLL2 venetoclax treatment 10451 1847 [immune profiling data in submission |17 surface proteins

Table S1. Summary of samples included in this study
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Table S2. The table is too large to include and can be viewed at Github

TABLE B.2: Results of differential transcript usages analysis

Table S3. The table is too large to include and can be viewed at Github

TABLE B.3: Results of GO enrichment analysis using genes with differential transcript
usage


https://github.com/LuyiTian/FLTseq_data/blob/master/misc/Table%20S2.xlsx
https://github.com/LuyiTian/FLTseq_data/blob/master/misc/Table%20S3.xlsx

Appendix C

Other Research Activities

C.1 Publications with significant contributions

e Clonal multi-omics reveals Beor as a novel regulator of dendritic cell development
and its action at a single cell level.
Contributions: Joint-first author. Performed data analysis and generated fig-
ures.

Status: Under review at Immunity.

e A novel lymphoid-primed progenitor marked by Dachl downregulation identified
with single cell multi-omics.
Contributions: Joint-first author. Performed data analysis and generated fig-
ures.

Status: In press at Nature Immunology.

e Longitudinal single-cell immune profiling revealed distinct innate immune response
in asymptomatic COVID-19 patients.
Contributions: Joint-corresponding author. Supervised data analysis and wrote
the manuscript.

Status: Submitted to Immunity.
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C.2 Conference presentations

e OZ Single Cells conference (WEHI, Melbourne, Australia). Nov 2017
Selected Speaker. Title: Tools for preprocessing and benchmarking single cell

RNA sequencing data.

e Single Cell Biology (The Wellcome Trust Genome Campus, Hinzton, UK ). Mar
2018
Poster Presentation. Title: Designing a single cell RN A-seq Benchmarking dataset

to compare protocols and analysis methods.

e Collaborative Computational Tools for the Human Cell Atlas (Aptos,
CA, USA). May 2018
Project Title: CellBench: generating data and software for comparing single cell

analysis methods.

e ISSCR meeting (Melbourne, Australia). Jun 2018
Selected Speaker. Title: Dachl expression segregates lymphoid and myeloid fate

in early hematopoiesis.

e AMSI BioinfoSummer (Perth, Australia). Dec 2018
Poster Presentation. Title: scRNA-seq mixology: towards better benchmarking of

single cell RNA-seq protocols.

e Single Cell Genomics (Stockholm, Sweden). Sep 2019
Poster Presentation. Title: Benchmarking single cell RNA-sequencing analysis

pipelines using mixture control experiments.

e Oxford Nanopore Day (Melbourne, Australia). Oct 2019
Invited Speaker. Title: Characterization of single cell full-length transcriptomes

using Nanopore sequencing.

e London Calling 2020 (Virtual event). Jun 2020
Invited Speaker. Title: Characterization of full-length isoforms in single cells with

Nanopore long-read sequencing.
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